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Cc: Ardiaty Arief <ardiaty@eng.unhas.ac.id>, Willy Akbar Ajami <wawillyakbar@gmail.com>

Dear Dr. Nappu,

Thank you very much for uploading the following manuscript to the MDPI
submission system. One of our editors will be in touch with you soon.

Journal name: Energies
Manuscript ID: energies-2107585
Type of manuscript: Article
Title: Energy Efficiency in Modern Power Systems Utilizing Advanced
Incremental Particle Swarm Optimization-Based OPF
Authors: Muhammad Bachtiar Nappu *, Ardiaty Arief, Willy Akbar Ajami
Received: 3 December 2022
E-mails: bachtiar@eng.unhas.ac.id, ardiaty@eng.unhas.ac.id,
wawillyakbar@gmail.com
Submitted to section: A: Sustainable Energy,
https://www.mdpi.com/journal/energies/sections/sustainable_energy
Planning, Modelling, Operation and Assessment of Renewable Energy Power
Systems
https://www.mdpi.com/journal/energies/special_issues/Renewable_Energy_Power_Systems

You can follow progress of your manuscript at the following link (login
required):
https://susy.mdpi.com/user/manuscripts/review_info/b1b655471f1bab514170ef59c5c83a6b

The following points were confirmed during submission:

1. Energies is an open access journal with publishing fees of 2200 CHF for an
accepted paper (see https://www.mdpi.com/about/apc/ for details). This
manuscript, if accepted, will be published under an open access Creative
Commons CC BY license (https://creativecommons.org/licenses/by/4.0/), and I
agree to pay the Article Processing Charges as described on the journal
webpage (https://www.mdpi.com/journal/energies/apc). See
https://www.mdpi.com/about/openaccess for more information about open access
publishing.

Please note that you may be entitled to a discount if you have previously
received a discount code or if your institute is participating in the MDPI
Institutional Open Access Program (IOAP), for more information see
https://www.mdpi.com/about/ioap. If you have been granted any other special
discounts for your submission, please contact the Energies editorial office.

2. I understand that:

a. If previously published material is reproduced in my manuscript, I will
provide proof that I have obtained the necessary copyright permission.
(Please refer to the Rights & Permissions website:
https://www.mdpi.com/authors/rights).

b. My manuscript is submitted on the understanding that it has not been
published in or submitted to another peer-reviewed journal. Exceptions to
this rule are papers containing material disclosed at conferences. I confirm
that I will inform the journal editorial office if this is the case for my
manuscript. I confirm that all authors are familiar with and agree with
submission of the contents of the manuscript. The journal editorial office
reserves the right to contact all authors to confirm this in case of doubt. I
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will provide email addresses for all authors and an institutional e-mail
address for at least one of the co-authors, and specify the name, address and
e-mail for invoicing purposes.

If you have any questions, please do not hesitate to contact the Energies
editorial office at energies@mdpi.com

Kind regards,
Energies Editorial Office
St. Alban-Anlage 66, 4052 Basel, Switzerland
E-Mail: energies@mdpi.com
Tel. +41 61 683 77 34
Fax: +41 61 302 89 18
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Dear Dr. Nappu,

Thank you again for your manuscript submission:

Manuscript ID: energies-2107585
Type of manuscript: Article
Title: Energy Efficiency in Modern Power Systems Utilizing Advanced
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Your manuscript has now been reviewed by experts in the field. Please find
your manuscript with the referee reports at this link:

https://susy.mdpi.com/user/manuscripts/resubmit/b1b655471f1bab514170ef59c5c83a6b

Please revise the manuscript according to the referees' comments and upload
the revised file within 10 days.

Please use the version of your manuscript found at the above link for your
revisions.

(I) Please check that all references are relevant to the contents of the
manuscript.
(II) Any revisions to the manuscript should be marked up using the “Track
Changes” function if you are using MS Word/LaTeX, such that any changes can
be easily viewed by the editors and reviewers.
(III) Please provide a cover letter to explain, point by point, the details
of the revisions to the manuscript and your responses to the referees’
comments.
(IV) If you found it impossible to address certain comments in the review
reports, please include an explanation in your appeal.
(V) The revised version will be sent to the editors and reviewers.

If one of the referees has suggested that your manuscript should undergo
extensive English revisions, please address this issue during revision. We
propose that you use one of the editing services listed at
https://www.mdpi.com/authors/english or have your manuscript checked by a
native English-speaking colleague.

Do not hesitate to contact us if you have any questions regarding the
revision of your manuscript. We look forward to hearing from you soon.

Kind regards,
Ms. Nyxia Wang
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Dear Dr. Nappu,

Thank you very much for providing the revised version of your paper:
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We will continue processing your paper and will keep you informed about the
status of your submission.

Kind regards,
Elicia Xu
Assistant  Editor
Email: elicia.xu@mdpi.com

MDPI Branch Office, TianJin
Room 1804, Tianjin-Lujiazui Financial Plaza Tower A, Hongqiao District,
Tianjin
Tel./Fax: +86 22 2727 5507
Energies (IF: 3.252; CiteScore: 5.0; http://www.mdpi.com/journal/energies)
LinkedIn: https://www.linkedin.com/company/energies-mdpi/
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You are welcome to download your annual contribution report at
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Disclaimer: MDPI recognizes the importance of data privacy and protection. We
treat personal data in line with the General Data Protection Regulation
(GDPR) and with what the community expects of us. The information contained
in this message is confidential and intended solely for the use of the
individual or entity to whom it is addressed. If you have received this
message in error, please notify me and delete this message from your system.
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You may not copy this message in its entirety or in part, or disclose its
contents to anyone.
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Reply-To: Nyxia Wang <nyxia.wang@mdpi.com>, Energies Editorial Office <energies@mdpi.com>
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Cc: Ardiaty Arief <ardiaty@eng.unhas.ac.id>, Willy Akbar Ajami <wawillyakbar@gmail.com>, Energies Editorial Office
<energies@mdpi.com>, Nyxia Wang <nyxia.wang@mdpi.com>

Dear Dr. Nappu,

Congratulations on the acceptance of your manuscript, and thank you for
submitting your work to Energies:

Manuscript ID: energies-2107585
Type of manuscript: Article
Title: Energy Efficiency in Modern Power Systems Utilizing Advanced
Incremental Particle Swarm Optimization-Based OPF
Authors: Muhammad Bachtiar Nappu *, Ardiaty Arief, Willy Akbar Ajami
Received: 3 December 2022
E-mails: bachtiar@eng.unhas.ac.id, ardiaty@eng.unhas.ac.id,
wawillyakbar@gmail.com
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We will now edit and finalize your paper, which will then be returned to you
for your approval. Within the next couple of days, an invoice concerning the
article processing charge (APC) for publication in this open access journal
will be sent by email from the Editorial Office in Basel, Switzerland.

If, however, extensive English edits are required to your manuscript, we will
need to return the paper requesting improvements throughout.

We encourage you to set up your profile at SciProfiles.com, MDPI’s
researcher network platform. Articles you publish with MDPI will be linked to
your SciProfiles page, where colleagues and peers will be able to see all of
your publications, citations, as well as other academic contributions.

We also invite you to contribute to Encyclopedia (https://encyclopedia.pub),
a scholarly platform providing accurate information about the latest research
results. You can adapt parts of your paper to provide valuable reference
information, via Encyclopedia, for others both within the field and beyond.

Kind regards,
Enrico Sciubba
Editor-in-Chief
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Cc: Ardiaty Arief <ardiaty@eng.unhas.ac.id>, Willy Akbar Ajami <wawillyakbar@gmail.com>

Dear Dr. Nappu,

Thank you very much for resubmitting the modified version of the following
manuscript:

Manuscript ID: energies-2107585
Type of manuscript: Article
Title: Energy Efficiency in Modern Power Systems Utilizing Advanced
Incremental Particle Swarm Optimization-Based OPF
Authors: Muhammad Bachtiar Nappu *, Ardiaty Arief, Willy Akbar Ajami
Received: 3 December 2022
E-mails: bachtiar@eng.unhas.ac.id, ardiaty@eng.unhas.ac.id,
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https://susy.mdpi.com/user/manuscripts/review_info/b1b655471f1bab514170ef59c5c83a6b

A member of the editorial office will be in touch with you soon regarding
progress of the manuscript.

Kind regards,
Energies Editorial Office
Postfach, CH-4020 Basel, Switzerland
Office: St. Alban-Anlage 66, CH-4052 Basel
Tel. +41 61 683 77 34 (office)
E-mail: energies@mdpi.com
https://www.mdpi.com/journal/energies/
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[Energies] Manuscript ID: energies-2107585; doi: 10.3390/en16041706. Paper has
been published.
1 message

energies@mdpi.com <energies@mdpi.com> Wed, Feb 8, 2023 at 10:15 PM
Reply-To: nyxia.wang@mdpi.com, energies@mdpi.com
To: bachtiar@eng.unhas.ac.id, ardiaty@eng.unhas.ac.id, wawillyakbar@gmail.com
Cc: billing@mdpi.com, website@mdpi.com, energies@mdpi.com, pesovic@mdpi.com, meng.zhang@mdpi.com,
nyxia.wang@mdpi.com

Dear Authors,

We are pleased to inform you that your article "Energy Efficiency in Modern
Power Systems Utilizing Advanced Incremental Particle Swarm
Optimization–Based OPF" has been published in Energies as part of the
Special Issue Planning, Modelling, Operation and Assessment of Renewable
Energy Power Systems and is available online:

Website: https://www.mdpi.com/1996-1073/16/4/1706
PDF Version: https://www.mdpi.com/1996-1073/16/4/1706/pdf
The meta data of your article, the manuscript files and a publication
certificate are available here (only available to corresponding authors after
login):
https://susy.mdpi.com/user/manuscripts/review_info/b1b655471f1bab514170ef59c5c83a6b
Special Issue:
https://www.mdpi.com/journal/energies/special_issues/Renewable_Energy_Power_Systems

Please note that this is an early access version. The complete PDF, HTML, and
XML versions will be available soon. Please take a moment to check that
everything is correct. You can reply to this email if there is a problem. If
any errors are noticed, please note that all authors must follow MDPI's
policy on updating published papers, found here:
https://www.mdpi.com/ethics#16.

To encourage open scientific discussions and increase the visibility of
published articles, MDPI recently implemented interactive commenting and
recommendation functionalities on all article webpages (side bar on the
right). We encourage you to forward the article link to your colleagues and
peers.

We encourage you to set up your profile at www.SciProfiles.com, MDPI’s
researcher network platform. Articles you publish with MDPI will be linked to
your SciProfiles page, where colleagues and peers will be able to see all of
your publications, citations, as well as your other academic contributions.
Please also feel free to send us feedback on the platform that we can improve
it quickly and make it useful for scientific communities.

You can also share the paper on various social networks by clicking the links
on the article webpage. Alternatively, our Editorial Office can post an
announcement of your article on our Twitter channel, please send us a text of
up to 200 characters with spaces. Please note that our service Scitations.net
will automatically notify authors cited in your article. For further paper
promotion guidelines, please refer to the following link:
https://www.mdpi.com/authors/promoting.

We would be happy to keep you updated about new issue releases of energies.
Please enter your e-mail address in the box at
https://www.mdpi.com/journal/energies/toc-alert/ to receive notifications.
After issue release, a version of your paper including the issue cover will
be available to download from the article abstract page.

To order high quality reprints of your article in quantities of 25-1000,
visit: https://www.mdpi.com/1996-1073/16/4/1706/reprints   
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We support the multidisciplinary preprint platform /Preprints/, which
permanently archives full text documents and datasets of working papers in
all subject areas. Posting on the platform is entirely free of charge, and
full details can be viewed at http://www.preprints.org.

We are dedicated to providing an outstanding publishing service, and we
invite you to complete our author satisfaction survey
https://www.surveymonkey.com/r/authorfeedbackmdpi. The survey contains 20
short questions and will only take a couple of minutes to complete.

