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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. 

 

 

 

 

  

 

 



Journal of Green Energy Research and Innovation, Vol.2, No.3, Summer 2025                                                                 Editorial Office 
 

 

V 

 

Aims and Scope 

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

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

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

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

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

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

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

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

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

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

1. Important points and rules for manuscript submission and publication 

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

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

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

• JGERI_Guideline_for_Main_Manuscript 
• JGERI_Guideline_for_Cover_Letter 
• JGERI_Form_for_Copyright_Transfer_Statement and Conflict_ of_ Interest_ Disclosure  

3. Submission of the revised manuscript  

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

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

• JGERI_Guideline_for_Revised_Manuscript 
• JGERI_Form_for_Title_Page_ and_ Authorship 
• JGERI_Guideline_for_Response_to_the_Reviewers_Comments 

4. After the final acceptance of the manuscript 

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

5. After publication on the journal's website 

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

 

 

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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An Analysis of Heating and Cooling Energy Consumption in High-
Rise Versus Low-Rise Buildings with Reference to The Predicted 
Mean Vote (pmv) Comfort Index: A Case Study
Hamed Safikhani 1,*

 , Mohammad Farahani 2 

 , Kimia Rezaei 3 

 , Asgar Minaei 4,*
 

1 Department of Mechanical Engineering, Faculty of Engineering, Arak University, Arak, Iran. 
2 School of Mechanical Engineering, Arak University of Technology, Arak, Iran. 
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4 Department of Mechanical Engineering, Faculty of Engineering, University of Mohaghegh Ardabili, Ardabil, Iran. 

A  R  T  I  C  L  E I  N  F  O  

Keywords: 
Energy Optimization, 
Residential Buildings,  
High-Rise and Mid-Rise Buildings, 
Fanger comfort index. 
 

A  B  S  T  R  A  C  T  

The choice between residing in tall buildings and in few-story or detached dwellings has been the 
subject of considerable debate, with each approach attracting its own proponents and critics. This 
study investigates and compares the heating and cooling energy consumption of multi-story and 
low-elevation buildings, incorporating the Fanger comfort index as a measure of thermal comfort. 
Energy performance is evaluated on eight building configurations with varying numbers of floors, 
under three distinct climatic conditions, using the Predicted Mean Vote (PMV) index as the primary 
comfort criterion. The building scenarios range from single-story detached houses to 50-story high-
rise structures. The climatic cases—representing hot (Yazd), moderate (Arak), and cold (Shahr-e 
Kord) environments—are simulated and analyzed using DesignBuilder software. The results section 
presents detailed analyses of heating and cooling loads, comfort index values, and electricity and 
gas demand for each building–climate combination, with monthly and annual performance trends. 
The findings reveal that the number of shared walls exerts a greater influence on energy 
consumption than the number of floors. Specifically, detached single-story buildings, which lack 
shared walls, exhibit up to 58.9% higher heating demand and 67.1% higher cooling demand 
compared to their counterparts with shared walls. 

1. Introduction

In recent years, the debate between vertical residential developments (high-rise buildings) and horizontal, independent housing
has intensified, with both approaches attracting strong proponents and critics. High-rise buildings are common in densely populated 
areas where horizontal expansion is limited, while detached, low-rise dwellings are preferred in regions where families seek greater 
privacy, exclusive ownership, and larger living spaces. Each of these residential forms has distinct implications for energy 
consumption, energy efficiency, occupant comfort, and environmental sustainability. Escalating global concerns over energy scarcity 
and supply instability have intensified the demand for energy-efficient residential solutions. With the growing emphasis on 
sustainable urban development and the evolution of architectural practices, the accurate modeling and optimization of buildings’ 
energy performance have become increasingly vital. This issue is especially pronounced in the Middle East, where accelerated 
population growth and mounting energy consumption underscore the pressing need to reconcile resource preservation with the 
provision of thermal comfort for occupants. In recent decades, two dominant paradigms of residential development—vertical 
expansion through high-rise buildings and horizontal expansion through low-rise, detached dwellings—have been the focus of 
considerable scholarly and professional debate. Each approach is underpinned by distinct socio-economic, cultural, and 
environmental drivers, and both have their respective advocates and critics. 
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High-rise developments are increasingly adopted in densely populated urban centers, where limited land availability, rapid 
urbanization, and the need to optimize infrastructure necessitate vertical growth. By contrast, low-rise and independent housing 
typologies remain prevalent in areas where land is more accessible and where residents prioritize privacy, individual ownership, 
outdoor spaces, and a stronger connection with the surrounding environment. 

The implications of these two development strategies extend well beyond architectural form and urban density. They have 
profound consequences for building energy consumption, operational efficiency, and occupant well-being, as well as for broader 
environmental sustainability. High-rise buildings, while often associated with economies of scale and shared infrastructure, may face 
challenges related to increased cooling and heating loads due to higher exposure of façades, complex HVAC requirements, and 
greater reliance on artificial ventilation and lighting. Conversely, low-rise dwellings typically benefit from simpler design and 
operation, greater adaptability to passive design strategies, and reduced dependence on mechanical systems, but they may contribute 
to urban sprawl, higher land consumption, and increased transportation-related energy use. Understanding the trade-offs between 
these residential typologies is therefore crucial for architects, urban planners, and policymakers seeking to balance energy efficiency, 
occupant comfort, and sustainable urban growth. 

Worldwide, escalating concerns regarding energy deficits and imbalances between supply and demand have emerged as critical 
challenges, underscoring the urgent need for the adoption of energy-efficient residential strategies. Concurrently, the global transition 
toward sustainability-driven urban development, combined with rapid innovations in architectural design and building technologies, 
has heightened the importance of accurately modeling and optimizing the energy performance of residential buildings. These 
challenges are particularly pronounced in the Middle East, where rapid population growth, urbanization, and rising energy 
consumption converge to create a multifaceted problem: achieving an optimal balance between resource conservation, 
environmental sustainability, and the comfort and well-being of building occupants. In this context, the development of integrated 
design and simulation approaches is essential for supporting evidence-based decisions that enhance energy efficiency while 
maintaining high standards of thermal comfort and livability. 

At the urban scale, Urban Building Energy Modeling (UBEM) has emerged as a valuable framework for analyzing and optimizing 
energy consumption [1]. Unlike top-down models that rely on aggregated time-series data, UBEM adopts a bottom-up methodology, 
enabling more detailed evaluations of technological performance at the building level, as noted by Reinhardt and Cerezo Davila [2]. 
Energy simulation platforms such as Design Builder, EnergyPlus, and TRNSYS further support this process by allowing scholars to 
investigate specific building typologies and their environmental implications [3,4]. According to Hong et al. [5], multi-story buildings 
are typically associated with greater cooling demands due to elevated solar exposure, whereas low-rise buildings often exhibit higher 
heating requirements because of their extensive envelope area. Moreover, building geometry plays a critical role in shaping energy 
efficiency. Kim et al. [6] demonstrated that variations in architectural form can substantially influence energy demand, while Chen 
et al. [7] underscored the importance of localized climatic variables—such as temperature, solar radiation, and humidity—in 
determining the design of region-specific HVAC strategies. 

The optimization of Heating, Ventilation, and Air Conditioning (HVAC) systems plays a pivotal role in reducing energy 
consumption and enhancing overall building performance. Kimura et al. [8] demonstrated that tailoring HVAC configurations to 
specific climatic conditions can yield significant operational benefits. Their study indicated that gas-based heating systems 
outperform electric alternatives in cold climates, while evaporative cooling technologies achieve higher efficiency in hot, arid 
regions. These findings underscore the potential for substantial annual energy savings in residential buildings and highlight the 
critical importance of implementing climate-responsive HVAC design strategies. 

Moreover, the effectiveness of HVAC optimization is closely linked to building typology. High-rise buildings, with their extensive 
façade exposure and complex internal layouts, often require sophisticated HVAC strategies to maintain uniform thermal comfort 
across multiple floors, whereas low-rise, detached dwellings can more readily exploit passive heating and cooling techniques 
alongside simpler HVAC configurations. Advanced energy modeling tools, such as DesignBuilder, EnergyPlus, and similar simulation 
platforms, provide the ability to assess the interaction between building design, local climate, and HVAC performance, enabling 
designers and engineers to identify the most efficient and comfortable system configurations for each context. Integrating such 
modeling approaches with climate-sensitive HVAC strategies is therefore essential for achieving both energy efficiency and optimal 
occupant comfort in diverse residential typologies. 

Yu et al. [9] demonstrated that Variable Air Volume (VAV) systems outperform Constant Air Volume (CAV) systems in terms of 
energy efficiency, particularly in mixed-use urban buildings where fluctuating occupancy patterns and diverse functional 
requirements necessitate flexible climate control. VAV systems adjust the airflow rate based on real-time thermal demand, thereby 
reducing unnecessary energy consumption and enhancing occupant comfort compared to the fixed-flow operation of CAV systems. 
In addition to HVAC system optimization, material selection and façade design play a crucial role in improving building performance. 
The use of high-performance insulation materials, low-emissivity glazing, and adaptive façade technologies can significantly reduce 
heat transfer, optimize natural lighting, and minimize cooling and heating loads. Collectively, these design strategies highlight the 
importance of integrating mechanical system efficiency with passive architectural features to achieve substantial improvements in 
overall building energy performance. According to Gong et al. [10], the use of materials with high solar reflectance and low thermal 
emittance can effectively reduce cooling loads in warm climates by minimizing heat absorption. Building envelope characteristics, 
particularly the window-to-wall ratio (WWR) and glazing specifications, also have a pronounced impact on energy efficiency. Wang 
et al. [11] observed that larger WWRs are advantageous in colder climates, whereas smaller ratios are more suitable in warmer 
regions. Comfort considerations further extend to adaptive models; Page et al. [12] emphasized that incorporating occupant-specific 
comfort variations allows for greater flexibility in designing energy-efficient indoor environments. 

Building-Integrated Photovoltaics (BIPVs) represent another significant strategy for enhancing building efficiency, especially in 
solar-abundant areas. Yalcin and Selcuk [13] demonstrated that integrating BIPVs with cooling strategies can substantially reduce 
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dependence on conventional grid power. The rise of smart technologies, including Internet of Things (IoT)-enabled systems, has also 
transformed energy management practices. Wang et al. [14] demonstrated that the integration of real-time monitoring systems with 
big data analytics significantly enhances the calibration of building energy models, thereby reducing the discrepancies between 
simulated predictions and actual operational performance. This advancement not only increases the reliability of energy modeling 
but also provides a more accurate basis for decision-making in building design and energy management. Similarly, Dong et al. [15] 
reported that the deployment of smart technologies such as occupancy sensors and intelligent thermostats facilitates dynamic control 
of HVAC systems. By adapting heating, cooling, and ventilation schedules in response to real-time occupancy patterns, these 
technologies have been shown to reduce residential energy consumption by more than 25%. Such findings underscore the 
transformative role of digitalization and smart control strategies in bridging the performance gap, optimizing energy use, and 
advancing the development of resilient, energy-efficient buildings. 

Policy frameworks play an equally important role in driving efficiency improvements. Yan et al. [16] highlighted the effectiveness 
of rigorous energy-efficient construction standards in promoting sustainable practices. Comparative analyses of high-rise and low-
rise housing also inform urban planning strategies; Buffat et al. [17] demonstrated that GIS-based modelling facilitates optimized 
urban energy planning. Moreover, urban heat island phenomena significantly influence energy demand. Xu et al. [18] argued that 
integrating microclimatic conditions—such as localized temperature variations, wind patterns, solar radiation intensity, and 
humidity levels—into building energy simulation models substantially improves predictive accuracy. By accounting for these site-
specific factors, simulation outcomes more closely align with real-world energy performance, thereby reducing the uncertainties 
commonly associated with generalized climate assumptions. Furthermore, the inclusion of microclimatic variables enables the 
development of more effective optimization strategies for building design and operation, particularly in urban contexts where factors 
like shading from surrounding structures, urban heat islands, and localized airflow can significantly influence thermal comfort and 
energy demand. This approach ultimately supports the design of context-sensitive, energy-efficient buildings that are better adapted 
to their immediate environmental conditions. 

To address the increasing complexity of urban energy systems, new modelling frameworks have been developed. Remmen et al. 
[19] introduced TEASER, an open-source platform for urban energy modelling of building stocks, capable of integrating 
heterogeneous datasets for scalable assessments. Complementarily, Ferrando et al. [20] reviewed bottom-up, physics-based UBEM 
approaches, outlining emerging trends and identifying key opportunities for advancing energy-efficient building design. 

Advancements in geospatial data integration have significantly improved the accuracy of urban heat demand modeling. Nouvel 
et al. [21] highlighted the critical role of data quality, showing that 3D city models with high-resolution geospatial datasets yield 
more precise energy demand predictions. Furthermore, Nouvel et al. [22] demonstrated that coupling GIS-based statistical and 
engineering approaches provides a robust framework for multi-scale policy support in urban energy planning, effectively linking 
neighborhood-level analyses with broader city-scale assessments. Recent studies have also employed advanced simulation tools, 
particularly Design Builder, to model energy performance across diverse building typologies and case studies [23-27]. 

Several studies have investigated the impact of building geometry on energy performance, highlighting that high-rise buildings 
with more shared walls tend to exhibit reduced heat loss and energy demand compared to low-rise or detached structures due to 
minimized exposed surfaces [28,29]. While the Fanger PMV model is widely used for assessing thermal comfort, it has been criticized 
for its limitations in residential and naturally ventilated settings, as it does not account for adaptive behaviors such as clothing 
adjustment or window operation [30]. Recent advancements propose adaptive comfort models that better reflect real occupant 
responses, particularly in diverse climate zones, often resulting in 15–20% energy savings compared to PMV-based systems [31,32]. 
Moreover, enhanced modeling approaches now incorporate vertical temperature gradients or artificial intelligence (AI)-based HVAC 
optimization to improve both comfort prediction and energy efficiency [33,34]. 

To address existing knowledge gaps in residential building performance, this study conducts a comprehensive evaluation of eight 
building scenarios in combination with three distinct HVAC system configurations, spanning a wide spectrum of building types—
from single-unit villas to 50-story high-rise structures. The primary focus of the analysis is the application of the Predicted Mean 
Vote (PMV) comfort index, which serves as a quantitative measure of thermal comfort for building occupants. Simulations are carried 
out using DesignBuilder software, incorporating detailed modeling of building geometry, material properties, occupancy patterns, 
and HVAC operational strategies. 

The study is performed across three representative Iranian cities—Yazd, Arak, and Shahr-e Kord—each representing unique 
climatic conditions, including hot-arid, moderate, and cold climates, respectively. By examining the interaction between building 
design, HVAC systems, and local climate, the research aims to identify key factors that influence energy consumption, thermal 
comfort, and overall building performance. 

The insights gained from this study are intended to provide practical guidance for architects, engineers, urban planners, and 
policymakers in designing and implementing high-performance residential developments. In particular, the findings may inform 
decisions related to building typology, HVAC selection, and climate-responsive design strategies, ultimately supporting the 
development of energy-efficient, comfortable, and sustainable urban housing solutions. The anticipated findings are expected to 
contribute to the broader discourse on climate-responsive architecture and sustainable energy management within the context of 
urban development, offering both design-oriented and policy-relevant implications. 
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2. Different Building Scenarios 

Due to spatial constraints—particularly in major economic, political, and social centers—high-rise construction has emerged as 
a prevalent solution in urban areas worldwide. Figure 1 illustrates several notable examples of high-rise buildings, highlighting the 
global trend toward vertical residential development. In contrast, recent years have seen an increasing preference for low-rise, 
independent housing, driven by residents’ desire for greater autonomy, privacy, and comfort, as well as the rise of residential 
communities structured around such typologies. Figure 2 depicts the newly developed Amirkabir city near Arak, Iran, which 
predominantly comprises flat housing units. 

In the present study, eight building scenarios with varying block configurations and floor counts, as detailed in Figure 3 and 
Table 1, are systematically modeled and compared to evaluate their energy demand. The analysis considers both heating and cooling 
requirements, incorporating factors such as building geometry, climatic conditions, and HVAC system performance, in order to 
provide a comprehensive understanding of how different residential typologies influence energy efficiency and thermal comfort. 

 

 
Figure 1. Notable high-rise buildings around the world, illustrating global trends in tall building construction. 

 
Figure 2. Comparison of high-rise developments and low-rise housing in Amirkabir New Town near Arak, Iran, illustrating alternative urban residential 

typologies. 

 
Figure 3. Schematic representation of the eight building scenarios considered in this study, illustrating variations in the number of floors and block 

configurations (Details are described in Table 1). 
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Table 1. Specifications of the eight modeled scenarios, including building names, number of floors, and block configurations, employed in this 
study. 

Scenario No. Name No. of  
blocks 

No. of  
floors 

No. of  
units/floor 

No. of 
common walls 

1 200×1×1 200 1 1 0 
2 40×5×1 40 5 1 2 
3 20×5×2 20 5 2 3 
4 10×5×4 10 5 4 4 
5 10×10×2 10 10 2 3 
6 2×25×4 2 25 4 4 
7 1×25×8 1 25 8 5 
8 1×50×4 1 50 4 4 

 
In all scenarios, a standardized building with a floor area of approximately 100 m² was modeled, the layout of which is presented 

in Figure 4. 
 

3. Different Climate Scenarios 

The building scenarios described previously were simulated and systematically analyzed under three contrasting climatic 
conditions, represented by the Iranian cities of Yazd (hot), Arak (moderate), and Shahr-e Kord (cold). This approach enables a 
comprehensive assessment of the influence of climate variability on both building energy performance and occupant thermal comfort. 
Table 2 provides the recent average temperature and humidity data for these locations, serving as key inputs for the simulation 
models and ensuring that the analysis accurately reflects local environmental conditions. By incorporating these climatic parameters, 
the study captures the interaction between building design, HVAC system performance, and local weather, facilitating a nuanced 
evaluation of energy demand and comfort outcomes across diverse residential typologies. 

  

Figure 4. Layout of a standardized 100 m2 building used in all scenarios. 
Table 2. Key climatic parameters of Arak, Shahr-e Kord, and Yazd across different seasons. 

Climatic properties Arak Shar-e Kord Yazd 

Height above mean sea level (m) 
 1742 2045 1212 

Summer conditions at 15:00 

DB (°C) 35 33 40 

WB (°C) 16 18 18 

RH % 17 23 12 

Summer conditions at 6:00 
DB (°C) -12 -14 -5 

RH % 79 81 71 
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4. Numerical Modeling 

4.1. Equations 

This study investigates energy consumption in eight distinct building scenarios, under conditions that maintain comparable levels 
of thermal comfort. The assessment of thermal comfort is conducted using the Fanger method as in Equation (1). 
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(1) 

where M is the metabolic rate (W/m2), W is the effective mechanical power (W/m2); pa is the water vapor partial pressure (Pa); 
fcl is the clothing surface area factor; ta is the air temperature (°C) and Icl is the clothing insulation (m2 K/W). The mentioned 
parameters are calculated as follows: 

Here, M denotes the metabolic rate (W/m²), W represents the effective mechanical power (W/m²), pa is the water vapor partial 
pressure (Pa), fcl  refers to the clothing surface area factor, tat indicates the air temperature (°C), and Icl denotes the clothing insulation 
(m²·K/W). These parameters are determined as follows in Equations (2) to (6): 
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In this study, tr indicates the mean radiant temperature (°C), var signifies the relative air velocity (m/s), and tcl denotes the 

clothing surface temperature (°C), all of which influence occupant thermal comfort. Based on these parameters, the level of occupant 
dissatisfaction in each building is determined using the Apple index, offering a comprehensive evaluation of indoor comfort 
conditions. The Apple index is calculated as follows in Equation (7): 

( )4 2
100 95exp 0 03353 0 2179PPD PMV PMV= − −  +     (7) 

 

4.2. HVAC and modelling of the details 

Conducting energy simulations for the proposed building scenarios and estimating both cooling and heating loads necessitate the 
specification of a comprehensive set of input parameters within DesignBuilder software. These inputs encompass building geometry, 
construction materials, occupancy patterns, internal heat gains, and HVAC system specifications, all of which significantly affect 
simulation accuracy and the reliability of energy performance predictions. The key parameters employed in this modeling process 
are summarized in Table 3, providing a detailed overview of the data used to generate precise and robust simulation outcomes. 

The importance of these inputs becomes particularly evident when comparing high-rise and low-rise residential typologies. High-
rise buildings, with their greater façade exposure, complex floor layouts, and vertical stacking of units, require careful specification 
of thermal properties, shading, and HVAC system performance to accurately capture energy demand and thermal comfort. In 
contrast, low-rise, detached dwellings benefit from simpler geometries and more uniform environmental conditions, allowing passive 
design strategies to have a more pronounced effect on reducing energy consumption. By integrating these detailed inputs into the 
simulation models, the study is able to evaluate the interplay between building design, climatic conditions, and system 
configurations, thereby informing strategies to optimize energy efficiency and enhance occupant comfort across diverse residential 
forms. 

 
 

Table 3. Key parameters and inputs employed in the energy modeling of buildings in this study. 
Parameter Value 

Occupancy (People/m2) 0.11 
Winter clothing (Clo) 1 
Summer clothing (Clo) 0.5 
Heating set point (oC) 22 
Cooling set point (oC) 24 
Glazing Type Double 6mm/6mm Arg 
Lighting power density (W/m2-100 lux) 5 
ACH 5 
HVAC type Fan coil unit 
Heating Natural gas 
Cooling Electricity 
DHW Same as HVAC 
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5. Results And Discussion 

This section presents the simulation outcomes for the eight building scenarios, differentiated by floor numbers and block 
configurations, as illustrated in Figure 3 and summarized in Table 1. The results are evaluated under three distinct climatic conditions 
to examine the combined effects of building geometry, HVAC systems, and local climate on both energy consumption and occupant 
thermal comfort. Key performance indicators, including cooling and heating loads, Predicted Mean Vote (PMV), and the Apple index, 
are analyzed to provide a comprehensive understanding of how design variations impact overall building efficiency and indoor 
comfort levels. 

The heating and cooling loads for the selected cities and building typologies are presented in Figures 5 and 6, respectively. The 
results reveal that Yazd experiences the highest cooling demands, whereas Shahr-e Kord exhibits the greatest heating requirements 
across all scenarios. Among the eight examined building scenarios, Scenario 1 consistently demonstrates the highest combined 
heating and cooling loads, while Scenario 7 records the lowest energy demand. Table 4 summarizes the percentage increase in 
heating and cooling loads relative to Scenario 7, showing that energy consumption may rise by up to 67.1% for cooling and 58.9% 
for heating. 

These results highlight the critical role of building typology and configuration in shaping energy performance. High-rise buildings, 
with their extensive façade exposure, vertical stacking of units, and more complex internal layouts, generally exhibit higher heating 
and cooling demands compared to low-rise, detached dwellings, which benefit from simpler geometries and greater potential for 
passive design strategies. Furthermore, the variations in energy loads directly affect occupant thermal comfort, as buildings with 
higher loads may require more intensive HVAC operation to maintain desirable indoor conditions. Consequently, optimizing building 
design, floor arrangements, and HVAC systems is essential not only for reducing energy consumption but also for enhancing overall 
occupant comfort across diverse climatic contexts. 

 

 

Figure4. Comparison of heating loads across the eight building scenarios in the three cities: Shahr-e Kord, Arak, and Yazd. 

 

Figure 5. Cooling load in different cities across the eight scenarios. 
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Table 4. Details of name, number of floors and blocks of 8 different scenarios used in this paper. 

Scenario No. No. of 
common walls 

Percentage of load difference 
(%) 

Heating Cooling 

1 0 58.9 67.1 

2 2 39.6 47.4 

3 3 28.5 45.1 

4 4 8.8 6.5 

5 3 27.2 49.2 

6 4 5.6 5.7 

7 5 0 0 

8 4 5.3 4.9 

 
 One of the most influential factors affecting heating and cooling loads across all scenarios is the number of common walls shared 

with adjacent units. Figure 7 illustrates the relationship between the number of shared walls and the resulting energy demand in 
Arak, showing that increased wall sharing reduces both heating and cooling loads by enhancing thermal insulation and minimizing 
the exposed surface area of the building envelope. The results demonstrate a clear inverse relationship: as the number of shared 
walls increases, energy consumption decreases. Specifically, Scenario 7, which incorporates the highest number of shared walls 
(five), exhibits the lowest overall load, whereas Scenario 1, with no shared walls, records the highest. 

These findings have important implications for different building typologies. High-rise buildings, which often feature stacked 
units with multiple shared walls, can benefit from reduced energy demand due to increased thermal coupling between units, whereas 
low-rise, detached dwellings with minimal or no shared walls tend to experience higher heating and cooling requirements. 
Furthermore, variations in energy loads directly influence occupant thermal comfort, as buildings with higher loads require more 
intensive HVAC operation to maintain desirable indoor conditions. Consequently, careful consideration of unit configuration and 
wall-sharing strategies is critical in designing energy-efficient, comfortable, and sustainable residential developments across diverse 
climatic contexts. 

 

 Furthermore, calculating the comfort index provides valuable insight into the distribution of cooling and heating loads across 
the different scenarios with enhanced accuracy. Figure 8 illustrates the annual variation of the Fanger comfort index for all eight 
building scenarios. Although the index demonstrates broadly similar seasonal trends across scenarios, subtle variations between 
individual cases are evident, reflecting differences in building geometry, floor number, and block configuration. These variations 
align closely with the cooling and heating loads presented in Figures 4 and 5, highlighting the strong correlation between energy 
demand and occupant comfort. The results emphasize the importance of integrating thermal comfort analysis into the design process, 
offering guidance for architects and engineers to optimize building layouts, envelope design, and HVAC system performance to 
achieve both energy efficiency and high occupant comfort. 

 

Figure 6. Variation of cooling and heating loads in Arak with respect to the number of walls shared between adjacent units. 
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Figure 7. Comfort index (PMV) for all eight scenarios throughout 365 days of the year. 
 

A central question in evaluating building energy performance is identifying which components contribute most significantly to 
heat loss under different scenarios. As shown in Figure 9, the majority of energy losses occur through the walls and roof. This effect 
is particularly pronounced in single-story flat buildings, where the roof accounts for a disproportionately large portion of total heat 
loss, thereby substantially increasing overall energy demand. In contrast, high-rise buildings, with multiple stacked floors and shared 
walls between units, typically exhibit reduced heat loss per unit due to decreased exposed surface area and increased thermal 
coupling between adjacent units. 

These observations emphasize the importance of optimizing building envelope design, including wall and roof insulation, glazing 
selection, and orientation, to minimize energy consumption. Targeted improvements in these areas can significantly enhance thermal 
efficiency, reduce HVAC loads, and improve occupant comfort. Moreover, the findings suggest that design strategies should be 
adapted according to building typology, with particular attention to envelope performance in low-rise, detached structures and to 
façade optimization in high-rise developments, ensuring energy-efficient and sustainable residential solutions across diverse climates. 

Given the recent disparities in energy consumption, the necessity of reducing electricity and gas usage has become increasingly 
evident. Figure 10 illustrates the breakdown of energy consumption across end-uses such as heating, cooling, lighting, and domestic 
hot water. Furthermore, Figures 11 presents the cumulative electricity and gas consumption for summer (cooling) and winter 
(heating) periods, respectively. As anticipated, this pattern is reflected in both heating and cooling load values: Scenario 1 exhibits 
the highest electricity and gas consumption, whereas Scenario 7 demonstrates the lowest energy demand. This trend highlights the 
influence of building design, floor configuration, and block arrangement on overall energy performance. 

 

 

Figure 8. Comparative analysis of thermal losses through exterior walls and roof structures across the eight building scenarios. 
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Figure 9.  Composition of energy consumption by category, encompassing heating, cooling, lighting, and domestic hot water. 

 

Figure 10. Cumulative electricity consumption in 365 days of the year (cooling) for eight scenarios. 

 

Figure 11. Cumulative gas consumption in 365 days of the year (heating) for eight scenarios.  

 

Computational Fluid Dynamics (CFD) provides valuable insights into airflow behavior by revealing aspects that are not directly 
observable. Figures 12 and 13 illustrate the generated mesh, along with the pressure and velocity contours for the building in 
Scenario 8, taken as a representative case of all scenarios. As expected, in high-rise buildings, wind flow enhances heat transfer, a 
phenomenon that is consistent with and confirmed by the results presented in the preceding figures.  
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Figure 12. Example of the computational grid used for CFD simulations in this study.

 

Figure 13. Pressure and velocity contours across various sections of the building for Scenario 8. 
 
 Overall, the results indicate that high-rise scenarios, which maximize the number of shared walls, can reduce heating and cooling 

energy consumption by nearly 60% across the examined cities. 

6. Conclusion 

This study analyzed and compared the cooling and heating energy consumption of high-rise and low-rise buildings, using the 
Fanger comfort index as the primary criterion for assessing thermal comfort. Energy demand for both heating and cooling was 
evaluated across eight distinct building scenarios, which differed in floor count and block configuration, under three representative 
climatic conditions corresponding to the Iranian cities of Yazd (hot), Arak (moderate), and Shahr-e Kord (cold). Simulations were 
conducted using DesignBuilder software to provide a detailed assessment of building performance. The scenarios included a range 
of building types, from single-story independent units to high-rise structures with up to 50 floors, as illustrated in Figure 3 and 
summarized in Table 1. 

