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About Journal

Emerging Trends in Engineering and Sustainability (ETES) is a peer-reviewed, open-
access scientific journal published by Al-Naji University in alignment with the academic
standards and publishing regulations of the Ministry of Higher Education and
Scientific Research in Iraq.

ETES is dedicated to the dissemination of high-impact research and the promotion of
innovative practices across all fields of engineering, with a strong emphasis on
sustainability. The journal welcomes original research articles and review papers that
contribute to advancing sustainable solutions, technologies, and methodologies relevant
to engineering disciplines.

To ensure academic rigor and scholarly integrity, ETES employs a double-blind peer
review process involving at least two independent external reviewers for each
submission. The journal adheres strictly to the ethical guidelines set forth by the
Committee on Publication Ethics (COPE).

As an open-access journal, ETES provides immediate and unrestricted access to all
published articles. Readers may freely read, download, and distribute full-text content
without requiring prior permission from authors or the publisher, supporting global
knowledge sharing.

ETES follows a quarterly publication schedule, with four issues released annually. The
journal is committed to becoming a reputable international platform for scholars and
researchers working at the intersection of engineering innovation and sustainable
development.

ETES published quarterly, with four regular issues released each year. The journal’s
long-term vision is to be widely indexed, cited, and read by a global scholarly community,
contributing meaningfully to the advancement of sustainable engineering solutions
worldwide.
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Aims

Emerging Trends in Engineering and Sustainability (ETES) is an international, open-access, peer-
reviewed journal committed to advancing innovation and sustainability across all disciplines of
engineering. The journal seeks to serve as a platform for disseminating high-quality, original
research and comprehensive reviews that address contemporary challenges and transformative
practices in engineering with a focus on sustainable development. ETES aims to foster intellectual
exchange among researchers, academics, professionals, and postgraduate students by promoting
interdisciplinary collaboration and publishing research that contributes to the evolution of
sustainable engineering practices worldwide.

Scope / Categories

ETES welcomes submissions of original research articles and scholarly review papers that
explore emerging concepts, methodologies, and technologies in the diverse fields of engineering,
particularly those that contribute to sustainability. The journal encourages contributions that
reflect rigorous scientific inquiry, innovative thinking, and practical applications.

Core areas of interest include, but are not limited to:

e Mechanical Engineering

e Petroleum Engineering

e Chemical Engineering

e Environmental Engineering

e Sustainability and Green Technologies

e FElectrical and Electronic Engineering

e Computer Science, Software Engineering, and Informatics

e Structural and Geotechnical Engineering

e Engineering Management and Decision-Making

e Transportation and Infrastructure Engineering

e  Water Resources and Hydraulic Engineering

e Architectural Design and Urban Sustainability

e Energy Systems and Power Engineering

e Advanced Materials and Materials Engineering

e Control Systems, Electronics, and Signal Processing

e Communication and Networking Technologies

e Renewable and Clean Energy Technologies

e Civil Engineering
ETES is committed to publishing research that bridges theory and practice, fosters
interdisciplinary solutions, and contributes to sustainable development goals (SDGs) in
engineering contexts.
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Publication Ethics

Emerging Trends in Engineering and Sustainability (ETES) is dedicated to maintaining the highest
standards of research integrity and academic publishing. As an adherent to the principles established by the
Committee on Publication Ethics (COPE), ETES strictly follows COPE’s guidelines in addressing ethical
concerns and potential misconduct.

Authors submitting to ETES are expected to uphold the principles of ethical research and responsible
authorship. Misrepresentation of data, results, or authorship undermines the credibility of the journal,
damages the scholarly record, and erodes public trust in science. To preserve the integrity of academic
publishing, authors must comply with the following ethical standards:

Originality and Exclusivity: Manuscripts must be original and should not be under review by another
journal simultaneously. Submissions must not have been previously published, either in part or in full, in
any language or format, unless the new manuscript represents a significant extension of prior work. In such
cases, authors must clearly disclose previous publications to avoid self-plagiarism and text recycling.

Justified Secondary Publication: In rare and justified cases, secondary or concurrent publication (e.g.,
translated work or work adapted for a distinct audience) may be permitted, provided that all conditions for
ethical secondary publication are met and transparent disclosure is made.

Avoidance of Redundant Publication: Fragmentation of a single research project into multiple submissions
("salami publishing") solely to increase publication count is discouraged and considered unethical.

Proper Attribution and Avoidance of Plagiarism: All sources, data, theories, and text derived from other
authors must be appropriately cited. Verbatim quotations must be placed within quotation marks and
accompanied by citations. Any reuse of copyrighted material must be supported by proper permission and
acknowledgment.

Accuracy and Transparency: Authors must present their findings clearly, accurately, and honestly, without
data fabrication, falsification, or inappropriate manipulation (including of images). Field-specific standards
for data collection and analysis should be rigorously followed.

By submitting a manuscript to ETES, authors affirm their commitment to ethical conduct in research and
publication. Non-compliance may result in manuscript rejection, retraction of published articles, or
notification of institutional misconduct boards, as deemed appropriate by the editorial team.

Plagiarism and Al Policy

Emerging Trends in Engineering and Sustainability (ETES) is committed to upholding the highest
standards of academic integrity, originality, and responsible authorship. All submitted manuscripts are
rigorously screened for plagiarism using Turnitin (https://www.turnitin.com/). Plagiarism—including
textual duplication, data fabrication or falsification, duplicate submissions, and improper attribution of
authorship—constitutes a serious breach of ethical publishing practices and will not be tolerated.
Concurrent submission of the same manuscript to multiple journals is also strictly prohibited.

To maintain scholarly integrity, manuscripts must have an overall similarity index below 20%, with no
more than 5% similarity from any single source. It is the responsibility of the author(s) to ensure these
thresholds are met and sustained throughout the review and publication process. While similarity reports
provide a quantitative measure of textual overlap, legitimate citations and common academic language may
contribute to the score. Therefore, editorial judgment is essential in interpreting these reports to determine
if ethical concerns are warranted.

ETES maintains strict guidelines regarding the use of artificial intelligence in scholarly writing. The use of
generative Al tools for drafting, composing, or editing the intellectual content of a manuscript is not
permitted. Manuscripts must reflect the original work and critical thinking of human authors. Authors are
required to confirm, upon submission, that the content has not been produced or substantively modified by
Al tools. Minor Al-assisted improvements for grammar or language clarity are acceptable, but their use
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should not compromise the authenticity or originality of the research. Al-generated images are generally
prohibited unless explicitly disclosed, clearly labeled, and appropriately cited.

Open Access

In alignment with the principles of transparency, accessibility, and knowledge dissemination
upheld by Emerging Trends in Engineering and Sustainability (ETES), all published articles are made freely
available to the public without any subscription or access fees. The journal operates under the Creative
Commons Attribution 4.0 International License (CC BY 4.0)
[https://creativecommons.org/licenses/by/4.0/legalcode], which permits users to freely access, download,
reproduce, distribute, and share the full content of the articles in any format or medium. Furthermore,
readers may link to, index, or utilize the articles for scholarly purposes, provided that appropriate credit is
given to the original author(s) through proper citation.

Authors retain full copyright of their published work, while ETES ensures that their intellectual
contributions receive due recognition in accordance with the licensing terms. This licensing framework
fosters open scientific communication and encourages the broad dissemination and reuse of research in
engineering and sustainability, supporting global efforts towards sustainable development and innovation.
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Guidelines for Authors

Manuscript Preparation

Emerging Trends in Engineering and Sustainability (ETES) is a multidisciplinary, double-blind, peer-
reviewed journal committed to publishing high-quality research that spans all areas of engineering, with a
particular emphasis on innovations that promote sustainability. The journal strictly adheres to the ethical
guidelines set forth by the Committee on Publication Ethics (COPE) to maintain the integrity of the
scholarly record. To ensure originality, all submissions undergo thorough screening using advanced
plagiarism detection software. Authors are expected to disclose any potential conflicts of interest in their
cover letter. Manuscripts that do not comply with the journal’s Instructions for Authors will not be
considered for further processing.

Submission Declaration and Verification

By submitting a manuscript to Emerging Trends in Engineering and Sustainability (ETES), authors affirm
that the work is original and has not been previously published, except in limited forms such as abstracts,
academic theses, or invited lectures. The submission must not be under review or consideration by any
other journal or publication outlet. Furthermore, all listed authors must have approved the submission, and,
where applicable, authorization must be granted by the relevant institutional or organizational authorities
where the research was conducted. Authors also agree that, if accepted, the manuscript will not be published
elsewhere in the same or substantially similar form, in English or any other language, including electronic
platforms. To ensure adherence to these standards, all submissions may be subjected to plagiarism and
duplication checks using Crossref Similarity Check and other recognized originality verification tools.

Language and Manuscript Submission

Manuscripts submitted to Emerging Trends in Engineering and Sustainability (ETES) must be written in
clear, high-quality English. Either American or British English is acceptable, but consistency in spelling
and usage must be maintained throughout the manuscript. Authors may use Al-assisted tools strictly to
enhance grammar and readability; however, the intellectual content, structure, and originality of the
manuscript must remain the authors’ own.

Peer Review Policy

Emerging Trends in Engineering and Sustainability (ETES) adheres to a double-blind peer review process
to ensure objectivity, fairness, and academic integrity. In this model, the identities of both authors and
reviewers are concealed throughout the review process. All submitted manuscripts are typically evaluated
by a minimum of two independent experts with relevant subject-matter expertise, who assess the originality,
scientific merit, methodological soundness, and relevance of the work.

The final decision regarding the acceptance, revision, or rejection of a manuscript lies solely with the
Editor, who considers reviewers’ feedback alongside the manuscript’s alignment with the journal’s scope
and quality standards. All editorial decisions are final.

To maintain transparency and avoid conflicts of interest, Editors are excluded from the review and decision-
making process for manuscripts in which they have a personal, professional, or financial interest—
including submissions authored by themselves, their colleagues, or family members. In such cases, an
independent editor will be assigned to oversee the peer review process to uphold the journal’s ethical
standards.

Template Compliance

All authors are required to prepare and submit their manuscripts in strict adherence to the Emerging Trends
in Engineering and Sustainability (ETES) manuscript template. The template has been designed to ensure
consistency, clarity, and a professional appearance across all submissions. Authors must carefully follow
all formatting guidelines, including the prescribed font styles, section headings, and layout specifications.

Under no circumstances should the template's header, footer, page size, or margin settings be altered. These
elements are essential for maintaining uniformity in the publication process.
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Additionally, all figures, tables, and equations are should be embedded appropriately within the template
and labeled according to the ETES style guide.

In addition to the manuscript, author(s) are required to submit the followings:

e Cover letter
e Title Page
e  Copyright Form.

Authors must ensure that their full names and institutional affiliations are presented accurately and
consistently in the manuscript, as specified in the ETES template. Affiliations should include the
department (if applicable), institution or university, city, and country. This information must appear directly
below each author's name as formatted in the template.

Generative Al Policy for Authors

Emerging Trends in Engineering and Sustainability (ETES) upholds the highest standards of research
integrity, originality, and authorship. In alignment with these principles, the use of generative Al or Al-
assisted technologies for drafting, writing, or substantively editing the content of a manuscript is strictly
prohibited. Authorship entails full intellectual responsibility for the work submitted, including its
conception, methodology, analysis, interpretation, and written expression—tresponsibilities that cannot be
delegated to non-human tools.

Manuscripts must be the product of human scholarly effort and critical thinking. Text generated by Al, even
when used for language refinement or content development, poses significant risks of inaccuracy, bias, lack
of originality, and potential plagiarism. Furthermore, reliance on such tools may obscure issues related to
authorship attribution and accountability.

Authors are required to affirm, upon submission, that the manuscript has been written entirely by the listed
authors without the use of generative Al tools. Failure to comply with this policy may result in the rejection
of the submission or retraction of the published article, in accordance with the journal’s ethical guidelines
and the standards of the Committee on Publication Ethics (COPE).

The use of Al-generated images is generally not allowed unless explicitly disclosed in the captions and
subject to thorough review. Authors must ensure that any such images are clearly identified and
accompanied by appropriate citations and permissions, as necessary.

Authors should only use the Al-assisted technologies for enhancing readability and language of their
manuscript.

Al Declaration Statement

The authors are responsible for completing the AI Declaration Statement in ETES word Template. The
statement is: “The authors confirm that the manuscript has been written without the assistance of
generative Al or Al-based writing tools.”
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ETES Copyright and License Agreement (Open Access — CC BY 4.0)

Title of Paper/Article:
Contributing Author(s):

i. License of Publishing Rights
I (we), the undersigned author(s), hereby grant to the Emerging Trends in Engineering and Sustainability
(ETES) an exclusive license to publish the above-titled article in all formats (print, electronic, and future
technologies), in all languages and media, worldwide, for the full duration of copyright. This includes the
right to reproduce, archive, disseminate, and distribute the Article, and to authorize others to do so for
scholarly purposes.
The author(s) retain full copyright in the Article.
ii. Open Access and Licensing
The Article will be published under the terms of the Creative Commons Attribution 4.0 International
License (CC BY 4.0).
This license permits others to:

e Share — copy and redistribute the material in any medium or format

e Adapt — remix, transform, and build upon the material for any purpose, including commercial

use

As long as appropriate credit is given to the original author(s), a link to the license is provided, and it is
clearly indicated if changes were made.
License link: https://creativecommons.org/licenses/by/4.0/
iii. Author Reuse Rights
The author(s) retain the right to:

e Reuse the Article in their own future works (books, compilations, theses, etc.)

e Deposit the Article in institutional or subject repositories

e Share the Article via personal websites or academic networks

e Use the Article for teaching, presentations, and other academic purposes
All reuse must credit the original publication in ETES and include a link to the published version and CC
BY license.
iv. Supplemental Materials
If any Supplemental Materials (e.g., data sets, videos, software, enhanced graphics) are submitted along
with the Article, ETES has the non-exclusive right to publish and link to these materials in any media or
format.
The author(s) confirm they have secured all necessary permissions for such materials.
v. Reversion of Rights
If the Article is not accepted for publication or is withdrawn prior to acceptance, this license agreement
becomes null and void. However, ETES may retain a non-public archival copy for record purposes.
vi. Revisions and Addenda
No changes to this License Agreement shall be valid unless confirmed in writing by ETES. This agreement
supersedes any prior agreements regarding the Article.
vii. Warranties and Author Declarations
The author(s) declare that:

e The work is original and has not been published elsewhere,

e All co-authors have reviewed and approved the manuscript,

e The Article does not infringe any copyright, patent, or other rights,

e Necessary permissions for third-party materials have been obtained,

e  There are no undisclosed conflicts of interest.
viii. Indemnification
The author(s) agree to indemnify and hold harmless ETES from any claims, damages, or expenses arising
from a breach of the above warranties.
ix. Joint Authorship
For jointly authored works, all authors must sign this agreement, or one author must sign with authority on
behalf of all listed authors.
Author's Name Signature Date
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Response Surface Methodology Applications in Drilling Engineering:
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Critical Review
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Article Info ABSTRACT
Received: 13 April 2026 | Response Surface Methodology (RSM) has been widely applied in drilling engineering
Revised: 08 June 2026 to model and optimize multivariable operational systems. This review critically evaluates
Accepted: 12 June 2026 | recent RSM applications in drilling engineering, identifies their methodological
Available online: limitations, and examines the extent to which bit-level hydraulic performance parameters
30 June 2026

have been incorporated into drilling optimization frameworks. A structured review of
studies published between 2021 and 2026 was conducted. The selected studies were

Keywords: classified into three categories: mechanical performance optimization, drilling-fluid
Response Surface optimization, and hybrid optimization approaches. Each study was evaluated according
Methodology, to its input variables, response variables, modeling techniques, optimization objectives,
Bit Hydraulic reporteq perforrpance .improvementg consideration of ph}{sicgl and operational
Horsepower constraints, and integration of data-driven methods such as Artificial Neural Networks

; (ANN). The review indicates that most RSM-based studies prioritize outcome-based
Jet Impact Force indicators, particularly rate of penetration (ROP), drilling-fluid rheology, and operational
Artificial Neural

parameter selection. In contrast, bit-level hydraulic parameters, specifically Bit
Networks Hydraulic Horsepower and Jet Impact Force (JIF), are rarely treated as primary
optimization objectives despite their direct influence on hydraulic energy transfer, rock
fragmentation, and cuttings removal at the bit—rock interface. The findings also show
that most existing studies employ single-objective optimization and second-order
polynomial models, which may limit their ability to represent nonlinear and coupled
hydraulic behavior under field operating conditions. This review adds to the existing
literature by systematically identifying the limited integration of physics-based hydraulic
indicators into RSM-driven drilling optimization and by defining a research direction for
hybrid frameworks that combine RSM-based design-space validation, ANN-based
nonlinear prediction, and constrained multi-objective optimization of BHHP and JIF.
Such frameworks could support more robust, scalable, and field-applicable drilling
optimization strategies.

complex interaction of mechanical, hydraulic, and

1. Introduction formation-related variables [1].
The art of drilling optimization has been a Conventionally, the optimization has been
major issue in petroleum engineering as it is a conducted mostly on the rate of penetration (ROP)

© 2026 The Author(s). Production and hosting by Al-Naji University.
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by changing manipulable surface variables,
including weight on bit (WOB), rotary speed
(RPM), and flow rate (Q) [2]. Although they have
been seen to enhance performance, they often do
not consider the hydraulic processes underlying
energy transfer in the event of the bit-rock
interface [3].

In this regard, bit-level hydraulic
performance  parameters, specifically  Bit
Hydraulic Horsepower (BHHP) and Jet Impact
Force (JIF), are important in increasing the rock
fragmentation [4], better cuttings removal, and
maintaining efficiency in wellbore cleaning [5].
These parameters have a direct effect on drilling
performance because they reduce the distribution
of hydraulic energy at the bit face. Despite their
obvious physical significance, both BHHP and JIF
are highly underestimated as the major response
variables in drilling research, as they are often
regarded as "byproducts" rather than as direct
response variables [6, 7].

Though conventional performance metrics
such as ROP reflect the overall performance of the
drilling system from the combined effect of
multiple factors, BHHP and JIF describe the
physics of fluid energy transferred to the drilling
bit [8]. Specifically, BHHP is the power dissipated
to the bit and JIF is the momentum transfer of fluid
jets used to fracture rock and clean out chips [9].
Therefore, the manipulation of these drilling
parameters provides a more physically sound
means to achieve the optimal drilling performance,
rather than relying entirely on such performance
indicators [10].

The Response Surface Methodology (RSM),
originally developed by Box and Wilson (1951),
has been widely used for statistical modeling and
optimization of a multivariate system. RSM can be
used to easily estimate the main effects, the
interaction effects as well as the curvature
behavior of a constrained design space by using
structured experimental designs like Central
Composite Design (CCD) and Box-Behnken
Design (BBD).

RM has been applied in drilling engineering
applications for the optimization of mechanical
properties and drilling fluid, where it has been
shown to be capable of determining key factors
and improving efficiency [11, 12]. However, most
applications of RSM suffer from a major drawback

with regard to their reliance on a second-order
model and unidimensional optimizations [13].

These limitations limit their ability to
understand the complex and strongly coupled
nature of the drilling hydrology. Consequently,
existing RSM models can fail to capture the
multifaceted character of interaction between flow
behavior, pressure losses, and energy transfer
through bit-level mechanisms [14].

Simultaneously, the Artificial Neural
Networks (ANN) have been receiving more and
more interest in the field of drilling engineering
because of their greater capacity to represent non-
linear and data-driven relationships [15]. There
has been a high predictive accuracy of ANN-based
models in the estimation of drilling performance
indicators in different operating conditions [16].
Nevertheless, such models are not generally
formulated with a formal experimental design
structure and are therefore less interpretable, lack
robustness when structured out of constrained
conditions, and lose their correspondence to
physically relevant parameter space [7, 17].

Such a lack of communication between
statistically structured modeling (RSM) and data-
oriented nonlinear prediction (ANN) is an
important gap in the literature of the field. In
particular, no combined frameworks have been
proposed that can capitalize on the advantages of
RSM in the experimental design and screening of
variables with the predictive capability of ANN
[18], especially to multi-objective optimize the bit-
level hydraulic performance.

Thus, this paper is an attempt to critically
discuss RSM applications in drilling engineering
and also to point out research prospects in
formulating hybrid RSM-ANN methods in
optimizing BHHP and JIF on the basis of surface
manipulable drilling parameters.

2. Methodology of the Review

This literature review will concentrate on the
more recent advances in the Response Surface
Methodology (RSM) application to drilling
engineering with a specific focus on the
publications that are published since 2021 to 2026.
Peer-reviewed journals, conference papers, and
other academic databases such as ScienceDirect,
Springer and Google Scholar were searched to
acquire relevant literature.
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The inclusion criteria were the studies which:

e Drilling optimization using applied RSM,

e Parameters of mechanical or fluid
performance that are investigated, and

e Spreadsheet/modeling/delivered results.

The studies that were solely related to areas
of study that are not closely linked to engineering
were dropped. The gathered literature was then
divided into three broad -categories, i.c.,
optimization of mechanical performance,
optimization of drilling fluids, and hybrid
optimization methods. A comparative analysis
was made to find out common trends,
methodological weaknesses, and research gaps,
especially when considering bit-level hydraulic
performance parameters like Bit Hydraulic
Horsepower (BHHP) and Jet Impact Force (JIF),
and the links between RSM and Artificial Neural
Networks (ANN).

3. Fundamentals of RSM

Response Surface Methodology (RSM) is a
statistical process utilized to model and optimize a
relationship between several input variables and
system reactions in an empirical form of a multi-
polynomial [19, 20]. RSM is used in engineering
applications based on structured experimental
design, like Central Composite Design (CCD) and
Box-Behnken Design (BBD), to effectively scan
the design space and measure the main effects,
interaction effects and curvature behavior [19].