To help us improve our Production and English editing service, provided as
part of MDPI’s editorial process, please take a few minutes to participate
in the following survey: https://www.surveymonkey.com/r/38TKGWF (for
Production and English editing service).

Thank you for choosing Energies to publish your work, we look forward to
receiving further contributions from your research group in the future.

Kind regards,

--
MDPI
Postfach, CH - 4020 Basel, Switzerland
Office: St. Alban-Anlage 66, 4052 Basel, Switzerland
Tel. +41 61 683 77 34
Fax: +41 61 302 89 18
E-mail: website@mdpi.com
https://www.mdpi.com/
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with  advanced  incremental  particle  swarm  optimization.  I

consider this as actual thematic, based on reducing the iteration

and faster process.

2. Do you consider the topic original or relevant in

the field? Does it address a specific gap in the field?

The  topic  is  original  and  relevant  into  the  scientific

orientation of the journal (A: Sustainable Energy)

3. What does it add to the subject area compared

with other published material?

The authors present a new approach into optimization in

the electrical grid to reducing number of iterations and made a

process faster. The authors applied this method into the IEEE

30-bus system. The authors apply a method which is typical for

the nature and social learning into an electical grid, which is the

new approach in the paper. The results are intresting, but they

should be verified with a large number of technical objects and



devices (I mean an electrical systems and grids, which are the

main object in the paper).

4. What specific improvements should the authors

consider regarding the methodology? What further controls

should be considered?

As I mentioned above, the authors should not be limited

their research into one technical object (in this case 30 identical

buses). I will ask the authors – are the results be the same or

similar, compared with results obtained using presented method

for  other technical  devices (electrical  grids,  power  generators,

photovoltaic systems).

In the new added section in the paper, authors should consider

the  application  of  the  presented  method  to  other  technical

objects as well.

5. Are the conclusions consistent with the evidence

and arguments  presented and  do  they  address  the  main

question posed?

The conclusions are well formulated but related only to

dingle  considered  object.  The  authors  mentioned  only  two

factors  (which  are  not  unimportant),  but  by  logical  way,  the

following question arises: Are there other factors and parameters

that can be optimized and can reduced (what will happen with

power  losses,  the  load  in  the  individual  lines,  providing

symetrical load etc.)

6. Are the references appropriate?

The references are appropriate and are very well related

with the scope of the paper and journal

7.  Please include any additional  comments on the

tables and figures.

The tables and figures are readable and with a good quality

and resolution. Only figure 2 may be with a large size. All tables

may be combined to two (2) tables, according to that they have

small  numbers of  row and parameters and are related to one

object and consider only two methods (PSO and IPSO). Table 1

and table 2 may be comminated, also table 3 with table 4.
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generator scheduling method to meet energy demands with the

aim of minimizing the total production cost of power plants while

maintaining system stability, security, and reliability. This paper

proposes a new method to solve OPF by using incremental

particle swarm optimization (IPSO). IPSO is a new algorithm of

particle swarm optimization (PSO) that modifies the PSO

structure by increasing the particle size, where each particle
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resolved is the optimal power flow (OPF). OPF is an efficient

generator scheduling method to meet energy demands with the

aim of minimizing the total production cost of power plants while

maintaining system stability, security, and reliability. This paper

proposes a new method to solve OPF by using incremental

particle swarm optimization (IPSO). IPSO is a new algorithm of

particle swarm optimization (PSO) that modifies the PSO

structure by increasing the particle size, where each particle

changes its position to determine its optimal position. The

advantage of IPSO is that the population increases with each

iteration so that the optimization process becomes faster. The

results of the research on optimal power flow for energy

generation costs, system voltage stability, and losses obtained
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study per the comments raised. The authors can also
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Response to Reviewer 1 Comments 
 

The authors would like to thank the Editor and Reviewers. All the comments have been incorporated 

in the paper appropriately and below are the response to the reviewers’ comments. 

 

1. What is the main question addressed by the research? 

The main question is addressed in applying into electrical grid and its optimal power flow a new 

approach related with advanced incremental particle swarm optimization. I consider this as actual 

thematic, based on reducing the iteration and faster process.  

  

Response 1: Thank you for your comment. 

 

2. Do you consider the topic original or relevant in the field? Does it address a specific gap in the 

field? 

The topic is original and relevant into the scientific orientation of the journal (A: Sustainable Energy) 

  

Response 2: Thank you for your comment. 

 

3. What does it add to the subject area compared with other published material? 

The authors present a new approach into optimization in the electrical grid to reducing number of 

iterations and made a process faster. The authors applied this method into the IEEE 30-bus system. 

The authors apply a method which is typical for the nature and social learning into an electical grid, 

which is the new approach in the paper. The results are intresting, but they should be verified with a 

large number of technical objects and devices (I mean an electrical systems and grids, which are the 

main object in the paper). 

   

Response 3: In optimal power flow study, the main concern is in minimizing costs and power losses 

while maintaining the system voltage within its stability constraints. While the main advantage of 

IPSO compared to PSO is the smaller number of iterations. Therefore, these articles are shown in this 

study. 

 

4. What specific improvements should the authors consider regarding the methodology? What further 

controls should be considered? 

 As I mentioned above, the authors should not be limited their research into one technical object 

(in this case 30 identical buses). I will ask the authors – are the results be the same or similar, 

compared with results obtained using presented method for other technical devices (electrical grids, 

power generators, photovoltaic systems). 

In the new added section in the paper, authors should consider the application of the presented 

method to other technical objects as well. 

    



 

2 

Response 4: We have added a new paragraph elaborating the implementation of IPSO in other 

technical objects with their results as follow (lines 102-116): 

IPSO is an optimization technique where each particle changes its position to determine its optimal 

position. The advantage of IPSO is that the population size increases with each iteration so that the 

optimization process becomes faster. In the literature, there is not much research implementing this 

IPSO method. A work by [30] compared the performance of PSO and IPSO, and their experimental 

results showed that IPSO was able to obtain better and faster solutions than PSO. A paper by [31] 

designed an IIR system identification task with a robust distributed algorithm based on incremental 

PSO and the results showed excellent identification performance. A hybrid IPSO, ant colony 

optimization and K-means (IPSOAntK-means) algorithm was proposed for automatic flower 

boundary extraction and the results informed that this hybrid IPSO method was one of the best 

methods [32]. Economic dispatch was proposed using IPSO and deep learning (DL). The results show 

that IPSO required more time than DL but the optimization results of IPSO were better than DL [33]. 

Therefore, this paper proposes a novel method for OPF by using incremental particle swarm 

optimization and called IPSO-OPF. The proposed method is implemented in the IEEE 30-bus system. 

 

5. Are the conclusions consistent with the evidence and arguments presented and do they address the 

main question posed? 

The conclusions are well formulated but related only to dingle considered object. The authors 

mentioned only two factors (which are not unimportant), but by logical way, the following question 

arises: Are there other factors and parameters that can be optimized and can reduced (what will 

happen with power losses, the load in the individual lines, providing symetrical load etc.)  

   

Response 5: The response for this point is simlar to Response 3. In optimal power flow study, the 

main concern is in minimizing costs and power losses while maintaining the system voltage within 

its stability constraint. While the main advantage of IPSO compared to PSO is the smaller number of 

iterations. Therefore, these articles are explained in the conclusions. 

 

6. Are the references appropriate? 

 The references are appropriate and are very well related with the scope of the paper and journal 

    

Response 6: Thank you for your comment. 

 

7. Please include any additional comments on the tables and figures. 

 The tables and figures are readable and with a good quality and resolution. Only figure 2 may 

be with a large size. All tables may be combined to two (2) tables, according to that they have small 

numbers of row and parameters and are related to one object and consider only two methods (PSO 

and IPSO). Table 1 and table 2 may be comminated, also table 3 with table 4.  

   

Response 7: We have enlarged Figure 2. We also have merged Table 1 and 2; and Table 3 and 4. 
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Response to Reviewer 2 Comments 
 

The authors would like to thank the Editor and Reviewers. All the comments have been incorporated 

in the paper appropriately and below are the response to the reviewers’ comments. 

 

1-What are the novelty and advantages of your method? Please clarify What exactly is the purpose 

of this work?. 

 

Response 1: This paper proposes a new method for optimal power flow using incremental particle 

swarm optimization (IPSO). IPSO is the development of the meta-heuristic PSO method in which 

incremental social learning (ISL) is implemented into the PSO algorithm. ISL is stirred by the 

phenomenon of societal learning in the society of animals. In IPSO, the population size grows from 

iteration to iteration. When a new particle joins the population, its position is adjusted using a 

"societal learning" rule that persuades a preference towards the best particle. The advantage of IPSO 

is that the population increases with each iteration so that the optimization process becomes faster. 

Hence the novelty and purpose of this research is to improve the OPF optimization by implementing 

IPSO to obtain faster results. The simulation results using the IEEE 30-bus system show that the 

performance of IPSO-OPF is superior to conventional PSO-OPF in resolving the optimal power flow 

mainly because IPSO-OPF converges faster than conventional PSO-OPF. IPSO-OPF results in fewer 

iterations, lower active power loss, better system voltage profile, and lower generation costs than the 

PSO-OPF method. 

 

2- In the introduction, it is not enough to state the current work. It should be expanded and 

reconstructed. Including the motivation, the main work, and the improvements compared with 

previous related works should be emphasized in this section and explain how the present work defers 

from that published previously. 

 

Response 2: 

Considering suggestion from the reviewer, we have revised the introduction which included the 

motivation, the main work, and the improvements in the introduction. From the literature, there is 

no research on optimal power flow using of incremental particle swarm optimization (IPSO). Hence 

the motivation, the main work and the improvement in this paper is the implementation of 

incremental particle swarm optimization (IPSO) into the optimal power flow problem. IPSO is the 

development of the meta-heuristic PSO method in which incremental social learning (ISL) is 

implemented into the PSO algorithm. ISL is stirred by the phenomenon of societal learning in the 

society of animals. In IPSO, the population size grows from iteration to iteration. When a new particle 

joins the population, its position is adjusted using a "societal learning" rule that persuades a 

preference towards the best particle. The advantage of IPSO is that the population increases with each 

iteration so that the optimization process becomes faster. Hence the novelty and purpose of this 

research is to improve the OPF optimization by implementing IPSO to obtain faster results. The 

simulation results using the IEEE 30-bus system show that the performance of IPSO-OPF is superior 



 

2 

to conventional PSO-OPF in resolving the optimal power flow mainly because IPSO-OPF converges 

faster than conventional PSO-OPF. IPSO-OPF results in fewer iterations, lower active power loss, 

better system voltage profile, and lower generation costs than the PSO-OPF method. 

 

3- The literature review given in this paper is old to state the contribution of the present work, as 

there are recent controller that can deal with the same system which have been not added in your 

paper such as: 

[1] Al Alahmadi, A. A., Belkhier, Y., Ullah, N., Abeida, H., Soliman, M. S., Khraisat, Y. S. H., & Alharbi, 

Y. M. (2021). Hybrid wind/PV/battery energy management-based intelligent non-integer control for 

smart DC-microgrid of smart university. IEEE Access, 9, 98948-98961. 

[2] Althobaiti, Ahmed, et al. "Expert knowledge based proportional resonant controller for three 

phase inverter under abnormal grid conditions." International Journal of Green Energy (2022): 1-17. 

 

Response 3: We have added the above references into our paper. 

 

4- The motivation of the research is not clear and the innovation of the paper is insufficient, if it is not 

then these should be respectively given. 

 

Response 4: We consider the motivation of this research is clear and the innovation of the paper is 

insufficient. The detailed response for this comment is the same as the Response 2.   

 

5- The abstract and introduction is too short and a reader can't get full information of contribution. It 

must be revised. In particular, the last paragraph of the introduction should be seriously edited. 

 

Response 5: The abstract is limited to maximum 200 words, and our abstract consists of 183 words. 

We tried to keep the abstract below 200 words. 