The results demonstrate that building geometry, floor configuration, and block arrangement significantly influence both energy 
consumption and thermal comfort. High-rise buildings with fewer shared walls and larger exposed surfaces tend to exhibit higher 
heating and cooling loads, whereas designs incorporating shared walls and optimized block layouts reduce energy demand while 
maintaining occupant comfort. These findings underscore the importance of integrating energy-efficient design strategies with 
climate-responsive planning to achieve sustainable and comfortable residential developments across diverse urban contexts. 

 The results demonstrated that the number of shared walls has a more significant influence on energy performance than the 
number of floors. Specifically, single-story buildings without shared walls exhibited up to 58.9% higher heating loads and 67.1% 
higher cooling loads compared to scenarios with greater wall adjacency. On average, the difference in energy consumption between 
the buildings with the maximum and minimum number of common walls was approximately 60%. Moreover, heat loss through the 
roof of a one-story building was found to be nearly 30 times greater than that of high-rise buildings with multiple units (Figure 9). 

Additionally, exterior façade simulations were performed and analyzed to further assess their impact on energy performance. 
Future research will focus on examining the potential of phase change materials in reducing energy consumption in both high-rise 
and low-rise buildings. 
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Nomenclature 
A           Surface area (m²) V Volume of space (m³) 
ACH Air changes per hour (1/h) W Mechanical work (W/m²) 
Clo Clothing insulation unit (clo) WB Wet bulb temperature (°C) 
DB Dry bulb temperature (°C) n Number of floors 
E Total energy consumption (kWh)   
L Energy loss (kWh) Greek  
M Metabolic rate (W/m²)  

η System efficiency (-) 
PMV Predicted Mean Vote (thermal comfort index) (-) ρ Density (kg/m³) 
Q Heat transfer (W)   
RH Relative humidity (%) Subscripts  
T Temperature (°C or K) a Air 
U Overall heat transfer coefficient (U-value) (W/(m²·K)) w Wall 
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A  B  S  T  R  A  C  T  

In recent years, distributed generation as a source of local loads and continuous economic operation 
has gathered attention. In this thread, this study focuses on distributed generation using a 
photovoltaic package with batteries, so that the power drawn from the distributed generation system 
for injection into the main grid or receiving it is adjusted based on the battery charge status. The 
goal is to absorb the maximum power received from the photovoltaic system at any temperature 
and hypothetical radiation. If the battery charge is not optimal, part of this power is applied to the 
battery for charging. By presenting a suitable structure, a photovoltaic system with a battery package 
is presented as a distributed generation source with the design of appropriate controllers. The results 
show that at any temperature and radiation, the maximum power received from the photovoltaic 
system can be estimated. By controlling a converter switching the required amount of energy can 
be obtained from the photovoltaic system. It can be concluded that such a structure, as a desirable 
distributed generation source, is realized. With the proper design of the necessary controllers, 
optimal management can be done for power management. 

1. Introduction

Distributed generation as a source of local loads, as well as continuous and economic operation, has been considered by
researchers in recent years. For this reason, different structures and several control algorithms have been presented in most different 
research [1-3]. In some research, the issue of islanding and the recognition of the necessity of islanding to continuously feed the 
local load has been considered [4-6] in which the islanding problem is investigated when the main grid is shut down and islanding 
the dis-tributed generation system is intelligently designed by terminal voltage and network frequency to detect transient errors from 
the total blackout of the system [7,8]. In the IEEE 929-2000 standard, the islanding conditions of the distributed generation system 
are described from the main grid, but the main issue in observing this standard is the detection of transient errors and disturbances 
caused by local load changes from the main grid blackout [9-11]. A control technique has been introduced to determine the necessity 
of islanding, in which only local and available parameters are measured and remote signals are excluded [12,13]. Also, without the 
use of telecommunication signals, the connection of the distributed system and the main grid is designed using a hybrid technique 
based on multi-inverter performance [14,15]. In addition, in [16,17] a method for safe detection of islanding based on reactive 
power flowing under normal conditions and its investigation during sudden changes is presented, and the same method has been 
car-ried out in [18] taking into account the power factor and its sudden changes, in which after deciding to islanding, the 
disconnection order is sent to the switch.  
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In [19, 20], considering the moment of a sharp drop in active and reactive power, the islanding problem was analyzed. Ref. 2022 
[21] presented a collaborative optimization of PV greenhouses and clean energy systems in rural areas. The combined coordination
model of agriculture and energy networks is established, and the combined model involves carbon, electrical energy, and thermal
energy. Fu et al. [22] have done modeling with the purpose of stochastic optimal planning of distribution networks considering a
dynamic correlation and dimension reduction. Fu et al. [23] presented a statistical machine-learning model for capacitor planning
considering uncertainties in photovoltaic (PV) power. The results verify that the proposed model greatly improves planning
performance while meeting accuracy requirements. The case study also considers a realistic power distribution system operating
under stressed conditions.

This paper discusses the use of distributed generation with a PV system and batteries. The power from this system is adjusted 
based on the battery charge status when it is either being injected into the main grid or received. The goal is to maximize the power 
received from the PV system regardless of temperature and radiation levels. If the battery charge is not optimal, some of this power 
is used to charge the battery. The paper first describes the PV system model, then designs the necessary controllers. Finally, simulation 
results are presented to demonstrate the effectiveness of the proposed structure. 

2. Materials and Methods

2.1. Structure description 

The structure introduced in this paper consists of a PV system connected to a DC/DC converter whose output is connected to a 
battery package with the appropriate voltage, shown in Figure 1. The output of the converter is connected to a two-level inverter 
and after connecting to a transformer and a harmonic filter, the local load is fed through a distributed generation system and main 
grid. The distributed generation system is connected to the main grid through a distribution transformer, and the local load is 
combined through the distributed generation system and the main grid. In this structure, two separate controllers are designed as 
follows: 

A. Power controller of a PV system, which absorbs reference and determines power from the PV system at any given
temperature and radiation. This will be done by adjusting the pulse switching of the DC/DC converter, and in fact, the pulse
switching controller of the mentioned converter adjusts the power received from the PV system to its reference value.

B. The power controller is exchanged between the distributed generation system and the main grid, which is done by adjusting
the pulse switching of the inverter connected to the DC/DC converter and adjusting the transmission power of the PV/battery
set to the reference value. It is obvious that when the power transferred from the distributed generation system is less than
the power generated by the PV system, the rest of the absorbed power from the PV system is applied to the batteries and
sets them in charging conditions. When the transmission power is higher, the batteries will supply the rest of the power and
will be in a discharged state.

2.2. Modeling the PV system 

A PV system consists of several series/parallel cells, as shown in Figure 2, as described in [12, 24-26] on how they are modeled. 
In modeling the system, a current source whose value depends on the sun's radiation is used, and the relationships governing the 
voltage and current of this system are per Equation (1) to (4). 

Figure 1. Power generation system with battery storage connected to the grid. 
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According to the above equations, voltage, current, and therefore the power of the system will depend on the temperature and 
radiation of the environment. In Figure 3, the sample curves of a PV system whose parameters are described in Table 1 are drawn 
from Equations (1) to (4). 

 

Figure 2. Model of the PV system consisting of series/parallel cells [12]. 
 

 
Table 1. Parameters of a PV system. 

Parameter  Rate  
Ns 1000 
Np 250 
Ki 0.025 
Voc 1200×0.6=720 
Isc 300×3.6=1090 
Tref 25℃ 
RsH 10000 Ω 
Rs 10 µΩ 
A 3.3 

 

 

(a) 

𝐼𝑃𝑉 = [𝐼𝑠𝑐 + 𝐾𝑙(𝑇𝑃𝑉 − 𝑇𝑟𝑒𝑓)], 𝜆 (1) 
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(b) 

Figure 3. Voltage-current curve and power voltage of a sample PV package at (a) certain temperatures and different radiations, and (b) at different 
temperatures and certain radiations. 

 

 

(a) 

 

(b) 

Figure 4. (a) Open-circuit voltage and internal resistance of a sample battery, (b) internal resistance model of the battery. 

2.3. Battery modeling 

A well-known battery model is the built-in resistance model [7,8,27,28], where the battery's internal resistance is modeled in 
charging and discharging modes and fits the charging status. Open-circuit voltage is also defined according to the charging state. 
This model is illustrated, and Figure 4 also shows the internal resistance and open-circuit voltage for a sample battery. 
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Battery charging mode, which is one of the most important control parameters of the system discussed in this paper, can be 
calculated from Equation (5) to (7) [7-9]: 

 

 
where Ah and Ahseed are the instantaneous battery ampere-hour and ampere-hour consumed battery, respectively. 
 

2.4. DC/DC and DC/AC inverters 

According to the proposed structure of this paper, which is shown in Figure 1, a DC/DC converter is applied to control the 
absorbed power of the PV system, which is used through the switching pulse width of this model at a specified switching frequency. 
Figure 5(a) shows this incremental converter. In Figure 5(b), a two-level inverter used in the structure is shown, and its output power 
will be controlled by switching pulses. 

 

2.5. Estimation of the maximum absorbable power from a PV system 

According to the previous explanations, the maximum absorbable power from the PV system depends linearly on two parameters: 
temperature and ambient radiation. Therefore, it is necessary to estimate the maximum receivable power for each PV system with 
specific parameters. According to the parameters given in Table 1 used for the PV system in this paper, the maximum power received 
is obtained according to Figure 6(a). To estimate the maximum absorbable power, Figure 6(a), data have been applied to a form-
matching neural fuzzy network, given in Figure 6(b). The membership functions of this network are considered by dividing radiation 
and temperature values into five different intervals according to Figure 12 and after network training, its fuzzy surface is formed 
according to Figure 11. To prevent damage to the PV system, after estimating the maximum power absorbed by the fuzzy neural 
network, 90% of this power is used as reference power and is applied to the absorbed power controller of the PV system. 

 

 

(a) 

 

(b) 

Figure 5. (a) Incremental DC/DC converter implemented, and (b) Two-level inverter used in the structure. 

 

SoC =
A, h − Ahseed

A, h
 (5) 

𝐴ℎused = Ah × (1 − 𝑆𝑜𝐶(0)) + ∫  
𝐼𝑏

3600
𝑑𝑡 (6) 

𝐼𝑏 =
𝑉oc − √4𝑅int ⋅ 𝑃el 

2𝑅int 
 (7) 



R. Alayi Journal of Green Energy Research and Innovation 
 

              

19  

 

(a) 

 

(b) 

Figure 6. (a) Maximum power received from sample systems listed in Table 1 in terms of temperature and radiation, (b) Fuzzy-neural network. 
 
 

 

(a) 

 

(b) 

Figure 7. (a) Fuzzy surface of the sample fuzzy-neural network, (b) input membership functions of the trained network. 
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2.6. Design of essential controllers 

It is necessary to design two separate controllers for the whole system as follows. The absorbed power controller of the PV system, 
which should be absorbed from the PV system at any temperature and radiation, can absorb the reference power determined by the 
fuzzy neural network. This controller performs power adjustment based on the DC/DC converter switching control described in the 
following sections. 

The controller of power transfer to the main grid is required to adjust the transmission power to the network according to the 
reference value. This is done by controlling the inverter switching described in the following sections. The transmission power will 
also be determined from the battery charge mode. This is in such a way that if the battery charging mode is desirable, more power 
than the nominal of the PV system is transferred to the network, which in this case means provision will be part of the power injected 
by the batteries. Also, if the battery charging mode is low, the power to the network is less than the available power of the PV 
system, which indicates the transfer of part of the power generated by the PV system to the batteries and causes them to be charged. 

 

2.7. Power controller absorbed from a PV system 

This controller must adjust the power transmitted from the PV system according to the reference value generated by the trained 
fuzzy neural network. For this purpose, at a specified switching frequency, the pulse width of the switching is adjusted according to 
Figure 8.  

 

2.8. Controller transferred to the network 

For this purpose, the output current of the inverter is adjusted after converting to the dq0 frame by switching the controller with 
mend hysteresis. According to Figure 9, by stabilizing the two 0 and q components, the d component adjusts the current so that the 
transfer power to the network is equal to its reference value. 

Herein, according to the control algorithm discussed previously, the amount of power reference transferred to the main grid 
should be determined according to the battery charge status, which is applied using a data table as shown in Table 2. Kp is defined 
as the available power factor of the PV system, and the transfer of power to the network is determined by Equation (8): 

 

 

Figure 8. Generation procedure of pulse switching DC/DC converter to control the absorbed power of the PV system. 

 

Figure 9. Injectable power controller to the network of the distributed generation system. 
 

Table 2. Input data for battery charge status [29]. 
Soc 100%  95%  90%  85%  80%  75% 70% 

Kp 1.7  1.7  1.5  1.35  1.15 1 0.75  

 
 
 

𝑃Ref-Tr = 𝐾𝑝, 𝑃Ref-PV  (8) 
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3. Results 

3.1. Simulation 

The structure shown in Figure 1 is simulated in the Simulink/Matlab environment according to Figure 10, and the parameters 
related to other parts of the system are under the values listed in Tables 3 to 6.  To prove the proposed control performance, different 
conditions have been analyzed, which are discussed in the next section. 

 
 

 

Figure 10. Injectable power controller to the network of the distributed generation system. 
 

Table 3. Features of the implemented batteries. 
Parameter  Quantity  

Np 65 

A.hCap 110 

Vb 10 

 
Table 4. Transformer features connected to inverters. 

Parameter  Quantity  
N1/N2  0.5/0.5  
Srate 1  
Lm 470 
Rc 470 
L1+L2 0.025  
R1+R2 0.0015  

 
Table 5. Transformer features connected to the grid. 

Parameter  Quantity  
N1/N2  0.5/0.5  
Srate 1  
Lm 470 
Rc 470 
L1+L2 0.025 
R1+R2 0.0015  

 
Table 6. Features of the load and overall grid. 

Parameter  Quantity  
Ssc 520 
V 30 
F 50 
PL 750 
QL 350 
VL 360×1.08 
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3.2. Maximum radiation status, maximum charging mode in battery, and variable temperature 

In this section, the simulation is performed for a battery with a full charge and maximum radiation (λ=1). The ambient 
temperature is considered a variable temperature according to Figure 11(a). In addition, the temperature variations are assumed to 
be more extreme and to occur at a faster rate than in reality, due to the shortened simulation time. If the system responds well under 
these conditions, it can be expected to perform equally well—or better—under real conditions, where temperature changes occur 
more gradually. In Figure 11(a), in addition to ambient temperature, the power drawn from the PV system (Ppv), injectable power 
to the global grid (Pπr), as well as the reference power commanded by the controller (PCOM) are displayed. In Figure 11(b), the 
voltage and current of the PV system are displayed, which are changed according to the variable temperature and adjusted by the 
controller at 90% of its peak value. Since the battery charging status has been favorable, the power transferred to the network 
exceeds the power drawn from the PV system, which means that part of the power is generated by the batteries, and conspicuously 
in these conditions, the battery is in discharging conditions. This is specified in the upper part of Figure 11(c). In addition, the load 
voltage is also stabilized by the inverter to the value of 1 p.u. as specified in the lower part of Figure 11(c). 

 

 

(a) 

 

(b) 

 

(c) 

Figure 11. Maximum radiation status, maximum charging mode in battery, and variable temperature. 
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3.3. Temperature and specified charging mode and different radiation 

In this section, a simulation is performed for a certain temperature of 25 °C, charging status of 80% battery, and variable radiation 
by Figure 12(a), which, due to the reduction of simulation time, radiation changes are considered more than real conditions. 
According to this figure, the power transferred to the network is exactly equal to the power absorbed from the PV system, and in 
other words, the battery has no involvement in the transmission of power to the network. The lack of power absorption from the 
battery is due to the rest state, which has a battery charge mode, and no power is absorbed from the battery. According to these 
results, it can be concluded that the performance of the controller is accurate, and the transmission power to the network and 
absorbed from the PV system is set to the desired and predetermined values. In Figure 12(b), to show the harmonic state of the 
system and the function of the embedded filter, the current waveform is shown along with a small part of it, and as it is known, the 
harmonic state of the flowing current is appropriate. 

3.4. Specified temperatures and radiation, and different modes of battery charge 

In this section, a simulation is performed for constant temperature and radiation, but with different charging conditions have 
been performed. The injectable active power is shown in the main grid in Figure 13(a). It is seen that when the charging situation is 
better, due to the battery's participation in the injection of active power, more power is transferred to the network. In addition, in 
Figure 13(b), the battery charging status is shown. Due to this, when the battery is charged more, the battery's discharge is done 
more quickly. Also, as is evident in the lower part of Figure 13(b), in 70% of the charge, the battery is in charge and the charging 
mode is incremental. 

 

 

(a) 

 

(b) 

Figure 12. (a) Injectable power to the network and drawn from PV systems under variable radiation conditions, (b) Current waveform and part of it 
under variable radiation conditions. 
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(a) 

 

(b) 

Figure 13. (a) Injectable power to the network in different battery charge situations, (b) Changes in battery charging mode under different battery mode 
conditions. 

 

4. Conclusions 

In this paper, by presenting a suitable structure, a PV system with a battery package as a distributed generation source, with the 
design of appropriate controllers. The results of this paper showed that at any temperature and radiation, the maximum power 
received from the PV system can be estimated, and by controlling switching, a converter, the required amount of power can be 
obtained from the PV system. On the other hand, by designing another control, and controlling the inverter switching, it managed 
the power transmitted from the battery set and the PV system, and divided between the two sources of battery and PV in a way that 
the battery charge mode always remained in the above-mentioned state. The results indicate that this structure can serve as an 
effective distributed generation source. With the appropriate design of the necessary controllers, optimal power management can be 
achieved. To continue the process of studying, it is recommended to provide different structures for controllers for better 
performance, as well as different switching structures of converters to reduce switching losses, or to use multilevel inverters. 
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A  B  S  T  R  A  C  T  

In this article, the modified fuzzy controller tracks the maximum power point (MPP) in a 
photovoltaic (PV) system connected to the grid under variable and standard solar radiation and 
variable temperature conditions. The perturb and observe (P&O) method has also been employed 
for MPP tracking (MPPT), and it has been compared with the modified fuzzy method. Ultimately, 
the superiority of the modified fuzzy method has been proven. In addition, the particle swarm 
algorithm (PSO) is employed to make the fuzzy groups optimal, thereby enhancing the performance 
of the fuzzy controller. In conclusion, implementing the designed phase control for the PV system 
connected to the single-phase grid is paramount. Furthermore, utilizing the hysteresis current 
control method facilitates inverter switching, thereby ensuring the injection of maximum power into 
the grid. 

1. Introduction

The grid-connected PV system comprises a PV module, a boost converter, and a maximum power point tracking (MPPT) system,
which together enable integration with the main power grid. In this method, the electrical energy generated by the PV system is 
integrated into the main grid through grid-connected inverters, which modify the waveform and adjust key parameters such as 
voltage level, phase angle, and frequency to ensure compatibility [1-4]. 

1.1. Research Necessity and Novelty 

The growing global energy demand and environmental concerns have led to the increased integration of PV systems into modern 
power grids. However, variations in solar radiation and temperature cause continuous fluctuations in PV output, reducing system 
reliability and energy utilization. An intelligent and adaptive MPPT method is essential to maintain optimal operation and guarantee 
efficient grid interaction. The necessity of this study arises from the need for an improved control strategy capable of minimizing 
power ripple, improving transient response, and ensuring seamless grid synchronization. The key novelty of this work lies in 
proposing a modified fuzzy logic controller optimized using the PSO algorithm. Unlike conventional two-input fuzzy controllers, the 
proposed method introduces a third input (PV voltage) to enhance decision precision. PSO is used to optimally adjust the membership 
function parameters—centers and spreads—thereby reducing power fluctuations and improving MPPT accuracy. Moreover, the 
proposed controller is integrated into a grid-connected PV configuration, where hysteresis current control and a PID-based 
synchronization system ensure efficient power injection into the grid [5-9]. 
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1.2. Contributions 

The main contributions of this study are summarized as follows: 
1. Development of an enhanced fuzzy MPPT controller with three inputs (E, CE, and Vpv) for improved tracking performance. 
2. Optimization of fuzzy membership functions using PSO, leading to reduced oscillations and enhanced steady-state accuracy. 
3. Implementation of the proposed control method in a grid-connected PV system with effective hysteresis-based current 

synchronization. 
4. Comparative analysis demonstrating superior efficiency and stability compared to the conventional P&O algorithm under 

dynamic conditions. 

1.3. Paper Organization 

The remainder of this paper is organized as follows. Section 2 provides a general overview of solar energy and power systems, 
discussing the role of PV technologies in sustainable energy generation and the challenges of their integration into modern grids. 
Section 3 describes the modeling of MPPT in PV systems, including equivalent electrical circuit representation, operational 
characteristics, and the governing current–voltage relationships under variable irradiance and temperature conditions. Section 4 
presents the proposed optimal fuzzy controller design for MPPT, explaining its structural framework, control mechanism, and 
advantages over conventional methods. Section 5 outlines the Particle Swarm Optimization (PSO) algorithm used to fine-tune the 
fuzzy controller’s parameters, detailing its mathematical formulation, optimization strategy, and convergence process. Section 6 
elaborates on the fuzzy logic controller design and optimization procedure, covering the fuzzification, rule inference, and 
defuzzification stages, as well as the incorporation of PSO-based parameter adjustment. Section 7 reports the MATLAB-based 
simulation results, providing a comparative performance analysis between the proposed optimized fuzzy control method and the 
conventional Perturb and Observe (P&O) algorithm for both standalone and grid-connected PV systems. Finally, Section 8 concludes 
the paper by summarizing the key findings, verifying the effectiveness of the proposed control strategy, and suggesting possible 
directions for future research. 

 

2. Solar Energy and Power Systems 

Currently, large-scale PV systems, configured as renewable power substations, are integrated into the power grid through power 
electronic converters, as illustrated in Figure 1. 

 
Figure 2 illustrates that the equivalent circuit of a PV cell incorporates both series and parallel resistances. The series resistance 

represents the cumulative resistive effects of the semiconductor material and electrical interconnections, and its value increases with 
the number of cells connected in series. The parallel, or shunt, resistance models power losses due to small leakage currents through 
alternate conduction paths. While series resistance can significantly influence performance, the impact of parallel resistance is 
generally minimal. Additionally, the behavior of non-ohmic currents in the depletion region can be represented by introducing a 
second diode into the equivalent circuit model. 

 
Considering all parameters, the current equation of the PV cell will be as described in Equation (1): 
           

I = Iph – Io * (eq*(V+I*Rs)/ (n*k*T) – 1) – (V + I * RS/RSh)   (1) 
                                                       
To calculate the value of RS, we will have Equation (2): 
                                          

RS = - 𝑑𝐼

𝑑𝑣
 - 𝑛∗𝑘∗

𝑇

𝑞

𝐼𝑜∗𝑒
(𝑞∗

𝑉+𝐼∗𝑅𝑠
𝑛∗𝑘∗𝑇

)
 (2) 

 
The value (dI

dv
) will be determined using the voltage-current characteristic of the PV module.  

 

 
Figure 1. Overview of the PV system connected to the power grid. 
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3. MPPT in PV systems 

Over the past decade, significant attention has been directed toward enhancing the efficiency of PV systems, with MPPT emerging 
as a key area of focus. MPPT techniques are designed to optimize the extraction of electrical power from PV modules by continuously 
adjusting the operating point to correspond with the maximum power output. Typically implemented through electronic power 
converters, these systems actively respond to variations in environmental factors such as solar irradiance and temperature, a s well 
as changes in electrical load, to maintain optimal energy conversion performance.  

MPPT is a key factor in improving the energy conversion efficiency of PV systems, thereby enhancing their economic viability. 
The current–voltage (I–V) curve of PV modules exhibit strong nonlinearity and are affected by several dynamic parameters, such as 
cell temperature, incident solar radiation, charge carrier lifetime, and the electrical load profile. For any given set of environmental 
conditions—specifically, irradiance and temperature—there exists a unique operating point on the I–V curve where the module 
achieves its peak power output. A plethora of methods have been introduced for MPP detection, and they can be classified into four 
main methodological categories based on their underlying principles [10-12]. 

The first category includes techniques based on basic algorithmic approaches, with P&O and Incremental Conductance (INC) 
being the most widely used. The P&O technique functions by slightly adjusting the terminal voltage and observing the corresponding 
change in output power. If power output rises, the adjustment continues in the same direction; if it falls, the direction of perturbation 
is reversed. One of the main strengths of this method is its independence from the specific parameters of the PV module [13,14]. 

 However, its primary drawback is the tendency to oscillate around the MPP, especially under rapidly fluctuating environmental 
conditions, which may result in diminished tracking accuracy.  

The second category comprises methods grounded in solar cell modeling. These techniques entail the development of a 
mathematical or electrical model of the solar cell and the subsequent derivation of its characteristic relationships. The model is then 
used to predict the behavior of the PV module, thereby serving as the basis for system design and implementation. While such 
approaches can offer high precision under controlled conditions, their primary limitation lies in their lack of adaptability.  
Specifically, these methods are customized to the characteristics of a particular solar cell, making it difficult to substitute or upgrade 
components without requiring a complete redesign of the system [15-18]. 

The third category comprises techniques that utilize the empirical relationship between the operating point and specific 
parameters of the PV cell. Notable examples include the short-circuit current method and the open-circuit voltage method. These 
approaches estimate the MPP based on proportionality assumptions, such as a fixed ratio between the MPP current and the short-
circuit current, or between the MPP voltage and the open-circuit voltage. However, their accuracy is limited due to the inherent 
nonlinearity of the current–voltage characteristics, which undermines the validity of the linear approximations on which these 
methods rely. The fourth category is intelligent control designs, in which fuzzy logic control or artificial neural networks are used. 
The fuzzy logic control method can work with imprecise and non-linear inputs and does not require a precise mathematical model. 
Fuzzy control has three stages: fuzzification, determining rules based on lookup tables, and defuzzification [19,20]. 

In the fuzzification process, numerical input variables are turned into linguistic variables using predefined membership functions. 
For fuzzy controllers applied in MPPT, the typical inputs are the error (E) and the change in error (ΔE or CE). The calculation of E 
and CE can be defined by the system designer, offering flexibility in controller design as in Equations (3) to (4).  

 

Figure 2. The exact equivalent circuit of the PV cell. 

 

Figure 3. The point of maximum power in the nonlinear PV characteristic. 
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One common approach involves using the condition where the derivative of power with respect to voltage (dP/dV) approaches 
zero, which indicates the operating point corresponding to the maximum power. 

 
E (n) = p(n)−p(n−1)

V(n)−V(n−1)
 (3) 

CE (n) = E (n) – E (n-1)                                         (4) 
 
CE and E are calculated and converted into linguistic variables. The output of the controller is usually the change in duty cycle 

of the converter (∆D) and is searched in the rules table. In the defuzzification step, the output of the fuzzy controller is converted 
from linguistic variables to numerical variables that are still used in the membership function.  

These controllers demonstrate effective performance under varying weather conditions. Experimental results indicate that they  
achieve rapid convergence to the MPP while exhibiting minimal oscillations around it. The accuracy and stability of the tracking 
process are significantly influenced by the selection of the membership function, which plays a critical role in shaping the controller’s 
responsiveness and precision. 

Each method of finding MPPT has its advantages and disadvantages. In this article, since the goal of optimization is achieved, 
the maximum efficiency of the PV system, the fuzzy method is used with corrections to reach the maximum efficiency, and the 
simulation results It is compared with the common P&O method. 

4. Optimal Fuzzy Controller Design for MPPT 

  The MPP of a PV module varies in response to changing environmental conditions, such as irradiance and temperature. 
Consequently, achieving maximum power transfer would ideally require continuous adjustment of the load, which is not feasible in 
practical applications. To address this limitation, an intermediate stage is introduced to ensure optimal power extraction from the 
PV module under constant load conditions and varying environmental inputs. This stage typically involves a DC–DC converter, which 
may be configured as a step-up, step-down, or bidirectional (buck–boost) converter, depending on the system design requirements. 
When interfacing with an AC load or the utility grid, a DC–AC inverter must be added following the DC–DC converter [21-24]. This 
inverter may employ pulse-width modulation (PWM) to boost efficiency and lead to low harmonic distortion, or a simpler square-
wave design that offers easier control at the expense of increased harmonic content. 