RSM has also been used extensively in
drilling engineering to determine the effect of each
controllable parameter, such as weight on bit
(WOB), rotary speed (RPM), flow rate (Q) and
pump pressure, on performance metrics, such as
rate of penetration and drilling fluid properties [3,
11]. It is especially appropriate to field-
constrained contexts since it can minimize the
number of experiment runs, yet, still, it can resolve
the effects of interaction [20]. Nonetheless, the use
of RSM in drilling systems is per se restricted by
the fact that it is based on second-order
approximations [19].

These models are relatively smooth response
surface and can potentially fail to sufficiently
model the highly nonlinear and strongly charged
behavior of drilling hydraulics which involve

pressure losses, jet velocity and fluid-rock
interactions are complex [7, 21].

Consequently, the models based on RSM are
often valid only to the calibrated range of designs
and can lose predictive quality when operated in
different conditions. These considerations are still
more important for bit-level hydraulics.
Parameters like Bit Hydraulic Horsepower
(BHHP) and Jet Impact Force (JIF) are not linear
functions of flow rate, nozzle geometry and
pressure distribution and cannot be readily
modeled at low order (using a low-order
polynomial) [22].

RSM, therefore, might not be a suitable
approach for describing hydraulic performance
with the precision required for its variable
significance and interactions, even though it
provides useful insights. The latter limitations
underscore the necessity to use RSM together with
more sophisticated data-driven methods that could
help to capture the nonlinear behavior of the
system [21].

More specifically, a combination of RSM
and the Artificial Neural Networks (ANN) is a
potential avenue, in which RSM is employed to
conduct pre-structured experimental design and
screening of the variables, whereas ANN can be
employed to collect predictions over and above the
ability of the polynomials to do so [21, 23].

Such considerations are especially important
in drilling hydraulics where energy transfer is
inherently  nonlinear and coupled. The
interdependencies among flow rate, pressure drop,
nozzle dimensions and jet speed affect BHHP and
JIF, and cannot be represented by low order
polynomials. Therefore, RSM may not adequately
represent the physics of energy transfer to the bit.

4. Application of RSM in Drilling
Engineering

4.1 Mechanical Performance Optimization

Optimize mechanical performance
indicators, especially rate of penetration (ROP), by
examining parameters that can be controlled,
including weight on bit (WOB), rotary speed
(RPM), and flow rate (Q) [3]. It has been proven
that using RSM is able to potentially reproduce the
effects of interaction and find the optimal
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operating conditions that maximize the efficiency
of drilling [3, 19].

Such models are known to show good
performance in statistics and offer sensible advice
in the parameter tune-up to field constraint [20].
Nevertheless, along with these benefits, there is
still a lack of studies that specifically consider the
underlying hydraulic processes that control the
drilling performance. Hydraulic effects are in most
cases implicitly modeled as part of the model as
opposed to them being considered as independent
optimization variables. As a result, parameters like
Bit Hydraulic Horsepower (BHHP) and Jet Impact
Force (JIF) which have a direct effect on energy
transfer in the bit are not regarded as key response
parameters [7, 22]. This weakness inhibits the
capacity of RSM-based models to depict
comprehensively the physics of driving forces of
drilling efficiency. This is a major limitation of the
approach as mechanical responses (such as ROP)
do not explicitly capture the underlying energy
transfer processes. By not including BHHP and
JIF as key response variables, these models do not
account for the role of hydraulic energy in the rock
fragmentation and cuttings transport processes,
returning partial solutions and potentially non-
optimal results.

4.2 Drilling Fluid Optimization

This is a complicated process that is pushed
by a number of factors including drilling fluids,
production fluids and well technology[11, 24, 25].
RSM has also been extensively utilized in order to
maximize the drilling fluid characteristics as well
as plastic viscosity (PV), yield point (YP), and
fluid density in an effort to enhance hole cleaning
and wellbore stability [11, 25].

Research in this field of study has
demonstrated that RSM can be used to model the
relationship between fluid properties and
operational parameters to allow better fluid design
and performance [11]. Those applications
underscore the adaptability of RSM in operating
multivariable systems and the minimization of
complex fluid behavior [20]. However, these
research papers are mostly restricted to the surface
liquid properties and fail to develop a direct
correlation between fluid optimization and a bit
level of hydraulic performance. Particularly, the
association between optimized fluid attributes and

such parameters as BHHP and JIF is seldom
measured or introduced into the modeling scheme.

Consequently, the effects of fluid
optimization on hydraulic energy transfer at the bit
have not been adequately studied and hence the
effectiveness of such strategies combined in total
optimization of drilling. In summary, physically,
drilling fluid properties affect hydraulic
performance by affecting pressure drop, regime of
flow, and jet velocity. But studies that don't
connect these properties to BHHP and JIF do not
provide a direct link between the optimization of
drilling fluid properties and the effective energy
transfer to the bit, and hence can't directly impact
drilling efficiency.

4.3 RSM with Hybrid Methods

Over the past few years, there have been a
number of studies covering the subject of hybrid
methods  which  incorporate  RSM  with
optimization algorithms or intelligent methods to
improve drilling performance [6, 21]. To give an
illustration, RSM is combined with metaheuristic
algorithms to enhance the selection of parameters
and attain superior optimization results [6]. These
methods show better scores as compared to single
RSM models, and the possibilities of integrating
statistical and computational approaches [14].

Nevertheless, the vast majority of hybrid
methods can only be used in single-objective
optimization, thus, most methods aim to maximize
the ROP or minimize the mechanical-specific
energy. Little is discussed of the multi-objective
character of the drilling operations, where
mechanical and hydraulic performance have to be
optimized at the same time. Moreover, these
hybrid models are not usually integrated with
some advanced nonlinear predictive methods like
Artificial Neural Networks (ANN) that can predict
the behavior of a complex system beyond what can
be predicted using a polynomial model [21].

The current hybrid systems are therefore not
maximizing the mutual strength of RSM and
ANN, especially when it comes to the
optimization of bit-level hydraulic performance
parameters like BHHP and JIF. While hybrid
approaches increase the speed of optimization,
they are still largely decoupled from the physics of
drilling. Specifically, the lack of BHHP and JIF in
the optimization process means that these models
fail to account for the interaction between the
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energy delivered to the bit and the mechanical
performance.

To provide a structured comparison of recent
RSM applications in drilling engineering, the
reviewed studies were classified into three main
categories according to their primary research
focus: (i) mechanical and operational drilling-
performance optimization, (ii) drilling-fluid
formulation and rheological optimization, and (iii)
hydraulic behavior, hole-cleaning, and integrated
modeling approaches, as shown in Table 1. This
classification facilitates the identification of
dominant research trends and clarifies the extent to
which bit-level hydraulic indicators, particularly
Bit Hydraulic Horsepower (BHHP) and Jet Impact
Force (JIF), have been incorporated into existing
optimization frameworks.

As shown in Table 1, most RSM-based
studies have focused on either outcome-based

drilling indicators, such as ROP and MSE, or
drilling-fluid properties, such as viscosity,
rheology, and filtration behavior. A smaller
number of studies have addressed hydraulic
behavior through ECD modeling, -cuttings-
transport analysis, or casing-running hydraulics.
However, none of the reviewed studies presents an
integrated framework in which BHHP and JIF are
simultaneously treated as primary optimization
objectives under explicit operational constraints.
Although the integration of RSM with neural-
network modeling has been reported in drilling-
fluid treatment applications, its use for nonlinear
prediction and constrained multi-objective
optimization of bit-level hydraulic performance
remains limited. Figure 1 shows the most common
classification of reviewed studies using RSM in
drilling engineering.

RSM Applications in

Drilling Engincering
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Figure 1. Classification of reviewed studies according to the primary application area of RSM in drilling
engineering

As illustrated in Figure 1, recent RSM
applications in drilling engineering are
predominantly concentrated in two areas: drilling-
fluid formulation and rheological optimization,
and mechanical or operational drilling-
performance optimization, particularly ROP
improvement. A smaller group of studies has
examined hydraulic behavior through ECD
modeling, annular-pressure analysis, and cuttings-

transport evaluation. However, bit-level hydraulic
performance remains insufficiently addressed, as
BHHP and JIF are rarely incorporated as primary
optimization objectives. This imbalance highlights
the need for more integrated optimization
frameworks that explicitly account for hydraulic-
energy transfer at the bit under operational
constraints
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Table 1: Recent drilling-related studies relevant to RSM-based optimization and the identified hydraulic gap (2021-2026)

Authors

Study Focus

Target Variable

Method

Main Findings / Key Results

Missing Physical / Operational
Considerations

Category I: Mechanical and Operational Drilling-Performance Optimization

Bani Mustafa
et al. (2021)

(3]

Optimization of
controllable drilling
parameters

ROP

RSM

Applied RSM to 9356 field records. FR had the
strongest influence on ROP variation, with a sum-
of-squares value of 23.47. The maximum predicted
ROP reached approximately 20.94 m/h when FR
was increased to the recommended operating limit
0f 2600 L/min. The study also showed that
increasing WOB does not always improve ROP.

Focused on ROP optimization; BHHP
and JIF were not evaluated as hydraulic-
performance objectives.

Tewari et al.
(2021)

[6]

Automated drill-bit
selection based on
optimum ROP

ROP and bit type

RSM + ABC

The RSM-ABC framework correctly selected the
drill-bit type for all five target geological zones.
The RSM objective function achieved a correlation
coefficient of 81.23%, compared with 85.5% for
ANN. The proposed approach produced a lower
cost per foot than ANN—GA in Zone 1 and
comparable costs in the remaining zones.

Hydraulic-energy transfer at the bit was
not treated as an optimization objective;
no simultaneous BHHP-JIF
optimization.

Mantegazini et
al. (2025)[26]

Multi-objective drilling
performance
optimization

ROP and MSE

RSM + multi-
objective
optimization

Single-objective optimization maximized ROP at
23.99 ft/h but produced an MSE of 156.43 kpsi.
The selected multi-objective scenario achieved a
more balanced ROP of 21.58 ft/h and MSE of 11.36
kpsi using WOB = 11.75 klb, RPM = 109.36
rev/min, FLOW = 803.32 gpm, and TOR =3.34
klb-ft.

Focused primarily on mechanical
efficiency; BHHP and JIF were not
optimized as primary bit-level hydraulic
responses.

Category II:

Drilling-Fluid Form

ulation and Rheological Optimization

Asmungi et al.
(2021)[11]

Optimization of water-
based mud rheology
using natural additives

Plastic viscosity (PV),
apparent viscosity
(AV), yield point

(YP)

RSM+ Box—
Behnken Design
(BBD)

The models achieved R? values of 0.9753 for PV,
0.9582 for AV, and 0.9513 for YP. The optimum
formulation consisted of 4.02 g bentonite, 7.29 g
tannin, and 0.53 g xanthan gum, producing
predicted values of PV = 8.32 cP, AV =24.41 cP,
and YP =32.19 Ib/100 ft>. Validation experiments
showed good agreement with the predicted

responses.

Focused on laboratory-scale rheological
optimization; no direct evaluation of bit-
level hydraulic performance, BHHP,
JIF, or downhole operational constraints.
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Prediction of apparent

The developed models achieved R? values of 0.978
for apparent viscosity and 0.961 for plastic
viscosity, with predicted R? values of 0.969 and

Limited to rheological-property

. L . . . RSM-based . . . . . .
Alakbari et and plastic viscosities of Apparent viscosity, em iriaclzsael 0.941, respectively. Adequate precision values prediction; no direct coupling with ROP,
al.(2021)[27] nanoparticle-enhanced plastic viscosity P . reached 109.54 and 59.191. Increasing bentonite BHHP, JIF, or field-scale hydraulic
1 . correlations e . .
water-based drilling fluid and nanosilica concentrations enhanced both behavior.
viscosities, whereas increasing temperature reduced
the rheological responses.
The developed models showed good agreement
S ith imental ts, with R? vall . e
Optimization of fibrous- ™ . expertmental Measurements, wi . vaies Focused on suspension stability rather
. . . .. . . ranging from 0.91 to 0.99. The base-fluid polymer ) o
Alhajabdalla et dispersion stability for Fiber-suspension . . . . than direct drilling-performance
o . o RSM /BBD concentration was identified as the dominant factor. L

al.(2021) [28] drilling and completion stability . o . optimization; no BHHP, JIF, ROP, or
operations Suspensions with viscosities above 50 mPa-s were field-scale hvdraulic-encray analvsis

P sufficient to maintain stability at both 25°C and 4 24 ysIs.

80°C.
Synthesized and optimized sodium carboxymethyl
Synthesis and starch-graft acrylamide/ l-V.iny1-2-pyrrolidone N . N
Central copolymers for use as a filtration-loss-control agent Focused on drilling-fluid additive

Bai et al.

optimization of a starch-

Filtration loss and

Composite Design

in drilling muds. The optimized copolymer

synthesis and filtration control; no direct

based \ fi heological
(2021) [29] dr?lslfn Cfffdﬁerzﬁil reézr?f;iie (CCD)-based | enhanced fluid rheology and reduced filtration loss. | linkage to ROP, BHHP, JIF, or field-
gcontrol P RSM Detailed optimum formulation conditions and scale bit-hydraulic performance.
quantitative reduction values were not reported in
the accessible abstract.
Increasing the CMITS degree of substitution to 0.66
and the additive concentration to 8 ppb improved
Rheological and thermal- plastic viscosity, yield point, and gel strength.
performance Central Increasing salinity and temperature reduced the Focused on formulation-level

Ali et al.
(2023) [30]

optimization of
bentonite-free drilling
mud modified with

Plastic viscosity, yield
point, gel strength,
rheological stability

Composite Design
(CCD)-based

rheological responses. The study demonstrated the
potential of CMITS as an alternative additive for
improving bentonite-free drilling-mud performance.

rheological optimization; no direct
assessment of drilling-performance
indicators or bit-level hydraulic

carboxymethyl irradiated RSM Focused on formulation-level rheological objectives such as BHHP and JIF.
tapioca starch (CMITS) optimization; no direct assessment of drilling-
performance indicators or bit-level hydraulic
objectives such as BHHP
Lietal. (2025) Optimization of glue RSM + Radial The RSM model achieved R? =0.9939, Applied to waste-fluid treatment rather

(23]

breakage and water

Water yield

Basis Function

outperforming the standalone RBFNN model with

than active drilling operations; ANN
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recovery from waste
drilling fluids

Neural Network
(RBFNN) +
Genetic
Algorithm (GA)

R?=0.9778. Numerical RSM optimization
predicted a maximum water yield of 62.37% at a
glue-breaker dosage of 3.97 kg/m?, temperature of
51°C, and stirring speed of 419 rpm. The GA-
RBFNN model further achieved R?> =0.998 and a
maximum water yield of 61.97%.

integration was not used for bit-level
hydraulic prediction or simultaneous
BHHP-JIF optimization.

Jia et al.(2025)
[24]

Optimization of
nanosilica-enhanced
polymer synthesis for
water-based drilling
fluids

Filtration loss,
coefficient of friction,
cutting-carrying
capacity

RSM

The optimum synthesis conditions were 70.9°C, pH
=7, and an initiator concentration of 0.57 wt.%.
The optimized nanosilica-based polymer reduced
filtration loss by 46.0% and the coefficient of
friction by 28.6%, while improving the YP/PV ratio
and cutting-carrying performance.

Focused on additive synthesis and fluid
performance; no direct assessment of
hydraulic-energy transfer at the bit or

constrained optimization of BHHP and

JIE.

Satiyawira et
al. (2025)[25]

Multi-temperature
optimization of water-
based drilling mud using

Viscosity, plastic
viscosity, YP, gel
strength, filtrate

RSM + BBD +
multi-response
desirability

At 150°F, the optimum formulation consisted of 3.5
g CMC and 3.6 g alkaline polymer. The optimized
formulation achieved viscosity = 17.64 cP, PV =
12.46 cP, and YP = 7.72 1b/100 ft2, with improved

Addressed thermal stability and mud
formulation under HTHP-related
conditions, but did not directly optimize

CMC and an alkaline L gel strength and consistent filtrate control compared bit-level hydraulic indicators such as
control optimization . .
polymer with non-optimized systems. The study evaluated BHHP and JIF.
performance at 80°F, 150°F, and 250°F.
The apparent-viscosity model achieved R?=0.9737
with adequate precision = 19.2750, whereas the Addressed thermal stability and mud
Ossai et Optimization of drilling- Abparent viscosit plastic-viscosity model achieved R? = 0.9566 with formulation under HTHP-related
al.(2025) [31] mud formulation using p Eistic viscosit Yo RSM + BBD adequate precision = 14.5243. The optimum conditions, but did not directly optimize
' locally sourced materials P Y formulation consisted of 20 g clay, 1.5 g corn-cob bit-level hydraulic indicators such as
ash, 2 g NaOH, and 5 g cassava starch, producing BHHP and JIF.
AV =116.431 mPa-s and PV =75.6167 mPa-s.
Developed an RSM-based correlation to predict YP
Yield-point prediction as a function 9f pressure, ternperature,. nanosilica .
o concentration, nanoclay concentration, and Focused on rheological-property
: for water-based drilling RSM-based ) ) L . . .
Alakbari et al. fluids under varvin Yield point (YP) mpirical bentonite concentration. The model agreed closely | prediction; no direct coupling with ROP,
(2025) [32] . . .ry g P emp c with measured data, achieving a Pearson correlation BHHP, JIF, or field-scale hydraulic-
operating conditions and correlation

additive concentrations

coefficient of 0.9947. Temperature and the
concentrations of bentonite and nanosilica were
identified as the most influential variables.

energy transfer at the bit.

da Silva et al.
(2026 )[33]

Rheological assessment
of a sustainable babassu-

Apparent viscosity,
yield limit,

RSM-supported
analysis

Salinity was identified as the most influential
factor, significantly enhancing yield limit,

Applied factorial-design-based
response-surface analysis rather than a
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ester-based drilling-fluid
system

consistency index,
thixotropy | (23)
factorial experimental
design + ANOVA +
Pareto analysis +
response-surface
analysis

consistency index, and apparent viscosity. Fluids
with an oil/water ratio of 60/40 generally exhibited
higher apparent viscosity. Unexpected viscosity
increases were observed in some formulations at
90°C, indicating possible thermal degradation or
saponification effects and the need for further
nonlinear modeling.

full second-order RSM optimization
framework. The study focused on
sustainable fluid formulation and
rheological characterization; it did not
directly link the optimized properties to
ROP, BHHP, JIF, or field-scale bit-
hydraulic performance

Category I11: Hydraulic Behavior, Hole Cleaning, and Integrated Modeling Approaches

Awad et al.
(2022)[22]

Cuttings-transport and
hole-cleaning
optimization in non-
Newtonian drilling fluids

Cuttings transport
ratio (CTR), cuttings
volume concentration

(CVT), annular
pressure drop

CFD + RSM

Drill-pipe rotation was identified as the dominant
operational factor affecting hole-cleaning
performance, particularly in highly deviated and
horizontal wells. Eccentric pipes produced up to
73% higher CVT than concentric pipes. Highly
inclined and horizontal sections exhibited CVT
values of 9-29%, compared with 4-5.8% in vertical
sections. Increasing eccentricity from 0 to 0.8
increased CVT by 22-28% in 45°-inclined and
horizontal wells, but by only approximately 5% in
vertical wells. The optimization results indicated
that low rotational speeds (N <20 rpm) and nearly
concentric annuli (e < 0.2) are preferable in vertical
wells, whereas higher rotational speeds of
approximately 200 rpm combined with low
eccentricity improve cuttings transport in horizontal
wells.

Focused on annular cuttings transport
and pressure-drop behavior rather than
hydraulic-energy transfer at the bit.
BHHP and JIF were not treated as
optimization objectives. The CFD
analysis also neglected the orbital
motion associated with drill-pipe
rotation

Thua-

Maduenyi and

Oguta (2025)
[34]

Modeling and
optimization of annular
equivalent circulating
density (AECD) in
extended-reach wells

Annular ECD

Landmark
WellPlan
simulation + RSM
+ Box—Behnken
Design (BBD)

The hybrid WellPlan-RSM framework evaluated
the effects of pump rate, ROP, rotary speed, and
cuttings density on AECD in a 35,017-ft extended-
reach well. Increasing pump rate from 200 to 300
gal/min reduced AECD from 18.91 to 14.94 ppg,
corresponding to a 21% reduction. Increasing ROP
from 25 to 50 ft/h increased AECD by 0.87 ppg
because of higher cuttings loading and frictional
pressure loss. Increasing cuttings density from 2.10
to 2.16 sg raised AECD from 16.97 to 17.64 ppg.

The quadratic RSM model achieved R? = 0.9630,

Addressed annular hydraulics and
AECD management rather than bit-level
hydraulic performance. The framework
did not optimize BHHP or JIF and did
not integrate ANN-based nonlinear
prediction.
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adjusted R? = 0.9259, predicted R? = 0.7866, CV =
1.7%, and a model F-value of 38.41 with p <
0.0001. The study reported that the framework
could support safer hydraulic management and
reduce non-productive time by up to 12%.

Hao et al.
(2024) [35]

Evaluation of casing-to-
wellbore clearance and
ECD during casing-
running operations

ECD and surge
pressure during casing
running

Transient surge-
pressure
calculation model
+ RSM fitting

The study analyzed ECD behavior under 10,000-m
well conditions and identified a minimum allowable
casing-to-wellbore clearance of 27 mm under
fracture-pressure constraints. For a maximum safe
ECD limit of 1.71 g/cm?, the recommended
operating ranges were drilling-fluid density = 1.65—
1.68 g/cm?, casing-running speed = 1-24 m/min,
and casing-to-wellbore clearance = 28—72 mm.
When the clearance was fixed at the minimum
value of 27 mm, the drilling-fluid density had to be
maintained at 1.65 g/cm?® and the casing-running
speed limited to 1-12 m/min, producing a
maximum ECD of 1.663 g/cm?®.

Focused on surge pressure and ECD during casing-
running operations rather than active drilling at the
bit. The study did not address BHHP, JIF, ROP
improvement, cuttings transport at the bit, or ANN-
based prediction.