We have added the last paragraph in the introduction as follow (lines 102-116): 

IPSO is an optimization technique where each particle changes its position to determine its optimal 

position. The advantage of IPSO is that the population size increases with each iteration so that the 

optimization process becomes faster. In the literature, there is not much research implementing this 

IPSO method. A work by [30] compared the performance of PSO and IPSO, and their experimental 

results showed that IPSO was able to obtain better and faster solutions than PSO. A paper by [31] 

designed an IIR system identification task with a robust distributed algorithm based on incremental 

PSO and the results showed excellent identification performance. A hybrid IPSO, ant colony 

optimization and K-means (IPSOAntK-means) algorithm was proposed for automatic flower 

boundary extraction and the results informed that this hybrid IPSO method was one of the best 

methods [32]. Economic dispatch was proposed using IPSO and deep learning (DL). The results show 

that IPSO required more time than DL but the optimization results of IPSO were better than DL [33]. 

Therefore, this paper proposes a novel method for OPF by using incremental particle swarm 

optimization and called IPSO-OPF. The proposed method is implemented in the IEEE 30-bus system. 

 

6-The recommended method should be presented in comparison with many other publications in the 

literature. 



 

3 

 

Response 6: We have not got any case study with the same system. The IEEE system used in some of 

the publications we found is different from the IEEE 30 bus system we used, so it is not possible to 

compare the results. Therefore, we only compare the results between IPSO and PSO. 

 

7- The authors need to give a mathematical analysis and proof of the stability and convergence 

properties of the proposed controller combined with the studied system. 

 

Response 7: We have provided the mathematical analysis and proof of the stability and convergence 

properties of the proposed controller combined with the studied system. 

The mathematical analysis is provided by Table 2. Table 2 shows a comparison of the generation costs 

between the IPSO-OPF method and the PSO-OPF method including a summary of the comparison 

of optimal power flow results between the IPSO-OPF and PSO-OPF methods with iteration, active 

power losses, and generation costs as parameters. By using the PSO-OPF method, the total power 

generated by generator one is 191.7 MW while the total power generated by generator two is 74.28 

MW with a total cost of generating using the PSO-OPF method of $14,331/h. Meanwhile, using the 

IPSO-OPF method, the power generated by generator one and generator two is 191.7 MW and 74.26 

MW, respectively. The total cost of generating the IPSO-OPF method is $14,330/h. Thus, it can be seen 

that by using the IPSO-OPF method, the generation cost obtained is slightly cheaper than the 

generation cost using the PSO-OPF method. 

The proof of the stability (in this case voltage stability) is shown in Figure 4. Figure 4 shows a 

comparison of the voltage profiles on each bus using the IPSO-OPF and PSO-OPF methods. It can be 

seen that the voltage magnitude obtained from the IPSO-OPF method on average is higher than the 

voltage magnitude using the PSO-OPF method, consequently in general the system voltage stability 

performance obtained using the IPSO-OPF method is better than the PSO-OPF method. 

The convergence properties of IPSO and PSO are shown in Figure 3. Figure 3 shows the comparison 

of the number of iterations between the PSO and IPSO methods in the optimal power flow in the 

IEEE 30-bus system. It can be seen that using the IPSO-OPF method in power flow optimization has 

a faster time to converge than the PSO-OPF method. Furthermore, the IPSO-OPF method obtained a 

convergent value of 12.56 MW of system active power losses in the 25th iteration, while the PSO-OPF 

method converged in the 69th iteration with the result of 12.58 MW of active power losses. Hence it 

can be seen that in determining active power losses, the minimum value is obtained using the IPSO-

OPF method with fewer iterations. 
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manuscript. The paper needs to be edited by a native English speaker. 

 

Response 1: The English languange in this paper has been re-checked and edited for improvement.  

 

2.      I suggest the authors revise the introduction of the study per the comments raised. The authors 

can also use the following points below as a guideline to help them come out with an interesting 

introduction that is more scientific. 

Background & Significance: (What general background does the reader need in order to understand 

the manuscript and how important is it in the context of scientific research). 
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Motivations & Objectives: (Why are you conducting the study and what are the goals to achieve?) 

 

Response 2: We have revised the introduction as follow:  

Background & Significance: The background and significance are provided in the introduction from 

line 28 to line 82 as follow: 

The optimal power flow (OPF) is a method for efficiently scheduling power plants with the aim of 

minimizing the total production costs of the power plants while maintaining the system safe and 

reliable and meeting the load demands by taking into account network losses and network 

constraints. OPF is one of the most essential studies in modern power systems operation to maintain 

and enhance system security, stability, and reliability. The OPF will decide the optimal operational 

settings of the electricity grid that are experiencing operational and physical obstacles. Then by using 

the optimization algorithm technique, elements that regulate the optimal point are expressed and 

formulated. The main intention of the OPF method is to determine the control variable settings and 

the equation system that optimizes the value of the objective functions. The selection of this function 

must be based on a cautious examination of the technical and economic aspects of the electric power 

system. Moreover, the rapid growth of the network and the need for efficiency in the electrical system 

make the system operators look for fast and efficient methods in the electric power system operation 

and planning. 

There are many methods for solving OPF problems, ranging from conventional methods, such as AC-

OPF [1], DC-OPF [2], SF-OPF [3, 4], and by using artificial intelligence or nature-inspired optimization 

techniques such as bat algorithms [5], particle swarm optimization [6], bacterial foraging method [7], 

whale optimization algorithm [8] artificial bee colony [9], differential search algorithm [10], grey wolf 
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optimizer and differential evolution [11], hunger games search (HGS) [12], moth swarm algorithm 

[13], gravitational search algorithm [14], teaching-learning-based optimization [15], circle search 

algorithm (CSA) [16], improved harmony search method [17], modified imperialist competitive 

algorithm [18], improved colliding bodies optimization algorithm [19], improved electromagnetism-

like mechanism method [20], Gbest guided artificial bee colony [21], Lévy mutation teaching–

learning-based optimization [22], and horse herd optimization [23]. A complete review of the most 

recent optimization techniques for OPF is presented in [24]. 

Meta-heuristic optimization approaches do not constantly assure obtaining an absolute optimum 

answer to the problem, but a rational solution that is close to a global ideal solution. Therefore, new 

algorithms are always being developed which are also motivated by the “No Free Lunch” theorem 

[25] that declares none optimization technique to be believed as the only preeminent method in 

solving all optimization problems. Some algorithms have succeeded in getting the optimum solution, 

but some algorithms are commonly slow in convergence. Some of these methods are easily trapped 

in the optimum locale or other words converge prematurely. Some stochastic algorithms have been 

demonstrated to be very successful in non-linear problems although they do not guarantee optimum 

global solutions within time limits. Optimization has been tried with many constraints by developing 

mathematical programming and modern heuristic search. The evolution of the search method is no 

stranger to solving mathematical functions. Natural selection and meta-heuristics are very useful for 

finding optimum global solutions. Specifically in the problem of OPF, since OPF is a vital and 

challenging issue in the operation of power systems and stability enhancement, power system 

researchers are continuously attracted to develop new algorithms for optimization or to enhance the 

existing approaches to acquire a more effective solution of OPF.  

 

Problem definition: One of the optimization methods that is often used to solve OPF problems is the 

particle swarm optimization (PSO) method [6, 26, 27]. The PSO method is an optimization technique 

based on the swarm population that utilizes the experience of the cognitive as well as social principles 

of each swarm particle. The advantages of the PSO algorithm are its simple concept, memory, and 

the initial population is preserved, based on ''productive teamwork'' among the particles, so it is easy 

to implement and computationally efficient. Nevertheless, the shortcoming of this algorithm is due 

to its fast convergence which sometimes, throughout the optimization procedure, PSO cannot find a 

wider solution space and results in a quick loss of diversity, which inevitably gets caught in local 

optima or unwanted prematurely converges, meaning to quickly find solutions to local solutions [28]. 

Hence we propose the IPSO as an improvement of the conventional PSO in solving OPF problem. 

 

Motivations & Objectives:  

We have included the motivation and objective in the introduction. From the literature, there is no 

research on optimal power flow using of incremental particle swarm optimization (IPSO). Hence the 

motivation and objective in this paper is the implementation of incremental particle swarm 

optimization (IPSO) into the optimal power flow problem. IPSO is the development of the meta-

heuristic PSO method in which incremental social learning (ISL) is implemented into the PSO 

algorithm. ISL is stirred by the phenomenon of societal learning in the society of animals. In IPSO, 

the population size grows from iteration to iteration. When a new particle joins the population, its 

position is adjusted using a "societal learning" rule that persuades a preference towards the best 
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particle. The advantage of IPSO is that the population increases with each iteration so that the 

optimization process becomes faster. Hence the novelty and purpose of this research is to improve 

the OPF optimization by implementing IPSO to obtain faster results. The simulation results using the 

IEEE 30-bus system show that the performance of IPSO-OPF is superior to conventional PSO-OPF in 

resolving the optimal power flow mainly because IPSO-OPF converges faster than conventional PSO-

OPF. IPSO-OPF results in fewer iterations, lower active power loss, better system voltage profile, and 

lower generation costs than the PSO-OPF method. 

 

3. I would like to suggest that authors should update the introduction, and results part. Specifically, 

the latest research trends, and in order to highlight the academic frontier of the research, the 

references of the recent year need to be referenced.  

 

Response 3: We have explained in the introduction the research trends in optimal power flow with 

various techniques that have been proposed.   

 

4. What is the methodological contribution of this paper? The author needs to pinpoint the exact 

methodological contribution of this present paper. 

 

Response 4: The methodological contribution of this paper is the development of a novel method for 

OPF by using incremental particle swarm optimization and called IPSO-OPF, where in IPSO, the size 

of the population raises over time. Once a new particle is inserted into the population, the position of 

the new particle is instigated using a "societal learning" instruction that will lead to a preference near 

the best particle. The simulation results show that the performance of IPSO-OPF is superior to 

conventional PSO-OPF in resolving the optimal power flow mainly because IPSO-OPF converges 

faster than conventional PSO-OPF. IPSO-OPF results in fewer iterations, lower active power loss, 

better system voltage profile, and lower generation costs than the PSO-OPF method. 
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Abstract: Since the power grid grows and the necessity for higher system efficiency is due to the 11 

increasing number of renewable energy penetration, power system operators need a fast and effi-12 

cient method of operating the power system. One of the main problems in a modern power system 13 

operation that needs to be resolved is the optimal power flow (OPF). OPF is an efficient generator 14 

scheduling method to meet energy demands with the aim of minimizing the total production cost 15 

of power plants while maintaining system stability, security, and reliability. This paper proposes a 16 

new method to solve OPF by using incremental particle swarm optimization (IPSO). IPSO is a new 17 

algorithm of particle swarm optimization (PSO) that modifies the PSO structure by increasing the 18 

particle size, where each particle changes its position to determine its optimal position. The ad-19 

vantage of IPSO is that the population increases with each iteration so that the optimization process 20 

becomes faster. The results of the research on optimal power flow for energy generation costs, sys-21 

tem voltage stability, and losses obtained by the IPSO method are superior to the conventional PSO 22 

method. 23 

Keywords: economic dispatch; generation cost; incremental particle swarm optimization; incremen-24 

tal social learning; optimal power flow; particle swarm optimization; voltage stability  25 