4.1.  Boost converter 

The converter's placement between the PV module and the consumer is pivotal for effective power extraction. When utilized in 
conjunction with appropriate control mechanisms, this configuration enables the PV module to operate at its optimal power output 
level. The boost converter is a device that functions to amplify the direct current (DC) voltage. It is a component of various peak 
power tracking methods. Given that the maximum voltage produced by the array is negligible, this converter can be utilized to  
augment the voltage. The ideal model of a boost converter is as follows: 

The circuit’s operation can be described in two distinct modes. In the first mode, initiated at time t=t0=0, the switch is closed, 
causing the input voltage to be applied across the inductor. As a result, an increasing current flow through the inductor LL and the 
closed switch. The second mode begins at t=D⋅T, where DD is the duty cycle and TT represents the switching period. At this point, 
the switch opens, redirecting the inductor current through the diode, capacitor, and load. During this interval, the inductor releases 
its stored energy to the load, causing the current to gradually decrease. In the subsequent cycle, when the switch closes again, the 
inductor begins a new energy storage phase. This cyclical operation enables controlled energy transfer to the load (Figure 5). 

As illustrated in Figure 6, the status when the switch is closed is as follows in Equations (5) to (7): 
 

Ic1(t) = C1 𝑑𝑣𝑖(𝑡)

𝑑𝑡
 = i(t) – il(t)                              (5) 

 

Ic2(t) = C2 𝑑𝑣𝑜(𝑡)

𝑑𝑡
 =  – io(t)                                 (6) 

 
V1(t) = L 𝑑𝑖𝑙(𝑡)

𝑑𝑡
 = vi(t)                                       (7)   

 

Figure 4. Fuzzy system overview. 
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As illustrated in Figure 7, the status when the switch is closed is as follows in Equations (8) to (10): 
                        

Ic1(t) = C1 𝑑𝑣𝑖(𝑡)

𝑑𝑡
 = i(t) – il(t)                                (8) 

 

Ic2(t) = C2 𝑑𝑣𝑜(𝑡)

𝑑𝑡
 = il(t) – io(t)          (9) 

Vl(t) = L 𝑑𝑖𝑙(𝑡)

𝑑𝑡
 = vi(t) – vo(t)    (10)   

Therefore, it can be concluded that the inductor voltage waveform is illustrated in Figure 8. Voltage and current waveforms for 
the case where the load current is continuous are as mentioned in Figures 9 to 11. 

  

Figure 5. Equivalent circuit of ideal boost converter. 

 

Figure 6. Boost converter in switch closed mode. 

 

Figure 7. Boost converter in open mode. 
 

                     

Figure 8. Inductor voltage.                                                          Figure 9. Inductor current. 

                

         Figure 10. diode current.                                                      Figure 11. Capacitor current. 
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 The following relations can be obtained for the DC-DC step-up converter (Equation (11) and Equation (12)): 
 

VO = 𝑉𝑠

1−𝐷
                                                                (11) 

 
Boost factor: 
 

𝑉𝑜

𝑉𝑖𝑛
 =  

𝐼𝑖𝑛

𝐼𝑜
 =  

1

1 − 𝐷
                                                         (12) 

4.2. Boost converter design 
To have a continuous current flow, the minimum inductance value would be calculated as follows in Equation (13): 
                                                     

Lmin = (1−𝐷)2 𝐷𝑅

2𝐹
 (13) 

 
    In Equation (13), D is the working parameter, R is the consumer resistance in ohms, and F is the switching frequency in Hz. 

The output capacitor in the boost converter supplies the output current to the consumer when the diode is off. The minimum capacity 
of the capacitor in this converter is obtained by considering the voltage fluctuation from the Equation (14): 

Cmin = 𝐷×𝑉𝑜

2𝑅𝐹
                                                           (14) 

 
In Equation (14), VO is the output voltage of the converter. 
 

4.3.  Inverter 
    Solar panels inherently produce direct current, which must be converted to alternating current (AC) for grid connection or AC 

load applications. This conversion is accomplished using an inverter. A typical single-phase bridge inverter consists of four power 
electronic switches arranged to alternate the direction of current flow, thereby generating an AC output from a DC input. The type 
of switching devices, commonly insulated gate bipolar transistors (IGBTs) or metal-oxide-semiconductor field-effect transistors 
(MOSFETs), is selected based on design requirements. IGBTs are generally preferred for high-frequency switching, while MOSFETs 
are suitable for applications involving lower frequencies and higher power levels. Various switching control strategies are employed 
to regulate inverter operation, including conventional pulse width modulation (PWM), sinusoidal PWM (SPWM), and square-wave 
control with adjustable pulse widths. Each method presents trade-offs in terms of harmonic content, efficiency, and implementation 
complexity, and the choice depends on the specific performance goals of the inverter system. 

 
 
The circuit model of a single-phase inverter is illustrated in Figure 12. As shown, the inverter comprises four power switches 

arranged in a bridge configuration, which facilitate the conversion of DC input to AC output by appropriately controlling the 
conduction of each switch. To protect the switches during load commutation, especially in the presence of inductive (self-reactive) 
loads, a freewheeling diode is connected in parallel with each switch. These diodes provide an alternative current path during switch-
off intervals, preventing voltage spikes and minimizing the risk of damage to the switching devices. 

The inverter has two modes of operation. In the first case, the work cycle interval D, when the switches S1 and S2 are closed, 
and in the second case, the complementary time 1-D, when the switches S3 and S4 are closed (Figure 13). 

5. Particle Swarm Optimization   

To enhance the performance of the fuzzy logic controller, the particle swam optimization (PSO) algorithm is employed to optimize 
the membership functions. PSO is a population-based metaheuristic inspired by the principles of collective intelligence and social 
behavior, particularly as observed in flocking birds or schooling fish. In this approach, each potential solution—referred to as a 
'particle'—navigates the search space with an associated fitness value, which is determined based on its position relative to the 
objective function. Each particle retains knowledge of its personal best position (Pbest), the best position found by its neighbors 
(Nbest), and the best position discovered globally by the swarm (Gbest). When the neighborhood includes the entire swarm, Nbest 
and Gbest are identical. Particles adjust their velocities and positions by considering both their individual experiences and those of 
their peers. This iterative process allows the swarm to converge toward an optimal or near-optimal solution. By leveraging this 
algorithm, the fuzzy system can dynamically refine its rule base or membership functions, thereby improving overall tracking 
accuracy and controller performance. The particle mass optimization algorithm is as follows: 

 

• N particles are created randomly. 
• For all particles, speed and position are generated randomly. 
• As long as the completion conditions are not met: 

o One unit is added to t. 
o Calculates the value of the objective function for each particle. 
o For i from one to n: 
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▪ Calculates Xi , best[t]  
o Next value i is entered. 
o Calculates Xg, best[t]. 
o For i from one to n: 

▪ for j from one to d: 
Vj

i[t+1] = WVj
i[t] + c1r1(Xj

i , best[t] – Xj
i[t]) + c2r2(Xj

g , best[t]  – Xj
i[t]) 

Xj
i[t+1] = Xji[t] + Vj

i[t+1] 
 

▪ Next value j is entered. 
▪ The next value i is entered. 

6. Fuzzy Logic controller design and optimization 

  Given the inherently variable nature of solar irradiance, the MPP of a PV module shifts dynamically along different current–
voltage (I–V) curves. Therefore, the MPPT controller must respond rapidly and accurately to these changes to minimize power 
fluctuations and reduce energy losses. Among the various MPPT strategies, intelligent control techniques—particularly fuzzy logic-
based methods—have gained prominence in recent years, often outperforming conventional approaches such as P&O and INC. Due 
to their heuristic nature, robustness, and effectiveness in both linear and nonlinear systems, fuzzy controllers are well-suited for real-
time MPP tracking under variable environmental conditions. In a typical fuzzy MPPT system, the input variables are the PV module's 
voltage and current, which are processed to evaluate the control output. Based on a predefined reference model, the fuzzy controller 
adjusts the duty cycle of the DC–DC converter to modulate the array's output impedance. This ensures that the operating point 
remains aligned with the MPP despite fluctuations in irradiance and temperature. 

6.1.  Fuzzification  

The initial step in designing a fuzzy logic controller involves defining fuzzy sets for both input and output variables. This process 
requires a foundational understanding of the range and behavior of each variable involved in the system. Fuzzification serves as the 
interface between real-world input signals and the fuzzy inference engine, translating crisp numerical values into linguistic variables 
represented by fuzzy sets. These sets are characterized by membership functions, which describe the degree to which an input belongs 
to a particular fuzzy category. Membership functions are inherently system-dependent, with their shapes varying according to the 
nature and range of the variables they represent. In large-scale systems, configuring appropriate membership functions becomes a 
challenging and complex task, as it requires balancing precision, interpretability, and computational efficiency. 

 

Figure 12: Equivalent circuit of a single-phase inverter. 
 

 

   Figure 13.    A: Connection state of switches S1, S2          B: Connection state of switches S3, S4. 
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6.2. Rules and deductions 

   During the inference stage of a fuzzy logic controller, a set of fuzzy rules is formulated to determine the control signal based 
on the input variables—typically the error and its derivative. Each fuzzy rule comprises two components: an antecedent (the 'if' part) 
and a consequent (the 'then' part). These rules represent expert knowledge or heuristic strategies and serve as the decision-making 
logic within the fuzzy inference system. By evaluating the degree to which input conditions satisfy each rule, the fuzzy controller 
generates an output that represents the required change in the control signal. This incremental output is then added to the previous 
control value at each sampling interval, effectively adjusting the system's behavior dynamically and adaptively.  

6.3. Defuzzification 

The output of the fuzzy controller is a fuzzy set, but a real quantity is required at the output. Therefore, the output of the fuzzy 
controller must be defuzzified. 

The novel approach to fuzzy control involves the utilization of three inputs in lieu of two inputs, in conjunction with intelligent 
methods. In the phase controller, the inputs (E) are typically the power changes to the voltage changes and their changes (CE) in 
time t, which are expressed by the Equations (15) to (17). The output voltage of the module has also been utilized as the third input 
to enhance the output power of the PV module. It has been determined that the output of the phase controller is also a ∆D duty 
cycle. 

                                                               
E(t) = Ppv(t)−Ppv(t−1)

Vpv(t)−Vpv(t−1)
 (15) 

CE(t) = E(t) – E(t-1) (16) 
Vpv(t)                                                                       (17) 

 
 The structure of the fuzzy controller used to track the MPP is shown in Figure 14.  
 
In this system, the Mamdani multiplication inference engine is used with a single fuzzifier as well as defuzzification of average 

centers and Gaussian membership functions, whose input and output relationship is as follows in Equation (18). 
 

Y(X) = 
∑ γL×[∏ exp(−(

Xi− XiL

σi
))]n

i=1
M
L=1

∑ [∏ exp (n
i=1

M
L=1

Xi− XiL

σi
))]

  (18)     

 
Y(X): Fuzzy system output 
M: The number of fuzzy system rules 
n: The number of input groups of the fuzzy system 
γL: Centers of fuzzy system output groups 
Xi

L: The centers of the input groups of the fuzzy system 
σi: The degree of dispersion of the input groups of the fuzzy system. 
  In Equation (18), γL, Xi

L, and σi are factors that play a very important role in the accuracy of the fuzzy system. The more precisely 
these three parameters are adjusted in the fuzzy system, the better the fuzzy system performs. For this reason, we use particle swarm 
optimization (PSO) algorithms to adjust these three parameters. 

    The work process is such that the optimization algorithm determines the centers and sigmas of the fuzzy groups so that the 
cost function reaches its minimum value. The optimization process is done OFFLINE, and when the optimization algorithm 
determines the best centers and sigmas for the lowest cost function, it applies them to the fuzzy system, and after that, the fuzzy 
system consists of the centers and sigmas that the optimization algorithm has determined. 

    As illustrated in Figures 15 to 18, the fuzzy controller employs membership functions for its three input variables. The first 
input, typically representing the error (E), defined as the rate of change of power with respect to voltage, and the second input, its 
temporal derivative (CE), are each categorized into three linguistic labels: Negative (N), Zero (Z), and Positive (P). The third input, 
which corresponds to the module's output voltage, is also partitioned into the same three fuzzy sets (N, Z, P) to reflect its influence 
on the control process. The output variable of the fuzzy controller, which dictates the change in duty cycle (∆D), is described by a 
broader range of linguistic terms, extending from Negative Very Large (NVL) to Positive Very Large (PVL), to capture fine variations 
in control action.The fuzzy rule base, as summarized in Table 1, is constructed based on the three input variables, each defined by 
three membership functions: N, Z, and P. Given that the fuzzy controller operates with three inputs and each input has three fuzzy 
sets, the total number of possible rule combinations is 33=2733=27.  

 
Figure 14. The adopted Fuzzy system. 
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Figure 15. Membership functions of the first input fuzzy groups (E). 

 

Figure 16. Membership functions of the second input fuzzy groups (CE). 

 

Figure 17. Membership functions of the third input fuzzy groups (Vpv). 
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Figure 18. Membership functions of output fuzzy groups (∆D). 
 

Table 1. Fuzzy logic rules. 
1. Input 1 2. Input 2 3. Input 3 4. Output 
5. N 6. N 7. N 8. Z 
9. N 10. N 11. Z 12. NS 
13. N 14. N 15. P 16. NVL 
17. N 18. Z 19. N 20. Z 
21. N 22. Z 23. Z 24. NM 
25. N 26. Z 27. P 28. NVL 
29. N 30. P 31. N 32. PS 
33. N 34. P 35. Z 36. Z 
37. N 38. P 39. P 40. NS 
41. Z 42. N 43. N 44. PS 
45. Z 46. N 47. Z 48. NS 
49. Z 50. N 51. P 52. NL 
53. Z 54. Z 55. N 56. PM 
57. Z 58. Z 59. Z 60. Z 
61. Z 62. Z 63. P 64. NM 
65. Z 66. P 67. N 68. PL 
69. Z 70. P 71. Z 72. PS 
73. Z 74. P 75. P 76. NS 
77. P 78. N 79. N 80. PM 
81. P 82. N 83. Z 84. Z 
85. P 86. N 87. P 88. NM 
89. P 90. Z 91. N 92. PM 
93. P 94. Z 95. Z 96. PS 
97. P 98. Z 99. P 100. Z 
101. P 102. P 103. N 104. PVL 
105. P 106. P 107. Z 108. PM 
109. P 110. P 111. P 112. Z 

 
 
These 27 fuzzy rules form the core of the decision-making mechanism, enabling the controller to generate appropriate adjustments 
to the duty cycle (∆D) in response to changes in system behavior and environmental conditions. 
Fuzzy controller parameters have been optimized to reduce power fluctuations around the MPP using the particle swarm 
algorithm. For optimization, it is necessary to choose the criterion or cost function as in Equation (19). 
 
 

     J = 1

N
∑ (Pref − P)2N

k=1  = 0                  (19) 
        
npop: Number of particles 
MAXit: Number of iterations 
c1, c2: PSO parameters 
W: Coefficient of inertia 
 
The graph of the cost function will be shown in Figure 19. After optimization by PSO algorithm, membership functions of fuzzy 
controller are optimized as follows in Figure 20: 
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Figure 19. Cost function. 

 

Figure 20. Membership functions of the first input fuzzy groups (E) after optimization. 

 

Figure 21. Membership functions of the second input fuzzy groups (CE) after optimization. 
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Figure 22. Membership functions of the third input fuzzy groups (Vpv) after optimization. 

 

Figure 23. Membership functions of output fuzzy groups (∆D) after optimization.  

 

7. Simulation Results Utilizing MATLAB 

"For simulation purposes in this study, the BP SX 150S PV module is selected. The simulation is implemented using MATLAB, 
where the PV module is modeled through a MATLAB Function Block. This block accepts two input parameters: solar irradiance (in  
kW/m2) and cell operating temperature (in Celsius degrees), which is internally converted to Kelvin for accurate computation. These 
inputs are essential for dynamically replicating the behavior of the PV module under varying environmental conditions.  

To evaluate the performance and efficiency of the proposed fuzzy logic control system, the simulation is first conducted on a 
standalone (grid-independent) PV system. 

The MPPT algorithm is responsible for continuously tracking the optimal operating point to extract the maximum available power 
from the PV module. The actual regulation of PV operation at this point is achieved through a DC–DC converter, which adjusts its 
duty cycle based on the MPPT controller’s output to ensure the module operates at or near the MPP. 
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Figure 24. Grid-independent PV system. 

 
Figure 25. Output current diagram of the DC-DC converter utilizing the P&O method. 

 
Figure 26. Output power diagram of the DC-DC converter utilizing the P&O method. 
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Figure 27. Output current diagram of the DC-DC converter utilizing fuzzy optimal control method. 

 
Figure 28. Output power diagram of the DC-DC converter utilizing fuzzy optimal control method. 

 
Figure 29. Comparison of tracked power by the optimal fuzzy method and the P&O method. 

 
Figure 30. Grid-connected PV system with optimal fuzzy controller. 
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According to the results of the simulations, it is clear that the current and voltage ripple of the optimal phase control method is 
less than the P&O method, and also the power ripple will be less, and its better performance is proven. In the tracked power part, 
the optimal fuzzy control method has a higher value than the P&O method, which proves the proper performance of the proposed 
method. 

In the following paragraphs, we simulate the designed PV system connected to the grid. First, the output power of the PV array 
is adjusted by the DC-DC converter, and then it is converted to alternating power by the direct power inverter. The single-phase 
voltage source inverter is used to connect to the low-voltage distribution network. The goal is to inject the maximum production 
power of the PV system into the grid. As a result, the injection current must be in phase with the network current. The network used 
includes a phase-locked loop (PLL) for synchronizing the power injected into the network, as well as an L-filter to reduce unwanted 
harmonics. A PLL is used to track the grid voltage even under severe harmonic conditions. 

7.1.  Network synchronization 

One of the most important aspects of distributed production systems is synchronization with the network. The PV module and 
inverter must be able to adapt to the grid frequency and phase. The hysteresis current control method is used in this article. 

7.2.  Hysteresis current control method 

 In circumstances where the inverter is connected to the distribution network, the current control method is employed for 
synchronization. 

At first, the network voltage is sent to the PLL to determine the frequency and phase of the network, and then, using the 
determined frequency and phase, we create the reference current. Then, the reference current is compared with the network current 
and determined by the hysteresis method and band determination. The inverter gates are switched. A PID controller is also used to 
control the range of the reference current. Multiply the coefficient obtained from the PID controller by the reference current so that 
the input voltage of the inverter does not exceed a desired value and is controlled. 

7.3.  PID controller 

     The Proportional–Integral–Derivative (PID) controller is a widely used feedback control mechanism that aims to minimize the 
error between a desired reference input and the system output. The effectiveness of a PID controller relies on the appropriate tuning 
of its three parameters: the proportional gain (Kp), the integral gain (Ki), and the derivative gain (Kd). These coefficients determine 
the controller's responsiveness, steady-state accuracy, and ability to predict system behavior, respectively. 

 
Figure 31. The output voltage of the PV module.                                    Figure 32. The output current of the PV module. 

 
Figure 33. Boost converter output voltage.                                                   Figure 34. Network voltage. 
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                                    Figure 35. Reference current.                              Figure 36. Reference current along with injected current to the grid. 
 

     

Figure 37. Reference current tracking by injecting current into the grid.     Figure 38. Active and reactive power injected into the network. 

8. Conclusions 

This study presented an intelligent, modified optimal fuzzy control strategy for MPPT in standalone PV systems. The objective 
was to minimize power fluctuations and enhance overall system efficiency. The proposed method was benchmarked against the 
conventional P&O technique, demonstrating superior performance in terms of tracking accuracy and stability. To further refine the 
controller's effectiveness, the PSO algorithm was employed to optimize the fuzzy controller's parameters, ensuring appropriate 
switching behavior. The optimized fuzzy controller significantly reduced ripple at the MPP and maintained stable operation under 
varying irradiance and temperature conditions. Additionally, the fuzzy-optimal control strategy was extended to a grid-connected 
PV system, successfully enabling maximum power transfer to the utility grid. 

 
Abbreviations 
 

K:  Boltzmann's constant 
Iph: current generated from received photons 
IO:  Diode reverse saturation current 
V: Voltage across the diode 
Q: electrical charge 
T: Junction temperature in Kelvin 
N: Ideal diode coefficient (between 1 and 2) 
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A  B  S  T  R  A  C  T  

This study proposes an integrated framework that combines photovoltaic (PV) generation with 
hydrogen-based storage to enhance energy management in smart distribution systems. The 
framework is designed to address the multi-objective concerns of distribution system operators 
(DSOs), focusing on minimizing operating costs, reducing energy losses, and mitigating greenhouse 
gas emissions. To ensure technical rigor and practical applicability, the model incorporates 
alternating current (AC) power flow equations along with operational constraints and system-
specific performance characteristics. Recognizing the inherent uncertainties associated with load 
demand, renewable PV output, and fluctuating market prices, the research employs a scenario-based 
stochastic optimization method. This approach integrates the Kantorovich method, which efficiently 
manages complex multi-dimensional problems, with the Roulette Wheel Mechanism (RWM), a 
probabilistic selection tool that enhances solution robustness under uncertainty. Numerical 
simulations validate the effectiveness of the proposed method, demonstrating significant 
improvements compared with conventional load flow analyses. The results show reductions of 
approximately 14.5% in operational costs, 28.9% in energy losses, and 21% in emissions, indicating 
the capacity of the approach to promote sustainable and cost-efficient system operation. Beyond its 
quantitative achievements, the study provides meaningful insights for DSOs, offering a structured 
roadmap to navigate the technical, economic, and environmental challenges posed by evolving 
energy systems. Ultimately, the research underscores the transformative potential of PV-hydrogen 
integration for building resilient, efficient, and environmentally responsible distribution networks, 
contributing both theoretical advancements and practical guidance to the broader discourse on 
sustainable energy management. 

1. Introduction

1.1. Motivation 

The global shift towards renewable energy sources (RES) has gained significant momentum in recent years, driven primarily by 
escalating environmental concerns associated with the extensive reliance on fossil fuels. This transition is not merely a trend but a 
necessary response to the pressing challenges posed by climate change and the depletion of non-renewable resources. Among the 
diverse array of RES technologies, photovoltaic (PV) systems stand out as particularly appealing options. Their advantages include 
relatively low land requirements, ease of installation, and scalability, which make them more accessible compared to other renewable 
alternatives such as wind or geothermal energy [1]. However, the increasing integration of PV systems into distribution networks 
presents a set of operational challenges that must be addressed to ensure the stability and reliability of the electrical grid. One 
significant issue is the potential for overvoltage conditions, which can arise when the generation from PV systems exceeds the local 
demand, particularly during peak sunlight hours. Additionally, the inherent intermittency and variability of solar energy introduce 
uncertainties that can lead to discrepancies between day-ahead forecasts and real-time operational conditions [2].  
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These mismatches often result in imbalances between electricity supply and demand, which can compromise the reliability of the 
power system and lead to potential disruptions. To mitigate these challenges, the integration of energy storage systems with PV 
technology has emerged as a highly effective solution. Storage systems can absorb excess energy generated during peak production 
periods and release it during times of low generation or high demand, thereby compensating for the fluctuations associated with 
solar energy production. This capability not only enhances the reliability of the power supply but also contributes to the overall 
stability of the distribution network [2]. Consequently, the implementation of effective energy management strategies within 
distribution networks has become increasingly essential. The coordinated operation of PV-storage systems in conjunction with the 
distribution system operator (DSO) represents a practical pathway toward optimizing network operations. Such coordination can 
lead to enhanced technical reliability, reduced environmental impacts, and improved economic performance. By strategically 
managing the interplay between generation, storage, and consumption, DSOs can facilitate a more resilient and efficient energy 
distribution system that aligns with the broader goals of sustainability and energy transition. In summary, as the world continues to 
embrace renewable energy technologies, the challenges associated with their integration into existing infrastructure must be 
proactively addressed. The development and implementation of innovative energy management strategies that leverage the synergies 
between PV systems and storage solutions will be critical in ensuring a reliable, sustainable, and economically viable energy future. 

1.2. Literature review  

A substantial body of research has been dedicated to the exploration of energy management within contemporary distribution 
networks, with scholars examining a wide array of technical, economic, and environmental dimensions under various operational 
conditions. For instance, the study presented in [3] delves into the analysis of expected energy not-supplied (EENS) and the voltage 
stability index (VSI) within the context of dynamic reconfiguration strategies in distribution networks. This research broadens its 
focus to encompass both balanced and unbalanced systems, while also addressing the critical integration of RES and energy storage 
systems (ESSs). Such contributions are pivotal in enhancing the resilience and stability of distribution operations, particularly as the 
energy landscape evolves. In another significant contribution, the concept of economic flexible–securable operation (EFSO) is 
introduced for smart distribution networks (SDNs) in [4]. This innovative formulation integrates distributed generation and storage 
resources to improve the delivery of environmentally sustainable electricity. The authors frame the problem as a constrained 
optimization task, aiming to minimize overall operational costs while simultaneously fulfilling requirements related to optimal power 
flow, environmental impact mitigation, system security, and operational flexibility. This multifaceted approach underscores the 
importance of balancing economic viability with environmental stewardship in the management of modern energy systems. Further 
advancing the discourse, the research in [5] focuses on optimizing the management of electric vehicle (EV) charging systems 
connected to distribution networks. The proposed model, which is primarily powered by solar and wind resources, categorizes EVs 
into four distinct groups based on their contributions to the grid. By employing the normal distribution function, the model captures 
the random spatial distribution of EVs while also accounting for the stochastic variability of wind speed and solar irradiation. This 
approach acknowledges the inherent intermittency and lack of coordination between renewable generation sources and EV demand, 
offering strategies to mitigate these challenges effectively. The work presented in [6] proposes a novel energy management 
framework aimed at determining the optimal operation of a grid-connected microgrid. This framework explicitly considers 
uncertainties associated with renewable-based distributed generation units, such as wind turbines (WTs) and PV systems, thereby 
ensuring a more reliable and practical operational scheme. Similarly, the research in [7] investigates energy management strategies 
for a microgrid integrated with battery charging and swapping stations. This study highlights the dual role of such infrastructure in 
facilitating renewable energy integration while simultaneously addressing the growing demand for EVs. In a shift towards real-time 
applications, [8] emphasizes the active participation of distribution networks in energy markets. The authors explore the coordinated 
use of price-responsive demand, inverter-based PV generation units, and battery energy storage systems (BESSs) within an active 
distribution network (ADN). This approach not only strengthens the role of distributed networks in dynamic energy trading but also 
enhances system flexibility and resilience, thereby contributing to a more robust energy ecosystem. Complementing this, [9] 
introduces a control framework based on multi-agent deep reinforcement learning (MADRL). By employing an actor–critic algorithm 
enhanced with a shared attention mechanism, this model adeptly manages energy flows in interconnected greenhouses, thereby 
extending the scope of energy management research to agricultural applications. Innovative optimization techniques have also been 
proposed to tackle the challenges associated with energy management in distributed systems. For example, [10] presents the Golden 
Jackal Optimization (GJO) algorithm, a nature-inspired metaheuristic designed to optimize distributed generation systems that 
comprise hybrid energy sources (HESs) and battery storage systems (BSSs). Similarly, [11] proposes a multi-objective tuna swarm 
optimization technique for active distribution networks. This method introduces enhancements in initialization, population diversity, 
and objective transformation, thereby enabling more effective solutions to the multi-objective optimization problems that 
characterize energy management. Collectively, these contributions underscore the diversity of methodologies employed to enhance 
energy management in distribution networks, ranging from classical optimization models and stochastic formulations to advanced 
artificial intelligence and bio-inspired metaheuristics. They highlight the increasing complexity of distribution systems in the context 
of renewable energy integration, storage technologies, and flexible loads. Furthermore, these studies emphasize the central role of 
optimization and intelligent control in ensuring the sustainability, reliability, and cost-effectiveness of modern energy systems. As 
the energy landscape continues to evolve, ongoing research in these areas will be crucial for developing innovative solutions that 
address the challenges and opportunities presented by the transition to a more sustainable energy future. 
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1.3. Research gaps and contributions  

Despite the considerable advancements made in the field of energy management within distribution networks, existing research 
continues to exhibit several shortcomings that hinder its comprehensiveness and practical applicability. A significant gap in the 
literature is the predominant emphasis on economic and operational indicators, often at the expense of a thorough examination of 
the interplay with technical factors. In real-world scenarios, distribution networks are characterized by a complex interaction among 
technical, operational, economic, and environmental indicators. Improvements in one dimension do not necessarily yield positive 
outcomes in others; for instance, a reduction in operational costs may inadvertently lead to overvoltage conditions, which can 
subsequently increase power losses and compromise the overall reliability of the system. This underscores the critical need to 
incorporate multiple, and frequently conflicting, indices into the energy management problem, thereby ensuring a more holistic and 
realistic optimization framework. Another recurring limitation in the existing literature is the insufficient consideration of the co-
location of renewable energy resources and storage systems. In many studies, distributed energy resources (DERs), such as PV units 
and storage devices, are modeled as being geographically dispersed across various buses within the network. However, when these 
components are co-located and integrated into a unified system, their synergistic interactions can significantly enhance both the 
economic and technical performance of the network. For example, the output power of a PV system can be effectively stabilized 
when combined with hydrogen storage, resulting in a more reliable and flexible operational framework. This potential for synergy 
remains largely underexplored in current research. Moreover, the majority of previous works have predominantly employed batteries 
as the primary storage technology within integrated energy systems. While batteries offer notable advantages, such as high power 
density and efficiency, they are also constrained by limitations, including relatively short operational lifespans, high installation 
costs, and challenges associated with scaling capacity. In contrast, hydrogen storage presents a promising alternative due to its 
extended operational life, lower installation costs, and favorable efficiency characteristics. Despite these advantages, the integration 
of hydrogen storage with PV systems has received limited attention in the literature, leaving a significant research avenue largely 
unexplored. To address these identified gaps, the present study investigates the energy management of a smart distribution network 
that incorporates an integrated PV-hydrogen storage system. The proposed framework explicitly models the technical, economic, 
and environmental objectives of the DSO within a multi-objective optimization formulation. This design is constrained by the 
operational model of the integrated PV-hydrogen storage system, network operational limits, and the AC power flow equations, 
ensuring that the model adheres to practical operational realities. To effectively capture uncertainties related to load demand, energy 
prices, and renewable power generation, a scenario-based stochastic optimization (SBSO) approach is employed. This method allows 
for a more robust analysis of potential future states of the system, accommodating the inherent variability associated with renewable 
energy sources. Furthermore, fuzzy decision-making techniques are applied to identify compromise solutions that systematically 
balance conflicting objectives, thereby facilitating a more nuanced approach to energy management. 