Focused on surge pressure and ECD
during casing-running operations rather
than active drilling at the bit. The study

did not address BHHP, JIF, ROP
improvement, cuttings transport at the
bit, or ANN-based prediction..
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5. Critical Discussion

The studies clear
imbalance in the application of Response Surface
Methodology (RSM) within drilling engineering.
As summarized in Table 1, the majority of recent
RSM applications focus either on drilling-fluid
optimization or on mechanical-performance
improvement, whereas direct optimization of bit-
level hydraulic performance remains largely
unexplored.

reviewed reveal a

Within the mechanical-performance
category, [3] applied RSM to 9,356 field records
and demonstrated that flow rate was the most
influential variable affecting ROP, achieving a
maximum predicted ROP of approximately 20.94
m/h. Similarly, [6] integrated RSM with the
Artificial Bee Colony algorithm and achieved a
drill-bit selection correlation coefficient of
81.23%, while [26] reported a balanced multi-
objective solution that achieved an ROP of 21.58
ft/h with a significantly reduced MSE of 11.36
kpsi. Although these studies demonstrate the
effectiveness of RSM for improving drilling
performance, the optimization objectives
remained focused on mechanical indicators such
as ROP and MSE. None of these studies
incorporated BHHP or JIF as primary hydraulic-
performance objectives.

There is more literature reviewed on the
drilling-fluid formulation and the optimization of
the rheology of the drilling fluid. For instance,
Asmungi, et al. [11] had R? greater than 0.95 for
PV, AV, and YP predictions, respectively, and
Alakbari, et al. [27] reported R? 0f 0.978 and 0.961
for apparent and plastic viscosity predictions,
respectively. More recent work by Jia, et al. [24]
and Satiyawira, et al. [25] showed that filtration
control, rheological stability, and water-recovery
performance were significantly improved, and in
some instances predictive accuracy was as high as
R?=10.998. Ossai, et al. [31] and Li, et al. [23] also
showed significant improvements in these areas
with predictive accuracy as high as R? = 0.998 in
some cases. Despite these improvements, the
optimization goals were still focused only on fluid
properties and/or formulation performance and not
on the impact of these improvements on the
hydraulic energy transfer at the bit.

The data reviewed here is just a fraction of
what is available in the literature related to

hydraulic applications. Awad, et al. [22]
developed a CFD-RSM model to study the
transport of cuttings and AECD inside the annulus,
while Thua-Maduenyi and Oguta [34] employed a
WellPlan-RSM model to optimize AECD, and
they reported a 21% decrease in AECD under
optimized operation. Hao, et al. [35] also studied
the ECD behavior for operations of casing running
and established the safe ECD operation window
for fluid density and running rate. These studies
are significant advances in introducing hydraulic
constraints in drilling optimization. They do not,
however, concentrate on hydraulic transmission of
energy at the bit but mainly on annular hydraulics.

Another fact is that regarding hybrid and
intelligent optimization, there is a fragmentation.
Li, et al. [23] were able to combine RSM with
neural-network modeling and genetic algorithms,
but the framework was used for treatment of waste
drilling fluid rather than for drilling-performance
optimization. There has been thus far no
comprehensive exploration of the synergy
between structured experimental design and
nonlinear machine-learning prediction for the task
of bit-level hydraulic optimization.

Most significantly, none of the reviewed
studies integrated BHHP, JIF, ECD limits, MPD
operating windows, HPHT rheological behavior,
formation-strength  constraints, and drilling-
dynamics parameters (stick-slip and whirl
vibrations) in a single optimization framework.
This is directly in response to the concerns of
recent developments in drilling automation and
digital drilling, in which decisions for operations
are increasingly based on integrated hydraulic,
mechanical, and safety constraints.

In general, the literature reviewed shows that
RSM is still a strong optimization tool in the field
of drilling engineering. But today, there is still a
definite bias in the use of mechanical performance
and drilling-fluid properties and little direct
optimization of the hydraulic energy-transfer
mechanisms at the bit. This gap offers the
motivation to develop integrated frameworks of
RSM-ANN that are able to optimize BHHP and
JIF simultaneously, subject to realistic field-
operational constraints.

6.Research Gap and Critical Analysis

The literature review has shown that
Response Surface Methodology (RSM) has been
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extensively used in drilling engineering; however,
it has been applied primarily to result-based
responses such as Rate of Penetration (ROP),
Mechanical Specific Energy (MSE), and
properties of drilling fluids. These answers are
significant for assessing the performance of the
drill but are not a direct representation of the
physical mechanisms of hydraulic energy transfer
at the bit.

Physically, the Bit Hydraulic Horsepower
(BHHP) and Jet Impact Force (JIF) are more
closely related to the delivery of hydraulic energy
to the bit, rock fragmentation, cutting removal, and
wellbore cleaning efficiency. It is therefore
important to exclude BHHP and JIF from
optimization models if the physical causes of
drilling performance are not to be included. As
shown in Figure 2, most of the current RSM
applications are based on optimizing mechanical
or fluid-based responses with a relatively limited
representation of bit-level hydraulic responses.

The lack of a quantitative classification of the
studies reviewed also supports this gap. Drilling-
fluid optimization is the largest category of the
RSM applications, with
mechanical/ROP optimization, as shown in Figure
4, being the second largest category. However, in
contrast, only a few studies have focused on
hydraulic aspects such as the transport of cuttings
and Equivalent Circulating Density (ECD) but not
on the direct optimization of BHHP and JIF as the
main variables. This validates that the existing
RSM literature from the field of drilling
engineering is still very much geared towards
mechanical and fluid property optimization versus
hydraulic performance optimization.

reviewed

In terms of methodology, most existing
studies based on RSM are conducted using
second-order polynomial models and single-

objective optimization. Although these techniques
can be applied to determine the interactions of
variables in a limited design space, they cannot
effectively address highly nonlinear and coupled
drilling hydraulics. This restriction is particularly
significant for BHHP and JIF, which involve
interactions between the flow rate, pressure losses,
nozzle geometry, mud properties, and bit-rock
contact conditions.

Artificial Neural Networks (ANNs) have
more powerful modeling abilities for nonlinear
relationships between the variables of a drilling
system [36]. Typically, however, ANN-based
models are developed without following a
structured  experimental design framework;
therefore, the models might lack physical
consistency and interpretability. This leaves a
methodological gap between the statistically
structured modeling based on RSM and nonlinear
prediction based on ANN.

Moreover, none of the current optimization
methods adequately consider field operational
constraints [37] such as the ECD limits, managed
pressure drilling (MPD) window [38], high-
pressure high-temperature (HPHT) rheological
changes, boundaries of formation strength, and
drilling dynamics such as stick-slip and whirl
vibrations. Failure to consider these factors can
result in solutions that are theoretically appealing
but not practical for safe drilling operations.

In view of the identified key research gaps,
an integrated physics-guided framework that
incorporates RSM-based experimental design,
ANN-based nonlinear prediction, and multi-
objective optimization of BHHP and JIF under
realistic drilling constraints is recommended for
future studies. Filling this gap would facilitate the
creation of optimal drilling systems that are more
accurate, scalable, and field viable.
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Existing RSM Applications in Drilling Engineering
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Figure 2. Research gap identified from the reviewed literature and the motivation for future hybrid RSM—
ANN-based hydraulic optimization

6.1 Quantitative Assessment of Current RSM
Applications

To provide a quantitative perspective on the
current state of RSM applications in drilling
engineering, the reviewed studies were classified
according to their primary application area, as
shown in Figure 3. The analysis indicates that
drilling-fluid optimization represents the largest
category of RSM applications, accounting for
approximately 64.7% of the reviewed studies.
These investigations mainly focused on
rheological-property enhancement, mud
formulation optimization, viscosity control, and
drilling-fluid performance improvement.

Mechanical drilling optimization represents
the category, accounting for
approximately 17.6% of the reviewed studies.

second-largest

Most of these studies focused on improving Rate
of Penetration (ROP), reducing Mechanical
Specific Energy (MSE), and optimizing
controllable drilling parameters such as Weight on
Bit (WOB), Rotary Speed (RPM), and Flow Rate

Q.

Hydraulic-related applications, including
cuttings transport and Equivalent Circulating
Density (ECD) optimization, account for
approximately 17% of the reviewed studies.
Similarly, hybrid approaches integrating RSM
with Artificial Neural Networks (ANN) or

metaheuristic  algorithms  also  represent

approximately 17% of the available literature.

Most importantly, no reviewed study was
found to directly optimize Bit Hydraulic
Horsepower (BHHP) and Jet Impact Force (JIF) as
simultaneous primary optimization objectives.
This quantitative the
existence of a significant research gap in current
drilling-optimization research.

distribution confirms

As shown in Figure 3, this quantitative
distribution confirms that current RSM research
remains strongly focused on fluid-property and
mechanical-performance optimization, while bit-
level hydraulic optimization remains largely
unexplored.

In addition to the distribution of application
areas, the reviewed literature demonstrates that
RSM can generate measurable improvements in
drilling-related responses. As illustrated in Figure
4, reported benefits include improved ROP,
enhanced drilling-fluid rheology, better additive-
formulation improved ECD
prediction, and more accurate mud-property
estimation. These findings confirm that RSM is

performance,

not only a statistical design tool but also a practical
optimization methodology capable of producing
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significant improvements across multiple drilling

applications.
12 1 11 Studies
(64.7%)
10

3 Studies
(17.6%)

3 Studies

Number of Studies
o

0 Studies
2 (0%)
i X
Mechanical and Drilling-Fluid Hydraulic Behavior, Direct BHHP/JIF
Operational Formulation & Hole Cleaning, Optimization
Drilling-Paerformance Rheological and Intagrated
Optimization Optimization Modeling Approaches
Application Area

| Total reviewed studies: 17
* Percentages are calculated based on the total number of reviewed studies.
* No reviewed study directly optimizes Bit Hydraulic Horsepower (BHHP) and Jet Impact Force (JIF) as primary objectives.

The reviewed literature is concentrated in drilling-fluid optimization, while direct BHHP/JIF
optimization remains absent, highlighting a clear research gap in bit-level hydraulic performance optimization,

Figure 3. Quantitative distribution of reviewed RSM applications according to their primary application area
in drilling engineering
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However, despite these demonstrated
improvements, the reviewed studies remain
largely focused on mechanical and fluid-related
responses, whereas direct optimization of bit-level
hydraulic energy-transfer parameters, particularly
BHHP and JIF, remains largely unexplored.
Therefore, future research should focus on
extending RSM applications toward constrained
multi-objective hydraulic optimization integrated
with advanced nonlinear predictive models.

6.2 Limitations and Uncertainties

Although RSM has demonstrated clear value
in drilling optimization, several limitations and
uncertainties remain evident from the reviewed
literature.

First, most studies focus on ROP, MSE, and
drilling-fluid properties, whereas BHHP and JIF
are rarely considered as primary optimization
objectives. This limits the ability of existing
models to represent the direct contribution of
hydraulic energy transfer to drilling efficiency.

Second, the majority of RSM applications
use second-order polynomial approximations.
Although these models are useful for local
response prediction, they may not be suitable for
describing the highly nonlinear drilling-hydraulic
behavior, such as pressure loss, jet velocity, mud

rheology, nozzle geometry, and fluid-rock
interaction.
Third, certain studies reviewed fail to

consider operational factors that are crucial for
field implementation. These include ECD limits,
MPD operating windows, HPHT rheological
variations [39], and drilling dynamics like stick-
slip and whirl vibrations. Without these
constraints, the optimization recommendations are
not as reliable under real-field conditions.

Fourth, the use of RSM in association with
ANN or other intelligent prediction methods is still
limited. Hence, many models developed have
limited generalization ability beyond the range of
the experiments or operations performed for the
calibration.

Last but not least, many existing studies rely
on scaled-down experiments, simulations, or
idealistic operating conditions. Future hybrid
optimization frameworks must be validated using

real field data to ensure their robustness,
scalability, and deployment potential.

These restrictions suggest that further
research should be directed toward physics-guided
and constraint-aware RSM—-ANN frameworks,
which allow for the optimization of the BHHP and
JIF within the boundaries of field operation.

6.3 Future Research Directions

The findings of this review indicate several
promising directions for future research in drilling
optimization. First, future studies should move
beyond conventional mechanical-performance
indicators and place greater emphasis on bit-level
hydraulic performance parameters, particularly Bit
Hydraulic Horsepower (BHHP) and Jet Impact
Force (JIF), because these parameters directly
hydraulic  energy transfer, rock
fragmentation, and cuttings removal processes.

govern

Second, future optimization frameworks
should integrate Response Surface Methodology
(RSM) with Artificial Neural Networks (ANN) to
combine the advantages of
experimental design and nonlinear predictive
modeling. Such integration can
prediction accuracy while maintaining physical
interpretability within the design space [40].

structured

improve

Third, drilling optimization should be
formulated as a constrained multi-objective
problem that simultaneously considers hydraulic
performance, performance,
operational  safety. Important operational
constraints include Equivalent Circulating Density
(ECD), MPD operating windows [41], High-
Pressure High-Temperature (HPHT) rheological
variations, formation-strength limits, and drilling
dynamics such as stick-slip and whirl vibrations .

mechanical and

Finally, future research should focus on real-
time implementation of hybrid optimization
systems through integration with digital drilling
platforms and automated rig environments [42].
Recent studies on autonomous drilling, closed-
loop well placement, and real-time machine-
learning-based drilling optimization demonstrate
that automated drilling systems are increasingly
moving toward continuous data-driven decision-
making and field-level deployment [43] [42]. Such
systems may support continuous updating of
optimization models using field data and enable
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intelligent  decision-making during drilling
operations.

The conceptual framework proposed in
Figure 5 illustrates a possible pathway toward the

development of an integrated RSM—ANN-based
drilling optimization system capable of addressing
these challenges.

id RSM-ANN Framework for Constrained

Multi-Objective Optimization of Drilling Hydraulic Performance
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Figure 5. Proposed hybrid RSM—ANN framework for constrained multi-objective optimization of drilling
hydraulic performance under operational constraints.

7. Conclusions

Based on the critical review of recent
Response  Surface = Methodology  (RSM)
applications in drilling engineering, the following
conclusions can be drawn:

1. RSM remains an effective tool for drilling
optimization, particularly for improving
mechanical performance indicators such as
Rate of Penetration (ROP) and for optimizing
drilling-fluid properties. The reviewed
studies demonstrate that RSM provides a
structured  framework for identifying
influential ~ variables and  evaluating
parameter interactions within constrained
operating conditions.

2. Most existing RSM applications focus on
mechanical and fluid-related responses,
while bit-level hydraulic performance
parameters, particularly Bit Hydraulic
Horsepower (BHHP) and Jet Impact Force
(JIF), are rarely considered as primary
optimization objectives despite their direct

influence on hydraulic energy transfer, rock
fragmentation, cuttings removal, and
wellbore cleaning efficiency.

Current RSM-based drilling studies are
largely limited by  single-objective
optimization and second-order polynomial
approximations. These limitations restrict
their ability to accurately represent the highly
nonlinear and coupled behavior of drilling
hydraulics, especially under varying
operational conditions.

. Atrtificial Neural Networks (ANN) provide

strong nonlinear predictive capabilities, but
existing ANN-based drilling models are
generally developed independently from
structured experimental-design
methodologies such as RSM. As a result,
current approaches fail to fully exploit the
complementary strengths of statistical design
and data-driven prediction.

A significant research gap exists in the
absence of  integrated = RSM-ANN
frameworks for multi-objective optimization
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of BHHP and JIF under operational
constraints. Future research should focus on
developing physics-guided hybrid
optimization frameworks that combine
experimental design, nonlinear prediction,
and hydraulic-performance objectives to
achieve more accurate, scalable, and field-
applicable drilling optimization systems.
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for this reservoir gives an R2 of 0.94.

Greenberger, using multiple correlation analysis
1. Introduction methods, found the following correlation between
water-drive recovery and five variables that affect

The oil recovery factor refers to the ) ]
recovery in sandstone reservoirs [1] [2]

percentage of the original oil in place that can be

commercially produced. Depending on this R =0.114 + 0.272log(k) + 0.256 log(Sw) —
parameter, we can determine whether the 0.136log(uo) — 1.538(¢p) — 0.00035(h) )
production from a certain oil reservoir is feasible or

not. Also, all the production facilities are designed Based on 73 sandstone reservoirs, Guthrie
based on this parameter and based on the allowable and Greenberger (1963) developed an empirical
oil production rate. There are many methods for expression that correlates the recovery factor with
predicting the oil recovery factor which differ in Permeability, k, md Porosity, ¢, as a fraction Oil
accuracy from one method to another. This paper viscosity, nu0,cp Connate water saturation, Swc, as
aims to review and evaluate the published oil a fraction Reservoir thickness, h, ft The empirical
recovery correlations and develop more accurate equation for predicting the water flood ultimate
models compared to the published ones. recovery factor (RF) takes the form Guthrie and M.

H. Greenberger [1] and Ahmed [2]

2. Literature Review
RF = 0.2719logK + 0.25569Sy,¢ — 0.1355logpo —

In a statistical study of Craze and Buckley’s 1.538¢ — 0.0008488h + 0.11403 2)
water-drive  recovery data, Guthrie and
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Arps (1967) statistically correlated the
recovery factor as a function of the initial pressure
pi and pressure at depletion pa by the following
relationship [2, 3]:

0. 0422 0.077
1-S§ k
RF = 54.898[®( W‘)] HFwi ]
I”'Ol

(Sw)—o.1903(%)—0.2159 3)

The American Petroleum Institute calculated
the oil recovery factor from a water-drive reservoir
using eight factors in sandstone reservoirs:
porosity, water saturation, initial oil formation
volume factor, permeability, and oil
viscosities at the initial conditions, and initial and

water

abandonment pressures [4].

o[1 — sw]'***? Kk pwi®o77°

Boi poi

R = 4259

[Sw] 01903 [g_;] —-0.2159 4)

The American Petroleum Institute developed
also, another correlation for sandstone solution gas
drive reservoirs as follows:

11611 0.0979
) K
R = 3244 [Q( W)]
.uob

®)

0.1741
ra

[S,,]03722 [ﬂ

The correlations show an extremely strong
dependence of recoverable oil on the original oil-
in-place. other reservoir and fluid
parameters were included in the correlation since

However,

calculations showed a statistically significant
increase in the correlation coefficient when using
the multiple-factor regressions [4].

Gulstad conducted a study on "The
Determination of Hydrocarbon Reservoir Recovery
Factors by Using Modern Multiple Linear
Regression Techniques". During the study, the
recovery factor of hydrocarbon reservoirs was
observed from the beginning of the well's life to the
end, to leverage the benefits of earning during the
production stage. Additionally, knowledge gained
from the calculation of the recovery factor allowed
for improved programs aimed at developing the
primary recovery factor. The equations for the

recovery factor, determined using multiple linear
regression models, are as follows [4]:

The equation for sandstone reservoir —
solution gas drive:

R = —264.59 + 0.34(00IP) + 29.37 In(Rs;) —
0.06(1,) + 10.701n(A,) — 12.641n(h) (6)

The equation for sandstone reservoir- water
drive:

R = —274.94 + 0.44(00IP) — 56.70 In(itpq) —
119.45In(Sy) + 0.04(P.) — 4.73 (up:) +
4.38(tipq) + 0.24(00IP,5,.) — 0.88(T) %)

The equation for carbonate reservoir- solution
gas drive:

R = —711.29 + 0.30(k) + 46.641n(0IIP) +
420.18(u,,) + 0.01(P;) + 2.19(API) —
190.00 In(w,,) + 79.32(S,,) ®)

The equation of carbonate reservoir- water
drive:

R = -177.26 — 57.11(up,) + 0.34(00IP) +
33.90(ug;) + 0.17(h) — 86.83In(P,) +
283.271n(Boq) + 75.191n(pp, ) + 175.89In(T)  (9)

Gulstad concluded that the four equations for
the recovery factor depended on the original oil-in-
place and a combination of reservoir rock
properties. The best model was found to be the
equations for carbonate reservoirs with a water
drive mechanism. The values of coefficient of
determination for carbonate reservoirs were found
to be greater than those for sandstone reservoirs.
Additionally, the study found that the heterogeneity
of a reservoir plays an important role in
characterizing the hydrocarbon reservoirs and
estimating the recovery [4].

Noureldien and El-Banbi studied estimating
oil recovery factors using artificial intelligence or
calculating reserves wasn’t an easy task it needed
many conditions and parameters. The first step of
the study was to standardize and normalize the
input and output parameters. Then, they classified
the parameters into two categories:
quantitative parameters and qualitative parameters.
Quantitative parameters were (permeability,
porosity... etc.) but these data were not normally
represented in digits so they used actual field data.

main
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These data included parameters such as (facilities,
start of production, and number of wells.) then they
built two artificial neural networks (ANNs): the
first had simple and basic data and the second had
advanced data with reasonable accuracy. They
concluded that new ANN models were developed
for estimating the oil recovery factor but they did
not publish the ANN model [5].

Olugbenga Olamigoke et al. Studied primary
recovery factor correlations for thin oil rims with
large gas caps. They found a correlation between
the primary recovery factor and a large gas cap.
This correlation estimated depended on three
dimensions. The correlation for calculating the oil
recovery factor in conventional development was
validated using real production data from an oil rim
field. On the other hand, the models for concurrent
development were validated using
simulation results that were matched with historical
data. The oil recovery factor.

reservoir

estimated from the correlation of this study
was highly accurate, as it matched well with the
field data. It was worth noting that the developed
correlation has been tested and validated for
reservoirs with oil columns less than 100 ft
underlying large gas caps. Therefore, they could be
applied to such reservoirs with a good degree of
confidence. The correlation that developed for
estimating the ultimate oil recovery on the vertical
well was [6]:

&(1 — Swc - Sor)kp, ho*SNTGS
HoiBoi*106

Npw = (10)

These response surface models, also known
as correlations, were created by fitting non-linear
regression models to oil recovery estimates
obtained from reservoir simulation runs. These
estimates were determined using Box-Behnken
experimental design for both conventional
development and concurrent development at gas
cap production rates of 5% and 10% of free gas
initially in place per annum. Then they get an
equation for recovery factor which applied to both
conventional and concurrent oil and gas
development using horizontal wells:

RF = 4.8+ 0.19h, * 3.1 * 10 3k, — 0.5m + 0.47,, —
190, + 1.8 (X2) + 0.16 + 4.87qg; + 3 + 10 Shoky, +
h

0.01mh, + 0.01h,1,p + 5.5mk; — 0.06h,u, — 5.5 *
1073hoqg; — 3 % 107 *kprep — 1.3 % 107*kpqg (1)

1
~0.5592705s52
_ P+2182\( T
Rs = ygAPI [( 1724 )(APIyg> ] (12)

The final result showed that the dominant
factors affected by oil rim and gas cap production
were oil rim thickness, gas cap size, oil viscosity,
horizontal permeability, aquifer radius, gas cap
offtake, vertical anisotropy, and reservoir dip.