 26 

1. Introduction 27 

The optimal power flow (OPF) is a method for efficiently scheduling power plants 28 

with the aim of minimizing the total production costs of the power plants while maintain-29 

ing the system safe and reliable and meeting the load demands by taking into account 30 

network losses and network constraints. OPF is one of the most essential studies in the 31 

modern power systems operation to maintain and enhance system security, stability, and 32 

reliability. The OPF will decide the optimal operational settings of the electricity grid that 33 

are experiencing operational and physical obstacles. Then by using the optimization al-34 

gorithm technique, elements that regulate the optimal point are expressed and formu-35 

lated. The main intention of the OPF method is to determine the control variable settings 36 

and the equation system that optimizes the value of the objective functions. The selection 37 

of this function must be based on a cautious examination of the technical and economic 38 

aspects of the electric power system. Moreover, the rapid growth of the network and the 39 

need for efficiency in the electrical system make the system operators look for fast and 40 

efficient methods in the electric power system operation and planning. 41 

There are many methods for solving OPF problems, ranging from conventional 42 

methods, such as: AC-OPF [1], DC-OPF [2], SF-OPF [3, 4], and by using artificial intelli-43 

gence or nature-inspired optimization techniques such as: bat algorithms [5], particle 44 
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swarm optimization [6] , bacterial foraging method [7], whale optimization algorithm [8] 45 

artificial bee colony [9], differential search algorithm [10], grey wolf optimizer and differ-46 

ential evolution [11], hunger games search (HGS) [12], moth swarm algorithm [13], grav-47 

itational search algorithm [14], teaching-learning-based optimization [15], circle search al-48 

gorithm (CSA) [16], improved harmony search method [17], modified imperialist compet-49 

itive algorithm [18], improved colliding bodies optimization algorithm [19], improved 50 

electromagnetism-like mechanism method [20], Gbest guided artificial bee colony [21], 51 

Lévy mutation teaching–learning-based optimization [22], and horse herd optimization 52 

[23]. A complete review onf the most recent optimization techniques for OPF is presented 53 

in [24]. 54 

Meta-heuristic optimization approaches do not constantly assure to obtaining an ab-55 

solute optimum answer of to the problem, but a rational solution that is close to a global 56 

ideal solution. Therefore, new algorithms are always being developed which are also mo-57 

tivated by the “No Free Lunch” theorem [25] that declares none optimization technique 58 

to be believed as the only preeminent method in solving all optimization problems. Some 59 

algorithms have succeeded in getting the optimum solution, but some algorithms are 60 

commonly slow in convergence. Some of these methods are easily trapped in the optimum 61 

locale or other words converge prematurely. Some stochastic algorithms have been 62 

demonstrated to be very successful in non-linear problems although they do not guaran-63 

tee optimum global solutions within time limits. Optimization has been tried with many 64 

constraints by developing mathematical programming and modern heuristic search. The 65 

evolution of the search method is no stranger to solving mathematical functions. Natural 66 

selection and meta-heuristics are very useful for finding optimum global solutions. Spe-67 

cifically in the problem of OPF, since OPF is a vital and challenging issue in the operation 68 

of power systems and stability enhancement, power system researchers are continuously 69 

attracted to develop new algorithms for optimization or to enhance the existing ap-70 

proaches to acquire a more effective solution of OPF.  71 

One of the optimization methods that is often used to solve OPF problems is the par-72 

ticle swarm optimization (PSO) method [6, 26, 27]. The PSO method is an optimization 73 

technique based on the swarm population that utilizes the experience of the cognitive as 74 

well as social principles of each swarm particle. The advantages of the PSO algorithm are 75 

its simple concept, memory, and the initial population is preserved, based on ''productive 76 

teamwork'' among the particles, so it is easy to implement and computationally efficient. 77 

Nevertheless, the shortcoming of this algorithm is due to its fast convergence which some-78 

times, throughout the optimization procedure, PSO cannot find a wider solution space 79 

and results in a quick loss of diversity, which inevitably gets caught in local optima or 80 

unwanted prematurely converges, meaning to quickly find solutions to local solutions 81 

[28]. 82 

The concept of the meta-heuristic method is to make a trade-off between exploration 83 

and exploitation [13]. This technique starts with high exploration or high population di-84 

versity and then through the search process reduces its diversity. However, decreasing 85 

diversity will not always lead to worthy exploitation or rapid convergence. Therefore, the 86 

diversity of the population is still a trapped dilemma and requires careful and clever han-87 

dling. 88 

In a system consisting of many learning particles or agents, each particle/agent must 89 

not only familiarize itself with the characteristics of the environment but must also adjust 90 

itself with to variations of other particles’ behavior. This issue becomes crucial in research 91 

of swarm intelligence especially if a large particles quantity is engaged in the study be-92 

cause the learning process becomes more difficult. Therefore, to overcome this challenge, 93 

in this paper, we propose an approach based on rising population numbers because in 94 

some circumstances it can facilitate the scalability of the schemes composed of numerous 95 

learning particles. This technique is motivated by the societal learning prodigies of animal 96 

populations and is called incremental social learning (ISL) [29]. The ISL algorithm imple-97 

mented on PSO produces an IPSO (incremental particle swarm optimization) algorithm 98 
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where the size of the population raises over time. In IPSO, once a new particle is inserted 99 

into the population, the position of the new particle is instigated using a "societal learning" 100 

instruction that will lead to a preference near the best particle. 101 

IPSO is an optimization technique where each particle changes its position to deter-102 

mine its optimal position. The advantage of IPSO is that the population size increases with 103 

each iteration so that the optimization process becomes faster. In the literature, there areis 104 

not very few much research implementing this IPSO method. A work by [30] compared 105 

the performance of PSO and IPSO, and their experimental results showed that IPSO was 106 

able to obtain better and faster solutions than PSO. A paper by [31] designed an IIR system 107 

identification task with a robust distributed algorithm  based on incremental PSO and 108 

the results showed excellent identification performance. A hybrid IPSO, ant colony opti-109 

mization and K-means (IPSOAntK-means) algorithm was proposed for automatic flower 110 

boundary extraction and the results informed that this hybrid IPSO method was one of 111 

the best methods [32]. Economic dispatch was proposed using IPSO and deep learning 112 

(DL). The results show that IPSO required more time than DL but the optimization results 113 

of IPSO were better than DL [33]. Therefore, this paper proposes a novel method for OPF 114 

by using incremental particle swarm optimization and called IPSO-OPF. The proposed 115 

method is implemented inat the IEEE 30-bus system. 116 

The next section of this paper is structured as follows: Section 2 describes the objec-117 

tive functions and constraints in the optimal power flow. Section 3 outlines the proposed 118 

methodology of incremental particle swarm optimization. Section 4 provides the results 119 

and analysis then Section 5 concludes the key outcomes of this study. 120 

2. Optimal power flow 121 

Optimal power flow (OPF) is a study that analyses the optimum settings in an electric 122 

power system. OPF was initially proposed by Carpentier in 1962 and has gone through a 123 

long time to develop various methods of solving power flow problems that can be applied 124 

today. The main role of the OPF is to determine the optimum settings for the power sys-125 

tem [34]. The OPF optimizes objective functions that are problematic in the electric power 126 

system such as the total cost function of generation or economic dispatch, the network 127 

losses function, and the voltage deviation function on each bus by taking into account the 128 

limitations that exist in the operation of the equipment [2, 35, 36]. While optimizing the 129 

system’s objective function, OPF also maintains the system stability by keeping the system 130 

balance between electricity generation and consumption [37]. 131 

2.1 Objective functions 132 

In the multi-objective optimal power flow, there are several objective functions used, 133 

namely the generation cost function and the network losses function. 134 

2.1.1 The generation cost function 135 

The objective function of OPF, also known as economic dispatch, is to obtain a mini-136 

mization of generating fuel costs by not violating the security constraint of each generator. 137 

The generation cost function is a mathematical function modeling to be optimized. The 138 

objective function equation for the generation cost is a non-linear function. The minimum 139 

generation cost formulation is derived as follows, 140 

𝑀𝑖𝑛 𝐹 = ∑ 𝐹𝑖(𝑃𝐺𝑖)        

𝑁𝐺

𝑖=1

                                                         (1) 141 

𝐹(𝑃𝐺𝑖) = ∑ 𝛼𝑖 + 𝛽𝑖𝑃𝐺𝑖 + 𝛾𝑖(𝑃𝐺𝑖)2

𝑁𝐺

𝑖=1

                                                   (2) 142 

Where, 143 

𝐹  : total generation cost ($/h) 144 
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𝐹(𝑃𝐺𝑖)  : generation costs from the ith generator which is a function of the generating 145 

power output ($/h) 146 

𝑃𝐺𝑖 : the ith generator power output (MW) 147 

𝑁𝐺   : number of generating units 148 

𝛼𝑖 𝛽𝑖, 𝛾𝑖  : coefficient of generation cost. 149 

2.1.2 The network losses function 150 

With the network losses objective, all control settings are regulated to minimize the 151 

total active power losses. The network losses function is mathematical modeling to find 152 

the value of network losses in the electric power system. The network losses function is 153 

also a non-linear equation. The network losses function in the OPF problem is given in Eq. 154 

(3).  155 

𝑃𝑙𝑜𝑠𝑠𝑒𝑠 = ∑ 𝑔𝑘 [|𝑉𝑖|2 + |𝑉𝑗|
2

+ 2|𝑉𝑖||𝑉𝑗| cos(𝛿𝑖 − 𝛿𝑗)] 

𝑁𝑇𝐿

𝑘=1

                                 (3) 156 

Where, 157 

𝑃𝑙𝑜𝑠𝑠𝑒𝑠  : total network active power losses (MW) 158 

𝑁𝑇𝐿  : number of transmission lines in the system  159 

𝑔𝑘  : the conductance of the k-line connecting the i and j buses 160 

|𝑉𝑖|   : voltage magnitude on the ith bus  161 

|𝑉𝑗|   : voltage magnitude on the jth bus 162 

𝛿𝑖  : voltage angle of bus i 163 

𝛿𝑗   : voltage angle of bus j 164 

2.2 System constraints 165 

2.2.1 Equality constraints  166 

The equality constraint functions are formulated by a balance equation between 167 

losses, generating power, and power absorbed by the load as well as the active and reac-168 

tive power balance equations. Eqs. (4) – (8) provide the non-linear power flow equations 169 

that control the system, 170 

∑(𝑃𝐺𝑖) = 

𝑁𝐺

𝑖=1

𝑃𝑙𝑜𝑎𝑑 + 𝑃𝑙𝑜𝑠𝑠𝑒𝑠                                                          (4) 171 

∆𝑃𝑖  =  𝑃𝐺𝑖 − 𝑃𝐷𝑖                                                                   (5) 172 

∆𝑃𝑖  = ∑|𝑉𝑖||𝑉𝑗||𝑌𝑖𝑗|(𝜃𝑖𝑗  – 𝛿𝑖  +  𝛿𝑗)

𝑁

𝑗=1

                                                (6) 173 

∆𝑄𝑖  =  𝑄𝐺𝑖 − 𝑄𝐷𝑖                                                                  (7) 174 

∆𝑄𝑖  = ∑|𝑉𝑖||𝑉𝑗||𝑌𝑖𝑗|(𝜃𝑖𝑗  – 𝛿𝑖  +  𝛿𝑗)

𝑁

𝑗=1

                                              (8) 175 

Where, 176 

𝑃𝑙𝑜𝑎𝑑  : total system load (MW) 177 

∑ (𝑃𝐺𝑖) 
𝑁𝐺
𝑖=1   : total active power generation (MW) 178 

𝑃𝐺𝑖  : active power generation at bus i 179 

𝑃𝐷𝑖  : active power demand at bus i  180 

𝑄𝐺𝑖   : reactive power generation at bus i 181 

𝑄𝐷𝑖    : reactive load power at bus i 182 

|𝑌𝑖𝑗|  : the element of bus admittance matrix 𝑌𝑏𝑢𝑠  183 

𝜃𝑖𝑗  : the angle of ij element on 𝑌𝑏𝑢𝑠 184 

 185 

 186 



Energies 2022, 15, x FOR PEER REVIEW 5 of 15 
 

 

 187 

2.2.2 Inequality constraints 188 

The inequality constraints of the system are the formulation of continuous as well as 189 

discrete constraints that denote the security constraints and operational of the system 190 

which are as follows: 191 

1. The power plants constraints, which consist of active and reactive power outputs of 192 

the power plants, and voltages limited by minimum and maximum limits 193 

𝑃𝐺𝑖
𝑚𝑖𝑛 ≤ 𝑃𝐺𝑖 ≤ 𝑃𝐺𝑖

𝑚𝑎𝑥 ,      𝑖 = 1, … , 𝑁𝐺                                                  (9) 194 