In summary, this study aims to contribute to the existing body of knowledge by providing a comprehensive framework that 
addresses the multifaceted challenges of energy management in distribution networks. By integrating an innovative PV-hydrogen 
storage system and employing advanced optimization techniques, the research seeks to enhance the operational efficiency, reliability, 
and sustainability of modern energy systems, ultimately paving the way for more resilient and adaptable distribution networks in 
the face of evolving energy demands.  

The novel contributions of this research are summarized as follows: 
• Implementation of integrated PV–hydrogen storage systems for energy management in distribution networks, thereby 

improving both the technical reliability and the financial performance of the network. 
• Concurrent modeling of operational, economic, and environmental indicators within a unified multi-objective optimization 

problem, providing the DSO with a comprehensive decision-making framework. 
• Integration of hydrogen storage with PV systems to mitigate PV output variability and enhance the network’s ability to 

regulate key operational indices. 
The remainder of this paper is organized as follows: Section 2 presents the detailed modeling of the proposed strategy as a multi-

objective optimization problem. Section 3 introduces the stochastic optimization framework for modeling uncertainties. Section 4 
analyzes the numerical results obtained from several case studies, and Section 5 concludes the paper with a discussion of the findings 
and their implications. 

 

2. Formulation  

This section delineates the proposed framework for energy management within a distribution network that incorporates an 
integrated PV and hydrogen storage system. The strategy is meticulously designed to simultaneously address the operational, 
economic, and environmental objectives of the DSO, thereby offering a balanced and comprehensive approach to energy 
management. The formulation of this framework is subject to several technical constraints, which are critical for ensuring the 
integrity and reliability of the system. Among these constraints, the AC power flow equations play a pivotal role in governing the 
dynamics of the distribution network. These equations are essential for accurately modeling the flow of electrical power through the 
network, taking into account the voltage levels, phase angles, and power losses that occur during transmission. Additionally, the 
operational characteristics of the integrated PV-hydrogen storage system are incorporated into the model, ensuring that the unique 
performance attributes of these technologies are adequately represented. By imposing these constraints, the optimization framework 
is designed to remain both technically feasible and practically applicable in real-world scenarios. This ensures that the solutions 
generated by the model are not only theoretically sound but also implementable within the existing infrastructure of the distribution 
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network. The mathematical formulation of the proposed model is presented as follows in Equation (1-19): 
(1) min 𝐹 = 𝑣1𝐶𝑜𝑠𝑡 + 𝑣2𝐸𝐿 + 𝑣3𝐸𝑀 

Subject to: 
(2) 𝐶𝑜𝑠𝑡 = ∑𝑤𝑝𝑡,𝑤𝑃𝑏=𝑟,𝑡,𝑤

𝐷𝑆

𝑡,𝑤

 

(3) 𝐸𝐿 = ∑ 𝑤(𝑃𝑏,𝑡,𝑤
𝐷𝑆 + 𝑃𝑏,𝑡,𝑤

𝐼 − 𝑃𝑏,𝑡,𝑤
𝐶 )

𝑏,𝑡,𝑤

 

(4) 𝐸𝑀 = ∑𝑤(𝐶𝑂2 + 𝑆𝑂2 + 𝑁𝑂𝑋)𝑃𝑏=𝑟,𝑡,𝑤
𝐷𝑆

𝑡,𝑤

 

(5) 𝑃𝑏,𝑡,𝑤
𝐷𝑆 + 𝑃𝑏,𝑡,𝑤

𝐼 + ∑ 𝐴𝑏,𝑗𝑃𝑏,𝑗,𝑡,𝑤
𝐿

𝑗

= 𝑃𝑏,𝑡,𝑤
𝐶        ∀𝑏, 𝑡, 𝑤 

(6) 𝑄𝑏,𝑡,𝑤
𝐷𝑆 + ∑ 𝐴𝑏,𝑗𝑄𝑏,𝑗,𝑡,𝑤

𝐿

𝑗

= 𝑄𝑏,𝑡,𝑤
𝐶        ∀𝑏, 𝑡, 𝑤 

(7) 𝑃𝑏,𝑗,𝑡,𝑤
𝐿 = 𝐺𝑏,𝑗

𝐿 (𝑉𝑏,𝑡,𝑤)2 − 𝑉𝑏,𝑡,𝑤𝑉𝑗,𝑡,𝑤{𝐺𝑏,𝑗
𝐿 cos(𝜑𝑏,𝑡,𝑤 − 𝜑𝑗,𝑡,𝑤) + 𝐵𝑏,𝑗

𝐿 sin(𝜑𝑏,𝑡,𝑤 − 𝜑𝑗,𝑡,𝑤)}    ∀𝑏, 𝑗, 𝑡, 𝑤 

(8) 𝑄𝑏,𝑗,𝑡,𝑤
𝐿 = −𝐵𝑏,𝑗

𝐿 (𝑉𝑏,𝑡,𝑤)2 + 𝑉𝑏,𝑡,𝑤𝑉𝑗,𝑡,𝑤{𝐵𝑏,𝑗
𝐿 cos(𝜑𝑏,𝑡,𝑤 − 𝜑𝑗,𝑡,𝑤) − 𝐺𝑏,𝑗

𝐿 sin(𝜑𝑏,𝑡,𝑤 − 𝜑𝑗,𝑡,𝑤)}    ∀𝑏, 𝑗, 𝑡, 𝑤 

(9) 𝜑𝑏,𝑡,𝑤 = 0      ∀𝑏 = 𝑟, 𝑡, 𝑤 

(10) 𝑉𝑏,𝑡,𝑤 = 1      ∀𝑏 = 𝑟, 𝑡, 𝑤 

(11) 𝑉𝑏
𝑚𝑖𝑛 ≤ 𝑉𝑏,𝑡,𝑤𝑉𝑏

𝑚𝑎𝑥      ∀𝑏, 𝑡, 𝑤 

(12) √(𝑃𝑏,𝑗,𝑡,𝑤
𝐿 )2 + (𝑄𝑏,𝑗,𝑡,𝑤

𝐿 )2 ≤ 𝑆𝑏,𝑗
𝐿,𝑚𝑎𝑥      ∀𝑏, 𝑗, 𝑡, 𝑤 

(13) √(𝑃𝑏,𝑡,𝑤
𝐷𝑆 )2 + (𝑄𝑏,𝑡,𝑤

𝐷𝑆 )2 ≤ 𝑆𝑏
𝐷𝑆,𝑚𝑎𝑥      ∀𝑏 = 𝑟, 𝑡, 𝑤 

(14) 𝑃𝑏,𝑡,𝑤
𝐼 = 𝑃𝑏,𝑡,𝑤

𝑃𝑉 + (𝑃𝑏,𝑡,𝑤
𝐷𝐶𝐻 − 𝑃𝑏,𝑡,𝑤

𝐶𝐻 ) 

(15) 𝑃𝑏,𝑡,𝑤
𝑃𝑉 = 𝜇𝑡,𝑤𝑃𝑏

𝑃𝑉,𝑚𝑎𝑥     ∀𝑏, 𝑡, 𝑤 

(16) 0 ≤ 𝑃𝑏,𝑡,𝑤
𝐷𝐶𝐻 ≤ 𝐷𝑅𝑏𝑥𝑏,𝑡      ∀𝑏, 𝑡, 𝑤 

(17) 0 ≤ 𝑃𝑏,𝑡,𝑤
𝐶𝐻 ≤ 𝐶𝑅𝑏(1 −  𝑥𝑏,𝑡)      ∀𝑏, 𝑡, 𝑤 

(18) 
𝐸𝑏,𝑡,𝑤 = 𝐸𝑏(0) + ∑(𝐶𝐻𝑃𝑏,ℎ,𝑤

𝐶𝐻 −
1

𝐷𝐶𝐻
𝑃𝑏,ℎ,𝑤

𝐷𝐶𝐻 )

𝑡

ℎ=1

      ∀𝑏, 𝑡, 𝑤 

(19) 𝐸𝑏
𝑚𝑖𝑛 ≤ 𝐸𝑏,𝑡,𝑤 ≤ 𝐸𝑏

𝑚𝑎𝑥 
The objective of the proposed framework is to minimize a weighted sum of three key performance measures in the distribution 

network: total operational cost, energy losses, and environmental emissions. This goal is expressed in Equation (1). The projected 
cost of the distribution network (Cost) is defined in Equation (2) [1]. Anticipated energy losses (EL), defined as the difference 
between energy consumed and energy produced, are formulated in Equation (3). Equation (4) models network emissions (EM), 
which result from the upstream energy supply. Specifically, emissions from SO₂, NOₓ, and CO₂ are considered in this work [12]. 

The weighted combination of these three performance measures constitutes the overall objective function (F). The associated 
weight coefficients are denoted by v1, v2, and v3. By varying these coefficients, different trade-offs between Cost, EL, and EM can be 
achieved, thereby generating multiple Pareto-optimal solutions. The resulting Pareto front of the proposed scheme is obtained by 
plotting these functions in three-dimensional space [13]. 

To determine the optimal compromise solution, a fuzzy decision-making approach is applied. First, the minimum and maximum 
values of each function are determined by setting v1 = 1, v2 = 1, and v3 = 1 in turn. A linear membership function (fl) is then 
defined. For a given set of weight coefficients, fl = 0 if the function value exceeds Fmax, and fl =1 if the function value is less than 
Fmin. Otherwise, fl is calculated as (f – Fmax)/(Fmin – Fmax), where f is the actual function value. This procedure is repeated for the Cost, 
EL, and EM functions. The minimum fl among them is selected, and the corresponding weight coefficients are adjusted. For each 
Pareto front solution, the value of σ and the associated fl are calculated. Ultimately, the compromise solution is defined as the Pareto 
front point with the maximum σ value [13]. 

The optimization problem under consideration is further constrained by a series of technical and operational limitations that are 
critical for ensuring the feasibility and reliability of the system. Specifically, Equations (5) to (10) delineate the AC power flow 
equations pertinent to the distribution network. These equations encompass essential parameters such as the angles and magnitudes 
of bus voltages, as well as the active and reactive power flows traversing the distribution lines [1,3]. The integrity of the power 
distribution system is contingent upon adhering to these equations, which are fundamental to the analysis of power systems. 

In addition to the power flow equations, Equations (11) to (13) encapsulate various operational restrictions that must be observed. 
These include the bounds on bus voltage magnitudes, as articulated in Equation (11), which ensures that voltage levels remain within 
acceptable limits to prevent equipment damage and maintain system stability. Furthermore, Equation (12) imposes limits on the 
apparent power flow across distribution lines, thereby safeguarding against overloading and ensuring efficient operation. Lastly, 
Equation (13) addresses the capacity constraints of the substation, which is pivotal for maintaining the overall reliability of the 
distribution network. It is noteworthy that the network is assumed to comprise a singular distribution substation that is 
interconnected with the upstream grid at the reference bus. Consequently, for the purposes of analysis, the bus index b is set equal 
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to the reference bus r in Equations (2), (4), and (13), thereby simplifying the representation of the network. 
The operational constraints governing the integrated PV and hydrogen storage system are articulated through Equations (14) to 

(19). Equation (14) serves to regulate the net electricity exchanged between the distribution network and the PV-hydrogen storage 
system, thereby facilitating a balanced energy exchange that is essential for system stability. In Equation (15), the generation of 
electricity from the PV system is quantified as the product of the installed PV capacity and the PV power rate [2]. This relationship 
is crucial for accurately modeling the contribution of solar energy to the overall energy mix. 

The operational dynamics of the hydrogen storage system are further constrained by Equations (16) to (19) [14]. Specifically, 
Equations (16) to (17) delineate the power limits for both charging and discharging processes, respectively, while simultaneously 
ensuring that these two processes cannot occur concurrently. To facilitate this operational logic, a binary decision variable x is 
introduced, where x=0 signifies that the system is in charging mode, and x=1 indicates that it is in discharging mode. This binary 
variable is instrumental in modeling the operational state of the hydrogen storage system. 

Equation (18) provides a mathematical representation of the state of charge of the hydrogen storage system, which is updated 
based on the initial energy stored, the net energy charged, and the energy discharged. This dynamic modeling is essential for 
accurately tracking the energy balance within the storage system. Finally, Equation (19) stipulates the maximum storage capacity, 
thereby ensuring that the system operates within its physical limits and maintains operational integrity. Collectively, these 
constraints form a comprehensive framework that governs the optimization problem, ensuring that both technical and operational 
requirements are met in the design and operation of the integrated PV-hydrogen storage system. 

 

3. Modeling Uncertainties 

In the proposed framework, several parameters in Equations (1) to (19), including load demand (PC and QC), energy price (p), 
and PV power production rate (μ), are subject to uncertainty. To ensure a reliable solution capable of addressing the prediction 
errors associated with these uncertain variables, this study employs a SBSO approach. The adopted SBSO method integrates the 
Kantorovich technique with the RWM [15]. 

In this procedure, a large number of scenarios are first generated using the RWM. For each scenario, the probability of the selected 
values for the load and energy price is determined using a normal probability distribution, while the PV production rate is modeled 
with a beta probability distribution. Consequently, the probability of each generated scenario, denoted as 0, is obtained as the 
product of the individual probabilities of the uncertainties. 

To reduce the computational burden, the Kantorovich approach is applied as a scenario-reduction technique. This method 
identifies and retains a representative subset of scenarios that are most similar to one another, thereby maintaining the essential 
probabilistic characteristics of the original set while improving computational efficiency. The optimization problem defined in 
Equations (1) to (19) is then solved using this reduced scenario set. 

Finally, the probability of each selected scenario is recalculated as the ratio of its corresponding π0 value to the sum of 0 values 
across all retained scenarios. This ensures that the reduced scenario set preserves the probabilistic integrity of the original uncertainty 
model [15]. 

4. Numerical Results 

4.1. Data 

The proposed methodology is validated using the IEEE 33-bus distribution network [16], illustrated in Figure 1. The system 
operates with a base voltage of 12.66 kV and a base apparent power of 1 MVA. The distribution substation, located at Bus 1 (the 
reference bus), connects the distribution network to the upstream transmission system. The permissible voltage range at all buses is 
restricted between 0.90 and 1.05 p.u. Peak active and reactive load values for each bus, as well as distribution line and substation 
parameters, are adopted from [16]. 

The actual hourly load demand is obtained by multiplying the peak load values by the daily load factor curve, as shown in Figure 
2 [1]. The energy price structure of the system is time-dependent and follows a three-tier tariff scheme [1]: 

• 01:00–07:00: $16/MWh 
• 17:00–22:00: $30/MWh 
• All other hours: $24/MWh 
Additionally, emissions associated with electricity purchased from the upstream network are considered. The emission coefficients 

of the major pollutants are as follows [12]: 
• CO2: 764.3 ton/MWh 
• SO2: 2.4 ton/MWh 
• NOx: 0.7 ton/MWh 
This test system provides a realistic basis for evaluating the operational, environmental, and economic impacts of the proposed 

PV–hydrogen storage integration and energy management framework. 
This network has six integrated PV-hydrogen storage systems, as shown in Figure 1, where the locations of various energy systems 

are given. Every system consists of 0.6 MW worth of PVs. Figure 2 [1] shows the predicted power generation rate curve of the PV. 
Note that, 2 MWh hydrogen storage with beginning and minimum energy levels set at 0.2 MWh is also included with each system. 
The hydrogen storage is anticipated to have a 0.6 MW charge and discharge rate, with a 93% charge and discharge efficiency [14].  
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Figure 1. IEEE 33-bus distribution network [16] along with integrated PV-hydrogen storage units. 

 

Figure 2. Expected daily curve of load factor and PV power generation rate [1]. 
 

4.2. Results and discussion 

This part uses the GAMS optimization software environment to encode the problem given by Equations (1) to (19), which 
correspond to the data provided in section 4.1. A Mixed Integer Non-Linear Programming (MINLP) issue is how this one is classified. 
To solve it, the BONMIN algorithm [17] is used.  

 
A) Evaluation of Multi-Objective Energy Management in the Distribution Network: The Pareto front of the proposed strategy at 

a 100% load level is summarized in Table 1. As observed, the trends of the objective functions—Cost, Energy Loss (EL), and Emissions 
(EM)—do not follow the same pattern. Specifically, cost minimization is often associated with an increase in EL. This is primarily 
because achieving lower costs requires the combined PV–hydrogen storage system to inject a considerable amount of active power 
into the network. Consequently, reverse power flow toward the distribution substation may occur, leading to higher current 
magnitudes and, therefore, greater energy losses. 

According to Table 1, the minimum achievable values of Cost, EL, and EM are $894.2, 1.12 MWh, and 21.3 tons, respectively. 
Conversely, their maximum values are $3612.1, 2.61 MWh, and 38.4 tons, respectively. Hence, the ranges of variation are $2717.9 
for Cost, 1.49 MWh for EL, and 17.1 tons for EM. Employing fuzzy decision-making methodologies, the optimal compromise solution 
across a spectrum of load levels is systematically detailed in Table 2. At the 100% load level, the identified compromise point yields 
specific values of $1289.3 for Cost, 1.55 MWh for EL, and 24.9 tons for EM. These metrics are critical as they reflect the trade-offs 
inherent in the optimization process, where multiple objectives must be balanced to arrive at a satisfactory solution. A thorough 
comparative analysis between Tables 1 and 2 reveals significant insights regarding the performance of the compromise solution 
relative to the optimal points. Specifically, the deviation of the compromise solution from the minimum point is quantified as 14.5% 
for Cost, 21% for EL, and 28.9% for EM. These percentages indicate that while the compromise solution is not the absolute optimal 
solution, it is strategically positioned in close proximity to the optimal values. This proximity suggests that the selected compromise 
effectively balances the competing objectives of minimizing costs, reducing energy losses, and lowering emissions, thereby reflecting 
a well-considered trade-off among these critical factors. Moreover, the results encapsulated in Table 2 provide compelling evidence 
that all three functions—Cost, EL, and EM—exhibit a discernible increasing trend as load levels rise. This trend can be attributed to 
the intensified utilization of the distribution network, which inherently amplifies both technical and environmental impacts under 
conditions of heightened demand. As the load increases, the distribution network experiences greater stress, leading to increased 
energy losses due to resistance in the lines and higher emissions resulting from the additional energy generation required to meet 
the demand. The implications of these findings are significant for stakeholders involved in energy management and policy-making. 
They underscore the necessity of considering the interplay between load levels and the associated impacts on cost, energy loss, and 
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emissions. In particular, the results highlight the importance of developing strategies that not only aim for cost efficiency but also 
prioritize sustainability and environmental stewardship. In conclusion, the application of fuzzy decision-making in this context not 
only facilitates the identification of a compromise solution that is close to optimal but also emphasizes the critical need for a holistic 
approach to energy management. By acknowledging the trade-offs among cost, energy loss, and emissions, decision-makers can 
better navigate the complexities of energy distribution and contribute to a more sustainable energy future. 

 
B) Performance of integrated PV- hydrogen storage systems: The operational behavior of the integrated PV–hydrogen storage 

system across different load levels is illustrated in Figure 3, which presents the predicted daily active power curves of the PV units 
and hydrogen storage. As shown in Figure 3(a), the daily PV power generation profile closely follows the general trend depicted in 
Figure 2, reflecting the typical solar irradiance pattern. In this context, the PV units are able to operate at their full rated capacity 
during peak sunshine hours, which corresponds to the constraints defined in Equation (15). The complementary operation of 
hydrogen storage is highlighted in Figure 3(b). During the early hours of the day, specifically from 01:00 to 16:00, the hydrogen 
storage units predominantly remain in charging mode, with the highest charging demand occurring between 01:00 and 07:00. This 
period coincides with the lowest electricity prices, making it economically advantageous for the storage system to absorb power and 
minimize overall costs. Conversely, during the evening peak hours from 17:00 to 22:00, when energy prices reach their maximum, 
the hydrogen storage units transition into discharge mode. In this phase, they inject a significant amount of power into the network, 
thereby reducing both operating costs and emissions. Furthermore, from 08:00 to 16:00, the hydrogen storage is also occasionally 
switched to discharge mode in response to high PV generation levels. This strategy helps mitigate the risk of overvoltage that may 
arise from the injection of surplus PV power into the grid. The aggregated active power profile of the combined PV–hydrogen storage 
system for different load conditions is presented in Figure 4. According to Equation (14), this profile is calculated as the summation 
of PV generation and hydrogen storage discharge power, minus the hydrogen storage charging power. The results reveal that during 
the low-price period (01:00 to 07:00), the system predominantly behaves as a consumer, as the hydrogen storage absorbs power 
while PV generation remains minimal. For the remaining hours of the day, the system operates as a net producer, supplying power 
through both PV generation and storage discharge. In mathematical terms, the aggregated active power profile can be expressed as 
Ptotal = PPV + Pdischarge - Pcharge, where, Ptotal is the total active power, PPV is the power generated by the PV units, Pdischarge is the power 
discharged from the hydrogen storage, Pcharge is the power absorbed by the hydrogen storage.  

This equation encapsulates the dynamic interaction between the PV generation and hydrogen storage, highlighting the system's 
ability to adapt to varying load conditions and electricity prices. An important observation is that the PV daily generation curve 
remains unchanged across different load levels, as it is solely dependent on solar irradiance and independent of network demand. 
By contrast, the operation of the hydrogen storage system is highly responsive to load variations. As the load level increases, both 
charging and discharging capacities of the hydrogen storage expand, thereby amplifying the system’s contribution in both 
consumption and generation modes. Consequently, the integrated PV–hydrogen storage system demonstrates enhanced flexibility 
and adaptability, offering improved support to the distribution network under varying load conditions. 

 
Table 1. Pareto front of the suggested plan for a load level of 100%. 

EM (ton) EL (MWh) Cost ($) v3 v2 v1 

33.4 2.61 894.2 0 0 1 

38.4 1.12 3612.1 0 1 0 

21.3 2.48 2932.4 1 0 0 

35.3 2.18 1145.6 0 0.25 0.75 

28.8 2.49 1008.5 0.25 0 0.75 

36.7 1.97 2198.1 0 0.75 0.25 

34.2 1.86 3252.5 0.25 0.75 0 

25.3 2.41 3025.2 0.75 0 0.25 

26.4 2.81 2989.1 0.75 0.25 0 

35.8 2.05 1431.2 0 0.5 0.5 

26.8 2.51 1344.1 0.5 0 0.5 

26.5 2.03 3068.9 0.5 0.5 0 

27.1 2.31 1678.2 0.33 0.33 0.33 

 
Table 2. Optimal compromise solution between the Cost, Energy Loss (EL), and Emissions (EM) functions under different load levels. 

Load level (%) Cost ($) EL (MWh) EM (ton) 

100 1289.3 1.55 24.9 

110 1307.1 1.71 27.0 

120 1418.6 1.85 29.1 
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(a) 

 
(b) 

Figure 3. Predicted daily curves of the integrated PV–hydrogen storage system at different load levels: (a) PV power generation profile, showing 
consistency with the irradiance-based trend; (b) hydrogen storage charging and discharging patterns, highlighting load-dependent operation and price-

responsive scheduling. 
 

 
Figure 4. Predicted daily active power profile of the combined PV–hydrogen storage system under various load levels, computed as the net power (PV 

generation plus hydrogen discharge minus hydrogen charge), indicating the transition from consumer behavior during low-price hours (01:00–07:00) to 
net producer behavior during the remaining hours. 

 
C) Evaluation of the technical, economic, and environmental status of the distribution network: The economic (Cost), 

environmental (EM), operational (EL), maximum voltage drop (MVD), and maximum overvoltage (MOV) indicators for the 100% 
load level are summarized in Table 3 across three case studies: Case I (base network without PV or storage), Case II (PV-only 
integration), and Case III (integrated PV–hydrogen storage system). As shown in the table, Case I yields the highest values of Cost, 
EM, EL, and MVD, since all energy is supplied by the upstream network. Introducing PVs into the distribution network (Case II) 
reduces all indicators compared to Case I, except for MOV, which increases due to voltage rise effects. In Case III, the integrated PV–
hydrogen storage system achieves the most significant reductions in Cost, EL, EM, and MOV relative to Case I, demonstrating its 
effectiveness in improving system performance. Additionally, peak load carrying capacity (PLCC)—an operational index representing 
the maximum load the network can support under the daily load factor curve of Figure 2—remains unchanged between Cases I and 
II, as PVs are inactive during the peak load hour (20:00). However, in Case III, PLCC is notably higher due to hydrogen storage’s 
substantial power injection during peak hours (17:00–22:00). 
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Table 3. Comparison of economic (Cost), environmental (EM), operational (EL), maximum voltage drop (MVD), maximum overvoltage (MOV), and 
peak load carrying capacity (PLCC) indicators across three scenarios (Case I: base network, Case II: PV-only integration, Case III: integrated PV–

hydrogen storage system) at 100% load level. 
Case III Case II Case I Parameter Index 
1289.3 1404.3 3971.2 Cost ($) Economic  
24.9 25.8 48.9 EM (ton) Environment 
1.55 1.67 3.12 EL (MWh) Operation 
0.048 0.051 0.087 MVD (p.u.) 
0.011 0.024 0 MOV (p.u.) 
4.59 3.715 3.715 PLCC (MW) 

 

5. Conclusion 

This study investigated the energy management of a distribution network with a focus on the operational, economic, and 
environmental objectives of the DSO in the context of integrated PV–hydrogen storage systems. The proposed framework, constrained 
by optimal power flow equations and the operational model of the network, aimed to minimize a weighted sum of operating costs, 
energy losses, and emissions. To address uncertainties in load demand, PV generation, and electricity prices, a stochastic optimization 
approach was employed, and fuzzy decision-making was applied to identify the best compromise solution. The numerical results 
demonstrated that this compromise point maintains the values of operating cost, energy losses, and emissions within 14.5%, 28.9%, 
and 21% of their respective minimum values, ensuring a near-optimal balance across objectives. Comparative analysis revealed that 
integrating PV systems alone can reduce maximum voltage drop, emissions, costs, and energy losses; however, this improvement is 
offset by a substantial increase in overvoltage. By contrast, the incorporation of hydrogen storage alongside PV generation not only 
alleviates the overvoltage issue but also provides the most significant enhancements across operational, environmental, and economic 
indicators. Demand-side management (DSM) is one of the promising energy management strategies that can enhance both the 
technical and economic performance of distribution networks. Incorporating DSM into the proposed framework is therefore suggested 
as a direction for future research. In addition, EVs are emerging as significant new consumers whose charging behavior directly 
influences network operation. Effective management of EV demand can provide valuable operational flexibility and improve network 
performance. Consequently, integrating EVs into the proposed scheme is also identified as an important avenue for future work. 