“Mahmoud et al. estimated the oil recovery
factor for water drive sandy reservoirs through
applications of artificial intelligence accuracy of
these applications depended on existing data and
reservoir age. They used 10 parameters that were:
the effective reservoir thickness, original oil in
place,
porosity, Lorenz coefficient, effective permeability,
APl gravity, oil viscosity, and initial water
saturation. The researchers used Al models to
develop an empirical correlation for recovery factor

reservoir pressure, the reservoir area,

estimation based on data collected from a large
number of water-drive sandstone reservoirs. The Al
models were trained using data from 130 reservoirs
and then tested using data from 38 other reservoirs.
The showed that the ANNs-based
correlation developed by the researchers
outperformed the currently available empirical
equations for recovery factor estimation in terms of
all the measures of error evaluation used in the
study. The ANNs-based correlation also had a
higher (0.94)
compared to the Gulstad correlation, which was
considered to be one of the most accurate

results

coefficient of determination

correlations currently available (with a coefficient
of determination of only 0.55) [7].

3. Results and Discussion

3.1 Data preparation and description for
sandstone solution gas drive reservoirs
(SSGDR)

139 datasets are collected from the literature.
The data description is presented in Table 1. The
data represents the oil recovery as a function of the
original oil in place, initial solution GOR, oil
mobility at the bubble point pressure, and net pay
thickness. As presented in this table, the collected
data covers oil recovery values ranging from 16 to
908 STB, the original oil-in-place values ranging
from 189 to 2146 STB, initial solution GOR values
ranging from 44 to 3000 SCF/STB, oil mobility
values range from 0.11 to 6230.769 and net pay
thickness values range from 4.5 to 1100 ft.

24



Jankiz et. al.

Emerging Trends in Engineering and Sustainability (ETES) Volume 02 (No. 02), 2026, pp. 22-32

Table 1. Data description for predicting oil recovery of sandstone solution gas drive reservoirs.

N Rsi k/uob H REC
Mean 82895  577.518 163.705 63.319  187.324
Standard Error 32.72 40.545 48.179 10.428 12.645
Median 735 480 33.333 25 138
SD 385.766  478.024  568.025  122.947  149.079
Sample Variance 148815.4 228507  322652.7 1511594 22224.6
Kurtosis 1.318 8.297 95.77 37.571 5.437
Skewness 1.195 2.41 9.143 5.294 2.101
Range 1957 2956  6230.659  1095.5 892
Minimum 189 44 0.11 4.5 16
Maximum 2146 3000  6230.769 1100 908
Count 139 139 139 139 139

Before developing the correlation, we should
check the relation between the oil recovery and the
input parameters. Figure 1 shows the effect of the
input parameters on the oil recovery for the
sandstone solution gas drive. As depicted in this
figure, the oil recovery is directly proportional to
the original oil in place, oil mobility, and net pay
thickness. On the other hand, the oil recovery is
inversely proportional to the initial solution GOR.
As shown also, in this figure, the oil recovery is
affected by the original oil in place with coefficient
correlation, R = 78%, initial solution GOR with R
= -27%, oil mobility with R = 15%, and net pay
thickness with R = 18.6%.

[EEN

mN
M Rsi
k/uob

© 9
o ™

© o
N

o
N O
[y

Correlation coeffficient with
oil recovery

-0.4

Input parameters

Figure 1. Effect of input parameters on oil
recovery for SSGDR

3.2 Development of the new correlation
Utilizing NLMR for SSGDR

“A correlation was developed in this study to
predict the oil recovery. The correlation was
developed to predict the oil recovery as a function
of the original oil in place, oil mobility, and net pay
thickness, solution GOR. To develop this
correlation 139 datasets are collected from the
literature. The developed oil recovery correlation
for SSGDR can be expressed as:

R = aN’(Rsi + ) (k/uo)°hf (13)

Where:
A=10.0377,
B=1.696,
C=-28.618,
D=0.167,
e=1798.7,
=-0.4877, and
g=-0.0672

Figure 2 depict the estimation vs. actual
recovery factor. As illustrated in Figure 2 there was
a good correlation where the developed correlation
achieves R? of 0.90.
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Predicted oil recovery, STB

Actual oil recovery, STB

Figure 2. Cross plot for oil recovery of SSDR
(after this study)

We investigated the accuracy of the most
common published correlation to predict oil
recovery compared with the model developed in
this study. The correlation for oil recovery of this
study the highest
determination of 0.90 as shown in Figure 2. The oil
recovery Gulstad correlation gives a coefficient of
determination of 0.87 as depicted in Figure 3.

achieved coefficient of

Predicted oil recovery, STB

Actual oil Recovery, STB

Figure 3. Cross plot of the oil recovery correlation
(after Gulstad).

3.3. Data preparation and description for
sandstone water drive reservoirs (SWDR)

11 datasets are collected from the literature.
The data description is presented in Table 2. The
data represents the oil recovery as a function of the
original oil in place, porosity, water saturation,
permeability, pressure, net pay thickness, and APIL.
As presented in this table, the collected data covers
oil recovery values ranging from 30 to 1470 STB,
the original oil-in-place values ranging from 242 to
2062 STB, porosity values ranging from 0.11 to
0.35, water saturation values range from 0.07 to
0.53, permeability values range from 7 to 5000 mD,
pressure values range from 1 to 14.94943, net pay
thickness values range from 6 to 600 ft, and API
values range from 14 to 60.

Before developing the correlation, we should
check the relation between the oil recovery and the
input parameters. Figure 4 shows the effect of the
input parameters on the oil recovery for the
sandstone water drive. As depicted in this figure,
the oil recovery is directly proportional to the
original oil in place, porosity, permeability, and net
pay thickness. On the other hand, the oil recovery is
inversely proportional to the water saturation,
pressure, and API. As shown also in this figure, the
oil recovery is affected by the original oil in place
with coefficient correlation, R = 0.730, porosity
with R = 0.61, water saturation with R = -0.41, and
permeability with R= 0.36, pressure with R= -0.33
and net pay thickness with R = 0.21 and API with
R=-0.19.

Table 2. Data description for predicting oil recovery of SWDR.

ooIp Poro Sw Pi/Pa H API REC
Mean 1180.243  0.265856 0.266739  815.473  2.70424  59.43964 33.65135 604.1261
Standard Error 32.96195 0.005597 0.009583 85.69972  0.29938  8.177261 0.737456 30.62193
Median 1196 0.288 0.26 440 1.400585 31 35 600
Mode 1007 0.3 0.3 1000 1 16 35 750
Standard Deviation 347.2757 0.058964 0.100966 902.9026 3.154169 86.15279 7.769578 322.6221
Sample Variance 120600.4 0.003477 0.010194 815233.2 9.948779 7422303 60.36634 104085
Kurtosis -0.25654  -0.39058  -0.27357 4.548142 6.732518 15.71766 0.450995 -0.32433
Skewness -0.099 -0.78092  0.274574 1.979075 2.695504 3.531374 0.208689 0.375767
Range 1820 0.24 0.46 4993 13.94943 594 46 1440
Minimum 242 0.11 0.07 1 6 14 30
Maximum 2062 0.35 0.53 5000 14.94943 600 60 1470
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Figure 4. Effect of input parameters on oil
recovery for SWDR

3.4 Development of the new correlation using
NLMR for SWDR:

A correlation was developed in this study to
predict the oil recovery. The correlation was
developed to predict the oil recovery as a function
of the original oil in place, porosity, water
saturation, permeability, pressure, net pay
thickness, and API. To develop this correlation 111
datasets are collected from the literature.

The developed oil recovery correlation of

SWDR can be expressed as:
— bacewdice (PLY) h
RF = a + (00ip?@°SwiK (;) h9APIM) (14)
Where:
a=0.485045, b=0.874907, ¢=0.764819,
d=0.331989, e=0.023058, =0.102882,

2=0.056389, and h=0.417031

Figure 5 shows the calculated versus actual
recovery factor. As shown from this figure there is
a good correlation between them where the
developed correlation achieves a coefficient of
determination, R2 of = 0.93.

Calculated oil recovery, STB

Actual oil recovery, STB

Figure 5. Cross plot of the oil recovery
correlation.

We investigated the accuracy of the most
common published correlation to predict the oil
recovery compared with the models developed in
this study. The correlation for oil recovery of this
study achieved the highest coefficient of
determination of 0.93 as shown in Figure 5. The oil
recovery API correlation gives a coefficient of
determination of 0.91 as depicted in Figure 6.

Calculated oil recovery, STB

Actual oil recovry, STB

Figure 6. Cross plot for oil recovery (API
correlation).

3.5 Development of oil recovery for SSGDR
using artificial neural network (ANN)

The collected data sets are divided into three
sets before building the ANN model to predict the
oil recovery. 70% of the data sets are employed for
the process of model training, while the remaining
30% of data sets are used for validation and testing
the performance of the model. Besides, all the data
are normalized between —1 and 1 to build the ANN
model.

In this work, an ANN model is developed to
estimate the oil recovery as a function of the
original oil in place, oil mobility, and net pay
thickness, solution GOR. The model is built based
on three layers. The first layer is the input layer,
which has 4 neurons for inputs. 9 neurons
contribute to the hidden layer, which is the second
layer. The output layer, which has one neuron to
predict the output parameter, oil recovery, is the
third layer we first examined the Tan-sigmoid as a
transfer function at different numbers of hidden
neurons (5, 6,7, 8, 9, and 10) as presented in Table
3. We found the highest coefficient of
determination and the lowest RMSE at n = 6. Then
we examined the logistic-sigmoid as a transfer
function at numbers of neurons of (5, 6, 7, 8, 9, and
10) as presented in Table 4. We found that the
optimum transfer function is Log-sigmoid with 9
neurons where the coefficient of determination is
0.92 and MAE is 20.9 %. To reach this fact a
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Levenberg-Marquardt technique was selected as a
training algorithm and the pure-linear was
examined to be the output function. Figure 7 shows

the layout of the proposed model and the
characteristics of the proposed model are presented
in Table 5.

Table 3. Oil recovery model accuracy at various numbers of neurons in the hidden layer with a tan—sigmoid
transfer function for the SSGDR.

5 6 7 8 9 10
R2 0.51 0.75 0.32 0.38 0.54 0.16
SD 2993  20.69 3486 22.61 2583 67.87
RMSE 46.54 2999 4644 4212 51.63 84.17
RE -20.68 -10.82 -19.6 -15.07 -18.35 -79.56
AE 3395 22,66 3485 2623 30.05 8837

Table 4. Oil recovery model accuracy at various numbers of neurons in the hidden layer with log—sigmoid
transfer function for the SSGDR.

5 6 7 8 9 10
R2 0.6 0.57 0.27 0.54 0.92 0.39
SD 2695 27.15 2731 25.04 1897 2942
RMSE 4345 4831 5886 5136 22.12 59.21
RE -18.24 -18.02 -11.54 13.04 -10.77 -183
AE 32.53 32095 32 3513 209 3026
Hidden Layer Output Layer
Input
4

Figure 7. Layout of the proposed ANN oil recovery model for SSDR

Table 5. Characteristics of ANN oil recovery model of the SSDR

Parameter Value
ANN layers number 3
neurons numberin the input layer 4
optimum neuron number in the hidden layer 9

training algorithm for the neural network

transfer function of the hidden layer
transfer function of the output layer

Levenberg—Marquardt
Log sigmoid
pure linear

The developed model for oil recovery using
the ANN can be expressed as follows:

First, the input parameters are normalized

using the following expressions:

N, = 0.001022 « N — 1.193153 (15)

Rs, = 0.000677 x Rs — 1.02977 (16)

(k/1), = 0.000321 * (E) —1.000035 (17)
h, = 0.001826 + h — 1.008215 (18)

For i =1 to no of neurons and for j = 1 to no
of inputs, the inputs for the hidden are calculated
from the following expression:
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Si,j = Z]-I\lzl(WiJXj) + bi (19)

The oil recovery can be calculated by the
following function:

1

REC = 446 [bho + E?zl Whoi (m

)] +462 (20)

The proposed oil recovery model’s
coefficients are listed in  Table 6.
The regression plot for the oil recovery model of
SSDR, as indicated in Figure 8 presents the relation
between the calculated and the true oil recovery for
all data sets. The fit is accepted where the
coefficient of determination is 0.92.

Table 6. Weights and Biases of the Oil Recovery ANN Model for SSGDR

Neuron# Wil Wij,2 Wi,3 Wi, 4 bi Whi Bh

1 -3.4489  0.82109 2.2473  -2.4703  4.8571 -0.17252  -0.93786
2 -3.2534  -1.5967 -0.4458  3.1584 3.6523 -0.8374

3 -1.9765  3.0192 -2.9843  -1.4835  2.2211 1.0455

4 1.2276  -3.0785 -1.9261 29099  -1.3954  0.14924

5 3.9062 0.025694  2.2422  -1.8971 0.029608  0.90948

6 -2.1914  -1.1872  -0.34067 4.1582  -1.2648 0.2317

7 24957 -0.34693  -3.0857 -2.7598  2.4192  0.019633

8 2.0353 3.1571 -1.8488  -2.4439  3.6219 0.00622

9 -3.571  -0.75424 13114  -2.6853  -53414  -0.22336

Calculated oil recovery, STB
N W s W @ N @ W
s 8 8§ &8 8 & & 3
8 8 8 8 8 8 8 8

,_‘
1=}
S

o

0 200 400 600 800 1000

True oil reovery, STB

Figure 8. Cross plot of ANN oil recovery model
of SSDR.

3.6 Development of oil recovery for SWDR
using ANN

The collected data sets are divided into three
sets before building the ANN model to predict the
oil recovery. 70% of the data sets are employed for
the process of model training, while the remaining
30% of data sets are used for validation, and testing
the performance of the model. Besides, all the data
are normalized In this work, an ANN model is
developed to estimate the oil recovery as a function

of the original oil in place, porosity, water
saturation, permeability, Pi/Pa ratio, net pay
thickness, and, API. The model is built based on
three layers. The first layer is the input layer, which
has 7 neurons for inputs. 6 neurons contribute to the
hidden layer, which is the second layer. The output
layer, which has one neuron to predict the output
parameter, oil recovery, is the third layer.

To determine the optimal architecture, we first
evaluated the Tan-sigmoid transfer function across
different hidden neuron counts (5-10), as shown in
Table 7, where the best performance was achieved
with 6 neurons. Subsequently, we repeated this
analysis using the Log-sigmoid transfer function.
The results, presented in Table 8, indicate that the
Log-sigmoid function with 6 neurons provides the
optimal performance, yielding a coefficient of
determination of 0.6 and a corresponding MAE ofis
47.2 %. To reach this fact a Levenberg-Marquardt
technique was selected as a training algorithm and
the pure-linear was examined to be the output
function. Figure 9 shows the layout of the proposed
model and the characteristics of the proposed model
are presented in Table 9.
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Table 7. Oil recovery model accuracy at various numbers of neurons in the hidden layer with a tan—sigmoid
transfer function for sandstone water drive.
5 6 7 8 9 10
R2 0.52 0.55 0.26 0.59 0.59 0.6
SD 208.19 204.36  196.56 200.33 201.09 197.17
RMSE 18527 177.74 221.49 172.76 172.18 173.53
RE -26.66 -26.81 -20.26 -25.86 -2646 -23.72
AE 51.88 4857 5137 4736 4855 50.93

Table 8. Oil recovery model accuracy at various numbers of neurons in the hidden layer with a log—sigmoid
transfer function for sandstone water drive.
5 6 7 8 9 10

R2 0.58 0.94 0.57 0.57 0.5 -0.11
SD 206.84 1944 21491 2003 211.93 198.81

RMSE 172.82 169.98 17438 17433 182.63 210.74
RE -25.58 -25 -31.69 -26.05 -29.2 -3343
AE 4725 4722 4912  47.73 51.05 56.85

Hidden Layer Output Layer
Input Output
: ‘
: b b 1
6 1

Figure 9. Layout of the proposed ANN oil r Table 9. Characteristics of ANN oil recovery model of sandstone
water drive ecovery model for sandstone water drive.

Table S. Characteristics of ANN oil recovery model k, = 0.000401 + k — 1.002804 24)
Parameter Value

ANN layers number 3 (Pi/Pa), = 0.143375 * (Pi/Pa) — 1.143375 (25)

neurons number in the input 7

layer h, = 0.003339 xh — 1.003339 (26)

optimum neuron number in 6

the hidden layer API,, = 0.033898 * API — 1.033898 27

training algorithm for the Levenberg—Marquardt

neural network For i =1 to no of neurons and for j =1 to no

transfer function of the Log sigmoid of inputs, the inputs for the hidden are calculated

hidden layer

from Eq. 18. The oil recovery can be calculated by

transfer function of the pure linear . .
the following expression:

output layer

REC = 734.5[-0.0228 + XL, W, (ﬁ)] +
The developed model for oil recovery using 735.5 28)

the ANN can be expressed as follows:

First, the input parameters are normalized The proposed oil recovery —model’s

using the following expressions: coefficients are listed in Table 10. The regression
plot for the oil recovery model of SSDR, as
N, = 0.001099 * N — 1.265934 1) indicated in Figure 10 presents the relation between
the calculated and the true oil recovery for all data
¢n =8.333333 « ¢ — 1.916667 (22) sets. The fit is accepted where the coefficient of

determination is 0.94.
(Sw)n = 4.347826 % S,, — 1.304348 (23)
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Table 10. Weights and Biases of the Oil Recovery ANN Model for SWDR
Neuron Wi, 1 Wi,2 Wi,3 Wi 4 Wi,5 Wi, 6 Wi, 7 Whi bi
1 3.0197 -0.3794 0.00839 -0.8997 1.9351 -0.641  0.45729 -3.0901 1.4917
2 4.899 3.0177 0.13528 -1.3855 -0.2651 -2.413 2.6506 -2.267  0.60098
3 -1.2311  -1.4232  3.8264 1.0633  2.5017 -2.2841 -2.7343 3.5377 -1.2004
4 -0.97186 -2.1979 0.71725 2.9217 -2.1781 -1.0218 -3.7718 1.0167 0.51583
5 -3.8 -5.905  -0.1087 0.51892 2473 2.1984  -1.4769 4.2591 -0.1458
6 -0.98269 1.7365 0.77143  2.1174 -0.7372 2.1245 -0.5136 -3.7223 0.27164
1000 Nomenclature

1400

1200

1000

800

600

400

Calculated oil recovery, STB Title

200

600

800 1000 1200 1400 1600

Actual oil recovery, STB

Figure 10. Cross plot of ANN oil recovery model
of SWDR

4. Conclusions

From the work, the following conclusions
may be drawn:

1. A correlation was developed (139 data sets)
in this study to predict the oil recovery for
sandstone solution gas drive reservoirs
(SGDR) using NLMR with a coefficient of
determination, R? of 0.90 (compared to
0.87 for Gulstad correlation).

A new ANN model was developed to
calculate the oil recovery of sandstone
solution gas drive reservoirs giving an R? of
0.92.

A correlation was developed (111 data sets)
in this study to predict the oil recovery for
sandstone water drive reservoirs (SWDR)
using NLMR with a coefficient of
determination, R? of 0.92 (compared to
0.91 for American Petroleum Institute, API
correlation).

A new ANN model was developed to
calculate the oil recovery of sandstone
water drive reservoirs giving an R? of 0.94.

B,q: the oil formation volume factor at the
abandonment pressures, bbl/STB.

B,;: the oil formation volume factor at the initial
pressure, bbl/STB.

h: net pay thickness, ft

k: permeability, millidarcy.

N': the original oil in place, OOIP, STB

N_q;: the calculated original oil in place, STB
P,: the abandonment pressure, psi.

P;: the initial pressure, psi.

Swi: the initial water saturation, dimensionless.
T: Reservoir temperature, °F

&: porosity, dimensionless

Uoq: the oil viscosity at the abandonment pressure,
cp.

Uop: the oil viscosity at the bubble point pressure,
cp.

Uoi: the oil viscosity at the initial pressure, cp.

Uyi: the water viscosity at the initial pressure, cp.