𝑄𝐺𝑖
𝑚𝑖𝑛 ≤ 𝑄𝐺𝑖 ≤ 𝑄𝐺𝑖

𝑚𝑎𝑥 ,      𝑖 = 1, … , 𝑁𝐺                                               (10) 195 

|𝑉𝐺𝑖
𝑚𝑖𝑛| ≤ |𝑉𝐺𝑖| ≤ |𝑉𝐺𝑖

𝑚𝑎𝑥|,      𝑖 = 1, … , 𝑁𝐺                                           (11) 196 

Where 197 

𝑃𝐺𝑖
𝑚𝑖𝑛   : the minimum active power of the ith bus generator  198 

𝑃𝐺𝑖
𝑚𝑎𝑥   : the maximum active power of the ith bus generator 199 

𝑄𝐺𝑖
𝑚𝑖𝑛  : the minimum reactive power of the ith bus generator 200 

𝑄𝐺𝑖
𝑚𝑎𝑥   : the maximum reactive power of the ith bus generator 201 

|𝑉𝐺𝑖
𝑚𝑖𝑛|  : the minimum voltage magnitudes of the ith bus generator 202 

|𝑉𝐺𝑖
𝑚𝑎𝑥|  : the maximum voltage magnitudes of the ith bus generator 203 

𝑁𝐺  : number of generator buses 204 

2. Security constraints including the voltage magnitude limit of the load bus 205 

|𝑉𝐿𝑗
𝑚𝑖𝑛| ≤ |𝑉𝐿𝑗| ≤ |𝑉𝐿𝑗

𝑚𝑎𝑥|, 𝑗 = 1, … , 𝑁𝑙𝑜𝑎𝑑                                          (12) 206 

Where 207 

|𝑉𝐿𝑗
𝑚𝑖𝑛|  : the minimum voltage magnitudes of the jth load bus 208 

|𝑉𝐿𝑗
𝑚𝑎𝑥|  : the maximum voltage magnitudes of the jth load bus 209 

𝑁𝑙𝑜𝑎𝑑  : number of load buses 210 

3. The settings of the discrete transformer tap 211 

𝑇𝑇𝑖
𝑚𝑖𝑛 ≤ 𝑇𝑇𝑖 ≤ 𝑇𝑇𝑖

𝑚𝑎𝑥 ,      𝑖 = 1, … , 𝑁𝑇                                              (13) 212 

𝑁𝑇  : number of transformers 213 

4. The reactive power injection from compensators  214 

𝑄𝐶𝑖
𝑚𝑖𝑛 ≤ 𝑄𝐶𝑖 ≤ 𝑄𝐶𝑖

𝑚𝑎𝑥 ,      𝑖 = 1, … , 𝑁𝐶                                             (14) 215 

𝑁𝑇  : number of compensators 216 

5. The loading of the transmission lines 217 

𝑆𝑇𝐿𝑖 ≤ 𝑆𝑇𝐿𝑖
𝑚𝑎𝑥 ,      𝑖 = 1, … , 𝑁𝑇𝐿                                                   (15) 218 

3. Proposed Methodology: The Incremental Particle Swarm Optimization Based Opti-219 

mal Power Flow 220 

3.1 Incremental social learning (ISL) 221 

The iIncremental social learning (ISL) is usually applied in multi-agent algorithms. 222 

The basic concept of ISL is to add one agent or particle to a population according to its 223 

timetable [29]. The initial population comprises a little number of agents that allow the 224 

learning process to be carried out faster than the learning carried out by the larger popu-225 

lation. New agents that are added on schedule to a population can quickly learn socially 226 

from more experienced agents who have been in the population for some time. Then, 227 

gradually, new agents are added to the population, aiming to allocate the optimal number 228 

of agents needed to complete a particular task. New agents are able to learn and acquire 229 

understanding from more knowledgeable agents through this social learning, without the 230 

new agents needing to spend ‘money’ to get that knowledge. In this ISL, new agents can 231 

save time to learn new knowledge or to perform their duties. With the presence of a new 232 
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has a position denoted by 𝜒𝑖,𝑗
𝑡 , and a velocity symbolized by 𝑉𝑖,𝑗

𝑡  in an 𝑁-dimensional 252 

search space, where i represents the ith particle and 𝑁 represents the dimension of the 253 

space search or number of unknown variables in a system of nonlinear equations. The 254 

following are equations that describe the position 𝜒𝑖,𝑗
𝑡  and the velocity 𝑉𝑖,𝑗

𝑡 . 255 

𝜒𝑖,𝑗
𝑡 = 𝜒𝑖,1 

𝑡 , 𝜒𝑖,2
𝑡  , 𝜒𝑖,3

𝑡  , … , 𝜒𝑖,𝑁
𝑡                                                       (16) 256 

𝑉𝑖,𝑗
𝑡 = 𝑉𝑖,1 

𝑡 , 𝑉𝑖,2
𝑡  , 𝑉𝑖,3

𝑡  , … , 𝑉𝑖,𝑁
𝑡                                                        (17) 257 

Each particle will look for the optimum answer with the intelligence obtained from 258 

its own experience by traversing the dimensions of the search space. Then each particle 259 

will make adjustments to its own best position or best solution (local best or personal best 260 

- Pbest) and then acclimatizeing the position of the best particle from the best value or so-261 

lution from the entire population (global best - Gbest) whilst crisscrossing the search space. 262 

PSO does not have crosses between individuals and does not have mutations, and the 263 

existing particles are not replaced by other particles during the search process. In every 264 

iteration, the particle position which signifies the solution is assessed for its accomplish-265 

ment by incorporating its solution into the fitness function. Each particle is regarded as a 266 

spot in a particular dimension of space. The following equations are mathematical models 267 

that describe the mechanism for improving the state of the particle.  268 

𝑉𝑖,𝑗
𝑡+1 = 𝜓 𝑉𝑖,𝑗

𝑡 + 𝜇1𝜀1(Ψ𝑖,𝑗
𝑡 − 𝜒𝑖,𝑗

𝑡 ) + 𝜇2𝜀2(Υ𝑖,𝑗
𝑡 − 𝜒𝑖,𝑗

𝑡 )                                (18) 269 

𝜒𝑖,𝑗
𝑡+1 = 𝜒𝑖,𝑗

𝑡 + 𝑉𝑖,𝑗
𝑡+1                                                                (19) 270 

Where Ψ𝑖,𝑗
𝑡 = Ψ𝑖,1

𝑡  , Ψ𝑖,2
𝑡  , … , Ψ𝑖,𝑁

𝑡  represent the local best or personal best of the ith par-271 

ticle, Υ𝑖,𝑗
𝑡 = Υ𝑖,1

𝑡  , Υ𝑖,2
𝑡  , … , Υ𝑖,𝑁

𝑡  represent the global best from the whole flock, 𝜇1 and 𝜇2 are 272 

constants with the positive value which are normally called acceleration coefficients or 273 

learning factors or, 𝜀1 and 𝜀2  are positive random numbers between 0 and 1 produced 274 

at each iteration for each dimension, 𝜓 is an inertial parameter named the constriction 275 

factor which indicates the effect of changing velocity from the old vector to the new vector. 276 

Eq. (18) is employed to obtain the velocity of the new particle according to the preceding 277 

velocity, the distance between the present position and the local best position, and the 278 

current distance from the global best position. Then the particle flies to a new position 279 

based on Eq. (19). 280 

3.3 Implementation of incremental social learning into particle swarm optimization 281 
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dom position of the new particle ℘𝑚𝑜𝑑𝑒𝑙,𝑗 is the position of the model particle and 𝜏 is a 294 

homogenously dispersed random number between 0 and 1. After this rule is implemented 295 

for every dimension, the best position of the previous new particle is modified to the 296 

𝜒𝑛𝑒𝑤,𝑗
′  value and its velocity is arranged to zero. For all dimensions, the 𝜏 value is the 297 

same to confirm that the renewed position of the new particle will be in any place along-298 

side the vector of ℘𝑚𝑜𝑑𝑒𝑙,𝑗 − 𝜒𝑛𝑒𝑤,𝑗
′ . Finally, the new particle neighbors, namely the collec-299 

tion of particles that will receive information in the next iteration, are generated randomly, 300 

taking into account the topological connectivity level of the swarm population. 301 

3.4 Algorithm and flowchart of the proposed incremental PSO based OPF 302 

The computational steps to calculate the optimal power flow based on IPSO are de-303 

scribed in detail as follows and the flowchart can be seen in Figure 1. 304 

Step 1 : Input data of the system (generator cost function, network losses function, 305 

active power generation constraints, transmission line data, and bus data). 306 

Step 2 : Input IPSO variables (IPSO inertial weighting factor) 307 

Step 3 : Set the iteration equal to 1 308 

Step 4 : Generate population size 'N' where each particle in the IPSO algorithm is de-309 

termined by various control variables 310 

Step 5 : Initialize the resulting population as Pbest and eliminate the particles that do 311 

not satisfy the system inequality constraints 312 

Step 6 : Run the optimal power flow program for each particle 313 

Step 7 : Calculate and evaluate the fitness value for each particle and determine the 314 

Gbest value among all particles 315 

Step 8 : Calculate and update each particle’s velocity 316 

Step 9 : Adjust each particle’s position and eliminate the particles that do not meet the 317 

constraints. 318 

Step 10 : Assess the fitness value of the new population with Pbest then select the better 319 

particle that also satisfies the constraints 320 

Step 11 : Particles with higher fitness function values are designated as Pbest 321 

Step 12 : If iter < maximum iteration (itermax) then add a new particle into the popula-322 

tion whose position is adjusted according to the “rules of social learning” and 323 

go to Step 6 otherwise go to Step 13. 324 

Step 13 : Print the Gbest value that gives the optimal solution (minimum Plosses). 325 

4. Results and analysis 326 

This paper uses the IEEE 30-bus system [40] as the case study. The IEEE 30-bus power 327 

system consists of 2 power stations on buses 1 and 2. This system consists of 22 load points 328 

spread over each bus with a total load of 283.4 MW of active power and 126.2 MVAr of 329 

reactive power. Figure 2 shows the single-line diagram of the IEEE 30-bus system. 330 

 331 
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Figure 1. Flowchart of the optimal power flow based on incremental particle swarm optimization 333 

 334 

Table 1 shows the generation data contained in the IEEE 30-bus system consisting of 335 

active power and reactive power generated by the generator, minimum and maximum 336 

active and reactive power that can be generated by the generator also the generation co-337 

efficient of each generator. As for the voltage profile constraint on each bus, it is deter-338 

mined to be 0.95 p.u. as the lower limit and 1.05 p.u. as the upper limit. 339 

 340 
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Table 1 shows the generation data contained in the IEEE 30-bus system consisting of 355 

active power and reactive power generated by the generator, minimum and maximum 356 

active and reactive power that can be generated by the generator. As for the voltage profile 357 

constraint on each bus, it is determined to be 0.95 p.u. as the lower limit and 1.05 p.u. as 358 

the upper limit. Table 2 informs the generation coefficient of each generator in the IEEE 359 

30-bus system. 360 

 361 

Table 1. Generator data and cost coefficient [40] 362 

Bus 
𝑃𝐺𝑖  

(MW) 

𝑄𝐺𝑖  

(MVAr) 

Generator Constraints Generation cost coefficients 

𝑃𝐺𝑖
𝑚𝑎𝑥  𝑃𝐺𝑖

𝑚𝑖𝑛  𝑄𝐺𝑖
𝑚𝑎𝑥  𝑄𝐺𝑖

𝑚𝑖𝑛  𝛼𝑖   

($/h) 
𝛽𝑖 

($/MWh) 
𝛾𝑖  

($/MW2h) (MW) (MW) (MVAr) (MVAr) 

1 (Gen 1) 191.7 29 191.7 20 30 -10 1243.53 38.301 0.035 

2 (Gen 2) 40 10 140 5 50 -40 451.325 46.159 0.105 

 363 

 364 

Figure 3 shows the comparison of the number of iterations between the PSO and 365 