 
Nomenclature 

Indices  
 

b, t, w, r Bus, Operating Hour, Scenario, Reference Bus 
j  Auxiliary Index Corresponding to the Bus 

 
Variables  
Cost, EL, EM Expected Network Operation Cost ($), Expected Network Energy Losses (MWh), Network Pollution Level (ton) 
E Energy Stored in hydrogen tank (MWh) 
F Objective Function 
PDS, PL, PI, PPV, PCH, PDCH Active Power Passing Through Distribution Substation and Distribution Line, Active Power of Integrated PV-Hydrogen Storage 

System, PV Active Power, Active Power of Hydrogen Storage in Charge and Discharge Modes (MW) 
QDS, QL Reactive Power Passing Through the Distribution Substation and Distribution Line (MVAr) 
V,  Voltage Amplitude (p.u.) and Voltage Angle (rad) 
x  Binary Variable Corresponding to Hydrogen Storage Charge/Discharge Operation 
 
Parameters 

 

A, GL, BL Cross Matrix of Bus, Distribution Line Conductance (p.u.), Distribution Line Susceptance (p.u.) 
CO2, SO2, NOX Pollution Coefficients (ton/MWh) 
CR, DR Charge and Discharge Rate of Hydrogen Storage (MW) 
E(0), Emin, Emax Primary Energy, Minimum and Maximum Energy Stored in Hydrogen Storage (MWh) 
p  Energy Price ($/MWh) 
PC, QC Active Power (MW) and Reactive Power (MVAr) of the Load 
PPV,max PV Capacity (MW) 
SL,max, SDS,max Maximum Apparent Power of Distribution Line and Distribution Substation (MVA) 
v1, v2, v3 Weight Coefficients in the Objective Function 
Vmin, Vmax Minimum and Maximum Voltage Magnitude (p.u.) 
,  Scenario Probability, PV Power Generation Rate 
CH, DCH Charge and Discharge Efficiency 
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A  B  S  T  R  A  C  T  

This study presents a comprehensive framework for enhancing power quality in radial distribution 
networks by simultaneously optimizing the placement and size of capacitor banks and distributed 
generation (DG) units. Employing the biogeography-based optimization (BBO) algorithm, this 
research addresses key objectives, including minimizing power losses and improving voltage 
profiles. The methodology incorporates critical operational constraints, such as voltage limits and 
permissible installation locations for DG units and capacitors. The proposed approach is validated 
using the IEEE 33-bus radial distribution system, where numerical results demonstrate a reduction 
in power losses by 88.28% with the simultaneous placement of DGs and capacitors (Mode 4), 
compared to the base case. Voltage profiles improved significantly, with the lowest voltage rising 
from 0.9117 pu in the base mode to 0.9835 pu. Additionally, Mode 5, involving variable power 
factors, achieved a 94.4% reduction in losses, further enhancing system efficiency. These results 
highlight the BBO algorithm's superior performance and computational efficiency in addressing 
complex distribution system challenges. This study is particularly relevant for optimizing renewable 
energy integration and future power system resilience. 

1. Introduction

Recent advancements in the integration of distributed generation (DG) and capacitor placement have provided crucial insights
into power distribution network optimization. In [1] explored the optimal placement of capacitors in distribution networks impacted 
by harmonic pollution, especially in the presence of wind energy-based DG sources. Their study emphasizes the importance of 
harmonics control in maintaining power quality and highlights the challenges posed by renewable energy integration into 
distribution systems. The findings provide a basis for designing harmonic-resilient networks with efficient capacitor placement 
strategies. In [2], reactive power optimization for DG units using stochastic modeling techniques is investigated to minimize power 
system losses. This work underscores the role of advanced mathematical approaches in addressing uncertainty in DG operations. By 
focusing on the probabilistic behavior of DG units, this study enhances system reliability and reduces energy losses, making it 
particularly relevant for modern power networks integrating renewable sources. [3] proposed a robust control strategy using 
nonlinear methods for maintaining load voltage stability in islanded wind energy conversion systems. Their research illustrates how 
effective control mechanisms can ensure stability under varying operational conditions. The study is significant for its focus on 
isolated systems, a critical area in renewable energy deployment, and highlights the challenges in managing voltage fluctuations 
caused by intermittent wind energy sources.
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Electric power distribution networks typically operate at low voltage levels. These networks are connected to high-voltage 
transmission systems, which transport electricity over long distances before delivering it to consumers at a low voltage suitable for 
everyday use. However, distribution networks experience significant power losses due to the combination of low voltage and high 
current, particularly in comparison to transmission networks. This situation increases power costs and results in a bad voltage profile 
along the feeder [4,21]. The power losses in distribution networks are divided into two categories: active power loss and reactive 
power loss. Among these, active power loss is critical as it reduces transmission power efficiency and adversely affects the voltage 
profile. Consequently, minimizing active power losses in distribution networks is of greater importance than in transmission 
networks. Addressing this issue is predominantly the responsibility of the electrical distribution system [5]. Current statistics indicate 
that approximately 13% of generated power is lost at the distribution level. Because of the capacity limitations of radial lines, it is 
important to find alternative methods to meet future load demands with improved quality and reliability. To achieve this, strategies 
must be developed to release the existing line capacity to support additional loads [6]. A notable challenge is that most elements 
within distribution networks, such as motors and transformers, exhibit inductive properties, leading to a lagging power factor. This 
condition decreases system capacity, increases system losses, and causes voltage reductions at various points within the system [7]. 
Parallel capacitors are widely employed to address these challenges by reducing power losses, improving voltage profiles, enhancing 
power factors, and stabilizing the system’s voltage [8,19].  

Despite advancements in power distribution systems, optimizing the placement of capacitors and DGs remains an active research 
area. Previous studies have explored various optimization techniques, but there remain gaps in achieving comprehensive solutions 
that balance computational efficiency, cost-effectiveness, and network performance under practical constraints. 

Several prior works have tackled this issue using diverse methodologies. For instance, [9] proposed a multi-objective optimization 
approach for distribution feeder reconfiguration alongside capacitor placement, employing a modified gravitational search algorithm 
to enhance reliability and voltage security. [10] introduced a fuzzy framework for optimizing radial systems, addressing balanced 
and unbalanced networks with high precision and fast convergence. [11] formulated an integrated demand response program (DRP) 
combining DGs and shunt capacitors to optimize energy loss, operational cost, and network reliability, leveraging a shuffled frog-
leaping algorithm. [12] investigated dynamic distribution feeder reconfiguration (DDFR), incorporating DGs, PV panels, and energy 
storage to optimize energy loss and operational costs via a modified particle swarm optimization algorithm [18]. 

Hybrid approaches have also gained attention for addressing multi-objective challenges in distribution systems. In [13,22-23], 
practical planning of distribution networks includes the optimal selection of conductor sizes and strategic capacitor placement to 
handle increasing load demands. This study explores a hybrid approach combining Genetic Algorithm (GA) and Particle Swarm 
Optimization (PSO), referred to as HGAPSO, to minimize power losses effectively. The method reduces overall costs associated with 
network planning and improves voltage profiles to achieve a semi-flat configuration under technical constraints such as voltage 
limits, conductor capacity, and reactive power injection [17]. This approach highlights the potential of combining optimization 
techniques to balance computational efficiency and system reliability. 

Despite these efforts, challenges persist in efficiently integrating DG units and capacitor banks while considering real-world 
constraints such as voltage limits and operational costs. This study leverages the BBO algorithm to address these gaps by strategically 
placing DG units and capacitor banks to minimize power losses and improve voltage profiles in radial distribution networks. 

This study builds upon the limitations of prior works and proposes the following contributions: 
1. Development of a comprehensive optimization framework for capacitor and DG unit placement and sizing, leveraging 

advanced algorithms such as BBO. 
2. Integration of renewable energy resources into distribution networks, addressing challenges related to voltage security and 

power quality, ensuring enhanced computational efficiency and practical applicability. 
3. Presentation of practical scenarios, considering real-world network constraints, including voltage limits and permissible 

locations for DG units. 
A graphical abstract summarizing the research workflow, key objectives, and contributions is provided in Figure 1. 

2. The Theory of Biogeography 

The BBO algorithm is a population-based optimization method inspired by the principles of biogeography. It was introduced by 
Dan Simon in 2008 and studies the distribution of species across different habitats over time. BBO mathematically models the 
migration and adaptation processes between habitats to solve complex optimization problems effectively. The algorithm draws on 
the natural dynamics of species migration and information exchange to enhance solutions iteratively. 

BBO differs from other evolutionary algorithms in several key aspects. It requires fewer parameter settings, operates with low 
computational complexity, and demonstrates efficient memory usage—even when tackling high-dimensional numerical problems. 
These characteristics make it an attractive tool for solving engineering challenges, although its application in real-world engineering 
problems has been relatively limited, signifying untapped potential in diverse optimization contexts [24-26]. 

In the BBO framework, potential solutions to a problem are represented as individual habitats, each characterized by a Habitat 
Suitability Index (HSI). The HSI serves as a measure of the quality of a solution, analogous to the fitness function used in other 
population-based algorithms. Habitats with high HSI values represent effective solutions, whereas low HSI values indicate less 
optimal solutions. The algorithm improves solutions over successive generations by simulating migration and mutation processes.  

 



L. Mohammadian Journal of Green Energy Research and Innovation 
 

              

56  
 
 

In BBO, each element is likened to an island or habitat, where the exchange of traits among these elements is illustrated through 
migration and intra-migration. Figure 2 illustrates the migration of species and the emergence of a new island. 

Each element in a solution is identified as a Suitability Index Variable (SIV). Regions classified as suitable habitats for a species 
correspond to a high HSI. A high HSI indicates effective performance in the optimization process, whereas a low HSI signifies 
inadequate performance.  

 

 
Figure 1. Graphical abstract. 

 

 
Figure 2. Migration of species and the formation of a new island. 
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Population growth serves as a strategy to address challenges within heuristic algorithms. In BBO, the subsequent generation is 
generated by migrating solution characteristics between islands and acquiring attributes from them. Additionally, mutation is 
introduced throughout the population in a manner akin to that found in genetic algorithms. Figure 3 illustrates the connection 
between the BBO algorithm and biogeography theory. 

Migration Mechanism: Migration is a core concept in BBO, emulating the movement of species between habitats. Habitats with 
high HSI (strong solutions) can effectively share their desirable traits (solutions) with other habitats, enhancing the overall population 
quality. Each solution has an emigration (external migration rate) rate (μ) and an immigration (internal migration) rate (λ). Strong 
solutions typically have lower immigration rates and higher emigration rates, enabling them to share information without being 
disrupted by external influences. Conversely, weaker solutions have higher immigration rates, allowing them to acquire traits from 
stronger solutions. 

 

 
Figure 3. Relationship between the BBO algorithm with the Biogeography theory. 
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It's important to note that when an individual migrates to another island, the original island doesn't lose any traits in the 
procedure. Figure 4 shows the migration of species between habitats. The concepts of migration and intra-migration are 
mathematically modeled through a probabilistic framework. Furthermore, if the probability of a specific species, S, retaining its 
habitat at time t is considered as Ps, how this probability evolves from time t to time t + ∆t will be described as follows: 

𝑃𝑠(𝑡 + Δ𝑡) = 𝑃𝑠(𝑡)(1 − 𝜆𝑠Δ𝑡 − 𝜇𝑠Δ𝑡) + 𝑃𝑠−1𝜆𝑠−1Δ𝑡 + 𝑃𝑠+1𝜇𝑠+1Δ𝑡 (1) 
If the time (t) is small enough in Equation (1), then the following Equation (2) is obtained: 

𝑃̇𝑠 = {

−(𝜆𝑠 + 𝜇𝑠)𝑃𝑠 + 𝜇𝑠+1𝑃𝑠+1𝑆 = 0

−(𝜆𝑠 + 𝜇𝑠)𝑃𝑠 + 𝜆𝑠−1𝑃𝑠−1 + 𝜇𝑠+1𝑃𝑠+11 ≤ 𝑆 ≤ 𝑆𝑚𝑎𝑥

−(𝜆𝑠 + 𝜇𝑠)𝑃𝑠 + 𝜆𝑠−1𝑃𝑠−1𝑆 = 𝑆𝑚𝑎𝑥

 (2) 

The migration rates and internal migration values are as follows in Equations (4) to (5): 
μk = 𝐸𝐾 𝑛⁄  (3) 
λk = 𝐼(1 − 𝑘 𝑛)⁄  (4) 

Let’s define the variables: I represents the highest possible internal migration rate, E is the highest possible displacement rate, K 
represents the count of member species (k), and n represents the total number of species. To explore a specific scenario where E is 
equivalent to I, it will proceed as follows in Equation (5):  

λĸ + μĸ = E (5) 
 

3. Biogeography-based optimization 

Figure 5 presents a flowchart that shows the BBO process. Following other evolutionary algorithms, the initial phase of BBO 
entails the generation of a random population known as 'habitat.’ To assess the quality of individual solutions, known as potential 
solutions, as well as the appropriateness of the habitats and regions, two essential parameters are established: HSI and SIV. The BBO 
framework fundamentally consists of two operations: migration and mutation. In this context, consider a defined problem where a 
set of potential solutions is represented as vectors coupled with a method for quality assessment. High-quality solutions can be 
compared to islands with a high Island Suitability Index (ISI), while those of lower quality are akin to islands characterized by a low 
ISI. It is crucial to note that the ISI aligns with the concept of "fitness" in other population-based optimization algorithms. The primary 
operations of BBO—migration and mutation of solutions—are depicted in Figures 6 and 7, respectively. Initially, potential solutions 
are adjusted to improve their quality. In this stage, an immigration rate (λ) is defined to assess the necessity of modifying the island. 
An emigration rate (μ) is implemented to select the solution that will probably migrate. It is crucial to emphasize that the algorithm 
is designed to avoid overfitting solutions to maintain quality. Natural hazards present a variety of threats to geographical regions, 
often resulting in abrupt fluctuations in HSI values. Consequently, the habitat may diverge from its equilibrium HSI during the 
mutation. At this stage, a probability factor is calculated for each individual within the population, as delineated in Equation (2), to 
assess the need for mutation. 

Mutation ensures diversity within the population, preventing premature convergence to suboptimal solutions. Natural 
disturbances, such as environmental changes, are modeled as abrupt alterations in habitat conditions, which trigger mutations. The 
mutation rate for a habitat is proportional to the deviation of its HSI from equilibrium or the probabilities associated with the number 
of species, and it can be expressed as Equation (6): 

m(s) = 𝑚𝑚𝑎𝑥 ((1 − 𝑃𝑠) 𝑃𝑚𝑎𝑥)⁄  (6) 
which is a parameter defined by the user. 
The BBO algorithm iteratively applies these mechanisms to identify optimal solutions. The overall process can be summarized as 

follows: 
1. Initialization: Generate a random initial population (habitats) and compute their HSIs. 
2. Migration: Exchange solution traits between habitats based on immigration and emigration rates, enhancing solution 

diversity and quality. 
3. Mutation: Apply probabilistic alterations to solutions to introduce diversity and avoid local optima. 
4. Evaluation: Recalculate the HSI of each habitat after migration and mutation, and rank the solutions from best to worst. 
5. Convergence Check: Repeat the process until a termination criterion, such as the maximum number of iterations or a 

satisfactory solution quality, is met. 
The algorithm’s ability to balance exploration and exploitation makes it a compelling choice for multi-objective optimization 

problems in engineering. 
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Figure 4. Species migration between habitats. 

 
 
 

 
Figure 5. The flowchart of the BBO optimization method. 
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4. Formulation of the problem 

The optimization problem in this study aims to identify the optimal placement and sizing of DG units and capacitor banks within 
radial distribution systems. The objectives include minimizing active power losses, improving voltage profiles, and ensuring efficient 
resource utilization while adhering to predefined operational constraints. Some key considerations include: 

• Achieving optimal load distribution to reduce system losses. 
• Optimizing operational modes to enhance the overall power factor of the system. 
• Refining generator parameters to improve efficiency. 
• Reducing design costs while maximizing efficiency, among others. 
Figure 8 illustrates the single-line diagram of the radial distribution system comprising 33 buses. 
 

 
Figure 8. Single-line diagram of the radial distribution system of 33 buses [6]. 

 
Allocating and determining the optimal capacity of DGs is articulated as a nonlinear optimization problem. Each engineering 

system is represented by a collection of variables, manifesting features to be design or decision variables. 

Variables (𝑥𝑖 , 𝑖 = 1,2, … , 𝑛())provide a set of design variables for the design vector 𝑋 = [

𝑥1

⋮
𝑥𝑛

]. 

4.1. Objectives 

The primary objectives are the minimization of real power losses and voltage profile improvement, ensuring the bus voltage 
magnitude is maintained within the permissible range, and enhancing voltage stability. 
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Figure 6. Migration process in BBO. 

 

Figure 7. Mutation process in BBO. 
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4.2. Design Variables 

The optimization design variables include: 
DG variables: DG location and DG active/reactive power output  
Capacitor variables: Capacitor location and capacitor reactive power output. 

4.3. Constraints 

Voltage Constraints: Maintain voltage levels within acceptable operational limits for all buses: 
Reactive Power Injection: Capacitor bank outputs must remain within their capacity: 
Power Balance: Ensure system equilibrium between generation and demand. 
Power Factor Constraints (for Variable Power Factor Modes): DGs must operate within the permissible power factor range: 
Location Constraints: Only specified candidate buses are eligible for DGs and capacitors. 

4.4. Optimization Modes 

Five operational modes are analyzed: 
1. Mode 1: Optimal placement of capacitors for reactive power compensation. 
2. Mode 2: Allocating DGs with a unit power factor (active power injection). 
3. Mode 3: Allocating DGs with a variable power factor (active and reactive power injection). 
4. Mode 4: Simultaneous placement of capacitors and DGs with a unit power factor. 
5. Mode 5: Simultaneous placement of capacitors and DGs with variable power factors. 
 

4.4.1. First stage:  

At this stage, the various parameters employed for optimization are quantified through the principles of biogeography. In this 
study, the initial population, represented as the number of habitats, is set at 100, with the number of iterations also established at 
100. The selection index is designated as 10, while the maximum migration rate is set at E=1, the maximum value for the intra-
migration rate is I=1, and the maximum mutation rate is mmax =0.005 is selected. 

 

4.4.2. The second stage:  

The initial population is generated through a random process. This study examines five distinct configurations, which encompass 
the optimal placement of capacitor banks, the optimal placement of DGs operating at a unit power factor, the optimal placement of 
DGs with variable power factor, the simultaneous optimal placement of capacitors and DGs with unit power factor; and the 
simultaneous optimal placement of capacitors and DGs with variable power factor. 

Mode 1: Optimal placement of capacitor banks for reactive power compensation can enhance the voltage profile and the system 
power factor. The initial population is defined in the following manner as in Equation (7). 

𝑋 = [𝑥𝑖] = [𝐿1𝐿2 … 𝐿𝑁𝐶𝑎𝑝
𝑄1𝑄2 … 𝑄𝑁𝐶𝑎𝑝

]
1×(2×𝑁𝐶𝑎𝑝)

 (7) 
where 𝑁𝐶𝑎𝑝 is the number of capacitors installed in 𝐿𝑁𝐶𝑎𝑝

. Q is the reactive power provided by the capacitor bank. In this study, 
for example, for the number of capacitors, 3, according to the initial population number of 100, the dimensions of the initial 
population matrix are 6×100. The location of the capacitors is randomly selected between buses 2 and 33, and the reactive power 
value is randomly chosen between 0 and 1200 kVars. 

  Mode 2: Optimum placement of DGs with unit power factor: In this case, the DG unit only injects active power. The initial 
population is defined as follows in Equation (8).  

𝑋 = [𝑥𝑖] = [𝐿1𝐿2 … 𝐿𝑁𝐷𝐺
𝑃1𝑃2 … 𝑃𝑁𝐷𝐺

]
1×(2×𝑁𝐷𝐺)

 (8) 
where 𝑁𝐷𝐺 is the number of DGs that are installed in 𝐿𝑁𝐷𝐺

. P is the active power produced by DGs. In this study, for instance, 
with three DGs, the dimensions of the initial population matrix are defined as 6×100, consistent with the size of the initial 
population. The locations of the DGs are randomly allocated between buses 2 and 33, while the active power values are randomly 
assigned within the range of 0 to 1000 kW for comparison with other references . 

Mode 3: Optimum placement of DGs with variable power factor: In this mode, the placement of optimal DGs that can provide 
reactive power with variable power factor is done. The initial population is defined as follows in Equation (9). 

 𝑋 = [𝑥𝑖] = [𝐿1𝐿2 … 𝐿𝑁𝐷𝐺
𝑃1𝑃2 … 𝑃𝑁𝐷𝐺

𝑝𝑓1𝑝𝑓2 … 𝑝𝑓𝑁𝐷𝐺
]

1×(3×𝑁𝐷𝐺)
 (9) 

where 𝑁𝐷𝐺  is the number of DGs that are installed proportionally in 𝐿𝑁𝐷𝐺
 is the active power produced by DGs, and is the power 

factor of DGs. For the number of DG 3, according to the number of the initial population is 100, the dimensions of the initial 
population matrix are 100×9. The positions of the DGs are randomly determined within the interval between buses 2 and 33, while 
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the active power values are randomly selected from a range of 0 to 1200 kW. Additionally, the power factor for each unit is randomly 
assigned within the range of -0.9 to 0.9. 

Mode 4: Optimal simultaneous placement of capacitor banks and DGs with a unit power factor: In this scenario, the locations of 
the capacitors and DGs are selected independently, assuming that the DGs are solely capable of supplying active power. The initial 
population is defined as follows in Equation (10): 

  𝑋 = [𝑥𝑖] = [
𝐿1

𝐷𝐺𝐿2
𝐷𝐺 . . 𝐿𝑁𝐷𝐺

𝐷𝐺 𝑃1𝑃2. . 𝑃𝑁𝐷𝐺

. . 𝐿1
𝐶𝑎𝑝

𝐿2
𝐶𝑎𝑝

. . 𝐿𝑁𝐶𝑎𝑝

𝐶𝑎𝑝
𝑄1𝑄2. . 𝑄𝑁𝐶𝑎𝑝

]

1×(2×𝑁𝐷𝐺+2×𝑁𝐶𝑎𝑝)

 (10) 

where 𝑁𝐷𝐺  and 𝑁𝐶𝑎𝑝 are the number of DGs and capacitors that are installed in the bus 𝐿𝑁𝐷𝐺

𝐷𝐺  and 𝐿𝑁𝐶𝑎𝑝

𝐶𝑎𝑝
 , respectively.  DGs generate 

active power, while capacitor banks supply the reactive power. For the number of DG 3 and the number of capacitor 3, according to 
the initial population number of 100, the dimensions of the initial population matrix are 12×100. Of course, the number of capacitors 
and DGs can be chosen differently. The location of DGs and capacitors is randomly selected between buses 2 and 33, the active 
power value is randomly chosen between 0 and 500, and the reactive power value is randomly selected between 0 and 1200 kVars 
using Equation (11). 

𝑋 = [
𝐿1

𝐷𝐺𝐿2
𝐷𝐺. . 𝐿𝑁𝐷𝐺

𝐷𝐺 𝑃1𝑃2. . 𝑃𝑁𝐷𝐺
𝑝𝑓1𝑝𝑓2.

. 𝑝𝑓𝑁𝐷𝐺
𝐿1

𝐶𝑎𝑝
𝐿2

𝐶𝑎𝑝
. . 𝐿𝑁𝐶𝑎𝑝

𝐶𝑎𝑝
𝑄1𝑄2. . 𝑄𝑁𝐶𝑎𝑝

]

1×(3×𝑁𝐷𝐺+2×𝑁𝐶𝑎𝑝)

 (11) 

where 𝑁𝐷𝐺  and 𝑁𝐶𝑎𝑝 are the number of DGs and capacitors that are installed in the bus 𝐿𝑁𝐷𝐺

𝐷𝐺 and 𝐿𝑁𝐶𝑎𝑝

𝐶𝑎𝑝 , respectively. DGs generate 
active power, while capacitor banks supply the reactive power. For the number of DGs, 3, and the number of capacitors, 3, according 
to the number of the initial population, 100, the dimensions of the initial population matrix are 15×100. Of course, the number of 
capacitors and DGs can be chosen differently. The location of DGs and capacitors is randomly selected between buses 2 and 33, the 
amount of active power is randomly chosen between 0 and 1200 kW, and the amount of reactive power is selected between 0 and 
1200 kW. The power factor of each unit is randomly chosen between 1 and -1. 

 

4.5. The third step: calculating the values of the objective function 

At this stage, first, the values of the objective function, i.e., losses, are calculated from Equation (12) using power flow for each 
vector of the initial population solution. Then, the order of the rows of the initial matrix is changed based on the values of the 
objective function in ascending order. Therefore, the first line is the best solution, having the least losses. The last line is the worst 
solution and has the highest losses. 

𝑃𝑙𝑜𝑠𝑠 = ∑ 𝑅𝑖|𝐼𝑖|2

𝑛

𝑖=1

 (12) 

where 𝑃𝑙𝑜𝑠𝑠is the total loss of the distribution system,  𝑅𝑖  the ohmic resistance of the branches, |𝐼𝑖|  The magnitude of current 
passing through branches, and n is the number of branches in the distribution system . 

 

4.6.  Fourth step: applying the migration operator 

In this step, we need to apply the migration operator. For this, we must first determine the number of species for each solution 
vector. In this way, the highest number of species is considered the best answer, i.e., the first line. No species is considered for the 
worst answer, i.e., the last line. This means that the number of species in the first row is 99, and in the last one is 0. Then, the values 
for each solution are calculated using the number of species and the relations of migration rate and intra-migration rate. To apply 
the migration operator, we calculate the criterion value for the internal migration rate from Equation (13): 

λscale = λlower + (λupper - λlower)×(λ(𝑘)-λmin)/(λmax - λmin) (13) 
In this regard, λlower and λupper are the lower limit and the upper limit for the intra-migration rate, respectively, and λmin and λmax 

are the minimum and maximum values for the intra-migration rate, respectively. λlower and λupper are considered 0 and 1, respectively, 
in this study. The values of λmin and λmax are 0 and 1. Therefore, like the in-nomadic rate for a solution vector with k species, the 
criterion value for the in-nomadic rate is λ(k). To apply the migration operator, first, the selection process is performed, and a 
number (10, in this study) that has a lower objective function value is removed from the solution vectors. Then, the migration 
operator is applied to the residuals of the solution as follows: 

First, a random number between 0 and 1 for each variable in a solution vector is generated, that is, for each SIV in a solution 
vector. If this number is smaller than the criterion value of the inner migration rate for that vector, we perform migration on that 
variable. Because the solution vectors that have lower objective function values also have a small internal migration rate, the 
probability that migration is applied to them is low, and they are less changed at this stage, conversely, the solution vectors that 
have more objective function values and have a larger intra-migration rate, and therefore the probability that the migration operation 
is applied to them is high, and they are changed more at this stage. After a variable in one vector is selected for the migration 
operation, the migration rate values of the other vectors are used to find a replacement variable from another vector. This vector is 
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randomly chosen among other vectors so that the probability of selecting a vector is equal to the rate of change of that vector. In 
this way, considering that the solution vectors with lower objective function values have a larger migration rate, the probability that 
these vectors are selected is higher. After choosing the vector, the equivalent value of SIV chosen in the previous step is removed 
from this vector and replaced. After applying the migration operator, considering that the values of the vectors have changed, we 
recalculate the values of the objective function for each solution vector and change the order of the rows of the matrix based on the 
values of the new objective function in ascending order. 

5. Results and Analysis 

5.1. Simulation setup 

The proposed BBO algorithm is applied to a 33-bus IEEE benchmark system, which operates at a voltage level of 12.66 kV and 
comprises 32 buses and four feeders. The parameters utilized for the BBO include a population size of 200, a habitat modification 
probability of 1, migration probability bounds in the gene range of [0,1], a step size for numerical integration probability of 1, a 
rate and maximum value of 1 for each island, and a mutation probability of 0.5. This study presents simulation analyses for three 
distinct scenarios. Case 1 performs the optimal placement and capacitor banks capacity determination; Case 2 addresses the optimal 
placement and capacity determination of DGs; and the final case investigates the simultaneous optimal placement and capacity 
determination of both capacitor banks and DGs. All harmonic sources are assumed to be in phase, with their corresponding data 
provided in Table 1 [20]. Figure 8 depicts the final radial configuration of the system following compensation, while Figure 9 
illustrates the convergence characteristics of both the BBO and GA in terms of the loss objective function. The analysis demonstrates 
that capacitors and DGs can significantly reduce active power losses and enhance the voltage profile and Total Harmonic Distortion 
(THD) at each bus within the system, as evidenced by Figures 10 and 11.  

 

Figure 9. Convergence characteristic of BBO and GA. 

 
Figure 10. Voltage profile before and after installation of the capacitor and DG at each system bus. 
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The described method has been implemented along with the load distribution program of distribution systems using MATLAB 
software for the five mentioned modes. In this section, the obtained results are presented and analyzed. Then, they are compared 
with the results of some other sources. 

5.2. The results obtained for the first case: Optimal placement of capacitor banks to provide reactive power 

There are three capacitors in this mode, and their reactive power is between 0 and 1200 kVars. The obtained results are presented 
in Table 2 and compared with the base state [6]. 

Although the loss reduction percent of the simulation performed in this article is slightly lower than in [6], the results show that 
this loss reduction was achieved by installing capacitors with a total reactive power of 1972.8 kVars, while in [6], reducing the 
mentioned losses requires the installation of capacitors with a total reactive power of 2900 kW. Figure 12 presents convergence 
characteristics in terms of the number of iterations. This algorithm has a suitable convergence response. 

 

Table 1. Harmonic information. 
Harmonic order 1 5 7 11 13 17 19 

W 1 0.03 0.02 0.01 0.004 0.003 0.001 

 
Table 2. Results obtained for Mode 1. 

  Location and reactive power of capacitors 
(kVars) Power loss (kW) Loss reduction % The lowest voltage and its bus 

Base mode  - 211.87 - 0.9117 
bus 18 

Result of the simulation 
13  359.7 

139.57 34.1 0.9361 
bus 18 24 545.9 

30 1067.2 
Reference [6]  130.03 35.8  

 

 
Figure 11. THD before and after installing capacitors and DG at each system bus. 