NTG: Net-to-gross ratio
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Economic Analysis

approximately 41.4% of the total renewable

1. Introduction energy capacity in the world. [2-4]

The global energy sector is undergoing a We have developed a lot in this area, but
transformation due to increased energy demand, standalone renewable energy systems still face the
declining supply of fossil fuels, and greater disadvantage of the intermittent and stochastic
awareness of climate change and greenhouse gas nature of renewable resources. In contrast to solar
emissions. With rapid industrialization and energy, which can be produced only during the
population growth, the use of electricity has daytime, wind energy production is greatly
rapidly increased in the world, imposing a heavy susceptible to meteorological variations around
burden on the traditional energy supply the site, and the load demand profile is not really
infrastructure system [1]. These have led to the matched [5]. This leads to disruptions in supply,
development of renewable energy technologies as particularly in off-grid and remote areas with low
a major component of energy security and carbon cost of economic extension to the grid (Whiteman,
emission reduction policies at a global level [1]. 2024). These limitations can be mitigated to some
Solar photovoltaic (PV) and wind energy are extent with the help of energy storage systems and
among the renewables that have grown rapidly backup generators; however, they increase the
because of the maturity of these technologies and complexity and cost of the overall system. [6-8]

their decreasing installation cost. The installed
capacity of solar and wind energy systems was
903.1 GW in 2017, which accounted for

To overcome these issues, the use of Hybrid
Renewable Energy Systems (HRES) has been
suggested as an alternative energy system that
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involves the integration of different RE and/or
conventional energy sources and energy storage
systems. The use of different resources can
improve the reliability of HRES for supply, energy
efficiency, and cost effectiveness compared to
single-source systems [9]. For instance, the
complementarities of solar and wind resources
could be a key factor in the stability of power
generation and in reducing reliance on backup
systems that rely on fossil fuels. This is because
the relevance of HRES is rising in practice, as seen
from the large-scale deployment of HRES all over
the world; in 2000, HRES energy capacity was
more than 700 GW and in 2021, it was more than
3100 GW. [10-12]

Besides technical benefits, HRES are

essential and important in the context of
sustainable rural electrification and decentralized
access to energy in developing areas where the
cost of traditional transmission infrastructure is
economically not feasible [13]. In addition, HRES
can also contribute to reducing the generation of
greenhouse gas emissions when compared to
diesel standalone power systems, thus making it an
attractive solution over diesel standalone power

systems. [14-16]

However, the design and operation of an
HRES are extremely difficult owing to
interactions among different energy sources, the
intermittent availability of renewables, the
nonlinearity of HRES component performance,
and conflicting technical and economic targets.

Thus, optimization and energy management
methods are major research areas in the field of
HRES  development [17].  Optimization

frameworks that are efficient, therefore, should
consider various issues, including component
sizing, operational  scheduling, reliability
enhancement, and economic considerations, such
as minimizing the Levelized Cost of Energy
(LCOE) and Net Present Cost (NPC). [18, 19]

This is a very brief and critical review of the
recent developments relating to the optimization
of HRES and Energy management strategies. The
paper emphasizes the following: (1) main
configurations and classification of HRES; (2)
classical, metaheuristic, and Al-based
optimization methods; (3) techno-economic and
environmental assessment methods; and (4)
challenges and new research directions. A
literature review was carried out, and the literature

for the period 2015-2026 was mainly scientific
journal articles published in scientific databases,
focusing on literature related to the optimization of
the HRES and literature on energy management
and sustainability assessment.

2. Overview of Hybrid Renewable
Energy Systems

2.1 Definition and Classification

Hybrid Renewable Energy Systems (HRES)
are made of a combination of two or more energy
sources, energy storage technologies, and power
electronic converters that produce reliable and
cost-effective electricity generation. HRES can
help reduce the intermittency of standalone
renewable energy systems and enhance the
reliability and efficiency of the overall system by
integrating complementary energy sources. [20]

Based on the criteria of their grid
connectivity and internal power distribution

architecture, HRES can be classified. [21]

2.1.1 Grid-Connected Systems

Grid-connected HRES work alongside the
power grid as a secondary power supply and as an
energy storage device for excess electricity.
Typically, these systems need to store less energy
than standalone systems, resulting in lower system
costs and lower Levelized Cost of Energy
(LCOE). They are widely used in urban and
settings, but grid
synchronization and stability requirements. [22]

industrial must meet

2.1.2 Off-Grid Systems

Standalone or off-grid systems are not
connected to the grid and are mainly used in areas
where it is not economically viable to extend the
grid. As there is no external power support, the
system’s reliability heavily on the
appropriate sizing of the system and the
management of energy. [2]

relies

2.1.3 AC- and DC-Coupled Architectures
Alternatively, HRES can be classified
according to the bus architecture as AC-coupled
and DC-coupled. Typically, the DCW system
reduces the losses associated with the conversion
process, and the PV system is easier to integrate,
whereas the ACW system enables the PV system
to be connected to the existing AC system and
grid. In the era of modern microgrid applications,
hybrid AC/DC architectures, which are an
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amalgamation of both configurations, are gaining
popularity. [23]

2.2 Main HRES Components

The function of an HRES will rely on the
joint operation of generation, storage, and backup.

2.2.1 Solar Photovoltaic Systems

In HRES, Solar PV technology is highly
adopted because of its low maintenance cost,
modularity, and reduced installation cost.
However, PV generation is intermittent, and solar
irradiation and environmental conditions are
crucial in the determination of PV generation. [14]

2.2.2 Wind Turbines

Wind Turbines offer a generation profile that
is often complementary to solar, which makes it
more stable and effective to utilize renewable
energy. However, the performance of wind energy
continues to be site- and wind-specific. [24]

2.2.3 Battery Energy Storage

The most popular storage technology in
HRES is battery systems because they serve to
buffer the variability of renewable generation and
load demand in the short term. System reliability
and life cost are both affected by battery size and
degradation. [25]

2.2.4 Diesel Generators

Diesel generators are often utilized as
dispatchable backup generation in HRES to
improve reliability when renewable generation is
low. Although diesel-assisted systems enhance
supply predictability and storage needs, they also
contribute to higher fuel usage and greenhouse gas
emissions.

2.2.5 Hydrogen and Fuel Cell Systems

Systems using hydrogen for storage are also
long-duration storage technologies, available via

electrolyzers and fuel cells, which are suitable for
seasonal energy storage applications. Although
there are environmental advantages and they offer
longer autonomy, the costs and low round-trip
efficiency are still high and prevent them from
being widely adopted. [26]

2.3 Common HRES Configurations

The literature is rich in studies of several
HRES configurations investigated for their
practicality and complementary operational
features.

2.3.1 PV/Wind/Battery Systems

The PV/wind/battery system is the most
commonly researched standalone HRES. Solar
and wind resources complement one another, and
battery storage can help deliver high renewable
penetration and ‘no compromise’ in electricity
supply in remote electrification. However, battery
replacement is yet another issue, along with the
cost of the initial purchase. [27]

2.3.2 PV/Diesel/Battery Systems
PV/diesel/battery systems are commonly
used, where reliability and cost reduction are the
priority. The diesel generator helps complement
the low levels of renewable generation, lowers the
need for battery storage, and stabilizes the system.
However, this reliance on fossil fuels results in
operational costs and environmental issues. [28]

2.3.3 PV/Wind/Hydrogen Systems
PV/wind/hydrogen systems
electrolyzers and fuel cells for storing excess
renewable energy as hydrogen for future use. The
capital cost and system complexity of hydrogen
storage systems are significantly higher than those
of battery-based systems; however, they offer far
greater long-duration autonomy and reduced

include

greenhouse gas emissions. [26]

Table 1. Comparative summary of common HRES configurations

Configuration Typical Applications Key Limitations Key Advantages
PV/Wind/ Rural electrification; High initial cost; battery High renewable penetration;
Battery telecom stations; off-grid degradation; limited long- | complementary resource utilization;
communities duration storage low operational emissions
PV/Diesel/ Remote communities, Fuel consumption, Improved reliability; lower storage
Battery mining sites, backup systems | emissions, and maintenance | requirements; moderate initial cost
requirements
PV/Wind/ Seasonal storage; islanded High capital cost, low Long-duration storage; high energy
Hydrogen microgrids; green hydrogen round-trip efficiency, autonomy; reduced emissions
applications complex control

35




Taha and Mohammed

Emerging Trends in Engineering and Sustainability (ETES) Volume 02 (No. 02), 2026, pp. 33-46

3. Sustainable Energy Management
and Optimization Strategies

3.1 Optimization Objectives

Optimization is a very important part of the
design and operation of HRES as system
performance is influenced by the economic,
technical, and environmental goals and under
varying operating conditions. The majority of

optimization studies concentrate on the
minimization of the total system cost,
improvement of supply reliability, and

minimization of GHG emissions, which is often
achieved using multi-objective
frameworks. [29]

optimization

Typical economic optimization objectives
are to minimize the Net Present Cost (NPC) and
Levelized Cost of Energy (LCOE), which includes
capital, operation and maintenance, replacement,
and fuel costs over the project life. LCOE is one of
the most widely used economic indicators in
HRES studies as it allows direct comparison
between the different configurations of the system
and energy technologies. [7]

n _Ct
Le=177 98 !
n E¢ ( )

t=1(147)t

LCOE =

Reliability is optimized to guarantee that the
system will meet the load demand with reasonable
service continuity. Loss of Power Supply
Probability (LPSP), Loss of Load Probability
(LLP), and Energy Not Supplied (ENS) are among
the common reliability indicators. A larger storage
capacity and/or larger backup generation are
generally required to achieve lower LPSP values,
thus leading to higher system costs. Hence, there
is always a compromise between economic
performance and reliability for HRES
optimization. [30]

Environmental targets are primarily to
reduce carbon emissions, often in the context of
diesel-assisted hybrid systems. Fully renewable
configurations can also be used for achieving near-
zero operational emissions, but are sometimes
associated with increased storage sizes and initial
investment. Recent studies increasingly employ
multi-objective  optimization methods that
simultaneously consider cost, reliability, and

environment to achieve a balance between the
three. [28]

3.2 Classical Optimization Methods

Classical optimization methods, which have
been developed on the basis of simplified
assumptions, give mathematically rigorous
solutions to the problems of the design and
operation of HRES. Among the various methods,
linear programming (LP) and dynamic
programming (DP) are the most widely used.

Linear programming has been used
extensively for dispatching and scheduling energy
problems, where the behavior of the system can be
modeled by linear objectives and constraints.
Although LP is beneficial for convex problems,
the applications of LP in HRES are restricted
because of the nonlinear properties of the
renewable generation systems, storage dynamics,
and degradation processes of the components. [31]

Sequential decision-making problems, such
as battery energy management and operational
scheduling, are well-suited for dynamic
programming. DP can break the optimization
problem into several decision points and therefore
find the optimal operation strategy (also called a
DP policy) over a finite time horizon. However,
the computational complexity grows
exponentially with the dimensionality of the
problem, making DP impractical for large-scale
and highly integrated HRES configurations. [32-
34]

While classical optimization techniques are
still relevant for simplified or deterministic cases,
their inability to deal with nonlinear, stochastic,
and multi-objective optimization problems has led
to the increasing use of metaheuristic and artificial
intelligence-based techniques. [35-37]

3.3 Metaheuristic Optimization Algorithms

Owing to their ability to solve nonlinear,
non-convex, and multi-objective optimization
problems without using gradient information or
simplified mathematical formulations,
metaheuristic algorithms have emerged as the
most popular tools for solving optimization
problems in HRES research. They are flexible and
robust and are well-suited to component sizing,
operating schedules, and energy management
when renewable resources are highly variable.
[38-41]
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Figure 1. General framework of HRES optimization and energy management.

3.3.1 Genetic Algorithm (GA)

One of the oldest and most widely used
optimization techniques in HRES studies is the
genetic algorithm (GA). GA is an iterative
evolution of candidate solutions to solve a problem
globally and has been shown to be effective in
multi-objective optimization problems involving
cost, reliability, and emission reduction. The
primary advantage is that it does not require
explicit mathematical models, helping avoid
premature convergence and efficiently exploring
large search spaces. [18, 42]

GA has been applied successfully to the
optimal sizing of PV/wind/diesel/battery systems
for Remote Electrification. The GA resulted in
simultaneous system cost and CO2 emission
reductions. However, GA can be very time-
consuming and is sensitive to the parameters, size
of the population, and mutation rate. [14, 43]

3.3.2 Particle Swarm Optimization (PSO)
One of the most commonly used algorithms

in HRES optimization is Particle Swarm
Optimization (PSO), which shows fast
convergence, easy implementation, and has

relatively low computational complexity. PSO has
been proven to perform well in single-objective

and multi-objective optimization problems,
particularly for the sizing and dispatch
optimization of hybrid PV/wind/battery systems.
[14]

In complex HRES setups, improved PSO
variants have been reported to have lower LCOE
and faster convergence than GA-based approaches
in comparative studies. However, in a highly
nonlinear optimization problem space, standard
PSO algorithms
convergence and less search diversity, which urges
the development of hybrid and modified PSO
variants. [44]

may experience premature

3.3.3 Grey Wolf Optimization (GWO)

Grey Wolf Optimization (GWO) is a newer
swarm-intelligence algorithm that has been
gaining popularity for its ability to effectively
balance exploration and exploitation, making it a
promising option for HRES applications. In
comparison to typical metaheuristic methods,
GWO also provides better solution quality and
requires less computational effort and fewer
control parameters. [45]

Multi-objective GWO variants have been
effectively tested and applied to sizing and
operational optimization problems for a hybrid
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microgrid, resulting in better solutions in terms of
cost and reliability index in comparison to several
classical optimization techniques. Owing to its
ease of implementation and good convergence
properties, GWO is becoming a potential
optimization method for contemporary HRES
applications. [46, 47]

Comparing different metaheuristics brings
salient practical compromises to light. The GA is
very powerful in solving a complex multi-
objective optimization problem, but is time-

consuming. Although PSO has excellent
convergence and ease of implementation, it may
fail to converge to the global optimum in complex
search spaces. However, GWO is a compromise
between the convergence speed, solution quality,
and simplicity of the parameters, which is why it
has been increasingly used in recent HRES
studies. Moreover, the hybridization of different
algorithms has been shown to be a more efficient
optimizer, such as PSO-GWO and GA-PSO,
which use the complementary strengths of
different algorithms. [38, 46]

Table 2. Comparison of common metaheuristic optimization methods for HRES

Algorithm Main Advantages Key Limitations Typical HRES Applications
GA Strong global search capability; High computational cost; Component sizing; emission-
effective for multi-objective sensitive parameter tuning cost optimization
optimization
PSO Fast convergence; simple Susceptible to local optima; Dispatch optimization; sizing
implementation; low computational | reduced diversity in complex of PV/wind/battery systems
complexity problems
GWO Balanced exploration and Relatively recent with limited Multi-objective microgrid
exploitation; fewer tuning long-term validation optimization; hybrid system
parameters; stable convergence sizing

3.4 AI-Based Energy Management

The complexity of today’s HRES has been
growing and has led to the evolution of Al-based
energy management systems that can adapt and
make decisions in real time based on uncertain
operating Unlike
techniques, Al techniques can better adapt to
previous and current operational data, which
enhances system flexibility and prediction
accuracy. [48]

conditions. traditional

3.4.1 Machine Learning Approaches

Forecasting renewable energy generation,
load forecasting, and intelligent dispatch of energy
have been widely used applications of machine
learning techniques, particularly artificial neural
networks (ANN). ANN-based models can be
developed to include the effect of weather
variables on power generation, and this can boost
the HRES’s operational efficiency while dealing
with the nonlinear relationships among weather
variables and power generation. Hybrid methods
involving machine learning and metaheuristic
optimization have also been shown to yield better
sizing and control performance in uncertain
environments. [14]

3.4.2 Fuzzy Logic Control (FLC)

Fuzzy Logic Control (FLC) is frequently
used in HRES energy management because it can
be implemented in energy management systems to

manage uncertain and changing operating
conditions without the need for precise
mathematical models. Using  FLC-based

controllers has been proven to control power flow
between renewable resources, storage, and loads,
and still maintain stable operation. These are the
main advantages because of the low computational
requirements and high interpretability; however,
the performance heavily relies on the design of
membership functions and expert-drawn rules.
[18]

3.4.3 Reinforcement Learning (RL)

Reinforcement learning is a new paradigm of
Al in autonomous HRES control and operational
optimization. = RL-based  controllers  can
dynamically adjust energy dispatch strategies
based on the variability of renewable availability,
electricity demand, and market conditions, without
the need to explicitly model the system. Advanced
deep reinforcement learning approaches hold great
promise for high-dimensional HRES applications
that require complex state-action spaces and real-
time decision-making. [48]
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Although these Al-driven solutions have
great promise, there are several practical
challenges, such as data availability,
computational needs, cybersecurity concerns, and
the lack of interpretability of models. However,
the use of Al to enhance HRES using sophisticated
optimization methods is likely to be pivotal to the
future evolution of intelligent and autonomous
HRES.

4. Techno-Economic and
Environmental Assessment

The key role of determining the feasibility
and Sustainability of Hybrid Renewable Energy
Systems (HRES) is techno-economic and
environmental assessment. The assessments allow
the comparison of different configuration options
of the system to evaluate economic viability,
operational performance,
effects in different technical
scenarios.

and environmental

and climatic

4.1 Key Assessment Metrics

The commonly used
indicators to evaluate HRES are the Net Present
Cost (NPC) and Levelized Cost of Energy (LCOE)
[49]. NPC is the total system cost over the project
life span (capital investment, operation and
maintenance, replacement, and fuel cost)
discounted to the present value [7]. The LCOE, on
the other hand, is the average cost of electricity
generation per unit of useful electricity produced
and can therefore be directly compared with other
energy technologies and other configurations of
the electricity generation system. [50]

most economic

FP is also commonly considered using other
indicators like Total Annual Cost (TAC), Simple
Payback Period (SPP), Internal Rate of Return
(IRR), and Return on Investment (ROI). [7]

HOMER Pro is the most popular simulation
and optimization software that allows component
sizing, sensitivity analysis,
comparison across different resource and
operational conditions for HRES techno-economic
analysis. [49]

and economic

4.2 Cost—Sustainability Trade-Offs

One key fact that has appeared in all the
HRES literature is the cost-benefit trade-off
between economic efficiency and environmental
health and safety. The higher the renewable

penetration, the lower the GHG emissions, but the
larger the storage size and the higher the capital
cost [28]. DieSel-assisted hybrid systems, on the
other hand, are typically less expensive (per cycle)
and more reliable but have higher fuel use and
carbon emissions.

Sensitivity analyses show that both solar
irradiance, fuel prices, and discount rates have
significant impacts on economic performance. The
changes in these parameters can drastically change
the optimum system configuration, along with the
feasibility of the project. Therefore, it has become
necessary to conduct extensive sensitivity analysis
as part of a contemporary HRES assessment study.
(28]

4.3 Economic Feasibility Challenges

Even though they have good environmental
and operational characteristics, HRES still face
significant economic issues. A high initial capital
of the
deployment, especially in regions with less
money. Other combinations that are based on
renewable resources with large battery banks
usually have the highest upfront investment
because of the high cost of storage technologies
and power electronic components. [28]

cost remains one constraints  for

However, the economic competitiveness of
HRES has been greatly enhanced in the last few
years owing to the reduction in the cost of
photovoltaic modules and lithium-ion battery
technologies [49]. Generally, systems connected
to the utility grid have a lower LCOE owing to the
utility grid’s ability to decrease storage needs and
increase the flexibility with which the system is
operated. Moreover, it has been concluded that
government incentives, subsidies, and policy
support are key enablers that accelerate the
adoption of HRES and economic Sustainability.
[22]

4.4 The effect of Energy Storage Systems

Energy storage systems are an important
factor in achieving the best design and
optimization of an HRES. Battery systems are
commonly used to achieve short-term balancing of
energy demand and supply and to enhance energy
supply reliability; however, replacement costs due
to battery degradation can make energy-balancing
systems quite costly over the life of a project.
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Long-duration and seasonal storage is
provided by hydrogen-based storage systems, but
they currently incur much higher capital costs for
electrolyzers, fuel cells, and hydrogen storage.
Therefore, storage system selection and sizing are
still major optimization challenges that play
important roles in the economic and
environmental aspects of systems. [26]

The research focus has been the search for a
more efficient and cost-effective overall system,
which has led to renewed interest in hybrid storage
solutions that involve battery storage for short-
term buffers and hydrogen storage for long-term
storage [51]. These coupled solutions are
promising candidates for improving energy
autonomy while taking care of cost, reliability, and
sustainability targets.

5. Present challenges and future
research directions

5.1 Current Challenges

Although advancement in HRES
development has been tremendous, some
technical, economic, and operational hurdles
persist for widespread
sustained operation.

implementation and

5.1.1 Renewable Intermittency

Although  hybridization
uncertainty of standalone renewable energy

decreases  the

systems, solar irradiance and wind speed are still
variable, which introduces uncertainty and
instability in the system’s operation. Reliable
forecasting and adaptive energy management are
still necessary for the reliability of the system,
especially in isolated and off-grid applications.
[52]

5.1.2 Battery Degradation

Degradation has a significant impact on
HRES reliability and cost of ownership. The
capacity of lithium-ion batteries decreases over
time due to factors such as charge-discharge
cycling, temperature fluctuations, and aging,
which can make them more likely to need
replacement [31]. However, many optimization
studies still use simplified battery models that
ignore the long-term degradation characteristics,
which can lead to less representative economic and
operational analyses.

5.1.3 The initial capital cost is high

The initial installation costs of renewable
generation equipment, storage, and power
electronic converters are still a challenge in the
deployment of HRES, particularly in developing
countries where financing mechanisms are limited
[9]. While the costs of renewable technology have
fallen significantly over the past few years, the
high capital costs of storage technology still hinder
€conomic use.

5.1.4 Lack of Real-World Validation.
Most HRES
dominated by  simulation-based  analysis
techniques using software tools such as HOMER
Pro and MATLAB. Although simulation studies
offer  optimization lessons, experimental
validation and field data are still relatively scarce
[53]. Therefore, the differences between the
operating actual
conditions are not always properly addressed.

research  activities are

simulated conditions and

5.1.5 Complex Control Architectures

HRES configurations are often a
combination of renewable energy, storage, smart
loads, and bidirectional grid interaction. Advanced
hierarchical and adaptive control strategies are
required to these
components, which must operate across multiple
timescales. The complexity of these types of
control systems is increasing, making their
implementation and reliability difficult. [53]

control interconnected

5.1.6 Data Availability for AI Applications

Large amounts of accurate operational and
meteorological data are required for Al-based
optimization and energy management techniques.
However, the application of machine learning and
reinforcement learning is hindered in many
deployment areas of rural and remote locations
where historical data is either inaccessible or
incomplete. [48]

5.2 Future Research Directions

New technical possibilities emerge to
enhance the intelligence, flexibility, and
Sustainability of HRES.

5.2.1 AI-Driven Smart HRES

The role of AI in the future operation and
optimization of HRES 1is expected to be
increasingly critical. Adaptive and autonomous
energy management can be achieved through
advanced machine learning and reinforcement
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learning techniques, dynamically adapting to
fluctuations in renewable energy supply and
demand and market conditions (Kouihi et al.,
2025). The interpretability, robustness, and
feasibility of the models for real-world
implementation should be enhanced in the future.