IPSO methods in the optimal power flow in the IEEE 30-bus system. It can be seen that 366 

using the IPSO-OPF method in power flow optimization has a faster time to converge than 367 

the PSO-OPF method. Furthermore, the IPSO-OPF method obtained a convergent value 368 

of 12.56 MW of system active power losses in the 25th iteration, while the PSO-OPF 369 

method converged in the 69th iteration with the result of 12.58 MW of active power losses. 370 

Hence it can be seen that in determining active power losses, the minimum value is ob-371 

tained using the IPSO-OPF method with fewer iterations. 372 

 373 

 374 

 375 

 376 

 377 

 378 

 379 
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 381 

 382 

Table 2. Generation cost coefficients 383 

Generator 𝛼𝑖   ($/h) 𝛽𝑖 ($/MWh) 𝛾𝑖  ($/MW2h) 

Bus 1/Gen 1 1243.53 38.301 0.035 

Bus 2/Gen 2 451.325 46.159 0.105 

 384 

In this study, the results of OPF based on IPSO are compared with conventional PSO. 385 

For OPF using the proposed method IPSO, it is named IPSO-OPF, and OPF using conven-386 

tional PSO is called PSO-OPF. The fundamental modification of IPSO from the PSO lies in 387 

the renewal of new particles. The update of new particles on PSO uses the constant 388 

chi=0.729, while the renewal of new particles on IPSO uses random numbers between 0 389 

and 1. This difference affects the speed of obtaining the best fitness. 390 

Figure 3 shows the comparison of the number of iterations between the PSO and 391 

IPSO methods in the optimal power flow in the IEEE 30-bus system. It can be seen that 392 

using the IPSO-OPF method in power flow optimization has a faster time to converge than 393 

the PSO-OPF method. Furthermore, the IPSO-OPF method obtained a convergent value 394 

of 12.56 MW of system active power losses in the 25th iteration, while the PSO-OPF 395 

method converged on the 69th iteration with the result of 12.58 MW of active power losses. 396 
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Figure 3. Number of iterations by using (a) PSO-OPF method (b) IPSO-OPF method 449 

Table 3 2 shows a comparison of the generation costs between the IPSO-OPF method 450 

and the PSO-OPF method including a summary of the comparison of optimal power flow 451 

results between the IPSO-OPF and PSO-OPF methods with iteration, active power losses, 452 
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Table 4 shows a summary of the comparison of optimal power flow results between 461 
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costs as parameters. It can be seen from Table 2 that the IPSO-OPF method converges 463 

faster at the 25th iteration than the PSO-OPF method which converges at the 69th iteration. 464 

The active power losses obtained using the IPSO-OPF method are also lesser than the PSO-465 

OPF method. As for the cost of generation, the IPSO-OPF method also produces a gener-466 

ation cost that is cheaper than the cost of generating the PSO-OPF method. Therefore, 467 
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Table 3. Comparison of the generation costs of PSO-OPF and IPSO-OPF methods 471 

Methods 
Active power (MW) Cost  ($/h) Active power 

losses (MW) 

Total Cost 

($/h) 

Number of 

iterations Gen 1 Gen 2 Gen 1 Gen 2 

PSO 191.7 74.28 9,872 4,459 12.58 14,331 69 

IPSO 191.7 74.26 9,872 4,458 12.56 14,330 25 

 472 

Figure 4 shows a comparison of the voltage profiles on each bus using the IPSO-OPF 473 

and PSO-OPF methods. It can be seen that the voltage magnitude obtained from the IPSO-474 

OPF method on average is higher than the voltage magnitude using the PSO-OPF method, 475 

soconsequently that in general the system voltage stability performance obtained using 476 

the IPSO-OPF method is better than the PSO-OPF method.  477 
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Table 4 shows a summary of the comparison of optimal power flow results between 491 
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method. As for the cost of generation, the IPSO-OPF method also produces a generation 496 

cost that is cheaper than the cost of generating the PSO-OPF method. Therefore, overall, 497 
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power flow especially since IPSO-OPF converges faster than the conventional PSO-OPF. 499 

Table 4. Performance comparison between the PSO-OPF and the IPSO-OPF methods 500 

Parameter PSO IPSO 

Number of iterations 69 25 

Active power losses 12.58 MW 12.56 MW 

Generation cost $ 14,331/h $ 14,330/h 

 501 

Voltage magnitudes, active power losses, and generation costs between the IPSO-502 

OPF and PSO-OPF methods have values that are not much different. This is because the 503 

fundamental difference between the two methods is in the iteration speed to obtain a con-504 

vergent value. 505 

 506 

5. Conclusions 507 

This paper proposes a new method for optimal power flow using incremental parti-508 

cle swarm optimization (IPSO). IPSO is the development of the meta-heuristic PSO 509 

method in which incremental social learning (ISL) is implemented into the PSO algorithm. 510 

ISL is stirred by the phenomenon of societal learning in the society of animals. In IPSO, 511 

the population size grows from iteration to iteration. When a new particle joins the popu-512 

lation, its position is adjusted using a "societal learning" rule that persuades a preference 513 

towards the best particle. The advantage of IPSO is that the population increases with 514 

each iteration so that the optimization process becomes faster. The simulation results us-515 

ing the IEEE 30-bus system show that the performance of IPSO-OPF is superior to con-516 

ventional PSO-OPF in resolving the optimal power flow mainly because IPSO-OPF con-517 

verges faster than conventional PSO-OPF. IPSO-OPF results in fewer iterations, lower ac-518 

tive power loss, better system voltage profile, and lower generation costs than the PSO-519 

OPF method. 520 
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Abstract: Since the power grid grows and the necessity for higher system efficiency is due to the 

increasing number of renewable energy penetrations, power system operators need a fast and effi-

cient method of operating the power system. One of the main problems in a modern power system 

operation that needs to be resolved is optimal power flow (OPF). OPF is an efficient generator sched-

uling method to meet energy demands with the aim of minimizing the total production cost of 

power plants while maintaining system stability, security, and reliability. This paper proposes a 

new method to solve OPF by using incremental particle swarm optimization (IPSO). IPSO is a new 

algorithm of particle swarm optimization (PSO) that modifies the PSO structure by increasing the 

particle size, where each particle changes its position to determine its optimal position. The ad-

vantage of IPSO is that the population increases with each iteration so that the optimization process 

becomes faster. The results of the research on optimal power flow for energy generation costs, sys-

tem voltage stability, and losses obtained by the IPSO method are superior to the conventional PSO 

method. 

Keywords: economic dispatch; generation cost; incremental particle swarm optimization;  

incremental social learning; optimal power flow; particle swarm optimization; voltage stability 

 

1. Introduction 

Optimal power flow (OPF) is a method for efficiently scheduling power plants with 

the aim of minimizing the total production costs of the power plants while keeping the 

system safe and reliable and meeting the load demands by considering network losses 

and network constraints. OPF is one of the most essential studies in modern power sys-

tems operation to maintain and enhance system security, stability, and reliability. OPF 

will decide the optimal operational settings of the electricity grid that are experiencing 

operational and physical obstacles. Then by using the optimization algorithm technique, 

elements that regulate the optimal point are expressed and formulated. The main inten-

tion of the OPF method is to determine the control variable settings and the equation sys-

tem that optimizes the value of the objective functions. The selection of this function must 

be based on a cautious examination of the technical and economic aspects of the electric 

power system. Moreover, the rapid growth of the network and the need for efficiency in 

the electrical system make the system operators look for fast and efficient methods in the 

electric power system operation and planning. 

There are many methods for solving OPF problems, ranging from conventional 

methods, such as AC-OPF [1], DC-OPF [2], and SF-OPF [3,4], to using artificial intelligence 
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or nature-inspired optimization techniques, such as bat algorithms [5], particle swarm op-

timization [6], bacterial foraging method [7], whale optimization algorithm [8], artificial 

bee colony [9], differential search algorithm [10], grey wolf optimizer and differential evo-

lution [11], hunger games search (HGS) [12], moth swarm algorithm [13], gravitational 

search algorithm [14], teaching-learning-based optimization [15], circle search algorithm 

(CSA) [16], improved harmony search method [17], modified imperialist competitive al-

gorithm [18], improved colliding bodies optimization algorithm [19], improved electro-

magnetism-like mechanism method [20], Gbest guided artificial bee colony [21], Lévy mu-

tation teaching–learning–based optimization [22], and horse herd optimization [23]. A 

complete review of the most recent optimization techniques for OPF is presented in [24]. 

Metaheuristic optimization approaches do not constantly assure obtaining an abso-

lute optimum answer to the problem, but a rational solution that is close to a global ideal 

solution. Therefore, new algorithms are always being developed, which are also moti-

vated by the “No Free Lunch” theorem [25] that declares no optimization technique to be 

believed as the only pre-eminent method in solving all optimization problems. Some al-

gorithms have succeeded in obtaining the optimum solution, but some algorithms are 

commonly slow in convergence. Some of these methods are easily trapped in the optimum 

locale, or other words converge prematurely. Some stochastic algorithms have been 

demonstrated to be very successful in nonlinear problems, although they do not guaran-

tee optimum global solutions within time limits. Optimization has been tried with many 

constraints by developing mathematical programming and modern heuristic search. The 

evolution of the search method is no stranger to solving mathematical functions. Natural 

selection and metaheuristics are very useful for finding optimum global solutions. Specif-

ically in the problem of OPF, since OPF is a vital and challenging issue in the operation of 

power systems and stability enhancement, power system researchers are continuously at-

tracted to develop new algorithms for optimization or to enhance the existing approaches 

to acquire a more effective solution of OPF. 

One of the optimization methods often used to solve OPF problems is the particle 

swarm optimization (PSO) method [6,26,27]. The PSO method is an optimization tech-

nique based on the swarm population that utilizes the experience of the cognitive and 

social principles of each swarm particle. The advantages of the PSO algorithm are its sim-

ple concept and memory, and the initial population is preserved, based on a “productive 

teamwork” among particles, so it is easy to implement and computationally efficient. Nev-

ertheless, the shortcoming of this algorithm is due to its fast convergence, in which some-

times, throughout the optimization procedure, PSO cannot find a wider solution space 

and results in a quick loss of diversity, which inevitably becomes caught in local optima 

or unwanted premature converges, meaning quickly finding solutions to local solutions 

[28]. 

The concept of the metaheuristic method is to make a trade-off between exploration 

and exploitation [13]. This technique starts with high exploration or high population di-

versity and then, through the search process, reduces its diversity. However, decreasing 

diversity will not always lead to worthy exploitation or rapid convergence. Therefore, the 

diversity of the population is still a trapped dilemma and requires careful and clever han-

dling. 

In a system consisting of many learning particles or agents, each particle/agent not 

only must familiarize itself with the characteristics of the environment but also must ad-

just itself to variations of other particles’ behavior. This issue becomes crucial in the re-

search of swarm intelligence especially if a large particle quantity is engaged in the study 

because the learning process becomes more difficult. Therefore, to overcome this chal-

lenge, in this paper, we propose an approach based on rising population numbers because 

in some circumstances, it can facilitate the scalability of the schemes composed of numer-

ous learning particles. This technique is motivated by the societal learning prodigies of 

animal populations and is called incremental social learning (ISL) [29]. The ISL algorithm 
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implemented on PSO produces an IPSO (incremental particle swarm optimization) algo-

rithm, where the size of the population rises over time. In IPSO, once a new particle is 

inserted into the population, the position of the new particle is instigated using a “societal 

learning” instruction that will lead to a preference near the best particle. 

IPSO is an optimization technique where each particle changes its position to deter-

mine its optimal position. The advantage of IPSO is that the population size increases with 

each iteration so that the optimization process becomes faster. In the literature, there is 

not much research implementing this IPSO method. A work by [30] compared the perfor-

mance of PSO and IPSO, and their experimental results showed that IPSO was able to 

obtain better and faster solutions than PSO. A paper by [31] designed an IIR system iden-

tification task with a robust distributed algorithm based on incremental PSO, and the re-

sults showed excellent identification performance. A hybrid IPSO, ant colony optimiza-

tion, and K-means (IPSOAntK-means) algorithm was proposed for automatic flower 

boundary extraction, and the results informed that this hybrid IPSO method was one of 

the best methods [32]. Economic dispatch was proposed using IPSO and deep learning 

(DL). The result was that IPSO required more time than DL, but the results of IPSO were 

better than DL [33]. Therefore, this paper proposes a novel method for OPF by using in-

cremental particle swarm optimization, called IPSO-OPF. The proposed method is imple-

mented in the IEEE 30-bus system. 