 
Figure 12. Characterization of the convergence of the first mode according to the number of iterations. 
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The voltage values of the buses in the basic state and after the capacitor are shown in Figure 13. It can be seen that the capacitors 
have improved the voltage profile of the distribution system. 

So, in the first case, by placing and determining the optimal capacity of the capacitor banks, the reactive power passing through 
the branches of the distribution system is reduced, and this causes the real power loss of the system to be significantly reduced and 
the voltage profile improved. 

5.3. The results obtained for the second case: Optimal placement of DGs with a single power factor 

The number of DGs, in this case, is three, and their active production power is between 0 and 1000 kW. The obtained results are 
presented in Table 3 and compared with the base state and [15]. 

The convergence characteristic in terms of the number of iterations is presented in Figure 14. Bus voltage values in the basic state 
and after the addition of distributed generation units are shown in Figure 15. It can be seen that DGs affect voltages very well and 
have improved the voltage profile of the distribution system. 

 

 
Figure 13. Bus voltage values in the basic state and after the capacitor for the first state. 

 

 
Figure 14. Convergence characteristic of the second mode according to the number of iterations. 

 
Table 3. Results obtained for Mode 2. 

 
Location and active power of DGs (kW) Power loss (kW) Loss reduction 

percentage 
The lowest voltage and 
corresponding bus 

Base mode - 211.87 - 0.9117 
 Bus18 

Result of the simulation 
12 940.6 

75.27 64.4 0.9652 
bus 18 24 977.6 

30 944.6 

Reference [15] 
13 900 

74.27 64.83  24 900 
30 900 
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Figure 15. Bus voltage values in the basic state and after adding DGs for Mode 2. 

 
In the second case, by locating and determining the optimal capacity of the DG system with a unit power factor, the active power 

passing through the branches of the distribution system is reduced. This causes the real power loss of the system to be significantly 
reduced. At the same time, the voltage profile of the distribution system improves. By locating and determining the optimal capacity 
of a distributed generation system with variable power factor, both active and reactive power passing through the branches of the 
distribution system are reduced, causing the real power loss of the system to be reduced more than in the previous two cases, and 
the system voltage profile improvement is more than the base state. 

5.4. The results obtained for the third case: Optimal placement of DGs with variable power factor 

For this case, the number of DGs is 3. Their active power output is between 0 and 1200 kW, and the power factor is between 0.9 
and -0.9. The results are presented in Table 4 and compared with the base case and [3]. As can be seen, the results obtained from 
the simulation have a better loss reduction compared to [6]. 

The convergence characteristic in terms of the number of iterations is presented in Figure 16. The voltage values of the buses in 
the basic state and after the addition of DGs are shown in Figure 17. It can be seen that DGs, in this case, affect the voltages strongly 
and have improved the voltage profile of the distribution system. 

So, in Mode 3, by placing and determining the optimal capacity of capacitor banks and the distributed generation system with a 
single power factor, the capacitor banks reduce the reactive power passing through the branches of the distribution system. The DG 
system with a single power factor reduces the active power passing through the branches of the distribution system, causing the real 
power loss of the system to decrease more than the previous three conditions, and the voltage profile of the distribution system is 
also improved more than the basic condition. 

 
Table 4. The results obtained for Mode 3. 

 
Location and active power of DGs (kW) Power loss (kW) Loss reduction 

percentage 
The lowest voltage and 
corresponding bus 

Base mode - Power factor 211.87 - 0.9117 
bus 18 

Result of the 
simulation 

6 510 0.8887 
21.24 90 0.982 

bus 25 14 655 0.8976 
30 877 0.7483 

Reference [6] 

17 300 0.89 

39.99 80.3  
30 500 0.55 
12 500 0.89 
32 300 0.89 
29 293 0.39 
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Figure 16. The convergence characteristic of Mode 3. 

 

 
Figure 17. Bus voltage values in the basic state and after adding DGs for Mode 3. 

 
 

Table 5. Results obtained for Mode 4. 

 

Location and active power of DGs (kW) and location and reactive 
power of the capacitor (kVAR) 

Power loss 
(kW) 

Loss reduction 
percentage 

The lowest 
voltage and 
corresponding 
bus 

Base mode - 211.87 - 0.9117 
bus 18 

Result of the 
simulation 

6 473 12 474 

24.82 88.28 0.9835 
bus  18 15 498 24 513 

32 493 30 965 

Reference [3]  24.45 87.9  
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5.5. The results obtained for the fourth case: Simultaneous optimal placement of the capacitor bank and DGs with a single power 
factor 

For this mode, the number of DGs is three, and the number of capacitors is also 3. The active power of DGs is between 0 and 500 
kW. The power factor is between 0.9 and -0.9. The injected reactive power of capacitors is considered between 0 and 1200 kW. The 
results are presented in Table 5 and compared with the base state and [3]. The obtained results are close to the results of [3], but in 
this reference, 2581 kW of a capacitor and 1892 kW of DG have been used to reduce losses. The obtained results used 1951 kW of a 
capacitor and 1464 kW of DG for the same amount of loss reduction. 

The convergence characteristic in terms of the number of iterations is presented in Figure 18. Bus voltage values in the basic state 
and after adding capacitors and DGs are shown in Figure 19 It can be seen that DGs and capacitors, in this case, affect the voltages 
strongly and have improved the voltage profile of the distribution system. 

 

 
Figure 18. Convergence characteristic of Mode 4 according to the number of iterations. 

 

 
Figure 19. Bus voltage values in the basic state and after adding DGs and capacitors for Mode 4. 

 
Table 6. Results obtained for Mode 5. 

 

Location and active power of DGs (kW) and their power factor, and 
location and reactive power of the capacitor (kVar) 

Power loss 
(kW) 

Loss reduction 
percentage 

The lowest 
voltage and 
corresponding 
bus 

Base mode - 211.87 - 0.9117 bus 18 
Result of the 
simulation 

13 753 0.9 7 176 
11.85 94.4 0.9923 

Bus 18 24 1112 0.94 19 232 
30 1065 0.82 33 199 

Reference [13] 
13 795 0.91 8 150 

11.71 94.47  24 1069 0.9 18 150 
30 1029 0.81 30 300 
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So, in Mode 4, by placing and determining the optimal capacity of capacitor banks and a DG with variable power factor, capacitor 
banks reduce the reactive power passing through the branches of the distribution system. The distributed generation system with 
variable power factor reduces both active and reactive power crossing of the branches of the distribution system, and this causes the 
real power loss of the system to be reduced more than in the previous cases, and the voltage profile of the distribution system is also 
improved more than the base case. 

5.6. The results obtained for the fifth case: Simultaneous optimal placement of the capacitor bank and DGs with variable power 
factor 

For this mode, the number of DGs is three, and the number of capacitors is also 3. The active power of DGs is between 0 and 
1200 kW. The power factor is between 1 and -1. The injected reactive power of capacitors is considered between 0 and 1200 kW. 
The results are presented in Table 6 and compared with the base state and [16]. The convergence characteristic in terms of the 
number of iterations is presented in Figure 20. Bus voltage values in the basic state and after adding capacitors and distributed 
generation units are shown in Figure 21. It can be seen that DGs and capacitors, in this case, affect the voltages strongly and have 
improved the voltage profile of the distribution system. 

 

 
Figure 20. Convergence characteristic of Mode 5. 

 

 
Figure 21. Bus voltage values in the basic state and after adding DGs and capacitors for Mode 5. 
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5.7. Optimization results 
 

1. Mode 1- Capacitor Placement: Optimally allocating three capacitors, total power loss decreased from 211.87 kW to 139.57 
kW, achieving a 34.1% reduction. The lowest bus voltage increased from 0.9117 pu to 0.9361 pu. 

2. Mode 2 - DG Placement (Unit Power Factor): Optimally placing three DGs reduced power losses to 75.27 kW, achieving a 
64.4% reduction. Voltage profile improvements raised the lowest bus voltage to 0.9652 pu. 

3. Mode 3 - DG Placement (Variable Power Factor): Incorporating variable power factors resulted in losses as low as 21.24 kW, 
with a 90% reduction. Bus voltages improved significantly, with the lowest increasing to 0.982 pu. 

4. Mode 4- Combined Placement with Unit Power Factor: Simultaneously allocating three DGs and three capacitors reduced 
power losses to 24.82 kW (an 88.28% reduction). The lowest voltage reached 0.9835 pu. 

5. Mode 5 - Combined Placement with Variable Power Factor: This mode yielded the best results. Power losses were minimized 
to 11.85 kW (a 94.4% reduction). Voltage profiles improved significantly, with the lowest bus voltage rising to 0.9923 pu. 

The results highlight the effectiveness of the proposed BBO-based optimization approach. In all five modes, significant reductions 
in power losses and enhancements in voltage profiles were achieved. The allocation of DGs with variable power factors demonstrated 
superior performance, particularly in Mode 5, where a combination of capacitors and DGs produced the most efficient results. These 
findings underscore the potential of BBO for addressing complex, multi-objective optimization problems in distribution systems. 

6. Conclusion 

This study proposed a biogeography-based optimization framework for the optimal placement and sizing of DG units and 
capacitor banks in radial distribution systems. As a result, power loss was minimized and the voltage profile improved 
simultaneously. The methodology demonstrated significant performance improvements across all 5 operational modes. Mode 5, 
combining capacitors and DGs with variable power factors, emerged as the most effective approach, reducing losses by 94.4% and 
improving the lowest bus voltage to 0.9923 pu. 

Future research may explore the involvement of economic factors, such as installation and operational costs, and expand the 
model to accommodate higher-order harmonics and stochastic load variations. 
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A  B  S  T  R  A  C  T  

Solar energy has become an important global energy research topic, recognized for its potential to 
address sustainability challenges.  While photovoltaic (PV) technology offers clean energy 
generation, its broader adoption is constrained by limitations such as suboptimal conversion 
efficiency and high perceived initial costs. This study explores the influence of various maximum 
power point tracking (MPPT) methods on the reliable performance of PV systems that operate in 
network-connected mode. It investigates how these power optimization strategies impact overall 
operational reliability, emphasizing the role of MPPT in achieving stable and efficient grid 
integration. By categorizing MPPT techniques into offline, online, and hybrid groups, the research 
assesses their impact on reliability metrics within a standardized distribution network. Using the 
recursive least squares (RLS) method, localized solar cell parameters are dynamically estimated 
under different MPPT configurations. To isolate the effects of methodologies, irradiation fluctuations 
are treated as controlled set-point adjustments. Simulation results conducted with 
MATLAB/Simulink reveal statistically significant correlations between MPPT selection and system 
reliability, providing actionable insights for enhancing PV grid integration. 

1. Introduction

The intensifying global energy crisis, together with the worsening impacts of climate change, has driven a remarkable increase
in the adoption of renewable energy and sustainable fuel technologies. This shift represents a critical departure from our prolonged 
reliance on finite fossil fuel resources, while actively aiming to mitigate additional environmental damage. To explain further, with 
energy supplies becoming scarcer and environmental challenges mounting, societies worldwide are driven to seek cleaner and more 
sustainable energy solutions [1]. This increasing focus on renewable energy signifies not only an essential shift towards sustainable 
energy sources but also highlights the pressing need to safeguard our planet against the harmful consequences of excessive fossil fuel 
usage. Renewable energy sources, including wind, ocean waves, tidal forces, solar radiation, biomass, biofuels, and geothermal heat, 
act as potential energies for electricity generation. The conversion of these resources into electrical energy occurs through both direct 
and indirect methods, depending on the technology employed. For instance, solar thermal power plants utilize concentrated solar 
energy to heat fluids, which drive turbines to generate electricity indirectly. In contrast, photovoltaic (PV) cells bypass intermediate 
steps by directly converting sunlight into direct current (DC) electricity through the photovoltaic effect, a quantum mechanical 
phenomenon that liberates electrons when photons strike semiconductor materials [2]. The integration of renewable energy into 
modern infrastructure involves two primary pathways: grid-connected systems, where electricity is fed into centralized power 
networks, and off-grid applications, which provide decentralized energy access to remote or underserved regions. This dual approach 
underscores the adaptability of renewable technologies to diverse energy needs [1,2]. One objective of advancing renewable energy 
systems is reliability modeling, a technique aimed at identifying unforeseen outages, forecasting potential failures, and quantifying 
performance metrics such as failure rates and mean time to failure (MTTF) [2].  
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By analyzing potential faults and component failures, engineers can refine system designs to meet strict reliability standards. To 
achieve this, methodologies like failure modes and effects analysis (FMEA) systematically list failure scenarios and their impacts, 
while fault tree analysis (FTA) illustrates the relationships between component failures and system-wide malfunctions [2,3]. Markov 
analysis (MA) employs probabilistic models to forecast system behavior over time, and probabilistic risk assessment (PRA) quantifies 
the probability and consequences of adverse events [4]. Reliability block diagrams (RBD) complement these tools by visually 
representing the interdependencies of system components, enabling engineers to accurately identify critical failure points [4-7]. 

Despite these methodologies, developing renewable energy systems with reliability comparable to conventional power grids 
presents significant challenges. A significant challenge lies in the inherent instability of renewable energy sources, especially solar 
PV systems. These systems exhibit output fluctuations due to their dependence on weather conditions, such as cloud cover, 
temperature shifts, and variations in solar irradiation. For example, abrupt weather changes can cause rapid swings in solar 
irradiance, leading to sudden spikes or drops in power generation. This variability complicates grid stability, as traditional energy 
storage solutions like batteries often lack the capacity or response time to buffer such transient power changes effectively [8]. 

To address these challenges, researchers have focused on fine-tuning the maximum power point (MPP) of photovoltaic modules. 
The MPP is the specific operating condition where a PV system produces its highest possible power output given the current 
environmental factors. Advanced maximum power point tracking (MPPT) techniques are essential for dynamically adjusting system 
parameters to maintain operation at or near the MPP [8]. These techniques are broadly categorized into three groups: 

 
• Offline Methods: Offline techniques depend basically on detailed solar cell models to estimate the MPP. In these 

approaches, the characteristics of the PV module, such as its voltage and current behavior under varying irradiance and 
temperature, are known in advance, and specific model parameters are used to compute the optimum operating point. 
Commonly, methods such as the short circuit current (SCC) approach, open circuit voltage (OCV) approach, and artificial 
intelligence-based methods such as artificial neural networks (ANN) are suggested as popular methods [8]. In practical 
implementations, these methods aim to identify essential electrical parameters, particularly the 𝑉𝑂𝐶, which denotes the 
voltage in an open-circuit condition, and the 𝐼𝑆𝐶, which signifies the current in a short-circuit condition. These 
approaches achieve their goals by employing two primary strategies; one approach involves actively forcing the system 
into an open or short circuit state so that the parameter can be measured directly. Alternatively, the values of 𝑉𝑂𝐶 or 𝐼𝑆𝐶 
can be estimated indirectly by using temperature and irradiance measurements to calculate these parameters. The 
accuracy of these indirect calculations depends on the accuracy of the characteristic data supplied by the manufacturer; 
however, an advantage of this computed approach is that it avoids the power interruption that direct measurements 
may require. Once 𝑉𝑂𝐶 or 𝐼𝑆𝐶 is determined, these values are transformed into control signals that continuously direct 
the PV system toward its MPP. Provided that environmental conditions remain stable, these signals do not change, 
maintaining a constant operating point. 
 

• Online Methods: Contrary to offline strategies, online methods do not require a prior model of the solar cell. Instead, 
they dynamically track the MPP using real-time measurements of PV voltage and current. These methods introduce a 
small, systematic perturbation, be it in voltage, current, or duty cycle, to induce a variation in the output power. By 
analyzing how the output power responds to each perturbation, the system determines whether to increase or decrease 
the control signal, thereby progressively guiding the operating point toward the MPP. This real-time adjustment leads 
to a continuously changing control signal and, consequently, introduces slight oscillations about the optimum point. 
Techniques such as perturbation and observation method (P&O), extremum seeking control method (ESC), and 
incremental conductance method (IncCond) fall under this category [9,10]. One clear benefit of the P&O approach is 
that it does not rely on detailed knowledge of the panel’s specific characteristics. However, when conditions change 
rapidly (as under fluctuating irradiance), the P&O method often faces challenges due to the inherent delays in sampling 
and adjustments, leading researchers to develop numerous improvements to enhance its performance in dynamic 
conditions [10]. 
 

• Hybrid Methods: Hybrid methods merge the strengths of both offline and online approaches to achieve a more robust 
MPPT strategy. Typically, these methods are executed in three phases. First, the system establishes an initial operating 
point based on offline computations, using predetermined parameters to set a system MPP. Next, this initial value is 
refined through iterative online fine-tuning loops that continuously adjust the control signal as real-time measurements 
are acquired. For example, one study [11] integrates the system’s impedance and efficiency factors by coupling a DC-
DC boost converter with a battery load, which serves as a substitute for the standard load. In this particular hybrid 
implementation, the control process is structured into two loops: the first loop estimates the MPP from the open circuit 
voltage under steady temperature conditions, and the second loop employs the P&O method to fine-tune the positioning 
of the MPP by determining the accurate maximum output power. To ensure that the system responds quickly to changes 
while also maintaining stable performance, the amplitude and frequency of the perturbations in the online loop are 
minimized. Graphically, as depicted in Figure 1, the overall control signal is constructed from an offline component that 
sets the initial target and an online component that continuously refines the target. 
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Figure 1. General flowchart used in hybrid MPPT methods. 
 
This study thoroughly examines the impact of various MPPT methods on the reliability of PV systems operating in grid-connected 

modes and classifies MPPT methods into three main categories to encompass their diverse mechanisms and operational complexities, 
e.g., offline, online, and hybrid approaches. For a comprehensive analysis, simulations were conducted using three distinct offline 
methods, which include ANN, OCV, and SCC, alongside two online techniques, P&O and ESC, as well as two hybrid configurations 
(labeled as hybrid [11] and hybrid [12]). Each of these techniques represents a unique way of tracking the MPP, and by simulating 
them, the study can compare their performance in a consistent framework. A critical component of the analysis is the dynamic 
identification of PV system parameters. To achieve this, the RLS algorithm is employed, ensuring that the local PV system model is 
accurately updated under the influence of each MPPT approach. This allows for an accurate assessment of the PV system's 
performance across different tracking strategies, capturing real-time variations in operating conditions. To isolate the impact of 
various MPPT techniques, variations in solar irradiation, an inherently fluctuating factor, are modeled as changes in the set point. 
This approach ensures that any shifts in the operating conditions, due to irradiance variability, are directly incorporated into the 
analysis, allowing each MPPT technique to be evaluated on a level playing field. The simulations, carried out within the 
MATLAB/Simulink environment, yielded clear results that demonstrate direct correlations between the MPPT technique employed 
and the overall system reliability. These findings highlight the main influence of MPPT strategies on the performance and reliability 
of PV systems operating in grid-connected mode.  

1.1. Innovative Contributions 

To highlight and discuss the innovative contributions of this paper, the key points can be summarized as follows: 
▪ RLS-driven dynamic parameter identification for MPPT reliability assessment: This research introduces the innovative 

application of the RLS algorithm in combination with varying MPPT techniques to dynamically identify and model localized 
PV system parameters (e.g., series resistance, shunt impedance). By enabling real-time adaptation of reliability models to 
changing environmental and operational conditions, it bridges the gap between theoretical MPPT performance and practical 
system robustness. 

▪ Hierarchical MPPT categorization framework for reliability benchmarking: The paper presents an organized classification 
system for MPPT methods, categorized into offline, online, and hybrid approaches, and benchmarks their reliability impacts 
through seven distinct algorithms, including recent hybrid techniques. This represents the first comparative analysis 
connecting MPPT categories to reliability metrics, offering practical guidelines for selecting optimal MPPT strategies based 
on grid resilience needs. 

▪ Irradiation set-point isolation methodology: This innovative approach treats irradiation variations as controlled set-point 
adjustments rather than stochastic disturbances, effectively isolating the influence of MPPT dynamics on system reliability. 
By eliminating confounding variables, the methodology precisely attributes reliability fluctuations to specific MPPT 
behaviors, such as the fluctuations characteristic of P&O methods compared to the more stable transitions achieved by 
hybrid approaches. 

▪ Direct correlation between MPPT dynamics and grid reliability: This study provides conclusive results demonstrating that 
hybrid MPPT methods (e.g., [11], [12]) reduce grid-side total harmonic distortion compared to conventional online methods 
like P&O. However, offline methods such as ANN and OCV are shown to compromise transient stability during rapid 
irradiation shifts. Quantifiable metrics are provided to inform the design of fail-safe PV systems for critical grid applications. 

1.2. Paper Organization  

This research is presented through the following step-by-step structure to achieve its objectives. Section 2 establishes the context 
for the present research by describing the architecture of the grid-connected PV system under study. It analyzes the operational 
principles of selected MPPT algorithms and develops mathematical models for critical system components. A dedicated subsection 
examines PV system parameter identification, comparing how different MPPT strategies affect the accuracy of these estimations. For 
example, it evaluates the influence of voltage ripple patterns in perturbative MPPT methods on parameter estimation under dynamic 

Initialzation

Variable 
measurment

Is variable
change smaller
than Epsilon?

Set point 
calculation Fine tuning

NO

YES



P. Bayat Journal of Green Energy Research and Innovation 
 

              

75  

weather conditions. Section 3 presents a detailed comparative analysis of simulation results, assessing the impact of various MPPT 
techniques, from conventional P&O to hybrid ANN-based methods, on long-term system reliability metrics. These metrics include 
component degradation rates, inverter stress profiles, and grid synchronization stability during irradiance transients. The section 
also employs quantitative benchmarking to link MPPT-induced electrical oscillations with failure probabilities. Section 4 extends the 
analysis to explore distribution network impacts, investigating how MPPT-driven power fluctuations affect grid infrastructure. This 
includes harmonic distortion analysis, voltage regulation challenges during partial shading events, and protection coordination 
requirements for varying levels of PV penetration. Case studies are included to demonstrate how adaptive MPPT configurations can 
mitigate cascading reliability risks in weak grid conditions. Section 5 integrates empirical and theoretical findings into actionable 
insights, highlighting the relationship between MPPT algorithm complexity and measurable improvements in both energy yield and 
system lifespan. The conclusion proposes updated cost-benefit paradigms that reflect the reliability gains associated with advanced 
MPPT strategies, offering new perspectives on PV system affordability based on lifecycle performance. 

2. System Under Investigation 

To thoroughly analyze the influence of MPPT techniques on the reliability of PV systems operating in grid-connected mode, it is 
essential to create a robust and detailed PV model that appropriately represents the complex interdependencies among key system 
parameters, including solar irradiation, temperature, and electrical properties. This detailed model serves as the foundation for 
understanding how fluctuations in these factors influence the overall performance and stability of the system. The system model 
under investigation, exemplifying an integrated PV power system, is depicted in Figure 2, providing a clear visual framework for 
subsequent analyses of different MPPT strategies. 

2.1. Modeling of PV Cells 

Accurate modeling of PV cells serves as a foundational requirement for both software simulations and data analysis, enabling the 
evaluation and verification of the operational performance of PV power generation systems [13]. Central to this modeling effort is 
the accurate prediction of the voltage-current (V-I) characteristic curve, which defines the electrical output profile of the PV cell. 
Notably, environmental variables, primarily solar irradiance and temperature, exert substantial influence on the cell’s output voltage 
and current, as demonstrated by the comparative analyses in Figures 3 and 4. These fluctuations necessitate the use of adaptive 
modeling strategies to replicate real-world performance. To address this, researchers have developed diverse electrical circuit 
configurations that emulate PV module dynamics under shifting environmental parameters [14]. For instance, circuit models are 
designed to account for irradiance-dependent current generation and temperature-induced variations in semiconductor properties, 
enabling precise simulation of how modules respond to real-world operational stresses. By integrating these topological variations, 
models can better approximate the nonlinear relationships between environmental inputs and electrical outputs, ensuring reliable 
system evaluation across diverse climatic scenarios. 

 

Figure 2.  The configuration of the investigated PV system. 
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Figure 3. The influence of changes in ambient irradiation levels on the current-voltage (I–V) characteristics. 

 

Figure 4. The effect of varying ambient irradiation levels on the characteristics of power-voltage (P–V) curve profiles. 
 

Figure 5 illustrates the single-diode PV cell model, which utilizes an equivalent electrical circuit consisting of a light-sensitive 
current source, a diode, and two resistances, one in series and the other in shunt. This framework is mathematically defined by an 
adaptation of the Shockley diode equation [15], which accounts for resistive losses inherent to real-world PV cells. In this 
configuration: 𝐼𝑝ℎ (photocurrent) quantifies the current generated by photon absorption in the semiconductor material. 𝐼𝑑 (diode 
reverse saturation current) characterizes the leakage current under reverse bias, influenced by temperature and material properties. 
𝑅𝑠 (series resistance) represents resistive losses in metal contacts, busbars, and semiconductor bulk regions. 𝑅𝑆ℎ  (shunt resistance) 
models leakage pathways across the cell’s p-n junction, often caused by manufacturing defects. The interplay of these components 
governs the nonlinear voltage-current (V-I) relationship of the PV cell, formally expressed in Equation (1) [16]. This equation 
modifies the ideal diode law by incorporating voltage drops across 𝑅𝑠  and current through 𝑅𝑆ℎ, enabling precise simulation of real-
world cell behavior. For instance, 𝑅𝑠  reduces the effective output voltage under high current loads, while 𝑅𝑆ℎ introduces parasitic 
losses at low irradiance levels. The accuracy of the model in reproducing empirical V-I curves (as shown in Figure 5) makes it 
indispensable for predicting performance degradation, optimizing MPPT algorithms, and evaluating efficiency losses under partial 
shading or aging effects. 

𝐼 = 𝑁𝑃𝐼𝑃ℎ − 𝑁𝑃𝐼𝑑 [𝑒𝑥𝑝 (
𝑞𝑉

𝑘𝑇𝐴𝑁𝑠
− 1)] (1) 

Within PV system modeling, 𝐼 (measured in amperes) defines the operational current produced by the PV array under load 
conditions, while 𝑉 (in volts) represents the terminal voltage generated across the array’s output. The architectural design of the PV 
system is shaped by two key parameters: 1) 𝑁𝑠: the count of solar cells connected in series, which scales the system’s output voltage 
proportionally; and 2) 𝑁𝑝: the number of parallel-connected cell strings, which enhances current-carrying capacity to mitigate 
shading or mismatch losses. Fundamental physical constants embedded in the model include 𝑞 (electron charge, ~1.602×10⁻¹⁹ C), 
governing charge carrier dynamics, and 𝑘 (Boltzmann constant, ~1.381×10⁻²³ J/K), linking thermal energy to semiconductor 
behavior. The dimensionless parameter 𝐴 (ideality factor) quantifies deviations from ideal diode characteristics, reflecting 
recombination losses in the p-n junction. Values between 1 (ideal diode) and 5 (highly non-ideal) correlate with material defects, 
doping irregularities, or operating temperature extremes [17]. The reverse saturation current (𝐼𝑑), representing leakage current under 
reverse bias, is temperature-dependent and influenced by minority carrier concentrations. It is derived analytically through Equation 
(2) [18], which incorporates material bandgap energy, intrinsic carrier density, and junction geometry.  
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Figure 5. The single-diode equivalent circuit model for a PV cell. 
 

Meanwhile, 𝑇 (cell temperature in Kelvin) critically modulates both 𝐼𝑑 and the thermal voltage (𝑘𝑇/𝑞), with elevated 
temperatures reducing open-circuit voltage (𝑉𝑂𝐶) while marginally increasing short-circuit current (𝐼𝑆𝐶). This interdependence 
highlights the need for temperature-compensated MPPT algorithms in practical applications. 

𝐼𝑑 = 𝐼𝑐[𝑇/𝑇𝑐]3𝑒𝑥𝑝 [(𝑞
𝐸𝑔

𝐾𝐴
) (

1

𝑇𝐶

−
1

𝑇
)] (2) 

Within the PV cell's operational model, three critical parameters control temperature-dependent performance characteristics: 𝑇𝐶 
(reference temperature), 𝐼𝑐 (reference saturation current) and 𝐸𝑔 (band gap energy). These variables collectively determine the 
temperature-dependent behavior of the Shockley diode equation. For instance, 𝐸𝑔 directly affects the temperature coefficient of 𝐼𝑐, 
as narrower bandgap materials exhibit stronger thermal degradation of 𝑉𝑂𝐶. Meanwhile, deviations from 𝑇𝐶 require recalibration 
of 𝐼𝑐 to account for thermally accelerated carrier recombination, a process modeled in Equation (2). The interdependence of these 
parameters underscores their role in predicting efficiency losses under real-world thermal cycling conditions. 