5.2.2 Hydrogen-Integrated Hybrid Systems

Long-duration and seasonal storage are
promising options for hydrogen storage and green
hydrogen production. There is a need for future
research to be directed towards the integrated
optimization of PV/wind/electrolyzer/fuel-cell
energy autonomy to reduce LCOH and LCOE.
[54]

5.2.3 Digital Twin Technology

Recently, the concept of digital twins has
been highlighted as a valuable tool for real-time
monitoring,  predictive = maintenance, and
optimization of HRES, as outlined by Khan, et al.
[55]. Digital twins can enable the ongoing
synchronization of operational data with virtual
system models, enhance fault diagnosis, increase
system reliability, and optimize system operation
under realistic operating conditions.

5.2.4 loT-Enabled Predictive Control

HRES can integrate Internet of Things (IoT)
technologies to monitor renewable generation,
storage, and load demand in real time. For batteries
and other critical components, such as wind
turbines, IoT-based predictive control systems can
provide more accurate forecasting, increased
operational agility, and aid in condition-based
maintenance. [56]

5.2.5 Blockchain-Based Energy Trading

The smart grid concept is gaining traction
because of blockchain technology, which has the
potential to facilitate decentralized energy
management and peer-to-peer electricity trading in
HRES-powered microgrids [55]. Blockchain
technology can enhance the transparency of
energy trading, enable smart contracts for
automated energy transactions, and promote
decentralized renewable energy participation in
local energy markets.

In general, the integration of intelligent
optimization, advanced storage technologies,
digitalization, = and  decentralized  energy
management frameworks is likely to play a bigger
role in future HRES research, to enhance system

reliability, economic viability, and environmental
Sustainability.

6. Conclusions

This review provides
evaluation of Hybrid Renewable Energy Systems
(HRES), focusing on the system configuration,
optimization methods, energy management, and
techno-economic analysis methods. HRES have
proven to be useful tools to make renewable
energy more reliable and to bring sustainable
electrification to remote and off-grid applications.

a brief critical

Under current operating conditions,
PV/diesel/battery systems are still providing good
economic performance and reliability, even with
high renewable integration, while
PV/wind/battery systems are still the most popular
configuration for low operational emissions with
high renewable integration. The large-scale
integration of hydrogen-integrated HRES is
limited by the high upfront capital expenses, but it
appears to be a viable option for long-duration
energy storage and future green hydrogen
applications.

As far as optimization is concerned, the
ability of metaheuristic algorithms, such as GA,
PSO, and GWO, to tackle the nonlinearity and
multi-objectivity of the HRES design problems is
found to be very good. Recent studies increasingly
support hybrid and AI optimization frameworks
with their enhanced performance of convergence

and adaptation. In addition, the real-time
autonomous HRES control of Al-based
techniques, especially machine learning and

reinforcement learning techniques, is anticipated
to assume an ever-larger role.

The techno-economic further
demonstrates that the Levelized Cost of Energy
(LCOE) and Net Present Cost (NPC) are the most
important parameters for assessing the feasibility
of HRES. However,
economic, reliability, and environmental trade-
offs. More specifically, storage technologies still
dominate the overall system cost and flexibility.

analysis

there are substantial

While significant strides have been made in
research, there are still several key obstacles to
overcome, such as the intermittent nature of
renewables, battery degradation, high upfront
investments, and limited data availability in the
real world for advanced Al applications. Superior

41



Taha and Mohammed

Emerging Trends in Engineering and Sustainability (ETES) Volume 02 (No. 02), 2026, pp. 33-46

integration of the optimization methods with
intelligent control systems, advanced storage
technologies, and field-scale implementation will
be needed to overcome these challenges.

Overall, future developments for HRES will
be mainly directed towards the intelligent and
autonomous use of energy, where Al, hydrogen
technologies, digital twins, loT infrastructure, and
decentralized approaches to energy management
will play a key role. Progress in these areas will be
key to moving towards reliable, sustainable, low-
carbon energy systems.
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Autism spectrum disorder (ASD) is a neurological condition marked by impaired
communication abilities, social detachment, and repetitive behaviors in individuals.
Global health organizations are facing difficulties in establishing an effective ASD
diagnostic system that facilitates precise analysis and early autism prediction. It is
a scientific issue that necessitates resolution. This research presents an approach to
early prediction of children with ASD using machine learning (ML) methods.
Three stages comprise the suggested technique. First, a 1250-case ASD dataset was
identified and preprocessed. Five extremely effective traits with a high Pearson
correlation coefficient (PCC) are chosen from a 10-feature ASD dataset through its
paces using five ML techniques: Naive Bayes (NB), K-Nearest Neighbor (kNN),
Decision Tree (DT), Support Vector Machine (SVM), and AdaBoostM1 (ABM1).
The proposed framework is assessed in the third phase using five metrics:
accuracy, precision, prediction time, recall, and Fl-score. The findings revealed
that NB and K-NN approaches exhibit superior accuracy rates of 99.2% and
97.2%, respectively, with minimal prediction times of approximately 0.3 and 0.45
seconds, respectively. Conversely, the DT and AdBM1 methods demonstrate a
minor decline in accuracy, achieving 94.8% and 87.6%, respectively, along with
increased prediction times. Nonetheless, the SVM approach performs the worst,
achieving an accuracy of 80.4% with a prediction time of 0.84 seconds. This
research aligns with several Sustainable Development Goals (SDGs), including

SDG 3, which focuses on good health, and SDG 10, which addresses reducing
inequalities, including those related to disability. Moreover, SCG9 aims to
strengthen technological capabilities, particularly in scientific research.

1. Introduction

Approximately

highly repetitive

individuals with ASD. Consequently, early and
accurate diagnosis

twenty million individuals
globally are impacted by autism spectrum disorder
(ASD), a neurodevelopmental condition. This
condition is marked by significant challenges in
communication and social interaction, as well as
interests and behaviors [1].
Functional impairment can be significant in young

everyday life, reducing symptom severity, and

reducing maladaptive behaviors.

mechanisms of ASD  remain

progressed considerably. [2]
essential for improving

© 2026 The Author(s). Production and hosting by Al-Naji University.
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Notwithstanding extensive research, the brain
ambiguous.
Consequently, ASD is diagnosed based on behavior
rather than etiology or mechanism. Following the
diagnosis of ASD, genetic testing is commonly
employed to identify inherited variables; these tests
just indicate risk. Nonetheless, research has
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Autism is a complicated neurological condition
marked by repetitive and inflexible behaviors,
compromised communication skills, inadequate
sensory processing, and cognitive inflexibility. It
exerts a lifelong influence and usually presents itself
before to the age of three[3]. According to the
Centers for Disease Control and Prevention (CDC),
one in every 54 children has been diagnosed with
autism. Approximately 1% of the worldwide
population is considered to have ASD. Accurate and
precise prognostication is essential in the early
stages of autism spectrum disorder. When children
receive care from professionals, they might acquire
essential communication and social skills. State or
federal disability payments may also be accessible to
assist with therapy expenses. [4]

Conventional behavioral examination between
1-3 years forecasts ASD. Postponing intervention
during crucial social communication and learning
phases in affected youngsters may diminish its
effectiveness. Automated systems that capture a
child’s video and audio during public interactions
and utilize ML to detect high-risk ASD children will
facilitate early risk assessment and intervention. The
newly preprocessed and balanced ASD dataset can
facilitate autism research. Proper preprocessing
produces superior outcomes compared to the original
ASD dataset. [5]

Recent research  has  highlighted the
repercussions of technology underutilization in early
ASD detection. These studies underline the
importance of interdisciplinary approaches that
combine engineering innovation with public health
tactics. For example, this provides crucial data for
engineering models designed at developing scalable,
automated ASD prediction systems. Here are some
of most relevant studies to autism detection:

Alwidian et al. [6] Investigated the Association
Classification (AC) for predicting the occurrence of
autism in patients. Seven notable methods are
selected to evaluate the effectiveness of the AC
method in identifying correlations within the data.
Imbalanced datasets with 21 different characteristics.

Vakadkar et al.[7] Developed prediction
models based on the results by utilizing ML
algorithms such as Naive Bayes (NB), Random
Forest Classifier (RFC) , Support Vector Machines
(SVM), Logistic Regression (LR), and K Nearest
Neighbors (KNN). The primary limitation of this
research is the restricted availability of open-source
and extensive ASD datasets. Constructing an

accurate model necessitates a substantial dataset.
The dataset employed in this study was
insufficiently populated with cases.

Siddiqui et al. [8] Introduced an on-body
biological sensor and classification system for the
detection of autistic gestures. The proposed system
identifies and categorizes gestures. A server for data
collection and classification acquires information
from Bluetooth-enabled wearable biosensors. Ten
autistic adolescents do each of the 24 gestures ten
times. Temporal and spectral characteristics derived
from sensor data are categorized utilizing K-NN,
Decision

Trees, NN, and RF
techniques. The primary limitation of this study is
that children with ASD were in motion while

Neural Networks

standing, which is restrictive. This device has not
been evaluated with biosensors from adolescents
with ASD in various body positions. A solitary wrist
bio-sensor gathered data, rendering the detection of
intricate actions unfeasible.

Rajab [9] Constructed models utilizing pre-
determined datasets through attribute selection
techniques and
AdaBoost, kNN,
necessary to
methodologies discern essential features influencing
the first diagnostic procedure. The categorization of
screening tools is profoundly influenced by these
methodologies. The efficacy of features chosen from
a real-world dataset of toddlers using five different
techniques: Chi-square (CHI), Correlation Feature
Set (CFS), Information Gain (IG), Gini index (GI),
and Fast Correlated Based Filter (FCBF) were
assessed by ML models.

three classification algorithms:
and ID3. Additionally, it is
illustrate which attribute selection

Pan et al [10] utilized data from the Chinese
M-CHAT-R
sociodemographic and environmental factors to
improve classification performance. By applying
multiple feature selection methods and ML
algorithms, the study identified a reduced subset of
key items capable of effectively distinguishing ASD
from typically developing children.the best-
performing model achieved in a seven-item classifier
with 92.5 % sensitivity, 90.1 % specificity, and
10.0% positive predictive value.

Bala et al. [11] Implemented multiple
classification methods on datasets comprising
toddlers, children, teens, and seniors. Additionally,
employed several feature selection techniques to

version of the combined with

48



Kadhum and Tawfeeq

Emerging Trends in Engineering and Sustainability (ETES) Volume 02 (No. 02), 2026, pp. 47-58

enhance these baselines and optimize feature sets.
This model examined significant features but was
not trained on diverse multivariate datasets. Anita
and

Shinde and Patil [12] Developed a multi-
classification approach including various classifiers
to enhance the precision of ASD predictions. The
model’s performance was assessed using several ML
approaches applied to three imbalanced datasets
comprising children, teens, and adults.

Khudhur and Khudhur [13] Utilized various
predictive algorithms on four accessible non-clinical
ASD screening datasets. These datasets encompass
children, adolescents, toddlers, and adults. Models
for ASD
various performance metrics. Examples include
DT,K-NN, DT, NBs, and RF.

identification was assessed based on

Farooq et al. [14] employed Federated
Learning (FL) to diagnose ASD in children and
adults by training two ML classifiers, SVM and LR.
The intricacy of the suggested architecture and the
training of federated learning models across
numerous devices with constrained processing and
storage capabilities complicate the application of the
proposed model sophisticated tasks
necessitating deep neural networks or other
advanced machine learning models. The variability
of suggested data between devices and locations
complicates the development of universally effective
models.

to more

Das et al. [15] utilized a diverse selection of
foundational models, such as LR, K-NN, NNs, DT,
and SVM, to optimize feature selection. The
methodology’s incorporation of intricate feature
selection and model stacking techniques is a critical
element. The primary objective is to identify the four
primary characteristics that are most diagnostic of
ASD in order to facilitate future training in the early
detection of autism in preschoolers.

Researches on the diagnosis and prediction of

ASD  presents several limitations. Limited
homogeneous sample numbers restrict the
generalizability to diverse groups. Numerous

research incorporates subjective assessments, such
as clinician observations and parental reports, which
may skew results. The limited application of
sophisticated ML techniques presents additional
difficulty, as certain models exhibit deficiencies in
interpretability and robustness. The dependence on
discrete attributes, as opposed to biological, external

factors and behavioral factors, has also constrained
comprehension. These challenges must be addressed
to enhance the identification of ASD and prediction.
Accurate diagnosis and treatment of ASD require
clinical judgment and standardized assessments.
Therapies that influence early development
necessitate the identification of ASD.

This study employs medical information from
1,250 cases encompassing ten distinct attributes,
including “Gender, speech delay, learning disability,
intellectual disability, Social Issues, Depression,
anxiety disorder, jaundice, Genetic disorder and
family history”. The proposed algorithms categorize
children’s instances into classifications:
non_ASD and ASD. The prognosis of these cases
relies on the chosen data utilizing five different
ML algorithms: Naive Bayes (NB), k-Nearest
Neighbors (k-NN), Decision Trees (DT), Support
Vector Machines (SVM), and AdaBoostM1
(ABM1). These predictive methods are formulated
based on a set of ten features that signify the
longitudinal reversal of ASD, enabling the model to
learn from labeled instances and classify new,

two

unobserved cases.

A variety of features can improve model
accuracy. Features that reflect important data will
help the model find patterns. Extraneous or noisy
elements may reduce accuracy. Due to “overfitting,”
the model learns non-beneficial patterns from
training data, affecting its performance on novel
data. Thus, dimensionality reduction is essential for
finding the best features and boosting model
performance.

In the context of feature analysis for ML, there
are several methods to ascertain the correlation
between attributes in a dataset to understand their
interdependencies and connections. Improve the
performance of a model by grouping features based
on how they are related to each other. The Pearson
Correlation Coefficient (PCC) evaluates the linear
association between two continuous variables and is
efficient. Statisticians, academics, and data analysts
employ the PCC to comprehend correlations among

variables.
Facilitates the elimination of superfluous
characteristics  (highly correlated features) to

mitigate multicollinearity and identify pertinent
features with a robust correlation to the goal variable
(dependent variable) while maintaining a diminished
correlation among themselves.
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The purpose of the present research is not only
to facilitate the identification of personalized delays
in brain function or structure that are linked to ASD,
but it also demonstrates the efficacy of relevant data
in elucidating the relationships among features
regarding their impact on model performance for
predictive models of early autism indicators in
physiological data samples. This has been the focus
of ASD prediction efforts through the utilization of
the PCC method with ten diverse attributes to
enhance precision measurements.

This work is organized into five sections:
Section 2 provides a detailed explanation of the
suggested technique and introduces the adopted
prediction models that will be employed. Section 3
discusses the criteria for assessment. The findings,
when compared with compression to state_of the art
investigations, are presented in Section 4. Final
thoughts based on the work’s primary findings and
potential future directions are explained in Section 5.

2. Methodology

The primary aim of this research is to forecast
the likelihood of ASD at an early stage and to better
specify the characteristics that have a more
substantial impact on the prediction of increased
accuracy. This could reduce the costs of various

patient trials, as not all traits significantly influence
the outcome prediction.

Figure 1 presents the proposed framework for
the early prediction of ASD among clinical controls,
which is based on the dataset and can be useful for
predicting whether a child will develop ASD in the
early stages. The initial source of data is the
Kagglesite [17].

The PCC technique was employed to ascertain
the relationship among the implemented ten features.
After extracting five unique features with the highest
positive correlation values, the data is subsequently
allocated to five distinct ML algorithms (NB, k-NN,
DT, SVM, and ABM1) for analysis.

2.1 Data Preprocessing

In the data partitioning process, the dataset
including 1,250 instances is divided into two
segments for subsequent analysis. 80% of the data is
allocated for learning, whilst the remaining 20% is
allocated for test. Samples from the dataset used
with the ten key features are shown in Table 1. The
first column in this table denotes gender (0 for
females and 1 for males).

Sampling
Features

Acquisition

Data Applying Prediction
Algorithms
(NB,KNN, DT, SVM, and ABM1) Evaluation

ASD Prediction
and Performance

Non- ASD

Figure 1. Formulation of a framework
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Table 1: Examples of the executed dataset.
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1 0 1 1 1 1 1 1 1 1 0 1
2 1 1 0 1 0 1 1 1 1 1 1
3 1 1 1 1 1 1 1 1 1 0 1
4 1 1 1 1 1 1 1 0 0 0 1
5 0 1 1 1 1 1 1 0 0 0 0
6 1 1 1 1 1 1 1 0 0 0 1
7 1 1 1 1 1 1 1 1 1 0 1
8 1 1 1 1 1 1 1 1 1 0 1
9 1 1 1 1 1 1 1 0 0 0 0
10 1 1 1 1 1 1 1 0 0 0 1
11 1 1 1 1 1 1 1 1 1 1 1
12 1 1 1 1 1 1 1 1 1 0 1
13 0 1 1 1 1 1 1 1 1 0 0
14 0 1 1 1 1 1 1 1 1 0 1
15 1 1 1 1 1 1 1 1 0 0 0
: En=1(Xn—X) (Ya=T)
2.2. Selection of Features r(X,Y) = n=l i —
KY) = B G2 O 12
Feature reduction is vital to prediction system
. . . ; Where:
evolution, improving performance and efficiency.
Removing unnecessary or duplicate features reduces X and Y are two features that are being
dataset dimensionality, speeding up training and compared, and N is the number of samples.
inference. Feature reduction also improves model — _ )
X and Y denotes the mean of particular

interpretability, making the

relationship easier to grasp.

feature-predicted

Evaluation of attribute correlations while
maintaining the dataset’s integrity is often achieved
using techniques such as PCC. Ultimately, ML
algorithms focus on the most germane information
by efficiently reducing features. The PCC approach
is employed in this study to determine the likelihood
of the ten features “gender, speech delay, learning
disorder, disability,
melancholy, anxiety disorder, jaundice, genetic
disorder, and family history”.

intellectual social issues,

A linear relationship between two continuous
variables can be measured by the PCC, which is
frequently represented as (r). In the interval [-1,+1],
Here is the process[18 ,19]

attributes correspondingly.

Calculate the value of the Pearson correlation
coefficient (r) for each feature pair in the dataset.

r = 1: Optimal positive correlation
r = -1: Optimal negative correlation

r = 0: No correlation

Create a correlation matrix by utilizing the
correlation coefficients of feature pairs. This matrix
facilitates the identification of robust relationships.
Table 2 illustrates the relationships among the 10
features implemented.
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Table 2. Ten-feature dataset’s correlation matrix

> @
] - ) =
— [=T)) S > 5]
5 2 £5 & ¢ 2 z 5 S 23 Lz
< £ T g = — 4 = = = o = = S
= = = 35 ] ﬁ —_ o ¥ 5 =] = 5 g S
2 8 8 ] D @ S =¥ s 2 § Q @ < =
© g 3% £3 2 2 <% s oa &2
7] = »n
Gender 1 0.22682 0.23091 0.22682 0.22862  0.22826 0.22764  -0.04632 0.2046 0.05934
Speech Delay 0.22682 1 0.960363  0.99394 1 1 0.99102 -0.04894 0.89153 0.236755
Learning disorder 0.23091  0.96036 1 0.95413 0.96028 0.963274 0.95174 -0.04597 0.85619 0.230762
intellectual disability 0.22682  0.99394  0.95414 1 0.99394  0.993923 0.9850 -0.04894 0.89153 0.241181
Social Issues 0.22861 1 0.96028  0.99393 1 1 0.9910 -0.04972 0.89129  0.23651
Depression 0.22826 1 0.963274  0.99392 1 1 0.9909 -0.04877 0.89114 0.239457
Anxiety disorder 0.2276 0.9910 0.9517 0.9850 0.991 0.9909 1 -0.0496 0.8828 0.2279
Jaundice -0.0463  -0.0489 -0.0459 -0.0489  -0.0497 -0.0487 -0.049 1 0.01236  0.13342
Genetic
. 0.2046  0.89153 0.856197 0.89153 0.89129 0.891139 0.8828 0.01236 1 0.216754
Disorders
family_history 0.05934  0.23675 0.23076 0.24118 0.23652  0.23945 0.2279 0.13342  0.21675 1

A significant positive correlation value exists
between the two variables (speech delay, learning
disability,
depression, and anxiety disorder) around (0.981). In
contrast, the negative correlation for “Jaundice” is
the highest, with a value of -0.05, suggesting an
inverse relationship with all nine attributes. It is
essential to comprehend this connection to provide
genetic counseling, risk assessment, and early
intervention to families with a history of autism or
related conditions.

disorder, intellectual social issues,

To conclude, the correlation approach that is
most suitable is determined by the distribution
assumptions and the datasets that are employed.
Each technique has particular benefits and is suitable
for a variety of analyzes.

2.3 Prediction

This research employed five supervised ML
techniques. = The  primary  algorithms are
predominantly trained with the labeled dataset. The
qualifying model classifies an unlabeled testing
dataset into suitable categories. The subsequent
subsections present the implemented algorithms for
autism prediction[13, 10]

2.3.1 Naive Bayes (NB)

NB is a straightforward and efficient
classification technique that is predicated on Bayes’
theorem and feature independence. The most
probable label is assigned by calculating class
probabilities based on characteristics. It is
particularly effective with small datasets and has
rapid computing capabilities; however, its efficacy
may be compromised when features are correlated.

NB continues to be favored due to its simplicity and
efficiency.

e The Intermediate node: manages a variety of
properties.
e Leaf nodes signify the outcome of each test.

2.3.2 Support Vector Machine (SVM)

A supervised ML method, SVM is used for
prediction, and regression. is efficient in high
dimensional spaces and resistant to ‘overfitting’,
especially when features outnumber samples. SVM;
are efficient since the decision function uses just part
of the training data.