The next section of this paper is structured as follows: Section 2 describes the objec-

tive functions and constraints in the optimal power flow. Section 3 outlines the proposed 

methodology of incremental particle swarm optimization. Section 4 provides the results 

and analysis; then Section 5 concludes the key outcomes of this study. 

2. Optimal Power Flow 

Optimal power flow (OPF) is a study that analyses the optimum settings in an electric 

power system. OPF was initially proposed by Carpentier in 1962 and has gone through a 

long time to develop various methods of solving power flow problems that can be applied 

today. The main role of OPF is to determine the optimum settings for the power system 

[34]. OPF optimizes objective functions that are problematic in the electric power system, 

such as the total cost function of generation or economic dispatch, the network losses func-

tion, and the voltage deviation function on each bus by taking into account the limitations 

that exist in the operation of the equipment [2,35,36]. While optimizing the system’s ob-

jective function, OPF also maintains the system stability by keeping the system balance 

between electricity generation and consumption [37]. 

2.1. Objective Functions 

In the multi-objective optimal power flow, there are several objective functions used, 

namely the generation cost function and the network losses function. 

2.1.1. The Generation Cost Function 

The objective function of OPF, also known as economic dispatch, is to obtain a mini-

mization of generating fuel costs by not violating the security constraint of each generator. 

The generation cost function is a mathematical function modeling to be optimized. The 

objective function equation for the generation cost is a nonlinear function. The minimum 

generation cost formulation is derived as follows: 

𝑀𝑖𝑛 𝐹 = ∑ 𝐹𝑖(𝑃𝐺𝑖)        

𝑁𝐺

𝑖=1

   (1) 

𝐹(𝑃𝐺𝑖) = ∑ 𝛼𝑖 + 𝛽𝑖𝑃𝐺𝑖 + 𝛾𝑖(𝑃𝐺𝑖)2

𝑁𝐺

𝑖=1

         (2) 
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where, 

𝐹  : total generation cost ($/h) 

𝐹(𝑃𝐺𝑖)  : generation costs from the ith generator, which is a function of the generating 

power output ($/h) 

𝑃𝐺𝑖 : the ith generator power output (MW) 

𝑁𝐺   : number of generating units 

𝛼𝑖 𝛽𝑖, 𝛾𝑖  : coefficient of generation cost. 

2.1.2. The Network Losses Function 

With the network losses objective, all control settings are regulated to minimize the 

total active power losses. The network losses function is a mathematical modeling to find 

the value of network losses in the electric power system. The network losses function is 

also a nonlinear equation. The network losses function in the OPF problem is given in 

Equation (3): 

𝑃𝑙𝑜𝑠𝑠𝑒𝑠 = ∑ 𝑔𝑘 [|𝑉𝑖|2 + |𝑉𝑗|
2

+ 2|𝑉𝑖||𝑉𝑗| cos(𝛿𝑖 − 𝛿𝑗)] 

𝑁𝑇𝐿

𝑘=1

   (3) 

where 

𝑃𝑙𝑜𝑠𝑠𝑒𝑠  : total network active power losses (MW) 

𝑁𝑇𝐿  : number of transmission lines in the system 

𝑔𝑘  : the conductance of the k-line connecting the i and j buses 
|𝑉𝑖|  : voltage magnitude on the ith bus 
|𝑉𝑗|  : voltage magnitude on the jth bus 

𝛿𝑖  : voltage angle of bus i 
𝛿𝑗  : voltage angle of bus j 

2.2. System Constraints 

2.2.1. Equality Constraints 

The equality constraint functions are formulated by a balance equation between 

losses, generating power, and power absorbed by the load as well as the active and reac-

tive power balance equations. Equations (4)–(8) provide the nonlinear power flow equa-

tions that control the system: 

∑(𝑃𝐺𝑖) = 

𝑁𝐺

𝑖=1

𝑃𝑙𝑜𝑎𝑑 + 𝑃𝑙𝑜𝑠𝑠𝑒𝑠   (4) 

∆𝑃𝑖  =  𝑃𝐺𝑖 − 𝑃𝐷𝑖       (5) 

∆𝑃𝑖  = ∑|𝑉𝑖||𝑉𝑗||𝑌𝑖𝑗|(𝜃𝑖𝑗  −  𝛿𝑖  +  𝛿𝑗)

𝑁

𝑗=1

   (6) 

∆𝑄𝑖  =  𝑄𝐺𝑖 − 𝑄𝐷𝑖      (7) 

∆𝑄𝑖  = ∑|𝑉𝑖||𝑉𝑗||𝑌𝑖𝑗|(𝜃𝑖𝑗  −  𝛿𝑖  +  𝛿𝑗)

𝑁

𝑗=1

 (8) 

where 

𝑃𝑙𝑜𝑎𝑑  : total system load (MW) 

∑ (𝑃𝐺𝑖) 
𝑁𝐺
𝑖=1   : total active power generation (MW) 

𝑃𝐺𝑖  : active power generation at bus i 

𝑃𝐷𝑖  : active power demand at bus i 

𝑄𝐺𝑖   : reactive power generation at bus i 
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𝑄𝐷𝑖   : reactive load power at bus i 

|𝑌𝑖𝑗|  : the element of bus admittance matrix 𝑌𝑏𝑢𝑠 

𝜃𝑖𝑗  : the angle of ij element on 𝑌𝑏𝑢𝑠 

2.2.2. Inequality Constraints 

The inequality constraints of the system are the formulation of continuous and dis-

crete constraints that denote the security and operational constraints of the system, which 

are as follows: 

1. The power plant constraints, which consist of active and reactive power outputs of 

the power plants, and voltages limited by minimum and maximum limits: 

𝑃𝐺𝑖
𝑚𝑖𝑛 ≤ 𝑃𝐺𝑖 ≤ 𝑃𝐺𝑖

𝑚𝑎𝑥 ,      𝑖 = 1, … , 𝑁𝐺        (9) 

𝑄𝐺𝑖
𝑚𝑖𝑛 ≤ 𝑄𝐺𝑖 ≤ 𝑄𝐺𝑖

𝑚𝑎𝑥 ,      𝑖 = 1, … , 𝑁𝐺           (10) 

|𝑉𝐺𝑖
𝑚𝑖𝑛| ≤ |𝑉𝐺𝑖| ≤ |𝑉𝐺𝑖

𝑚𝑎𝑥|,      𝑖 = 1, … , 𝑁𝐺  (11) 

where 

𝑃𝐺𝑖
𝑚𝑖𝑛   : the minimum active power of the ith bus generator 

𝑃𝐺𝑖
𝑚𝑎𝑥   : the maximum active power of the ith bus generator 

𝑄𝐺𝑖
𝑚𝑖𝑛 : the minimum reactive power of the ith bus generator 

𝑄𝐺𝑖
𝑚𝑎𝑥   : the maximum reactive power of the ith bus generator 

|𝑉𝐺𝑖
𝑚𝑖𝑛|  : the minimum voltage magnitudes of the ith bus generator 

|𝑉𝐺𝑖
𝑚𝑎𝑥|  : the maximum voltage magnitudes of the ith bus generator 

𝑁𝐺  : number of generator buses 

2. Security constraints including the voltage magnitude limit of the load bus: 

|𝑉𝐿𝑗
𝑚𝑖𝑛| ≤ |𝑉𝐿𝑗| ≤ |𝑉𝐿𝑗

𝑚𝑎𝑥|, 𝑗 = 1, … , 𝑁𝑙𝑜𝑎𝑑    (12) 

where 

|𝑉𝐿𝑗
𝑚𝑖𝑛|  : the minimum voltage magnitudes of the jth load bus 

|𝑉𝐿𝑗
𝑚𝑎𝑥|  : the maximum voltage magnitudes of the jth load bus 

𝑁𝑙𝑜𝑎𝑑  : number of load buses 

3. The settings of the discrete transformer tap 

𝑇𝑇𝑖
𝑚𝑖𝑛 ≤ 𝑇𝑇𝑖 ≤ 𝑇𝑇𝑖

𝑚𝑎𝑥 ,      𝑖 = 1, … , 𝑁𝑇 (13) 

𝑁𝑇  : number of transformers 

4. The reactive power injection from compensators 

𝑄𝐶𝑖
𝑚𝑖𝑛 ≤ 𝑄𝐶𝑖 ≤ 𝑄𝐶𝑖

𝑚𝑎𝑥 ,      𝑖 = 1, … , 𝑁𝐶 (14) 

𝑁𝑇  : number of compensators 

5. The loading of the transmission lines: 

𝑆𝑇𝐿𝑖 ≤ 𝑆𝑇𝐿𝑖
𝑚𝑎𝑥 ,      𝑖 = 1, … , 𝑁𝑇𝐿      (15) 

3. Proposed Methodology: The Incremental Particle Swarm Optimization–Based Opti-

mal Power Flow 

3.1. Incremental Social Learning (ISL) 

Incremental social learning (ISL) is usually applied in multiagent algorithms. The 

basic concept of ISL is to add one agent or particle to a population according to its timeta-

ble [29]. The initial population comprises a small number of agents that allow the learning 

process to be carried out faster than the learning carried out by the larger population. New 

agents that are added on schedule to a population can quickly learn socially from more 
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experienced agents who have been in the population for some time. Then, gradually, new 

agents are added to the population, aiming to allocate the optimal number of agents 

needed to complete a particular task. New agents can learn and acquire understanding 

from more knowledgeable agents through this social learning, without the new agents 

needing to spend “money” to obtain that knowledge. In this ISL, new agents can save time 

to learn new knowledge or to perform their duties. With the presence of a new agent in 

the inhabitants, the population will then adapt to new circumstances, but existing agents 

who have become part of the population do not need to be trained on the whole thing 

from the beginning. 

3.2. Particle Swarm Optimization 

Particle swarm optimization (PSO) is a metaheuristic method developed by Eberhart 

and Kennedy [38]. The meaning of swarm in PSO is individuals who flock together as in 

groups of birds or fish. PSO is a part of an evolutionary model algorithm inspired by the 

activities of flocks of birds and schools of fish in search of prey, where a flock does not 

have a front-runner to look for their food, so they will disperse to search for food in an 

unsystematic way. 