Equation (3) introduces a refined analytical framework for calculating the 𝐼𝑑 in PV cells, explicitly addressing temperature-
dependent carrier dynamics [19]. This enhanced formulation integrates three critical thermal effects: I) thermally activated carrier 
generation, which accounts for increased electron-hole pair generation at elevated temperatures, amplifying 𝐼𝑑 through enhanced 
minority carrier concentrations; II) bandgap narrowing: models the temperature-induced reduction in semiconductor bandgap energy 
(𝐸𝑔), which reduces the potential barrier for carrier recombination, directly influencing 𝐼𝑑 exponential dependence on 𝑇, and III) 
non-ideal junction behavior: Incorporates temperature-dependent deviations from ideal diode characteristics via adjustments to the 
ideality factor (𝐴), particularly under high-injection conditions. The equation resolves limitations in conventional 𝐼𝑑  models by 
coupling these mechanisms through a multiplicative correction factor. For instance, it quantifies how a 10°C temperature rise in 
crystalline silicon cells increases 𝐼𝑑 by approximately 7–9%, critically impacting MPP and maximum power (Pmax) stability. By 
embedding these relationships, the model enables precise prediction of efficiency losses during thermal transients, such as midday 
irradiance spikes or partial shading-induced hot-spot heating. This advancement supports the design of temperature-resilient MPPT 
algorithms, particularly for grid-connected systems operating in climates with wide daily temperature variations. 

𝐼𝑑 =
𝑞(𝐼𝑆𝐶,𝑇𝑐

+ 𝐾𝐼∆𝑇)

𝑒𝑥𝑝[(𝑉𝑂𝐶,𝑇𝑐
+ 𝐾𝑉∆𝑇)/𝐴𝐾𝑇] − 1

 (3) 
Within this framework, the symbols 𝐼𝑆𝐶,𝑇𝑐

 and 𝑉𝑂𝐶,𝑇𝑐
 designate the short-circuit current and open-circuit voltage measured at a 

specific reference temperature, 𝑇𝐶 . Here, 𝐾𝐼 serves as the coefficient that characterizes how the short-circuit current adjusts with 
temperature changes, while 𝐾𝑉 is the corresponding coefficient for the open-circuit voltage. The term 𝛥𝑇, defined as 𝑇 − 𝑇𝐶, 
quantifies the deviation between the current cell temperature, 𝑇, and the reference temperature, 𝑇𝐶. Additionally, the photocurrent 
(𝐼𝑝ℎ) mentioned in Equation (1) is sensitive to variations in both solar irradiation and the cell’s temperature. Its variation with these 
factors is mathematically captured by the formula provided, which delineates the interplay between environmental conditions and 
the cell’s electrical output. This formulation is critical for understanding and accurately modeling the behavior of photovoltaic cells 
under diverse operating conditions as in Equation (4). 

𝐼𝑝ℎ = [𝐼𝑠𝑐𝑟 + 𝐾𝑖(𝑇 − 𝑇𝑐)][𝑆/100] (4) 
In this equation, 𝐼𝑠𝑐𝑟 represents the cell's short-circuit current measured at the reference temperature and a standard radiation 

level. 𝐾𝑖 is the temperature coefficient that quantifies how the 𝐼𝑠𝑐𝑟 changes with variations of temperature, and 𝑆 denotes the solar 
irradiation, expressed in 𝑚𝑊/𝑐𝑚². Using these parameters, the total output power of the PV array can be calculated with the 
subsequent equation as in Equation (5). 

𝑃 = 𝑉 × 𝐼 (5) 
To determine the MPP of the array, the process begins by analyzing the variation in output power (𝑃) in response to changes in 

voltage (𝑉). The MPP is achieved when the rate of change of power with respect to voltage is zero, which we mathematically express 
as: (𝑑𝑃/𝑑𝑉) = 0. At this specific point, any infinitesimal change in voltage does not cause a corresponding change in power, 
indicating that the system is operating at its optimal condition. Deriving this zero-slope condition gives rise to the following equation 
that defines the MPP precisely in mathematical terms. 

Rs
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𝑒𝑥𝑝 (
𝑞𝑉𝑚𝑎𝑥

𝐾𝑇𝐴𝑁𝑠

) [(
𝑞𝑉𝑚𝑎𝑥

𝐾𝑇𝐴𝑁𝑠

) + 1] = (𝐼𝑝ℎ + 𝐼𝑑)/𝐼𝑑 (6) 

By rearranging Equation (5) algebraically, we derive 𝑉𝑚𝑎𝑥, representing the voltage at which the array achieves its peak power 
output. The output voltage generated by a PV cell is not an isolated phenomenon; it is inherently linked to the photocurrent produced 
within the cell. This photocurrent is primarily dictated by both the load current and the level of solar irradiation that the cell 
experiences during operation (refer to [15,20] for further details). The following equation presents this interdependent relationship, 
providing a clear mathematical framework for how these parameters work together to determine 𝑉𝑚𝑎𝑥. 

𝑉 = (
𝐴𝐾𝑇

𝑞
) 𝑙𝑛[(𝐼𝑝ℎ + 𝐼𝑑 − 𝐼)/𝐼𝑑] − 𝑅𝑠𝐼 (7) 

Adjusting solar radiation (𝑆) and cell temperature (𝑇) within Equations (1) to (6) enables the simulation of the 𝐼 − 𝑉 and 𝑃 − 𝑉 
characteristics of a PV array [21]. A similar MATLAB-based simulation procedure for PV arrays, accounting for diverse shadow 
patterns and temperature conditions, was proposed in [22]. 

At the 𝑉𝑂𝐶, the predictions of the single-diode model start to deviate significantly from experimental observations, particularly in 
scenarios with low irradiance levels [23]. This divergence highlights a significant limitation of the model, which is founded on the 
premise that recombination losses within the depletion region are negligible and can be disregarded. In reality, however, 
recombination plays a significant role as a source of loss in actual solar cells, its effect being particularly pronounced at lower voltage 
levels. Consequently, by disregarding these recombination losses, the single-diode model fails to accurately depict the cell's behavior 
when operating near 𝑉𝑂𝐶, highlighting its inadequacy for precise modeling under such conditions [24]. 

2.2. PV Array Efficiency 

The performance of a solar cell is determined by the complex interaction of key parameters such as solar irradiance, temperature, 
and overall resistance. This intricate relationship results in a non-linear dependency between the operating conditions and the 
efficiency of the cell. A primary method to analyze this behavior is through the current–voltage (I-V) characteristic curve, which 
captures how variations in these parameters affect the cell's performance. For instance, as demonstrated in Figures 3 and 4, an 
increase in solar irradiance leads to a significant boost in the short-circuit current, while the open-circuit voltage remains almost 
unchanged. In practical terms, because the peak power output is closely related to the short-circuit current, higher irradiation levels 
directly translate into increased power generation.  Conversely, when the temperature elevates, the short-circuit current shows a 
modest increase; however, this is counterbalanced by a slight decline in the open-circuit voltage. Hence, the optimal power 
generation occurs at the precise intersection of the current source behavior and the voltage source behavior, a condition defined as 
the MPP. To ensure that the PV cells consistently operate at this optimal point, MPPT algorithms are employed. Despite these 
measures, PV systems encounter two primary challenges. The first challenge is that the conversion efficiency of generating electrical 
power remains relatively low, typically in the range of 9–25%, a situation that worsens under conditions of low irradiance. The 
second challenge is that the power output is inherently variable, as it continuously fluctuates with the changing patterns in the 
weather. 

Analyzing MPPT behavior involves evaluating performance in both static and dynamic scenarios. In static conditions, MPPT 
efficiency specifically refers to the algorithm’s ability to accurately detect and sustain the MPP when environmental factors, such as 
solar irradiance and temperature, are constant. Under these conditions, efficiency (𝜂𝑖𝑛𝑠𝑡(𝑡)) is computed as an average over a 
predefined time interval once the system has reached a stable steady state. This stabilization period, or transient phase, may last 
several seconds, depending on the prevailing operating conditions. In contrast, dynamic MPPT efficiency considers the capability of 
the algorithm to continuously track the shifting MPP as environmental conditions vary. Here, the system’s response is monitored in 
real time, and instantaneous efficiency is determined by comparing the actual measured power output against the ideal power output, 
theoretically calculated for the current level of irradiation. This calculation follows the formula provided in [25]. 

𝜂𝑖𝑛𝑠𝑡 =
𝑃𝑝𝑣−𝑚𝑒𝑎𝑠

𝑃𝑀𝑃𝑃−𝑖𝑑𝑒𝑎𝑙

∗ 100 → 𝑓𝑜𝑟 𝑘  𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 :  
1

𝑘
∑

𝑃𝑝𝑣−𝑚𝑒𝑎𝑠

𝑃𝑀𝑃𝑃−𝑖𝑑𝑒𝑎𝑙

𝑘

𝑖=0

 ∗ 100 (8) 
In this framework, the symbol  𝜂𝑖𝑛𝑠𝑡 denotes the steady-state efficiency, which quantifies the PV system's performance under 

constant operating conditions. Meanwhile, 𝑃𝑝𝑣−𝑚𝑒𝑎𝑠 refers to the actual power output produced by the solar panel, reflecting its real-
world performance under the given circumstances. In contrast, 𝑃𝑀𝑃𝑃−𝑖𝑑𝑒𝑎𝑙 represents the theoretical maximum power that the solar 
panel is capable of generating under ideal, controlled conditions. By recording the values of 𝑃𝑃𝑉−𝑚𝑒𝑎𝑠−𝑚𝑒𝑎𝑛 and 𝑃𝑀𝑃𝑃−𝑖𝑑𝑒𝑎𝑙−𝑚𝑒𝑎𝑛 during 
these dynamic tests, an equivalent efficiency can be exactly computed using the formula provided in [26]. 

𝜂𝑑𝑦𝑛𝑎𝑚𝑖𝑐 =
𝑃𝑝𝑣−𝑚𝑒𝑎𝑠−𝑚𝑒𝑎𝑛

𝑃𝑀𝑃𝑃−𝑖𝑑𝑒𝑎𝑙−𝑚𝑒𝑎𝑛

∗ 100       (
9) 

In the given expression, the dynamic efficiency  𝜂𝑑𝑦𝑛𝑎𝑚𝑖𝑐 is determined by comparing two averaged power values over the entire 
duration of the test. The first value is the mean of the measured power output 𝑃𝑃𝑉−𝑚𝑒𝑎𝑛−𝑚𝑒𝑎𝑛  is obtained by recording the 
instantaneous power throughout the entire testing duration. The second value represents the average of the maximum power, 
𝑃𝑀𝑃𝑃−𝑖𝑑𝑒𝑎𝑙−𝑚𝑒𝑎𝑛, predicted by the PV model over the same period. 

2.3. Comparative Evaluation of Set Point Tracking Across Various MPPT Techniques 

A set point refers to a predefined target value that a control system aims to maintain or reach. When the controller employs set 
point tracking, it continuously adapts to align the target value with the current process value. In this paper, "set point tracking" 
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specifically refers to the process of continuously monitoring and maintaining the MPP as irradiation conditions change. For the 
offline evaluation, various techniques, namely OCV, SCC, and ANN, were simulated under dynamic irradiance conditions (see Figure 
6 for the irradiance profiles). The corresponding outcomes of these simulations are displayed in Figure 7. The results clearly show 
that the ANN method is exceptionally precise in tracking the MPP when irradiance is variable. On the other hand, both the OCV and 
SCC approaches produce estimates of the MPP; however, the accuracy of them is compromised by interruptions in power supply. 
These disruptions can be attributed to the inherent need of the OCV and SCC approaches to measure the 𝑉𝑂𝐶 and 𝐼𝑆𝐶, respectively. 
Among these, the SCC method offers better tracking performance compared to the OCV method. In addition to the offline techniques, 
the study also examined online methods, specifically, P&O and ESC, as well as hybrid strategies described in [11,12]. The simulation 
results presented in Figures 8 and 9 highlight notable variations in performance; while the P&O algorithm struggles to reliably follow 
the MPP during sudden shifts in irradiance, the ESC method, along with the hybrid techniques, demonstrates a considerably stronger 
ability to uphold the MPP under such dynamic conditions. 

 

Figure 6. The dynamic patterns of solar irradiation over time. 

 

Figure 7. PV system output power under the offline MPPT method during dynamic irradiance conditions. 

 

Figure 8. PV output power using online MPPT method under varying irradiance conditions. 
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Figure 9. PV output power using a hybrid MPPT technique under fluctuating irradiance conditions. 
 

Stability indices for the voltage output of PV systems are crucial in evaluating performance under varying conditions. Here are 
some notable indices used in assessing PV voltage stability: 1) Total voltage deviation index (TVDI): Measures fluctuations in the DC 
output voltage of PV systems. It helps assess system stability under dynamic conditions; voltage deviation refers to the variation 
between the output voltage of the PV system and the voltage at the MPP. A smaller deviation indicates improved voltage stability 
within the system. As expressed in Equation (10), the TVDI quantifies this deviation by summing the squared absolute differences 
between the PV output voltage and the MPP voltage across all PV arrays in the system. and 2) Dynamic voltage stability index 
(DVSI): Evaluates the ability of the PV system to maintain stable voltage under transient events such as sudden load changes or 
shading. A voltage recovery issue arises when the deviation in voltage exceeds 0.2, indicating instability in the system. The DVSI is 
computed based on Equation (11). In doing so, the voltage deviation for each PV panel is determined based on the steady-state 
voltage at the MPP condition. Based on the extracted shape of the TVDI, the graph corresponding to method hybrid [25] demonstrates 
excellent performance and maintains strong stability (see Figure 10). Additionally, methods hybrid [5], ESC, and ANN follow in 
terms of stability ranking. Furthermore, the results illustrated in Figure 11 for the (DVSI fully support this assessment. 

𝑇𝑉𝐷𝐼 = ∑|𝑉𝑃𝑉−𝑚𝑒𝑎𝑠 − 𝑉𝑀𝑃𝑃|2

𝑁

𝑖=1

 (10) 

𝐷𝑉𝑆𝐼 =
𝑉𝑆𝑡

𝑖 − 𝑉𝑃𝑉−𝑚𝑒𝑎𝑠
𝑖

𝑉𝑆𝑡
𝑖

 (11) 
Where 𝑁 is the total number of PV panels, 𝑉𝑃𝑉−𝑚𝑒𝑎𝑠 is the actual output voltage produced by the PV panels, 𝑉𝑀𝑃𝑃 is the theoretical 

maximum voltage that the solar panel is capable of generating under MPP condition, and 𝑉𝑆𝑡
𝑖  is the actual steady-state voltage at the 

MPP condition. 
 

 

Figure 10. TVDI for a PV system utilizing various MPPT techniques under fluctuating irradiance conditions; ∆𝑻𝟏 = 𝟎 < 𝑻 ≤ 𝟎. 𝟎𝟐𝟓𝒔, ∆𝑻𝟐 = 𝟎. 𝟎𝟐𝟓𝒔 < 𝑻 ≤

𝟎. 𝟎𝟒𝟓𝒔, 𝑻 > 𝟎. 𝟎𝟒𝟓𝒔. 
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Figure 11. DVSI for a PV system utilizing various MPPT techniques under fluctuating irradiance conditions; ∆𝑻𝟏 = 𝟎 < 𝑻 ≤ 𝟎. 𝟎𝟐𝟓𝒔, ∆𝑻𝟐 = 𝟎. 𝟎𝟐𝟓𝒔 < 𝑻 ≤

𝟎. 𝟎𝟒𝟓𝒔, 𝑻 > 𝟎. 𝟎𝟒𝟓𝒔. 

2.4. System Identification 

We appreciate the respected referee's opinion and thank you for this question. System identification involves constructing 
empirical models of dynamic systems when their exact parameters or physical foundations are uncertain. This method generally 
implies that system dynamics can be estimated with high precision, eliminating the necessity for modeling. Hence, the primary 
objective of this method is to implement numerical optimization methods for model parameterization, enabling accurate prediction 
of nonlinear system behavior and stability analysis. Indeed, one of the key contributions of this article is the introduction of a 
comprehensive method that removes the necessity for dynamic modeling of the methods being analyzed. Without this innovation, it 
would be required to model the converter and then carry out dynamic modeling for each MPPT method under investigation. 
Consequently, system identification focuses on constructing mathematical models that reflect the inherent dynamics of a system by 
examining its input–output data. This process is crucial as it facilitates the creation of accurate models, which serve as a foundation 
for effective control strategies and reliable predictive analyses. So, to evaluate the dependability of the system, it is essential to 
identify its key parameters across a variety of atmospheric conditions. The RLS algorithm operates as an adaptive filter, adjusting its 
coefficients iteratively to reduce a weighted error based on the linear least squares principle associated with the input signals. In 
real-time applications, both the input and output data are processed sequentially at predetermined sampling intervals. Adaptive or 
self-adjusting control systems depend on continuously revising parameter estimates whenever new data samples are acquired. This 
continuous updating is typically achieved through online recursive strategies, which allow engineers to monitor and adjust parameter 
values as they evolve in real time. Owing to their computational efficiency, these recursive techniques are especially advantageous 
for implementation in microprocessor-based environments [27]. Furthermore, the dynamics of the transfer functions obtained in 
Equation (12) can be described by a linear difference equation that represents the relationship between the system's input and output. 

𝐺(𝑍−1) =
𝑌(𝑍−1)

𝑈(𝑍−1)
=

𝑏1 + 𝑏2𝑧−2 + 𝑏3𝑧−3 + 𝑏4𝑧−4 + ⋯ + 𝑏𝑛𝑧−𝑛

1 + 𝑎1𝑍−1 + 𝑎2𝑍−2 + 𝑎3𝑍−3 + 𝑎4𝑍−4 + ⋯ 𝑎𝑚𝑍−𝑚
 (12) 

There are various approaches available to derive Equation (12); however, this work employs the relatively straightforward 
autoregressive exogenous (ARX) technique [28]. An ARX model integrates an autoregressive component with an exogenous input 
component to characterize and simulate the dynamic behavior of a system. By applying this method, the corresponding difference 
equation for the system's inputs and outputs can be formulated (see Equations (13) to (16)). 

 

𝑦(𝑘) = −𝑎1𝑦(𝑘 − 1) − 𝑎2𝑦(𝑘 − 2) − 𝑎3𝑦(𝑘 − 3) − ⋯ − 𝑎𝑚𝑦(𝑘 − 𝑚) + 𝑏1𝑢(𝑘 − 1) + 𝑏2𝑢(𝑘 − 2) + 𝑏3𝑢(𝑘 − 3) + ⋯ +
𝑏𝑛𝑢(𝑘 − 𝑛) + 𝜆(𝑘)     (13) 

 

Within this framework, the notation y(k) represents the output signal, which corresponds to the power generated by the PV 
module. Conversely, u(k) denotes the input signal that captures the fluctuations in irradiance.  

The sequence of parameters [a1, a2, …, an, b1, b2, …, bn] comprises the coefficients that must be determined through estimation. 
In addition, the term 𝜆(𝑘) is introduced as a white noise process with a normal distribution, characterized by a zero mean and a 
variance of 0.05, representing the random disturbances in the system. 

𝜃(𝑘) = 𝜃(𝑘 + 1) +
𝑃(𝑘 + 1)𝜑(𝑘)

1 + 𝜑𝑇(𝑘)𝑃(𝑘 − 1)𝜑(𝑘)
× 𝜀(𝑘) 

(14) 

𝜀(𝑘) = 𝑦(𝑘) − 𝜃𝑇(𝑘 − 1)𝜑(𝑘) 
(15) 

𝑃(𝑘) = 𝑃(𝑘 − 1) −
𝑃(𝑘 + 1)𝜑(𝑘)

1 + 𝜑𝑇(𝑘)𝑃(𝑘 − 1)𝜑(𝑘)
× 𝜑𝑇(𝑘)𝑃(𝑘 − 1) 

(16) 

Within this framework, 𝑦(𝑘) is defined as the output power of the PV module. The regression vector 𝜑(𝑘) encapsulates past and 
current input data, the estimated parameter vector 𝜃(𝑘) contains the system’s coefficients, and the prediction error 𝜀(𝑘) quantifies 
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the difference between the model’s output and the measured output. Moreover, 𝑃(𝑘) represents the covariance matrix associated 
with the estimation process. 

To thoroughly analyze PV performance, output power data were collected over 730 hours from simulations using four distinct 
MPPT methods: ANN (typifying offline methods), P&O (representing online approaches), and two hybrid techniques as detailed in 
[11] and [12]. This comprehensive dataset was then utilized to build an ARX time series model, which has been determined to be 
the most effective for capturing the dynamic behavior of PV power. The parameters for each MPPT method, as derived from the ARX 
model, are presented as follows in Equations (17) to (20): 

𝑊1(𝑘)
= 1.9874𝑊1(𝑘 − 1) + 0.354𝑊1(𝑘 − 2) − 0.5412𝑊1(𝑘 − 3) + 0.4071𝑢(𝑘 − 1) + 0.987𝑢(𝑘 − 2) − 0.1004𝑢(𝑘 − 3) + 𝜆(𝑘) (17) 
𝑊2(𝑘)
= 1.305𝑊2(𝑘 − 1) + 0.447𝑊2(𝑘 − 2) − 0.369𝑊2(𝑘 − 3) + 0.49811𝑢(𝑘 − 1) + 0.505𝑢(𝑘 − 2) − 0.0924𝑢(𝑘 − 3) + 𝜆(𝑘) (18) 
𝑊3(𝑘)
= 1.237𝑊3(𝑘 − 1) − 0.0127𝑊3(𝑘 − 2) + 0.347𝑊3(𝑘 − 3) + 0.7151𝑢(𝑘 − 1) + 0.834𝑢(𝑘 − 2) − 0.121𝑢(𝑘 − 3) + 𝜆(𝑘) (19) 
𝑊4(𝑘)
= 0.924𝑊4(𝑘 − 1) + 0.455𝑊4(𝑘 − 2) − 0.612𝑊4(𝑘 − 3) + 0.55051𝑢(𝑘 − 1) + 0.699𝑢(𝑘 − 2) − 0.1214𝑢(𝑘 − 3) + 𝜆(𝑘) (20) 
 
Here, 𝑊1(𝑘),  𝑊2(𝑘),  𝑊3(𝑘),  𝑊4(𝑘) represent the output power of the PV module, measured under each of the four MPPT 

strategies: the ANN method, the P&O method, and the two hybrid approaches as detailed in [11] and [12]. 

2.5. Reliability 
This study utilizes the loss of load probability (LOLP) as a key metric to evaluate the reliability of the entire system. The LOLP 

serves as a measure to determine the probability that, during a defined timeframe (such as one month), the total energy demand 
will exceed the amount of power generated by the system. Leveraging this measure, the loss of load expectation (LOLE) can be 
derived. The LOLE estimates the average number of hours in a month during which an imbalance, caused by demand exceeding 
generation, is expected to occur. The calculation of LOLE is carried out using the formula provided in Equations (21) to (23). 

𝐿𝑂𝐿𝐸 = ∑[(𝑊𝑡(𝑖) + 𝑊𝑏𝑎𝑡𝑡(𝑖)) − 𝑃𝑙(𝑖) < 0]

730

𝑖=1

 (21) 

𝑊𝑡(𝑖) = 𝑊(𝑘) − 𝑊𝑙 (22) 
𝑊(𝑘)
= −𝑎1𝑊(𝑘 − 1) − 𝑎2𝑊(𝑘 − 2) − 𝑎3𝑊(𝑘 − 3) − ⋯ − 𝑎𝑚𝑊(𝑘 − 𝑚) + 𝑏1𝑢(𝑘 − 1) + 𝑏2𝑢(𝑘 − 2) + 𝑏3𝑢(𝑘 − 3) + ⋯
+ 𝑏𝑛𝑢(𝑘 − 𝑛) + 𝜆(𝑘) (23) 

In this formula, the first parameter 𝑊𝑡(𝑖) denotes the validity coefficient of the PV module capacity, a factor that quantifies the 
effective capacity of the PV module under its operating conditions. Next, the term 𝑊(𝑘), representing actual power generation, refers 
to the real-time output of the entire PV module, fully accounting for the effects of irradiance variations throughout the statistical 
period for each MPPT method. Another parameter 𝑊𝑙 in the formula corresponds to the power generation loss incurred due to PV 
module outages, capturing the impacts of any interruptions on energy yield. Additionally,  𝑊𝑏𝑎𝑡𝑡 defines the total power available 
from the battery pack when operating in discharge mode. Finally, 𝑃𝑙(𝑖) indicates the effective load power, which accounts for the 
gap between the demanded load and the losses in power generation that are influenced by the power grid. 

3. Analysis of Simulation Outcomes and Interpretation 

This section details the methodology employed to evaluate the performance of the PV system, focusing on its reliability and 
operational efficiency. The evaluation was carried out using four unique MPPT strategies, namely ANN, P&O, and two hybrid 
techniques as described in the studies cited in [11,12]. All the simulations were executed within the MATLAB software environment. 
A critical aspect of assessing the impact of the different MPPT strategies on the PV system's reliability is the precise modeling of solar 
irradiation. Since irradiation exhibits continuous fluctuations and varies with geographic location, capturing these dynamics 
accurately is essential. 

To achieve this, an irradiance model is implemented, precisely simulating the temporal variations of solar energy over a 
predetermined period. For the specific PV system under analysis, the model generated simulations of daily solar irradiation patterns, 
as depicted in Figure 12. Based on these data, Figure 13 provides a detailed comparison of the evaluated efficiency as a function of 
PV output power for the various MPPT techniques under study. The performance of a PV system in generating electricity is heavily 
influenced by weather conditions. While maximum power is generated on sunny days, sudden cloud-induced shading diminishes 
both efficiency and output.  

 
Figure 12. Variation of solar irradiation. 
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Shading refers to any obstruction that prevents sunlight from reaching the PV panels and can also result from accumulated dust, 
which gradually reduces system efficiency. Additionally, the efficiency and output of a PV system are influenced by various factors, 
such as increased temperatures and abrupt changes in irradiance. Therefore, an effective MPPT algorithm is essential to enhance 
system performance, ensuring maximum power tracking and addressing these issues. 

In this illustration, each curve shown in Figure 13 represents the efficiency performance of its respective MPPT method as the 
output power from the PV module changes. It is important to note that this efficiency diagram is derived under idealized conditions, 
excluding any losses attributed to secondary power stage components. Specifically, the diagram omits reductions due to power 
semiconductor device losses, the inherent losses in the output inductor, and the power consumption attributed to both the control 
circuit and its associated driver circuit. This exclusion allows for a focused evaluation of the intrinsic performance of the MPPT 
strategies, isolating the impact of the MPPT algorithm on the PV system’s efficiency without interference from losses in the main 
power conversion components. Tables 1 to 4 present the operating performance and key metrics of a PV power generation system 
when the different MPPT approach is applied. 

 

Figure 13. The measured conversion efficiency of the PV system as a function of its output power. Series 1 represents the hybrid method [11], series 2 
represents the hybrid method [12], series 3 corresponds to the P&O method, and series 4 corresponds to the ANN method. 

 

Table 1. Operating performance and key metrics of a PV module when applying the ANN MPPT approach. 
The PV power capacity (W) 

Solar irradiance (W/m2) 
out in 

900 10100 900-1000 
1200 9780 800-900 
1850 9150 700-800 
2660 8340 600-700 
3740 7260 500-600 
3985 7015 400-500 
4260 6740 300-400 
4580 6420 200-300 
4771 6229 100-200 

 
Table 2. Operating performance and key metrics of a PV module when applying the P&O MPPT approach. 

The PV power capacity (W) 
Solar irradiance (W/m2) 

out in 

650 10350 900-1000 
980 10020 800-900 
1911 9089 700-800 
2021 8979 600-700 
2555 8445 500-600 
3435 7565 400-500 
4270 6730 300-400 
4341 6659 200-300 
4533 6467 100-200 

 
Table 3. Operating performance and key metrics of a PV module when applying the hybrid [11] MPPT approach. 

The PV power capacity (W) Solar irradiance (W/m2) 
out in 
212 10778 900-1000 
590 10410 800-900 
1039 9961 700-800 
1527 9473 600-700 
1844 9156 500-600 
2433 8567 400-500 
2992 8008 300-400 
3648 7352 200-300 
3989 7011 100-200 
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The comparative analysis illustrated in Figure 14 reveals that incorporating hybrid MPPT strategies into the PV system 

consistently improves the LOLE metric. This finding highlights that hybrid approaches effectively reduce load loss, thereby enhancing 
the system's overall reliability. A detailed examination of these indices indicates that applying hybrid MPPT methods, rather than 
solely relying on offline or online techniques, leads to significant changes in the average duration of annual outages. However, the 
analysis also reveals that as hybrid methods are increasingly adopted, the degree of improvement in the load point’s LOLE under PV 
power conditions gradually diminishes. 

4. Distribution System Studies 

The primary objective of electrical power systems is to supply electricity to consumers in a manner that is both reliable and cost-
effective. Simply put, the reliability of the system reflects its ability to consistently meet energy demands by delivering the required 
electricity. To evaluate performance, a set of metrics known as electric power distribution reliability indices [29] is utilized to assess 
the behavior of electrical distribution networks. Central to reliability assessments of electrical distribution systems are parameters 
that quantify their operational performance over time. These parameters include the average failure rate (denoted as 𝜆), which 
represents the frequency at which system components fail within a specified time frame. It provides critical insight into the overall 
reliability of the network's infrastructure. Another significant parameter is the typical outage duration (denoted as 𝑟), which reflects 
the average amount of time required to restore functionality after a failure occurs. This metric is pivotal for evaluating the efficiency 
of maintenance and repair processes. Additionally, the average annual outage time (denoted as 𝑈) measures the cumulative time 
over a year during which the system is unavailable or not meeting energy demands. This value is essential for assessing the long-
term performance and impact of outages on consumers and operations. 