2.3.3 AdaboostM1 (ABM;)
ABM;
classifier.

collaboratively supervised
The method
integrates multiple weak classifiers into a strong
classifier for enhanced classifying. The preliminary
stage assigns equal weight to
Estimation error values

learning

adaptive improvement

observations.
determine  classifier
influence
observation weights. Classifier coefficients represent
errors. Consequently, the ABMI1 algorithm can
assign greater weight to misclassified data and lesser
weight to well-established data. A linear
combination integrates multiple weak classifiers to
build a strong, precise classifier. The ASD dataset is
subjected to training and evaluation through these
methodologies.

coefficients, while weak coefficients

3. Evaluation Criteria

Five predictive algorithms were utilized on the
same balanced dataset including 1,250 cases to

ascertain  the  most  effective  way by
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evaluating statistical parameters. The employed
algorithms were NB, KNN, DT,SVM, and ABMI.
Table 3 illustrates the confusion matrix of the
proposed research to evaluate the efficacy of each
implemented approach.

Table 3. Confusion matrix of ASD prediction

ASD | non-ASD
predicted as ASD TP FP
not predicted as ASD  FN TN

For qualitative variables, precision, recall, and
F-measure estimate interrater agreement from
identified and expected accuracy to evaluate
algorithm efficiency.

Precision is excellent indication for
validating the proposed ML model with predicted
and The predicted-to-actual
positive ratio is estimated. This requires TP and FP.

[20,21]

an

actual outcomes.

TP
TP+FP

Precision =

Recall, another helpful assessment statistic to
employ when attempting to estimate the number of
positives that may be reasonably expected is the
percentage of positives that were correctly classified.
Recall is quantified using the values of TP and FN.

TP
TP+FN

Recall =

(

The accuracy and recall of a classifier are
balanced by the F-measure. The F-measure score is a

2

3)

numerical value between (0 and 1) that represents
the statistically significant metrics of recall and
accuracy.

2xRecall*Precision

F — measure = — 4
Recall+Precision
TP+TN
Accuracy = ———x100% 5)
TP+FP+TN+FN

Where:

True positive (TP): The child has ASD and it
is predicted correctly.

False positive (FP): The child does not have
ASD, but predicted incorrectly( the child
has ASD). This is Type 1 error.

True negative (TN): The child does not have
ASD and predicted correctly.

False negative (FN): The child has ASD, but
predicted incorrectly (the child does not
have ASD). This is Type 2 error.

4. Results

In Tables (4 and 5), the assessment details of
the five algorithms that were executed via a total of
1,250 cases for 10 characteristics and after using
PCC technique to redact features to half (a total of
five) separate features which is, gender, speech
delay, jaundice, genetic condition, and familial
history are presented.

Table 4. Ten-feature algorithm assessment metrics comparison

NB K-NN DT ABM1 SVM
Accuracy 98.8 96.4 93.6 86.8 74.4
Fi-score 98.7 96.3 93.7 913 774
Recall 99.1 97.5 91.6 86.4 69.1
Precision 98.4 95.2 96 96.8 88
Confusion 123 2 119 6 120 5 121 4 110 15
matrix 1 124 3 122 11 114 19 96 49 76

Table5. Five-feature algorithm assessment metrics comparison

NB K-NN DT ABM1 SVM
Accuracy 99.2 97.2 94.8 87.6 80.4
F1-score 99.1 97.1 94.8 88.6 82.9
Recall 98.4 96.8 93 81.7 73.4
Precision 99.9 97.6 96.8 96.8 95.2
Confusion 125 0 122 121 4 121 4 119 6
matrix 2 123 4 121 9 116 27 98 43 82

The examination of the two tables reveals a notable
observation: by downsampling the characteristics to

half, depending on the approach applied, has shown
a large improvement across a variety of metrics
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considered in the study. This suggests that feature
selection has a significant role in improving the
performance of prediction models by removing
characteristics that are either redundant or irrelevant.

By focusing on the most relevant qualities, the
model achieves greater accuracy while reducing
computational complexity. This enhancement
highlights the necessity of implementing robust
down-sampling feature approaches to optimize
machine learning algorithms for improved speed and
reliability. Figure 2 depicts the predictive accuracy
of the five algorithms used for all 10 characteristics,
compared to the down-sampled features dataset.

100
8
6
4
0
NB K-NN DT ABM1 SVM

M all features W down-sampling features

o

o

o

N
o

Figure 2. Accuracy of prediction

In the context of both scenarios, NB
outperforms all other classifiers with an accuracy of
99.9% and 98.8%. The lowest accuracy is achieved
by the SVM algorithm, at 74.4% and 80.4%,
respectively.

The recall, accuracy, Fl-score, and specificity
of 10 characteristics, together with the down-
sampling features, are employed to assess the
importance of the results, as seen in Figures (3 and
4), respectively.

Fl-score Recall Precision
ENB HEK-NN ®EDT EABM1 ESVM
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Figure 3: Performance metrics employing ten
features
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Figure 4. Performance metrics employing (down-
sampling) features
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In early autism screening, relying solely on
accuracy can be misleading, even when the dataset is
balanced. Accuracy does not reflect how well the
model identifies true positive cases, which is critical
in medical diagnosis. Sensitivity (recall) is a more
important metric in this context because it measures
the model’s ability to correctly detect children with
ASD. A model with high accuracy but low
sensitivity may miss a significant number of true
ASD cases (false negatives), leading to delayed
diagnosis and missed opportunities for early
intervention. Therefore, emphasizing sensitivity
alongside other metrics such as specificity provides
a more clinically meaningful evaluation of screening
performance.

For classification algorithms, the unit of time
can serve as a measure of the computational effort
necessary to train and execute these algorithms. The
time required for various ML algorithms depends on
a variety of factors, including the size of the dataset,
the complexity of the model, and the availability of
computational resources.

The average time required to predict the
outcome of each case of the data used for testing
purposes and for each algorithm has been calculated
the objective to determine the efficacy of the
implemented algorithms. The time required for a
model to predict or infer the output for new data is
referred to as inference or prediction time. The
prediction process was implemented using Python,
and the reported execution time reflects pure
inference only. Specifically, the measured time
excludes any overhead related to model loading or
initialization, focusing solely on the model’s
prediction performance. This ensures that the
reported  results  accurately  represent  the
computational  efficiency of the inference
stage.Figure 4 illustrates the total time required to
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process the ASD dataset for each of the implemented
algorithms.

1
0.84
77 0.79
0.8 68
0.6 0.54
.46 0.45
0.39
0.4 .
03&.26

0.2 I
0

NB K-NN DT SVM ABM1

M all features down-sampling features

Figure 4. Time to estimate patient condition for
Algorithms

It is evident that the minimum prediction time of the
NB algorithm is 0.26 seconds, while the k-NN
algorithm significantly increases this time to 0.46
seconds. Nevertheless, the DT algorithm has resulted
in a minor decrease in time, with a value of 0.39

seconds. This is approximately half the time
recorded by the SVM and ABM1 algorithms.

The contrasting findings with other works
demonstrate that the proposed technique with down-
sampling characteristics can accomplish improved
accuracy along with prediction time. The test is also
less inefficient due to the reduced number of
characteristics. Therefore, the ASD prediction is less
time-consuming, and the accuracy and overall
performance are improved by ML algorithms that
employ the feature reduction technique. Table 6
provides a comparison of the proposed techniques
with state-of-the-art works.

Table 6: A comparison of the presented models with previous research.

Vakadkar et al. [7] Farooq et al. [14] Proposed Method
Dataset records:292 children records: 1054 children records: 1250 children attributes:5
attributes: 18
Method NB, SVM, NB, SVM, LR, KNN, NB, SVM, ABM1, KNN,
LR, CNN, RF DT
NN
Accuracy NB:97.53%, SVM:96.30%, NB:94.7% SVM:93.8% NB:99.2% KNN:97.2% SVM:80.4%
CNN:95%, NN:94.5% LR:93.1% KNN:90.5% RF: ABM1:87.6% DT:94.8%
LR:96.88%, 81.5%
Limitation| does not forecast the severity of The dataset exhibited a difficult to develop a universally
ASD. In some instances, the significant imbalance, applicable paradigm due to the fact that
symptoms utilized for diagnosing predominantly favoring ASD presents uniquely in each child.
autism may not consistently reflecta| ASD class, due to its primary Therefore, it is imperative to rigorously
true occurrence of the illness. compilation from autism-focused validate models with diverse
sources. populations.
Strength High precision is attained by the Five machine learning strategies | Balanced datasets consisting of 1,250
utilization of five different ML were constructed and tested using kids have been processed to predict
classification approaches. the forward feature selection Autism.
technique.

The correlation between the quantity of
features and prediction accuracy is contingent upon
the characteristics of the dataset and the caliber of
the features.

5. Conclusions

Methods involving machine learning have
been employed to predict the onset of the disease, as
they are capable of accurately estimating the

disease’s rate. The efficacy of ML methods for
prediction was evaluated in the current study using a
balanced ASD dataset with 1,250 records that were
labeled. Furthermore, the importance of selecting the
appropriate attributes to obtain an
prediction was evaluated for all of the algorithms

accurate

that were employed. This work sought the most

efficient ML approaches among several well-
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accepted, simple-to-construct, fast, and well-

performing algorithms.

The research results reveal that the Naive
Bayes(NB) method has higher performance relative
to four other algorithms, achieving an accuracy of
99.2% in minimal prediction time, whereas the
Support Vector Machine(SVM) attained the lowest
accuracy of 80.4% with maximum prediction time
when handling large datasets. SVM machine
implementations need  considerable training
duration. likewise, the results clearly indicate that
employing the PCC feature reduction strategy
significantly improved the classifiers’ overall
performance by decreasing the number of features.

ML algorithms utilizing these selected
characteristics provide enhancements in performance
metrics as well as prediction time. The primary
purpose of this work was to anticipate an essential
event in children early and correctly using learning
techniques. In the future, construct a hybrid model
that integrates ML methods with optimization
approaches to create an adaptive diagnostic model

for autism.

This research is closely linked to several
Sustainable Development Goals (SDGs), including
SDG3, which focuses on good health and well-being
for all ages. It also aligns with SDGI10, which
addresses reducing inequalities, including those
related to disability. Furthermore, the research’s
contribution to enhancing technological capabilities,
particularly in scientific research, helps achieve part
of SDGY.
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Shadows dramatically reduce the solar panel output because individual cells are
wired in chains (series). Blocking a single cell blocks the current across the entire
chain. While bypass diodes bypass shaded sections, severe shadows can still cause
“hot spots,” which permanently damage panels. The proposed work presents an
experimental measurement of the impact of shading on monocrystalline power
losses. The solar module was exposed to real environmental conditions, with direct
solar radiation of 500 W/m? and 80 W/m? at the penumbra shading of the shaded
area, and an operating solar module temperature of 25°C at an ambient temperature
of 18°C. The Solar Module Analyzer simulator was used in this study, which tested
10 shading patterns. The photovoltaic solar module’s performance in terms of
output power and fill factor, and the corresponding efficiency, is greatly affected
by shading. The maximum output power drops drastically, often much more than
the shaded area percentage would suggest; 25% shading can lead to 60% power
loss, and 50% shading can lead to 60% power loss. It is noticeable that there is a
sudden change in the behavior of the I-V and P-V characteristic curves at a certain
range of open-circuit voltage (9-9.5 V).

1. Introduction

The heaviness (or intensity) of a shadow on
a solar module is directly and nonlinearly
proportional to the power loss. Shading blocks
incoming sunlight (irradiance), which deprives
the solar cells of the photons required to generate
electricity. Even a small, faint shadow can cause
a significant drop in the energy output of a
system. The rapid growth of on-grid PV power
systems is considered an alternative distributed
energy resource [1].

Simple installation and adaptability have led
to the widespread use of these systems in urban
areas. An effective environmental factor is that
shadows from nearby buildings cause outlet
energy loss and structural failure [2].

Several studies have been conducted on
modeling approaches and shadow impact
quantification (definition, classification, and
harmful conditions) [3,4]. There is an urgent need
for improved technology and design for
simulation, supervision, and control to avoid
power loss in PV systems [5-7]. The
configuration of solar arrays is considered one of
the best solutions to mitigate the shadow effect
on solar array system performance [8].

Several external factors, such as trees,
buildings, or clouds, are among the significant
parameters for power loss in PV array systems
[9]. studied the thermodynamic and electrical
parameters of 75 W solar panels with different
geometric shading ratios [10]—three types of
shading ratio: cells, horizontal, and vertical
shading at various percentages. The greatest
power loss was thus 69.92% in cellular, 66.93%
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in vertical, and 99.98% in horizontal shading at a
shading rate of 100% [10]. studied the thermal
effect and electrical parameter performance of
solar modules under static and dynamic shading.
Many studies have focused on mitigating and
minimizing the shadow effect and enhancing
module performance and efficiency [11]. used
reconfiguration procedures to reduce shadow
effects in solar PV arrays.

Dynamic reconfiguration approaches are
costly, but they can effectively compensate for
partial shading and mismatch effects in PV arrays
compared with static solutions. used the PV array
reconfiguration (PVR) method to reduce power
losses and maximize the module -efficiency
caused by the shadow effect.

Many studies have focused on optimizing
PV systems for electricity generation [12].
investigated intelligent control to optimize a PV
system in varying atmospheric conditions [13].
Different lines, artificial networks
(ANNs), and adaptive neuro-fuzzy inference
systems (ANFIS) have been utilized to describe
machine learning methods to optimize the PV
system.

neural

The proposed method can increase the
potential of solar cells by at least 70% and can
serve as a model for future generations of office
and residential construction. To maximize the
solar array system performance, some researchers
have addressed the effects of tilt and azimuth
[14]. The research study showed that shading
ratios of 40-60% potentially increased the
temperature of the shaded portion from 25 to 105
°C [15]. A hotspot at 145 °C was observed in this
study, along with variations in cell characteristics
during shading [16]. In addition, partial shading
results in multiple peaks in the
characteristics, which directly impacts the output
generation and reduces the life expectancy of the
PV module 36 [17]. Using this technique, the

module

hotspot temperature dropped from 55 °C to 35
°C, and the output power increased by 5.3% [18].
The present work aims to evaluate the impact of
shading on the power drop and yield productivity
of a photovoltaic monocrystalline solar module at
a solar irradiance of 500 W/m?.

2. Experimental measurements and
device

A 30 W monocrystalline silicon solar panel
was tested in the Energy Engineering Laboratory
at the University of Baghdad from November 1,
2025, to January 31, 2026. A wireless weather
sensor was used. The solar irradiance was
approximately 500 W/m?, the average wind speed
was 3.4 m/s, the ambient temperature was around
18°C, and the relative humidity ranged between
30% and 40%, at latitude 33.33°N and longitude
4443°E. The experimental
focused on the effect of static partial shading on
solar module performance. Shading was applied
using a piece of cardboard, and 19 different
shading patterns were tested,
incident irradiance of 80 W/m? on the shaded

measurements

assuming an
area.

2.1 The monocrystalline silicon solar module

A monocrystalline silicon solar panel was
tested under outdoor operating conditions. Table
1 shows the panel’s technical specifications, as
provided by the manufacturer under Standard
Test Conditions (STC). The manufacturer’s data,
including values for the short-circuit current (L),
open-circuit voltage (Voc), maximum current
(Imax), maximum voltage (Vmax), and maximum
power (Pmax), were used in the panel’s calibration
process. These values are marked at the back of
the panel. The test results showed a high degree
of convergence between the measured values,
with a standard deviation of approximately 0.05,
indicating the consistency and accuracy of the
measurements.
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Table 1. Module specifications at STC, as presented by the manufacturer.
Area, Open-circuit Short-circuit Peak Peak Peak No. of Production
m? voltage, V current, A power, W voltage, V current, cells data
A
0.26 22 1.9 30 17.0 1.76 36 2022
nd Biao Di

&

2.2 Wireless Weather Sensor with GPS

The Wireless Weather
comprehensive tool designed for monitoring

Sensor is a

various environmental factors, as demonstrated in
Figure 1. It integrates multiple sensors into a
single unit, allowing the collection of 19 distinct
measurements. The sensor can be used in logging
mode with the Weather Vane Accessory for
extended monitoring or as a portable device for
studying microclimates and local environmental
changes. The gathered data can be wirelessly
transmitted to most devices, including classroom
dashboards, aiding  time-sensitive  group
activities.

@®...

« e

Measurements

1. Ambient Temperature
2. Barometric Pressure
3. Wind Speed

4. Wwind Direction (true)
5. Relative Humidity

6. Absolute Humidity

7. Dew Point

8. Wind Chill

9. Heat Stress Index

Weather

10. Ambient Light {lux)
11. UV Index

12. PAR

15. Irradiance

Light

14. Latitude

16. Longitude

16. Altitude

17. Speed

18. Magnetic Direction
19. True Direction

Figure 1. Wireless weather sensor with 19
measurements.

2.3 The current-voltage (I-V) and power-
voltage (P-V) tracers

The Solar Module Analyzer (Prova 200) is
an electrical device that applies different loads to
obtain the solar module characteristic curves (I-V
and P-V). The current-voltage characteristic

curve is drawn by applying load 0-c0 Q, the
corresponding Power-Voltage will be available
with this load (Prova 200 calibrated according to
standard  procedure  supplied by  the
manufacturer). For a voltage range of 10 V to
1000 V and a corresponding current range of 20-
30 A, the characteristic curve can be measured.
The uncertainty in the measurement of power,
current, and voltage is should be within 1%. Solar
module analyzer (Prova 200) is a portable instrument
used for measuring and analyzing power quality
parameters has a maximum voltage measurement range
of 0-1000 V and a maximum current measurement
range of 0.25-600 A. Solar module analyzer (see
Figure 2) was used to test the characteristics (V,,
Ise Vi , Iy, and B,,), as well as the solar panel’s
efficiency and fill factor. Prova 200 generates the
I-V curve by changing the load from 0 Q (0, I,.)
to o Q (V,.,0) with a time of 10s. The device has
an option to set the values for both solar radiation
rate (TES-1333R solar power meter) and solar
module  operating  temperature  (TPM-10
Temperature sensor), as shown in Figure 2.

2.4 Experimental procedure

The readings were obtained on sequential
days. Winter
collection efforts during this period. Figure 1

conditions constrained data
shows a completed cell testing assembly placed
under natural sunlight for the partial shading
experiment. The static shading block is achieved
using a piece of cardboard for 10 shaded pattern
cases of solar module cells, at a distance of about
half a meter from the solar module. These shaded
pattern cases are summarized in Figure 3.
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(a) (b)
Figure 2. Measuring devices, from left to right: (a)TPM-10 Temperature sensor, (b) TES-1333R solar power
meter, and (c¢) Prova 200 Solar Module Analyzer, respectively.

(1) )] (€)]

@) ®) (6)

@) @® ©)

(10)

Figure 3. Static 10 shadow pattern cases
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Figure 4. Photograph of the experiment

apparatus.

The Prova 200 was connected to a computer to

transfer the data directly to an Excel spreadsheet.

The operation was carried out during the
specified time period from 9:30 am to 12:30 pm
on randomly selected days. The measurement
conditions were direct solar radiation of about
500 W/m? and 80 W/m? at penumbra shading,
with a solar module operating temperature of
25°C at an ambient temperature of 18°C.
Furthermore, a solar module analyzer needs 10
seconds to make I-V and P-V measurements with
a variable load 0-0Q Moreover, it is already the
experiment apparatus in outdoor conditions
(steady state), and the variables would not change
within 10 seconds. The module is cleaned of dirt
or dust before the experimental measurements.
All measurements were
radiation was as constant as possible (A flexible
mounting frame that can be manually adjusted to
ensure that the incident radiation remains within

taken when solar

the specified range). Using a solar module
analyzer, the temperature of the module’s back
side was recorded, and a current-voltage scan was
performed, with the resulting data stored on a
computer (see Figure 2).

The previous steps were repeated more than
one time for a specific temperature, especially for
a partly cloudy day (take the accurate
measurements, not the average; if there is a
sudden fluctuation in temperature or irradiance of
more than 200, make a default case). The
experiment was carried out on a 30 W solar
module. The solar module consists of 36 cells

connected in series. The module has a tilt angle
range of 30° - 35° (use a fixed stand).

3. Results and discussions

3.1 Electric solar module parameters

Solar monocrystalline photovoltaic solar
module parameters: Voc (V), L (A), Vmax (V),
Imax (A), Pmax (W), FF, and 1 (%) with 25 °C solar
module operation temperature and 500 W/m?
solar irradiances and solar radiation at a
shadowed area of 80 W/m? as shown in Table 2.
Table 2 presents the case study of shadowed solar
cells for teens. Partial shading causes a sudden
decrease in total output power, with a drop in
current and the appearance of multiple peaks in
the power-voltage (P-V) curve, leading to
significant ~ changes in  the  electrical
characteristics of the solar panel.

The short-circuit current is more affected by
shading than other parameters because the solar
cells in a panel are typically connected in series.
Therefore, the total current in the series is
determined by the level of the least illuminated
(shaded) cell, which is essentially the “weakest
link” in the chain. In contrast, the open-circuit
voltage is less affected by partial shading than the
current, because it depends primarily on the cell
material and panel temperature rather than on the
overall illumination intensity across the panel.

It is noted that no significant change occurs
in the value of the short-circuit current (Isc)
during cases 1 to 10 as shown in Table 3. It is
noticeable in the Table 3 that the short circuit
voltage (Vo) value changes slightly with all
shaded (1-10) The
noticeable drop in voltage is directly related to
the percentage of the shaded area, which is
expressed as the highest current (V). This drop
usually only appears when a large part of the
panel is shaded or when the entire solar string is
affected. The maximum power (Pmax) at solar
radiation intensity S00W/m? is 20.95W (case 1),
while the minimum corresponding one is 8.326
W (case 10) at the same solar irradiance. The
maximum open voltage is equal to 20.91 V (case
2), maximum short current is equal to 1.46 A
(case 2).

cases of misleading.
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Table 2. Electrical parameters of monocrystalline photovoltaic solar module at solar radiation of 500W/m?
and solar radiation at shadowed area 80 W/m?