In the PSO algorithm, the process of finding a solution is performed by a population 

containing some particles [39]. PSO is an optimization technique with a concept of popu-

lation-based activities in a food-searching procedure where each individual is called a 

particle. Every particle will adjust its position with respect to time. PSO consists of an 

intelligent population within a given search space. The population is produced unsystem-

atically with the lowest and the largest value. PSO is composed of particles traveling in 

the search space. Each individual particle signifies the position and location of the obsta-

cle. Each particle travels around a multidimensional search space and adjusts its position 

according to its own individual experience and the near particle’s experience. Each parti-

cle has a position denoted by 𝜒𝑖,𝑗
𝑡  and a velocity symbolized by 𝑉𝑖,𝑗

𝑡  in an 𝑁-dimensional 

search space, where i represents the ith particle and 𝑁 represents the dimension of the 

space search or the number of unknown variables in a system of nonlinear equations. The 
following are equations that describe the position 𝜒𝑖,𝑗

𝑡  and the velocity 𝑉𝑖,𝑗
𝑡 : 

𝜒𝑖,𝑗
𝑡 = 𝜒𝑖,1 

𝑡 , 𝜒𝑖,2
𝑡  , 𝜒𝑖,3

𝑡  , … , 𝜒𝑖,𝑁
𝑡  (16) 

𝑉𝑖,𝑗
𝑡 = 𝑉𝑖,1 

𝑡 , 𝑉𝑖,2
𝑡  , 𝑉𝑖,3

𝑡  , … , 𝑉𝑖,𝑁
𝑡  (17) 

Each particle will look for the optimum answer with the intelligence obtained from 

its own experience by traversing the dimensions of the search space. Then each particle 

will adjust its own best position or best solution (local best or personal best—Pbest) and 

then acclimatize the position of the best particle from the best value or solution from the 

entire population (global best—Gbest) while crisscrossing the search space. PSO does not 

have crosses between individuals and does not have mutations, and the existing particles 

are not replaced by other particles during the search process. In every iteration, the parti-

cle position that signifies the solution is assessed for its accomplishment by incorporating 

its solution into the fitness function. Each particle is regarded as a spot in a particular 

dimension of space. The following equations are mathematical models that describe the 

mechanism for improving the state of the particle: 

𝑉𝑖,𝑗
𝑡+1 = 𝜓 𝑉𝑖,𝑗

𝑡 + 𝜇1𝜀1(Ψ𝑖,𝑗
𝑡 − 𝜒𝑖,𝑗

𝑡 ) + 𝜇2𝜀2(Υ𝑖,𝑗
𝑡 − 𝜒𝑖,𝑗

𝑡 ) (18) 

𝜒𝑖,𝑗
𝑡+1 = 𝜒𝑖,𝑗

𝑡 + 𝑉𝑖,𝑗
𝑡+1 (19) 

where Ψ𝑖,𝑗
𝑡 = Ψ𝑖,1

𝑡  , Ψ𝑖,2
𝑡  , … , Ψ𝑖,𝑁

𝑡  represent the local best or personal best of the ith particle; 

Υ𝑖,𝑗
𝑡 = Υ𝑖,1

𝑡  , Υ𝑖,2
𝑡  , … , Υ𝑖,𝑁

𝑡  represent the global best from the whole flock; 𝜇1 and 𝜇2 are con-

stants with the positive value, which are normally called acceleration coefficients or learn-

ing factors; 𝜀1 and 𝜀2 are positive random numbers between 0 and 1 produced at each 

iteration for each dimension; and 𝜓 is an inertial parameter named the constriction factor, 
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which indicates the effect of changing velocity from the old vector to the new vector. Equa-

tion (18) is employed to obtain the velocity of the new particle according to the preceding 

velocity, the distance between the present position and the local best position, and the 

current distance from the global best position. Then the particle flies to a new position 

based on Equation (19). 

3.3. Implementation of Incremental Social Learning into Particle Swarm Optimization 

The implementation of ISL into the PSO algorithm is called incremental particle 

swarm optimization (IPSO). In ISL, each time a new agent joins the population, the new 

member must study socially from a more experienced division of agents. In the IPSO al-

gorithm, when a new agent or particle is entered into a population, the position of this 

new member is adjusted using information from agents who are already part of that pop-

ulation by “social learning” rules. 

This process is applied as an initialization instruction that transfers a new particle 

from a randomly generated original position in the search space to a position closer to the 

particle position, which serves as a “model” for the new particle to emulate [29]. The rules 

for initializing the jth dimension of the new particle can be seen in the following equation: 

𝜒𝑛𝑒𝑤,𝑗
′ = 𝜒𝑛𝑒𝑤,𝑗 + 𝜏(℘𝑚𝑜𝑑𝑒𝑙,𝑗 − 𝜒𝑛𝑒𝑤,𝑗) (10) 

where 𝜒𝑛𝑒𝑤,𝑗
′  is the regenerated position of the new particle, 𝜒𝑛𝑒𝑤,𝑗 is the initial random 

position of the new particle, ℘𝑚𝑜𝑑𝑒𝑙,𝑗 is the position of the model particle, and 𝜏 is a ho-

mogenously dispersed random number between 0 and 1. After this rule is implemented 

for every dimension, the best position of the previous new particle is modified to the 
𝜒𝑛𝑒𝑤,𝑗

′  value, and its velocity is arranged to zero. For all dimensions, the 𝜏 value is the 

same to confirm that the renewed position of the new particle will be in any place along-
side the vector of ℘𝑚𝑜𝑑𝑒𝑙,𝑗 − 𝜒𝑛𝑒𝑤,𝑗

′ . Finally, the new particle neighbors, namely, the col-

lection of particles that will receive information in the next iteration, are generated ran-

domly, taking into account the topological connectivity level of the swarm population. 

3.4. Algorithm and Flowchart of the Proposed Incremental PSO-Based OPF 

The computational steps to calculate the optimal power flow based on IPSO are de-

scribed in detail as follows, and the flowchart can be seen in Figure 1: 

Step 1 : Input data of the system (generator cost function, network losses function, 

active power generation constraints, transmission line data, and bus data) 

Step 2 : Input IPSO variables (IPSO inertial weighting factor) 

Step 3 : Set the iteration equal to 1 

Step 4 : Generate population size “N” where each particle in the IPSO algorithm is 

determined by various control variables 

Step 5 : Initialize the resulting population as Pbest and eliminate the particles that do 

not satisfy the system inequality constraints 

Step 6 : Run the optimal power flow program for each particle 

Step 7 : Calculate and evaluate the fitness value for each particle and determine the 

Gbest value among all particles 

Step 8 : Calculate and update each particle’s velocity 

Step 9 : Adjust each particle’s position and eliminate the particles that do not meet the 

constraints. 

Step 10 : Assess the fitness value of the new population with Pbest; then select the better 

particle that also satisfies the constraints 

Step 11 : Particles with higher fitness function values are designated as Pbest 

Step 12 : If iter < maximum iteration (itermax), then add a new particle into the popula-

tion whose position is adjusted according to the “rules of social learning” and 

go to Step 6; otherwise, go to Step 13. 

Step 13 : Print the Gbest value that gives the optimal solution (minimum Plosses). 
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Figure 1. Flowchart of the optimal power flow based on incremental particle swarm optimization. 

4. Results and Analysis 

This paper uses the IEEE 30-bus system [40] as the case study. The IEEE 30-bus power 

system consists of two power stations on buses 1 and 2. This system consists of 22 load 

points spread over each bus with a total load of 283.4 MW of active power and 126.2 MVAr 

of reactive power. Figure 2 shows the single-line diagram of the IEEE 30-bus system. 

Table 1 shows the generation data contained in the IEEE 30-bus system consisting of 

active power and reactive power generated by the generator, minimum and maximum 

active and reactive power that can be generated by the generator, and the generation co-

efficient of each generator. As for the voltage profile constraint on each bus, it is deter-

mined to be 0.95 p.u. as the lower limit and 1.05 p.u. as the upper limit. 

In this study, the results of OPF based on IPSO are compared with conventional PSO. 

For OPF using the proposed method IPSO, it is named IPSO-OPF, and OPF using conven-

tional PSO is called PSO-OPF. The fundamental modification of IPSO from PSO lies in the 

renewal of new particles. The update of new particles on PSO uses the constant chi = 0.729, 

while the renewal of new particles on IPSO uses random numbers between 0 and 1. This 

difference affects the speed of obtaining the best fitness. 
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Figure 2. A single-line diagram of the IEEE 30-bus system [40]. 

Table 1. Generator data and cost coefficient [40]. 

Bus 
𝑷𝑮𝒊 

(MW) 
𝑸𝑮𝒊 (MVAr) 

Generator Constraints Generation Cost coefficients 

𝑷𝑮𝒊
𝒎𝒂𝒙 𝑷𝑮𝒊

𝒎𝒊𝒏 𝑸𝑮𝒊
𝒎𝒂𝒙 𝑸𝑮𝒊

𝒎𝒊𝒏 
𝜶𝒊  ($/h) 

𝜷𝒊 

($/MWh) 
𝜸𝒊 ($/MW2h) 

(MW) (MW) (MVAr) (MVAr) 

1 (Gen 1) 191.7 29 191.7 20 30 -10 1243.53 38.301 0.035 

2 (Gen 2) 40 10 140 5 50 -40 451.325 46.159 0.105 

Figure 3 shows a comparison of the number of iterations between the PSO and IPSO 

methods in the optimal power flow in the IEEE 30-bus system. Utilizing the IPSO-OPF 

method in power flow optimization has a faster time to converge than the PSO-OPF 

method. Furthermore, the IPSO-OPF method obtained a convergent value of 12.56 MW of 

system active power losses in the 25th iteration, while the PSO-OPF method converged in 

the 69th iteration with a result of 12.58 MW of active power losses. Hence, it can be seen 

that in determining active power losses, the minimum value is obtained using the IPSO-

OPF method with fewer iterations. 
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Figure 3. Number of iterations by using (a) the PSO-OPF method and (b) the IPSO-OPF method. 

Table 2 shows a comparison of the generation costs between the IPSO-OPF method 

and the PSO-OPF method, including a summary of the comparison of optimal power flow 

results between the IPSO-OPF and PSO-OPF methods with iteration, active power losses, 

and generation costs as parameters. By using the PSO-OPF method, the total power gen-

erated by generator 1 is 191.7 MW, while the total power generated by generator 2 is 74.28 

MW with a total cost of generating using the PSO-OPF method of USD 14,331/h. Mean-

while, using the IPSO-OPF method, the power generated by generators 1 and 2 is 191.7 

and 74.26 MW, respectively. The total cost of generating the IPSO-OPF method is USD 
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14,330/h. Thus, it can be seen that by using the IPSO-OPF method, the generation cost 

obtained is slightly cheaper than the generation cost using the PSO-OPF method. 

It can be seen from Table 2 that the IPSO-OPF method converges faster at the 25th 

iteration than the PSO-OPF method, which converges at the 69th iteration. The active 

power losses obtained using the IPSO-OPF method are also lesser than the PSO-OPF 

method. As for the cost of generation, the IPSO-OPF method also produces a generation 

cost that is cheaper than the cost of generating the PSO-OPF method. Therefore, overall, 

the performance of IPSO-OPF is superior to the conventional PSO-OPF in solving optimal 

power flow, especially since IPSO-OPF converges faster than the conventional PSO-OPF. 

Table 2. Comparison of the generation costs of the PSO-OPF and IPSO-OPF methods. 

Methods 
Active Power (MW) Cost ($/h) Active Power 

Losses (MW) 
Total Cost ($/h) 

Number of Iter-

ations Gen 1 Gen 2 Gen 1 Gen 2 

PSO 191.7 74.28 9872 4459 12.58 14,331 69 

IPSO 191.7 74.26 9872 4458 12.56 14,330 25 

Figure 4 shows a comparison of the voltage profiles on each bus using the IPSO-OPF 

and PSO-OPF methods. It is obvious that the voltage magnitude obtained from the IPSO-

OPF method on average is higher than the voltage magnitude using the PSO-OPF method; 

consequently, in general, the system voltage stability performance obtained using the 

IPSO-OPF method is better than the PSO-OPF method. 

 

Figure 4. Voltage profile comparison between PSO-OPF and IPSO-OPF. 

Voltage magnitudes, active power losses, and generation costs between the IPSO-

OPF and PSO-OPF methods have values that are not much different. This is because the 

fundamental difference between the two methods is in the iteration speed to obtain a con-

vergent value. 

5. Conclusions 

This paper proposes a new method for optimal power flow using incremental parti-

cle swarm optimization (IPSO). IPSO is the development of the metaheuristic PSO method 

in which incremental social learning (ISL) is implemented into the PSO algorithm. ISL is 

stirred by the phenomenon of societal learning in the society of animals. In IPSO, the pop-

ulation size grows from iteration to iteration. When a new particle joins the population, 

its position is adjusted using a “societal learning” rule that persuades a preference toward 

the best particle. The advantage of IPSO is that the population increases with each itera-

tion so that the optimization process becomes faster. The simulation results using the IEEE 

30-bus system show that the performance of IPSO-OPF is superior to conventional PSO-

OPF in resolving the optimal power flow mainly because IPSO-OPF converges faster than 
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conventional PSO-OPF. IPSO-OPF results in fewer iterations, lower active power loss, a 

better system voltage profile, and lower generation costs than the PSO-OPF method. 
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