These variables are typically derived by employing statistical models, such as exponential distribution models, which are widely 
used in reliability engineering. These models estimate the likelihood of failure and repair times by analyzing the time intervals 
between successive failures and the durations needed for repairs. The exponential distribution assumes that events occur at a constant 
rate, making it well-suited for scenarios where failure and repair events are random but follow predictable patterns. This 
methodology is detailed mathematically in Equations (24) to (26), where the relationships between failure rates, outage durations, 
and cumulative outage times are formulated to ensure accurate and comprehensive evaluations of system reliability. 

Among the critical indices utilized in utility systems to assess reliability are the system average interruption frequency Index 
(SAIFI) and the system average interruption duration index (SAIDI). SAIFI provides a measure of the frequency of service 
interruptions by calculating the average number of outages experienced by individual customers within a given time frame. This 
index is essential for determining the regularity of disruptions and identifying areas where infrastructure improvements may be 
needed. In contrast, SAIDI evaluates the cumulative duration of these interruptions, representing the average time customers are 
without electricity during outages. This metric is pivotal for understanding the impact of service disruptions in solar systems on 
customer satisfaction and operational efficiency. Table 5 offers a comprehensive summary of the primary indices applied in assessing 
the performance of electrical power systems considering solar power generation. 

 

Table 4. Operating performance and key metrics of a PV module when applying the hybrid [12] MPPT approach. 
The PV power capacity (W) Solar irradiance (W/m2) 

out in 
467 10533 900-1000 
744 10256 800-900 
998 10002 700-800 
1533 9467 600-700 
1861 9139 500-600 
2267 8733 400-500 
2856 8144 300-400 
3534 7466 200-300 
3891 7109 100-200 

 

Figure 14. The LOLE, expressed in hours per month, for a PV module under different load requirements. The graph is divided into four series 
corresponding to the different MPPT methods. Series 1 to 4 represent the same methods as described in Figure 11. 
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 These indices serve as valuable tools for utility providers to monitor, evaluate, and enhance the reliability and efficiency of their 
networks, ensuring consistent and dependable power delivery to consumers. 

𝜆𝑠 = ∑ 𝜆𝑗

𝑗=1

 (24) 

𝑈𝑠 = ∑ 𝜆𝑗𝑟𝑗

𝑗=1

 (25) 

𝑟𝑠 =
𝑈𝑠

𝜆𝑠

=
∑ 𝜆𝑗𝑟𝑗𝑗=1

∑ 𝜆𝑗𝑗=1

 (26) 
As shown in Figure 15, the distribution system used to analyze the impact of MPPT methods on reliability indices consists of 4 

main feeders, 31 primary lines, 73 lateral lines, and 54 load points. A total of 3,080 customers are connected across all feeders. Each 
feeder includes a variety of components, such as lines, breakers, disconnect switches, and fuses. The primary system components are 
distribution lines or a combination of lines with disconnect switches, while lateral system parts typically include lines, fuses, or their 
combinations. Additional system specifications are detailed in Table 6. 

The process of repair and switching within the system is characterized using log-normal distributions to reflect the inherent 
variability in response times. Specifically, the repair duration for power lines follows a log-normal distribution with a standard 
deviation of 4 hours, capturing the fluctuations in maintenance efforts due to varying conditions such as weather, accessibility, and 
resource availability. Likewise, the switching times associated with system elements are modeled using the same statistical 
distribution, but with a much lower standard deviation of 0.4 hours, highlighting the relatively swift nature of reconfiguration 
actions. 

In terms of failure rates, the probability of faults occurring in lines and cables is largely dependent on their physical lengths (𝐿), 
as longer segments are exposed to greater environmental stresses and potential points of failure. The primary feeder sections, those 
responsible for transmitting electricity along the main network pathways, are subject to failure rates quantified by the formula 
(𝐿 × 0.075) faults per kilometer per year (𝑓/𝑘𝑚 − 𝑦𝑟). In contrast, lateral distribution lines, which typically branch off to supply 
individual sectors or consumers, experience a slightly higher failure rate of (𝐿 × 0.097) faults per kilometer per year, likely due to 
their exposure to more complex operational conditions and external disturbances. 

To provide a comprehensive overview of system reliability and performance, the fundamental indices for each load point are 
systematically documented in Table 7. This table presents key reliability metrics, such as outage frequencies and durations, enabling 
a detailed assessment of service continuity across different segments of the network. Additionally, Table 8 outlines the respective 
line lengths, which serve as crucial parameters for evaluating the maintenance requirements within the system. 

 
Table 5. Distribution system reliability indices [29] 

System Average Interruption Frequency (SAIFI) 𝑆𝐴𝐼𝐹𝐼 =
∑𝜆𝑗𝑁𝑗

∑𝑁𝑗

 

System Average Interruption Duration Index (SAIDI) 𝑆𝐴𝐼𝐷𝐼 =
∑𝑈𝑗𝑁𝑗

∑𝑁𝑗

 

Customer Average Interruption Duration Index (CAIDI) 𝐶𝐴𝐼𝐷𝐼 =
∑𝑈𝑗𝑁𝑗

∑𝜆𝑗𝑁𝑗

 

Average Service Availability Index (ASAI) 𝐴𝑆𝐴𝐼 =
∑𝑁𝑗 × 8760 − ∑𝑈𝑗𝑁𝑗

∑𝑁𝑗 × 8760
 

Average Energy Not Supplied (AENS) 𝐴𝐸𝑁𝑆 =
∑𝐿𝑎(𝑗)𝑈𝑗

𝑁𝑗

 
* 8760 is the number of hours in a calendar year 

 
Table 6. Specification for the test distribution system of Figure 13. 

Load Points Load Level per Load Point (MW) Number of Customers Peak Average 
1, 3, 5, 7, 37, 41 0.74114 0.56369 15 
8, 35, 36, 48, 52 0.48712 0.39647 130 
9-12, 38-40 0.74651 0.61279 25 
2, 4, 6, 44, 46, 49, 53 1.10459 0.96781 10 
13, 15, 29-31 0.84562 0.63647 55 
17-20, 27, 28 0.60073 0.41136 30 
14, 16, 42, 50, 51 1.23349 1.00127 25 
21, 22, 32-34, 54 0.47126 0.37719 45 
24, 26, 43 0.54557 0.41879 210 
23, 25, 45, 47 0.73267 0.55264 160 

 
Table 7. Line types and lengths. 

Line numbers Type Length (km) 
1, 3, 5, 7, 9, 11 main 0.85 
13, 24, 26, 28, 30, 40, 42 main 0.9 
45, 51, 53, 55, 67, 69 main 0.7 
72, 74, 76, 78, 80, 82 main 0.95 
93, 95, 97, 99, 101, 103 main 0.75 
0, 2, 4, 6, 8, 10, 12, 83, 85 lateral 0.35 
15, 17, 19, 21, 23, 94, 98, 102 lateral 0.5 
14, 31, 33, 46, 56, 62 lateral 0.45 
25, 27, 29, 41, 43, 44, 52, 54, 68, 70, 92, 96, 100, 104 lateral 0.6 
32, 34-39, 47, 49, 57, 59, 61, 63, 65, 84, 86-91 lateral 0.4 
16, 18, 20, 22, 48, 50, 58, 60, 64, 66 lateral 0.65 
71, 73, 75, 77, 79, 81 lateral 0.5 
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To assess the impact of MPPT techniques on the reliability of grid-connected PV systems, consider a scenario in which the PV 
unit serves as a load transfer mechanism. This means that the PV system dynamically adjusts its power output based on the MPPT 
algorithm it employs, thereby influencing how effectively it compensates for load fluctuations and contributes to overall grid 
stability. 

In this context, the outage duration following a failure event is directly influenced by the ability of the PV unit to sustain or 
exceed the required load demand. Specifically, if the MPPT algorithm enables the PV unit to generate adequate power to meet the 
load requirement during the failure period, the outage time is limited to the isolation time, the duration needed to disconnect the 
affected component from the network and stabilize operations. This scenario assumes that the PV system continues to supply 
uninterrupted power to the load, preventing an extended outage. 

Conversely, if the PV unit fails to deliver sufficient power due to either inefficiencies in MPPT tracking or unfavorable operating 
conditions (such as shading, temperature fluctuations, or transient changes in irradiance), the outage time is determined by the 
required repair duration. In this case, the affected component remains out of service until restoration efforts are completed. 

To quantify the reliability impact of different MPPT techniques, the average outage time can be estimated using the expectation 
concept as Equation (27), integrating the probabilities of each scenario. Mathematically, this expectation-based approach captures 
the likelihood-weighted contributions of both isolation and repair times, allowing for a comparative evaluation of various MPPT 
algorithms in terms of system resilience and service continuity. 

 
𝑂𝑢𝑡𝑎𝑔𝑒 𝑡𝑖𝑚𝑒 = (𝑜𝑢𝑡𝑎𝑔𝑒 𝑡𝑖𝑚𝑒 ∣ 𝑃𝑉 𝑢𝑛𝑖𝑡 𝑐𝑎𝑛 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒 𝑒𝑛𝑜𝑢𝑔ℎ 𝑝𝑜𝑤𝑒𝑟) × 𝑃(𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒)  + (𝑜𝑢𝑡𝑎𝑔𝑒 𝑡𝑖𝑚𝑒
∣ 𝑃𝑉 𝑢𝑛𝑖𝑡 𝑐𝑎𝑛𝑛𝑜𝑡 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒 𝑒𝑛𝑜𝑢𝑔ℎ 𝑝𝑜𝑤𝑒𝑟) × 𝑄(𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒) (27) 

 
It is important to note that 𝑃(𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒) is significantly influenced by the performance of the PV unit (output power based on the 

applied MPPT methods) and the extent of the outage, particularly the number of customers impacted by the feeder outages.The 
comprehensive evaluation of reliability indices for the distribution PV-grid, as depicted in Figure 13, presents a comparative analysis 
across various MPPT algorithms. These indices, derived through analytical methodologies, provide critical insights into how different 
MPPT strategies influence the operational stability and dependability of the grid-integrated PV system. 

One of the key observations from Table 9 is that all examined scenarios maintain an identical SAIFI. This consistency indicates 
that regardless of the MPPT algorithm employed, the frequency of interruptions remains uniform across the system. However, while 
the occurrence of interruptions remains unchanged, significant variations are observed in reliability indices related to interruption 
duration, highlighting the role MPPT strategies play in determining the length of outages. 

 

 

Figure 15. Test distribution system. 
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Table 8. The basic system indices for the distribution systems for each load point in different modes of MPPT algorithms for PV units (for load points 
37-47, the calculation is set as given in the Appendix) 

MPPT Method ANN P&O Hybrid method [11] Hybrid method [12] 
Load Point λ r U λ r U λ r U λ r U 
1 1.2375 3.3342 4.1261 1.2375 3.2657 4.0413 1.2375 3.1014 3.8379 1.2375 3.1665 3.9185 
2 1.2375 3.3342 4.1261 1.2375 3.2657 4.0413 1.2375 3.1014 3.8379 1.2375 3.1665 3.9185 
3 1.2375 3.3342 4.1261 1.2375 3.2657 4.0413 1.2375 3.1014 3.8379 1.2375 3.1665 3.9185 
4 1.2375 3.3342 4.1261 1.2375 3.2657 4.0413 1.2375 3.1014 3.8379 1.2375 3.1665 3.9185 
5 1.2375 3.3342 4.1261 1.2375 3.2657 4.0413 1.2375 3.1014 3.8379 1.2375 3.1665 3.9185 
6 1.2375 3.3342 4.1261 1.2375 3.2657 4.0413 1.2375 3.1014 3.8379 1.2375 3.1665 3.9185 
7 1.2375 3.3342 4.1261 1.2375 3.2657 4.0413 1.2375 3.1014 3.8379 1.2375 3.1665 3.9185 
8 1.3079 2.9567 3.8671 1.3079 2.8114 3.6770 1.3079 2.7994 3.6613 1.3079 2.8002 3.6623 
9 1.3214 2.9634 3.9158 1.3214 2.8746 3.7984 1.3214 2.8201 3.7264 1.3214 2.8255 3.7336 
10 1.3214 3.1219 4.1252 1.3214 3.0989 4.0948 1.3214 3.0149 3.9839 1.3214 3.0154 3.9845 
11 1.3214 3.1978 4.2256 1.3214 3.0012 3.9657 1.3214 2.9872 3.9472 1.3214 2.9901 3.9511 
12 1.3214 3.2416 4.2834 1.3214 3.1137 4.1144 1.3214 3.0134 3.9819 1.3214 3.0123 3.9804 
13 1.3299 2.1827 2.9027 1.3299 2.0999 2.7926 1.3299 2.0057 2.6673 1.3299 2.0061 2.6679 
14 1.3299 2.2789 3.0307 1.3299 2.1213 2.8211 1.3299 2.0639 2.7447 1.3299 2.0657 2.7471 
15 1.3299 2.2999 3.0586 1.3299 2.1997 2.9253 1.3299 2.1482 2.8569 1.3299 2.1493 2.8583 
16 1.3357 3.1149 4.1605 1.3357 3.0112 4.0220 1.3357 2.9901 3.9938 1.3357 2.9976 4.0039 
17 1.3368 3.1477 4.2078 1.3368 3.1009 4.1452 1.3368 2.9842 3.9892 1.3368 2.9912 3.9986 
18 1.3368 3.2007 4.2786 1.3368 3.1145 4.1634 1.3368 3.0997 4.1437 1.3368 3.1006 4.1449 
19 1.3368 3.2034 4.2823 1.3368 3.1553 4.2180 1.3368 3.1005 4.1447 1.3368 3.1094 4.1566 
20 1.3368 3.2101 4.2912 1.3368 3.1412 4.1991 1.3368 3.1497 4.2105 1.3368 3.1572 4.2205 
21 1.3401 3.4141 4.5752 1.3401 3.2998 4.4220 1.3401 3.2012 4.2899 1.3401 3.2106 4.3025 
22 1.3401 3.4141 4.5752 1.3401 3.2998 4.4220 1.3401 3.2012 4.2899 1.3401 3.2106 4.3025 
23 0.7354 1.9746 1.4521 0.7354 1.8544 1.3637 0.7354 1.7433 1.2820 0.7354 1.7591 1.2936 
24 0.7397 2.1211 1.5690 0.7397 2.1002 1.5535 0.7397 1.9819 1.4660 0.7397 1.9893 1.4714 
25 0.7401 2.2723 1.6817 0.7401 2.2521 1.6667 0.7401 2.1464 1.5885 0.7401 2.1401 1.5839 
26 0.7397 2.3009 1.7019 0.7397 2.2808 1.6871 0.7397 2.2017 1.6286 0.7397 2.2135 1.6373 
27 0.7412 2.0017 1.4836 0.7412 1.9869 1.4727 0.7412 1.9832 1.4699 0.7412 1.9907 1.4755 
28 0.7445 2.0179 1.5023 0.7445 1.9912 1.4824 0.7445 1.9517 1.4530 0.7445 1.9635 1.4767 
29 0.7509 2.4712 1.8556 0.7509 2.3712 1.7805 0.7509 2.3113 1.7356 0.7509 2.3214 1.7431 
30 0.7512 2.3625 1.7747 0.7512 2.3417 1.7591 0.7512 2.3146 1.7387 0.7512 2.3264 1.7476 
31 0.7509 2.2525 1.6914 0.7509 2.2405 1.6824 0.7509 2.2135 1.6621 0.7509 2.2247 1.6705 
32 0.7526 2.6839 2.0199 0.7526 2.6151 1.9681 0.7526 2.5146 1.8925 0.7526 2.5207 1.8970 
33 0.7533 2.7494 2.0711 0.7533 2.7295 2.0561 0.7533 2.6319 1.9826 0.7533 2.6392 1.9881 
34 0.7526 2.7506 2.0701 0.7526 2.7351 2.0584 0.7526 2.7019 2.0334 0.7526 2.7084 2.0376 
35 0.7412 2.1468 1.5912 0.7412 2.1255 1.5754 0.7412 2.0197 1.4970 0.7412 2.0236 1.4998 
36 0.7412 2.1468 1.5912 0.7412 2.1255 1.5724 0.7412 2.0197 1.4970 0.7412 2.0236 1.4998 
37 0.47600 0.7668 0.36499 0.4760 0.7573 0.3604 0.4760 0.7211 0.3432 0.4760 0.7305 0.3477 
38 0.47600 1.3057 0.62150 0.4760 1.2996 0.6186 0.4760 1.2514 0.5956 0.4760 1.2584 0.5989 
39 0.47600 1.4868 0.70771 0.4760 1.47117 0.7003 0.4760 1.4312 0.6812 0.4760 1.4398 0.6853 
40 0.47600 1.6679 0.79392 0.4760 1.65979 0.7901 0.4760 1.6113 0.7669 0.4760 1.6183 0.7703 
41 0.47600 1.8490 0.88012 0.4760 1.8490 0.8801 0.4760 1.8112 0.8621 0.4760 1.8187 0.8657 
42 0.47600 2.0301 0.96635 0.4760 2.0219 0.9624 0.4760 1.9963 0.9502 0.4760 1.9989 0.9514 
43 0.50025 2.2979 1.14956 0.50025 2.2817 1.1414 0.50025 2.2317 1.1164 0.50025 2.2384 1.1197 
44 0.76700 2.8899 2.21656 0.7670 2.8703 2.2015 0.7670 2.8243 2.1662 0.7670 2.8305 2.1710 
45 0.76700 2.8899 2.21656 0.7670 2.8703 2.2015 0.7670 2.8243 2.1662 0.7670 2.8305 2.1710 
46 0.76700 2.8899 2.21656 0.7670 2.8703 2.2015 0.7670 2.8243 2.1662 0.7670 2.8305 2.1710 
47 0.76700 2.8899 2.21656 0.7670 2.8703 2.2015 0.7670 2.8243 2.1662 0.7670 2.8305 2.1710 
48 0.39571 1.44127 0.57032 0.39571 1.4319 0.5666 0.39571 1.4011 0.5544 0.39571 1.4094 0.5577 
49 0.38600 1.01261 0.39086 0.38600 1.00556 0.3881 0.38600 0.9964 0.3846 0.38600 1.0003 0.3861 
50 0.39571 1.59762 0.63219 0.39571 1.59001 0.6291 0.39571 1.5517 0.6140 0.39571 1.5582 0.6166 
51 0.38600 1.69753 0.65524 0.38600 1.68775 0.6514 0.38600 1.6429 0.6341 0.38600 1.6504 0.6370 
52 0.39375 1.89998 0.74812 0.39375 1.89067 0.7444 0.39375 1.8732 0.7376 0.39375 1.8806 0.7404 
53 0.38600 2.01813 0.77900 0.38600 2.00311 0.7732 0.38600 1.9864 0.7667 0.38600 1.9913 0.7686 
54 0.39570 2.22307 0.87967 0.39570 2.21547 0.8766 0.39570 2.1468 0.8495 0.39570 2.1355 0.8450 
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These differences are further illustrated in Figure 16, which visually demonstrates how each MPPT algorithm affects the system’s 
reliability metrics. The results suggest that selecting the most efficient MPPT technique can substantially influence unavailability 
indices, a crucial factor in assessing the continuous availability of power supply at load points. Furthermore, an optimal MPPT 
approach has a direct impact on the expected energy not supplied (EENS), which quantifies the amount of energy that remains 
unavailable due to system disruptions. This metric is especially relevant for grid planners and operators seeking to minimize the 
adverse effects of power shortages. 

Given these findings, the development and refinement of an optimized MPPT methodology becomes imperative, not only for 
enhancing system reliability but also for facilitating a thorough cost-benefit analysis of PV unit deployment. A well-calibrated MPPT 
technique can lead to improved energy extraction efficiency, reduced outage durations, and an overall increase in power system 
resilience. Thus, further research into adaptive MPPT strategies and predictive control mechanisms may prove instrumental in 
maximizing the performance of grid-connected PV systems while ensuring their economic viability. 

The cost of a PV system is closely linked to the number of sensors required for monitoring and control. Sensors play a crucial role 
in ensuring the accurate tracking of electrical parameters, but their quantity and type directly influence the overall expense of the 
system. In general, voltage measurement is considered simpler, more reliable, and less costly compared to current measurement. 
This distinction arises due to the inherent complexities in current sensing technologies, which often involve precision components 
such as Hall-effect sensors or shunt resistors. These components can be relatively expensive and may introduce additional calibration 
and maintenance requirements. 

This cost consideration becomes particularly significant in multi-array PV systems, where each PV array is equipped with its own 
MPP tracker [30]. In such configurations, the need to monitor individual current outputs from multiple arrays can dramatically 
increase the total number of required sensors, further inflating system costs. The complexity of implementing multiple current 
sensors, along with the associated data acquisition and processing requirements, can pose logistical and financial challenges. To 
mitigate these concerns, an alternative approach involves adopting MPPT methods that either minimize sensor dependency or rely 
on voltage-based estimations to infer current behavior. Certain advanced MPPT strategies, as demonstrated in [31], leverage 
mathematical models and algorithmic approximations to estimate current from voltage measurements, reducing the necessity for 
direct current sensing. These techniques optimize system performance while maintaining cost efficiency, making them particularly 
advantageous for large-scale PV deployments. 

By implementing sensor-efficient MPPT methodologies, system designers can achieve a balance between performance, reliability, 
and cost-effectiveness, ensuring that photovoltaic arrays operate efficiently without unnecessary expenses linked to excessive sensor 
integration. Continued research in this domain may lead to further refinements in MPPT algorithms, enabling even more precise 
estimations of electrical parameters with minimal hardware requirements. 

High-cost applications like solar vehicles, industrial systems, and large-scale residential setups typically prioritize accuracy and 
fast response times, necessitating advanced and complex circuit designs. On the other hand, simpler and more affordable MPPT 
techniques are suitable for applications such as small residential systems or water pumping for irrigation. Given these considerations, 
it is challenging to determine the exact monetary cost of each MPPT technique without actual implementation. However, in general, 
analog implementations are more cost-effective than digital ones, which often require a microcontroller and related programming. 

Addressing cost challenges in PV distribution systems requires the integration of advanced reliability cost/worth evaluation 
techniques into both system design and operational frameworks. These evaluation methods aim to balance economic feasibility with 
system performance, ensuring that PV installations maintain high efficiency while minimizing unnecessary expenditures. By 
incorporating cost-benefit analysis approaches, decision-makers can effectively determine the most suitable MPPT strategies based 
on reliability, implementation complexity, and return on investment. Based on overall implementation considerations, MPPT 
methods can be ranked as follows: 1) P&O; 2) hybrid methods; and 3) ANN. 

 

Figure 16. The differences in the reliability indices for each MPPT algorithm. 
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Table 9. The differences in the reliability indices. 
 

MPPT Method 

ANN P&O Hybrid 
method [11] 

Hybrid 
method [12] Reliability Indices 

(SAIFI) 0.897647 0.897647 0.897647 0.897647 
(SAIDI) 1.854571 1.844467 1.811647 1.810074 
(CAIDI) 2.0684 2.05613 2.01897 2.01782 
(ASAI) 0.991457 0.991462 0.992611 0.992601 
(AENS) 12.345 11.986 11.121 11.366 

5. Conclusion and Future Works 

This study investigated the impact of various MPPT methods on the operational reliability of PV systems operating in grid-
connected mode. The analysis classified MPPT methods into three distinct categories: offline, online, and hybrid methods, enabling 
a comprehensive assessment of their performance characteristics. To comprehensively assess system performance, a series of 
simulations was conducted to evaluate three critical metrics: reliability, efficiency, and set-point tracking. These factors play a pivotal 
role in determining the operational robustness and effectiveness of the implemented methodologies. Specifically, various offline, 
online, and hybrid methods were compared under similar implementation conditions. This rigorous analysis provided valuable 
insights into the practical performance of each strategy. The results demonstrated that hybrid methods significantly outperformed 
both standalone offline and online techniques. A key factor behind their superior performance is the reliance of online methods on 
real-time output sampling, which tracks the MPP by monitoring electrical parameters without requiring predefined system 
parameters, allowing for rapid adaptation to changes. By integrating these fast-response online techniques within a hybrid 
framework, the stability and robustness of offline strategies are combined, resulting in enhanced overall performance. These findings 
indicate that further optimization and adoption of hybrid MPPT strategies could substantially improve the performance and 
reliability of grid-connected PV systems, positioning them as a promising avenue for advancing renewable energy technologies. 
However, the practical implementation of the proposed method is crucial for validating simulation results and identifying potential 
challenges in real-world applications. This aspect has been assigned as a focus for future studies of the present research. 

The results demonstrate that building geometry, floor configuration, and block arrangement significantly influence both energy 
consumption and thermal comfort. High-rise buildings with fewer shared walls and larger exposed surfaces tend to exhibit higher 
heating and cooling loads, whereas designs incorporating shared walls and optimized block layouts reduce energy demand while 
maintaining occupant comfort. These findings underscore the importance of integrating energy-efficient design strategies with 
climate-responsive planning to achieve sustainable and comfortable residential developments across diverse urban contexts. 

 The results demonstrated that the number of shared walls has a more significant influence on energy performance than the 
number of floors. Specifically, single-story buildings without shared walls exhibited up to 58.9% higher heating loads and 67.1% 
higher cooling loads compared to scenarios with greater wall adjacency. On average, the difference in energy consumption between 
the buildings with the maximum and minimum number of common walls was approximately 60%. Moreover, heat loss through the 
roof of a one-story building was found to be nearly 30 times greater than that of high-rise buildings with multiple units (Figure 9). 

Additionally, exterior façade simulations were performed and analyzed to further assess their impact on energy performance. 
Future research will focus on examining the potential of phase change materials in reducing energy consumption in both high-rise 
and low-rise buildings. 
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Nomenclature  

G Ambient irradiation (𝑊/𝑚2) 

𝐼𝑝ℎ Photocurrent (A) 

𝐼𝑑 Diode reverse saturation current (A) 

𝑅𝑠 Series resistance 

𝑅𝑠ℎ Shunt resistance 

𝑁𝑆 The count of solar cells connected in series 

𝑁𝑃 The number of parallel-connected cell strings 

q Electron charge, ~1.602 × 10⁻¹⁹ 𝐶 

k Boltzmann constant, ~1.381 × 10⁻²³ 𝐽/𝐾 

A Ideality factor 

𝑉𝑜𝑐  Open-circuit voltage 

𝐼𝑆𝐶  Short-circuit current 

𝑇𝐶  Reference temperature 

𝐼𝐶  Reference saturation current 

𝐸𝑔 Band gap energy 

𝑃𝑚𝑎𝑥 Maximum power point 

𝐼𝑠𝑐,𝑇𝑐 Designate the short-circuit current measured at a specific reference temperature 

𝑉𝑜𝑐,𝑇𝑐 Designate the open-circuit voltage measured at a specific reference temperature 

ΔT Defined as 𝑇 −  𝑇𝑐, quantifies the deviation between the current cell temperature (𝑇), and the reference temperature (𝑇𝐶) 

𝐾𝑖 The temperature coefficient that quantifies how the short-circuit current changes with temperature variations 

S Denotes the solar irradiation, expressed in 𝑚𝑊/𝑐𝑚² 

P Total output power of the PV array 

𝜂𝑖𝑛𝑠𝑡  The steady-state efficiency 

𝑃𝑝𝑣−𝑚𝑒𝑎𝑠 The actual power output produced by the solar panel 

𝑃𝑀𝑃𝑃−𝑖𝑑𝑒𝑎𝑙 The theoretical maximum power that the solar panel is capable of generating under ideal conditions 

𝜂𝑑𝑦𝑛𝑎𝑚𝑖𝑐  The dynamic efficiency   

𝑉𝑝𝑣−𝑚𝑒𝑎𝑠 The actual output voltage produced by the solar panel 

𝑉𝑀𝑃𝑃 The theoretical maximum voltage that the solar panel is capable of generating under MPP conditions 

y(k) The output signal 

u(k) The input signal 

𝜑(𝑘)  The past and current input data 

𝜃(𝑘) Estimated parameter vector  

𝜀(𝑘) Prediction error  

𝑎𝑖 , 𝑏𝑖  The coefficients that must be determined through estimation 

𝑊𝑡(𝑖) The PV module capacity validity coefficient 

𝑊𝑏𝑎𝑡𝑡 The total power available from the battery pack when operating in discharge mode 

𝑃𝑙(𝑖) The effective load power 

𝑁𝑗 Number of consumers at load point j 

𝜆𝑗 Average failure rate at load point j 

𝑈𝑗 Average annual outage time at load point j 

𝐿𝑎(𝑗) Average load connected to load point i  
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Appendix 
For load points 37-47 the calculations of basic system indices are shown in table A1. 
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