Case No. Vo, V Isc, A Vi,V ImA Pn,W FF n, %
Case 1 20.91 1.46 17.17 1.221 20.95 0.686 15.8
Case 2 21.03 1.26 8.02 1.071 8.598 0.324 6.5
Case 3 21.02 1.26 8.03 1.069 8.584 0.322 6.4
Case 4 21.06 1.26 8.14 1.054 8.579 0.323 6.4
Case 5 21.08 1.26 8.13 1.052 8.552 0.321 6.4
Case 6 21.05 1.26 8.11 1.051 8.523 0.321 6.4
Case 7 21.01 1.24 8.058 1.050 8.461 0.321 6.3
Case 8 21.05 1.22 8.043 1.046 8.412 0.322 6.3
Case 9 20.99 1.24 8.064 1.038 8.370 0.321 6.2
Casel0 20.93 1.24 8.123 1.025 8.326 0.321 6.2

3.2 Characteristic curves of solar module

The current-voltage characteristic curves for
the shaded case study are shown in Figure 5 and
summarized in Figure 6. In contrast, the
corresponding  power-voltage  characteristic
curves are shown in Figure 7 and Figure 8. An
increase in current leads to higher power output
due to increased incident solar radiation. Despite
the change in voltage, the current produced by the
incident light remains constant with a slight
increase. The maximum power output drops
drastically, often much more than the shaded area
percentage would suggest. The panel’s power
output drops to about 50% when one of the 36
cells in the solar module is shaded, and this
percentage remains almost constant even when
one, two, four, or even nine cells are shaded if
they are on a horizontal line (from case 1 to case
9). The power-voltage (P-V) curve is usually a
single peak, but in the case of partial shading it
becomes a curve with several local power peaks,
making it difficult for traditional Maximum
Power Point Tracking (MPPT) algorithms to
determine the true (global) maximum power
point. This behavior is consistent across all cases,
as there is no single point that represents the
maximum power. A sudden change in the
behavior of the [-V and P-V characteristic curves
is also observed at a specific open-circuit voltage
(Voc) value between 9 and 9.5 V. The sudden
change in the [-V and P-V characteristic curves is
caused by the activation of the bypass diode. At
the start of the partial shading event, when the
shadow edge moves over the first sub-cells of the
module, there is only one maximum power point
(MPP), and the global maximum power point
(GMPP) voltage is nearly constant near the
nominal value (solid curve in Figure 5). When

more and more sub-solar cells get shaded,
multiple MPPs start to exist on the P-V curve
(solid curve in Figure 4). Due to partial shading, a
significant drop in the solar array’s output power
occurs as a result of multiple peaks appearing on
the power-voltage (P-V) curve, leading to the
emergence of local maximum power points
(LMPPs) that can mislead conventional tracking
algorithms. The number of maximum power
points (MPPs) gradually and steadily increases
until it reaches its maximum possible value. This
creates a “Global
(GMPP) challenge, where output can drop by
over 70% if the wrong peak is tracked.

Maximum Power Point”

16 Case 1
14 Case 2
Case 3
1.2
< ; Case 4
= Case 5
g 08
5
3 0.6
0.4
0.2
0
0 5 10 15 20 25

Voltage ,V

Figure 5. Voltage-current characteristic curve of
monocrystalline solar module at different shadow
patterns (casel to case5) with solar radiation 500
W/m?, solar radiation at shadowed area 80 W/m?
and operating solar module temperature of 25 °C.
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Figure 6. Power-Voltage characteristic curve
of monocrystalline solar module at different
shadow patterns (casel to case5) with solar
radiation 500 W/mz, solar radiation at
shadowed area 80 W/m?and operating solar
module temperature of 25 °C.
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Figure 7. Voltage-current characteristic curve of
monocrystalline solar module at different shadow
patterns (case6 to casel0) with solar radiation
500 W/m?, solar radiation at shadowed area 80
W/m? and operating solar module temperature of

25°C
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Figure 8. Power-Voltage characteristic curve of
monocrystalline solar module at different shadow
patterns (case6 to casel0) with solar radiation
500 W/m?2, solar radiation at shadowed area 80
W/m? and operating solar module temperature of
25 °C.

4. Conclusions

This paper presents a moncrystalline solar
module that are partially shaded. Solving a set of
set of shading ratio. The anaylsis, undertaken
under a variety of partial shade settings as well as
some uniform conditions. This study focused on
analyzing changes in electrical parameters and
power drop with different shading ratio on the
performance of solar module. Teen different
cases of solar module shading patterns were
studied, through which the evolution of electrical
parameters expressing the unit’s performance was
obtained, in addition to current-voltage (I-V) and
power-voltage (P—V) curves with changing
shading ratios. A significant change in the
behavior of the current-voltage (I-V) and power-
voltage (P-V) curves is observed at a specific
open-circuit voltage value between 9 and 9.5
volts, due to the shading effect. This sudden
change in characteristic curves is caused by the
activation of the bypass diode.
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Networked Control Systems (NCSs) find widespread implementation in industrial
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systems. However, unreliable networks with time-varying delays and packet
losses can hurt system stability, reliability, and efficiency. In this work, we
propose communication-aware Artificial Intelligence (Al)-assisted supervisory
control framework that factors in communication state into control logic instead
of typical error-feedback mechanisms alone. The framework uses trained
classifiers (KNN and Random Forest) to detect network status (normal, degraded,

Systems;
Communication Delay;
Packet Loss;

emergency) online to switch actuator parameters of a centralized PID controller
accordingly. If network quality degrades, smaller PID gains are selected to
safeguard against time-delays. If communication quality becomes extremely poor,

K-Nearest Neighbors; . . . .

Random Fores%- safe-mode with conservative PID parameters is engaged to keep plant operation
Robust Controlf stable. Results show that Random Forest outperforms KNN in achieving
Machine Learning in situational awareness due to its ensemble nature and has smoother transitions

Control. across modes and higher assurance of global stability. Random Forest also had
significantly less chattering of control parameters which helps mitigate wear and
tear of actuators in physical systems. This work paves the way for using ensemble

techniques for safer operation of systems prone to time-delays.

In time-critical cyber-physical applications, such
unreliability may lead to poorer
performance, jittery actuator behavior, and even

1. Template Compliance control

Networked Control Systems (NCSs),
consisting of physical plants interfaced with
communication networks, have gained prevalence
in recent decades for their use in industrial
automation and critical infrastructure. Benefits
include modularity, decreased wiring complexity,

instability of the entire plant under certain

conditions. Handling unpredictable system
volatility is a burgeoning problem in modern
control engineering. Conventionally,
researchers approached this issue with strict
mathematical models of system behavior.
However, over-reliance on hand-derived models

in dynamic environments can lead to fragility,

systems

and ease of remote updating/deployment. At the
same time, physical network links introduce
various impairments, including stochastic time-
varying delays, packet losses, etc. Moreover,
random physical/virtual congestion and other
network anomalies cause performance disruptions.

especially when these plants operate in closed-
loop with Al components. In contrast, machine
learning provides several benefits such as
identifying nonlinearities in the degradation of

© 2026 The Author(s). Production and hosting by Al-Naji University.
This is an open access article under the CC BY 4.0 license https:/creativecommons.org/licenses/by/4.0/
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control  system networks and  enabling
prediction/identification of network state in
nearly-real time. Techniques like K-Nearest
Neighbors (KNN) and Random Forest (RF)
modeling have shown particular promise in
classification/prediction tasks with changing
system conditions. KNN is widely used for its
intuitive design and interpretability. Random
Forest is an ensemble learning method that
provides good performance and robustness. Both
algorithms can be effectively used in this higher-

level supervisory control capacity.

Existing studies reinforce the relevance of
these approaches. Halder et al. [1] highlight
modifications to KNN that enhance adaptability in
noisy,  high-dimensional  contexts,  while
Syriopoulos et al. [2] demonstrate its effectiveness
in diverse classification tasks. In parallel,
ensemble methods such as Random Forest have
gained traction for their resilience in complex
datasets. Hu and Szymczak [3] illustrate RF’s
utility in longitudinal analysis, and Sun et al. [5]
propose improvements that balance accuracy with
reduced redundancy, underscoring its suitability

for dynamic communication environments.

Inspired by the previous work, this paper
proposes intelligence enhanced
supervisory control approach using KNN and
Random Forest algorithm for NCSs. Based on
communication metrics like delay and packet loss,
emergency conditions along with normal and
degraded conditions are classified. Classified
system states are then mapped to the controller
parameters of PID controller which restricts the

an artificial

plant from undesirable network noise disturbances
ultimately safeguarding the plant hardware and
providing stability.

2. Proposed Methodology and
Theoretical Concepts

To ensure consistency between the
and the actual
implementation, the machine learning models
were trained by using network-linked features,
mainly the time-varying delay and the packet loss
rate, not system error signals. That basically fits

the main objective behind Networked Control

theoretical  framework

Systems, because the performance degradation
comes from communication imperfections, and
not from the plant side.

A supervisory control layout was used,
where the machine learning model, meaning KNN
or Random Forest, tags the current network state
into three modes: normal, degraded, and
emergency. Each mode then maps to a different
tuning of the same PID controller, ensuring system
adaptability =~ while  maintaining  structural
simplicity.

When the condition is degraded, the
controller gains are reduced, to make the behavior
more robust against the delay. In emergency
scenarios, a safe-mode controller kicks in, with
minimal aggressiveness so stability is preserved
even when severe packet loss shows up or when
latency becomes too high.

With this setup, we can compare KNN and
Random Forest in a fair way, specifically about
how well each one interprets network conditions
and chooses the control actions that follow.

3. K-Nearest Neighbors (KNN)

KNN is a popular supervised machine
learning  technique for
regression. Since it does not build a model during
training, it is instance-based and non-parametric.
Instead, it maintains training samples and learns
while predicting. KNN is computationally simple
and effective for many machine learning
applications [6], [7].

classification and

The basic idea of KNN is that data samples
with comparable characteristics belong to the
same class and are consequently close together in
the feature space [6]. The algorithm estimates the
distance between a new sample and all training
cases to classify it. Then, the nearest (K) neighbors
are chosen, and the target class is determined by
majority voting [6].

KNN can use Euclidean, Manhattan, and
Minkowski distances. Euclidean distance is a
popular metric that may be calculated as:

d(x,y) = X (0 — yi)? Q)

Where:

d(x,y) represents the distance between
two observations.

(x;) and (y;) represent the values of the
(ith) feature.

(n) denotes the total number of features.
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KNN is essential in modern machine
learning because of its simplicity, interpretability,
and usefulness in healthcare systems, pattern
recognition, recommendation systems, and data
mining [6], [7]. However, the value of (K),
distance metric, and dataset dimensionality
substantially affect KNN performance. Data
preparation and feature normalization are usually
needed before applying KNN to real-world
datasets [6].

3. Random Forest:

Random Forest is an ensemble-learning-
based supervised machine learning system.
Multiple decision trees produce more accurate and
reliable predictions than one. The algorithm's
robustness and predictive power make it popular
for classification and regression [8], [9].

Bootstrap aggregation (bagging) and random
feature selection underpin Random Forest.
Sampling with replacement generates bootstrap
samples from the original dataset during training.
Individual decision trees are trained from each
sample. Tree creation also selects a random
collection of features at each node. This method
enhances tree variety and minimizes correlation,
increasing model generalization [8].

The final categorization prediction is made
by majority voting among all created decision
trees:

¥ = mode{T, (x), T,(x), ..., T3(x),} )

Where:
Yrepresents the final predicted class.

T;(x)denotes the prediction generated by
the i*"decision tree.

(n) indicates the total number of trees in
the forest.

Recent research shows that Random Forest
performs well in machine learning applications,
especially with complicated and high-dimensional
datasets [8], [9]. Random Forest also gives feature
relevance measures to help researchers determine
how variables affect prediction [8], [9].

Random Forest suffers from several
disadvantages. Memory and computation
requirements can increase as decision trees are
added. Random Forest algorithms have higher
prediction accuracy than decision trees; however
the prediction is taken amongst many trees which
can make the prediction more difficult to interpret.
Random forest have been enhanced through recent
study using pruning, selecting optimal features,
and decreasing redundancy without loss of
prediction ability [9], [10].

Networked control systems (NCSs) are a
new paradigm for automation systems where
sensors, actuators, and controllers exchange
information over shared networks. NCSs offer
scalability and flexibility, however, imperfections
of the communication channel such as delay and
packet loss make this architecture susceptible to
Control loops can become unstable,
efficiency can be lost, and safety of applications
such as industrial automation and autonomous
vehicles can be jeopardized [6].

CITOrS.

As briefly discussed earlier, this paper
investigates how Al-driven approaches can help
improve resilience of NCS operating in adverse
The proposed

stability and
reliability via merging KNN-based forecasts with
controller designs. This paper contributes to the
literature of intelligent control design by
demonstrating the capabilities of ML models to
overcome certain intrinsic limitations faced in
networked systems.

communication  conditions.

architecture aims to achieve

The control architecture employed is a form
of supervisory control where a ML model (either
KNN or Random Forest) is used to estimate the
current state of the network which is then
classified into one of 3 modes {normal, degraded,
emergency}. Each mode switches to a different
configuration of the same PID controller allowing
for flexible control behavior with minimal

architectural complexity.

Decreased controller gains are used in the
degraded case to enhance robustness to delay. In
the emergency mode, a safe-mode controller with
minimal gain is used to ensure stability during
extreme periods of packet loss or high-latency.

This design allows for a fair comparison
between KNN and Random Forest in terms of their
ability to correctly interpret network conditions
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and select appropriate control  actions.
“Experimental results demonstrate that Random
Forest generally provides smoother and more
reliable mode transitions compared to KNN,
especially under highly variable network
conditions [7].”

3. Results and Discussion

The experimental and simulation findings
offer essential insights into the integration of
machine learning (ML)-based adaptive control
inside Networked Control Systems (NCS). By
moving beyond mere system error signals and
instead utilizing training models focused on
network-related ~ factors—specifically  time-
varying latency and packet loss rate, the proposed
method directly addresses the fundamental causes
of performance degradation in communication-
dependent “The
investigation of the standard non-adaptive
K-Nearest Neighbors (KNN),
Random Forest (RF) reveals a distinct divergence
in system stability, decision-making consistency,
and physical robustness [6].”

systems. comparative

controller,

3.1 The Importance of Machine Learning
Adaptation:

It’s clear that something more than a standard
fixed controller is needed, especially under
changing network conditions.

Observe the real signal from Figure 1. The
baseline controller leads to disastrous closed loop
instability. Oscillation tracking error grows
without bound to values around 107. This is
largely due to the inability for a fixed controller to
react to the coupled and somewhat stochastic
effects of delay and packet drop.

On the other hand we see that both ML-based
supervisory systems keep the system response in
the desired region of operation for the initial
stages. Viewing this as a smart classification
problem — i.e. deciding if the network is operating
in Normal, Degraded, or Emergency conditions
(lower plot in Figure 1) allows the controller to
appropriately modify PID parameters on-the-fly to
stay “safe”. However, while both ML approaches
prevent this initial collapse, what’s happening
inside of these learning algorithms ultimately
leads to drastically different physical responses
over longer time scales.

10° Full System Response (Stability Comparison)
10F T T T T T T ]
Ideal
MO ML (UnEIaniE)
5 4 KRN -
= I Random Forest
s, A
S 7 \/ AV
sk 4
1 L L L L 1 I
7 72 T4 76 7.8 8 8.2
15 Detailed Comparison:
y T T
=
]
S
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1 2
D Stability: Mode Switching
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KNN (More Jittery)
Emergency ANl ARTT i q ] Random Forest (More Sabig)
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Figure 1. Comparison of full system response stability (top), detailed output of KNN against RF (middle),
and decision stability mode transitions over a 10-second interval.
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3.2 Decision Jitter and False Stability in KNN

A detailed analysis of the KNN-based
controller uncovers notable deficiencies linked to
its local learning framework, especially when
utilizing a minimal neighborhood size of K = 1.

The principal engineering insights
obtained from the data reveal two troubling issues
that consistently repeat in a cyclical manner.

Decision Jitter and Regulation KNN exhibit
extreme sensitivity to transient noise and slight
variations in network data.

“Figure 2 depicts the classifier's erratic
shifts between opposing modes, fluctuating
abruptly between Normal and Emergency modes
at the 15-second and subsequently the 20-second
intervals [8].”

This rapid switching subsequently
overwhelms the PID controller with conflicting
parameter updates, exceeding the physical plant's

ability to either mechanically or

dynamically.

respond,

3.3 The Illusion of "False Stability

The global KNN tracking output displayed in
Figure 3 can be misleading. While it may appear
that the error output is stable (close to zero) for a
long period of time (0 seconds to 14 seconds),
what is really happening is that the controllers are
saturated(or possibly numbed) during this time
frame. The controller is blind to the degrading
network because it doesn't know any better and
applies stiff PID gains meant for nominal
operation. This leads to a period of "information
blindness" where errors build up internally in the
system. Once these delayed errors work their way
through the system dynamics, all controllers try to
compensate for everything at once. This causes
large of positive feedback until
everything diverges (to values as large as 10'9).

amounts

pans

System Output (Res

Figure 1: Global Stability {Aligned Zeros)
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Figure 2. Control decision stability mapping machine learning predictions against ground-truth reality.
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Figure 3. Global stability response illustrating the sudden, catastrophic divergence of the KNN-based
controller.

3.4 Proactive Adaptation and Conservative
Intelligence in Random Forests

On the other hand, Random Forest has much

better trade-off  between classification
responsiveness and operational robustness.
Random Forest employs ensemble-voting

mechanism among multiple decision trees, which
by nature of its construction averages out
momentary noise peaks and anomalies. “The RF
decision closely tracks the ground truth of network
state (see Figure 2) and latches its operational
decisions for semantically consistent periods of
time, with very few transitions [9].”

After network decay RF immediately begins
to make active changes. Zooming in on figure 4

you can clearly see high frequency fluctuations
around the set point; this is called Active
Resistance which is the controller actively fighting
back against the errors it creates. From a control
theory perspective an oscillating but tightly bound
response is infinitely preferable to temporarily
settling and then violently dying out.

The primary behavioral compromises
between the two ML-centric methodologies have
been categorized and summarized in the scoring
grid below (Table 1); biases may apply depending
on your viewpoint..
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Figure 2: Zoomed Output - Performance Comparison
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Figure 4. Comprehensive performance comparison illustrating bounded oscillatory active resistance in the
Random Forest controller.

Taken together, Figures 1-4 demonstrate

qualitative results that showcase the benefits of
both KNN and Random Forest classifiers in
adaptive NCS under packet loss and delay.
Qualitatively speaking, RF shows less variance
and oscillations; however the KNN system with

K=1 jumps around modes, falsely stabilizes, and

eventually diverges. Measured values, taken from

the same simulations show clear quantitative
trends that follow the qualitative results: RF results
in higher accuracy (89% vs to 72%), quicker

settling time (4.2seconds vs 6.5 seconds), less
overshoot (7% vs 18%), and lower overall error
(IAE = 92 vs 145; ITAE = 175 vs 310). Overall
these graphs and measurements prove that
ensemble based learning creates more robust,
stable, and reproducible results than local
instance-based learning in delay-sensitive NCS.

Measured values from Table 1 were taken directly
from Figures 1-4.

Table 1. Performance Comparison of KNN vs Random Forest

Random

Metric KNN Interpretation
Forest
Accuracy 72 9% RF achieves higher .c¥assiﬁcation accuracy under
noisy network conditions.
Precision 0.70 0.88 RF reduces false positives in mode classification.
Recall 0.68 0.87 RF better detects degraded/emergency states.
F1-score 0.69 0.87 Balanced performance favors RF.
Settling Time 6.5s 425 RF stabilizes the system faster after disturbances.
Overshoot 18% 7% RF reduces aggressive oscillations in PID response.
IAE (Integral of Absolute Error) 145 92 RF yields lower cumulative error.
[TAE (Integral of Time-weighted 310 175 RF maintains long-term stability more effectively.

Absolute Error)
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Table 2. Performance Summary Matrix

Performance Metric

KNN-Based Controller

Random Forest (RF)-Based Controller

High jitter, excessive switching, overfits to

Decision Stability noise Temporally stable, filters transient disturbances
Adaptation Style Delayed awareness / reactive collapse Proactive, immediate, and defensive
Physical Actuator

Impact High stress, risks component fatigue Smoother parameter transitions, low stress

Ultimate System State

Catastrophic divergence ($10"{15}$ s)

Global bounded stability

This ensures consistency between visual and
numerical evidence. The data revealed initial
qualitative insights — for example, KNN
displayed erratic mode switching and eventual
divergence under noisy conditions, while Random
Forest showed more gradual transitions and
limited oscillations. The quantitative metrics
corroborate these trends: RF demonstrates
accelerated stabilization (decreased settling time),
minimizes overshoot, and achieves enhanced
classification accuracy, whereas KNN exhibits
lowered robustness and heightened cumulative
error. The data and metrics provide additional
insights that improve the study's reproducibility
and validity.

4. Conclusions

The discussion of KNN vs Random Forest in the
presented Al-assisted supervisory control scheme
emphasizes the importance of ensemble learners
for delay-constrained NCS. KNN failed against
noisy data and chaotic switching with K=1 setting,
whereas RF always resulted in smoother switches
and bounded oscillations. Same simulations were
used to extract performance metrics objectively
confirming our qualitative findings: RF led to
higher accuracy of the classification stage (89% vs
72%), faster settling time (4.2s vs 6.5s), smaller
overshoot (7% vs 18%) and lower total error (IAE
=92 vs 145; ITAE = 175 vs 310). Additionally,
initial stability analysis leveraging Lyapunov-
based methods and inspection of poles and zeros
showed that RF leads to bounded closed-loop
response during mode transition while there exists
a possibility of system divergence with
implementations of KNN. Overall, we show that
using an ensemble of learners for classification
tasks results in better awareness of current
operating conditions and ensure provable global
stability.

Our results show that Random Forest provides a
more robust supervisory technique for closed-loop

applications that require adaptive PID tuning over
noisy and unpredictable communication channels.
Further research will benchmark these controllers
over larger hyperparameter values, include grid
search-based optimizations, and experimental data
for reproducibility [10].
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