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PREFACE

The machining and manufacturing industry has undergone significant transformations with the
integration of optimization techniques to enhance efficiency, reduce costs and improve product quality.
The growing demand for precision, efficiency and sustainability in machining processes has led to
extensive research in both conventional machining and non-traditional machining (NTM) techniques.
As modern engineering components have become increasingly complex, industries, such as aerospace,
automotive, electronics and medical etc. seek innovative solutions to enhance their machining
capabilities.

Traditional optimization methods, such as gradient-based techniques and trial-and-error
approaches, often struggle to find out globally optimal solutions. These methods can become trapped
into local optima and fail to handle complex, multi-objective optimization problems, involving trade-
offs between material removal rate (MRR), surface roughness (SR), tool wear rate (TWR) and specific
cutting energy consumption (SCEC). Consequently, metaheuristic algorithms have emerged as powerful
tools for optimizing machining parameters, improving productivity, product quality and environmental
sustainability while offering robust and adaptable solutions for both conventional machining and NTM
processes.

Metaheuristic algorithms, inspired by natural phenomena, such as evolution, swarm intelligence
and biological processes, can efficiently navigate through complex search spaces to achieve near-global
optimal solutions. Their flexibility, adaptability and robustness make them well-suited for solving
machining optimization problems.

This research work presents a comprehensive investigation into parametric optimization across
five distinct traditional machining and NTM processes using nature-inspired metaheuristic algorithms.
By integrating advanced computational techniques, this research aims to optimize machining parameters
for improved efficiency, reduced energy consumption (EC), minimal TWR, enhanced SR and lower
environmental impact. It systematically examines five categories of metaheuristic algorithms, including
human-inspired algorithms, mating behavior-based algorithms, preying behavior-based algorithms,
foraging behavior-based algorithms and physics-based algorithms.

A key contribution of this research is its emphasis on attaining sustainability in manufacturing,
by optimizing different machining parameters. The research promotes green machining, reduces carbon
footprints, enhances occupational safety and health standards, supporting adoption of environmental
friendly and resource-efficient manufacturing practices. This structured framework bridges the gap
between theoretical optimization and practical machining applications, guiding selection and application
of the most suitable metaheuristic algorithms for different machining processes.

A robust methodological framework is established to evaluate the effectiveness of various
metaheuristic algorithms in optimizing machining parameters. The research process involves the

following key steps:



i)

Selection of the machining processes: Five machining processes, both traditional machining
(turning and milling) and NTM techniques, like laser beam machining (LBM), abrasive water jet
machining (AWJM) and plasma arc cutting (PAC) are chosen for optimization to represent different
aspects of modern manufacturing.

Choice of the metaheuristic algorithms: This study evaluates effectiveness of different nature-

inspired metaheuristic algorithms in optimizing machining parameters. The comparative

performance of these algorithms is assessed based on solution accuracy, variability, computational
time and convergence speed. Five categories of nature-inspired algorithms are picked out, with
each category comprising five specific algorithms. These include:

a) Human-inspired algorithms: Teaching learning-based optimization (TLBO), search and rescue
optimization (SAR), teamwork optimization algorithm (TOA), human conception optimizer
(HCO) and queuing search algorithm (QSA).

b) Mating behavior-based algorithms: Firefly mating algorithm (FMA), naked mole-rat
algorithm (NMR), butterfly mating optimization algorithm (BOA), barnacle mating optimizer
algorithm (BMOA) and American zebra optimization algorithm (AZOA).

¢) Preying behavior-based algorithms: Sailfish optimizer (SFO), Harris Hawks optimizer (HHO),
Aquila optimizer (AO), bat optimizer (BA) and grey wolf optimizer (GWO).

d) Foraging behavior-based algorithms: Dragonfly optimizer (DOA), African vultures optimizer
(AVOA), grasshopper optimization algorithm (GOA), fruit fly optimizer (FOA) and bird
swarm optimizer (BSA).

e) Physics-based algorithms: Archimedes optimization algorithm (AOA), atom search
optimization (ASQ), nuclear reaction optimization (NRO), electromagnetic field optimization
(EFO) and gravitational search algorithm (GSA).

Optimization of the machining parameters: The selected algorithms are applied to optimize various
critical machining parameters, including cutting speed (CS), feed rate (FR), depth of cut (DOC),
TWR, SCEC and MRR for enhanced machining performance.
Performance assessment: These algorithms are evaluated based on some key performance metrics,
such as solution accuracy, variability, computational time and convergence speed. The results
highlight superior optimization capabilities of the specific algorithms in different machining
processes, providing valuable insights for selecting the most suitable optimization techniques in
industrial applications. Multi-objective optimization problems are solved using Pareto optimal
fronts to identify the best trade-off solutions.

Statistical validation: To ensure reliability of the derived findings, advanced statistical validation

techniques, including non-parametric tests, are employed to confirm significance of the results,

ensuring robustness of the solutions.

a) Friedman’s mean rank test, and

b) Wilcoxon rank sum test.



Through extensive experimentation and statistical validation, this research identifies the most
effective metaheuristic algorithms for different machining scenarios. The results demonstrate that the
specific algorithms outperform others in achieving the optimal parameter settings, ultimately improving
machining efficiency and sustainability.

Furthermore, this study validates the superior performance of the top five algorithms across the
considered categories based on an end milling process. This reinforces the effectiveness and
applicability of metaheuristic optimization in real-world manufacturing. The findings provide valuable
insights into selecting the most appropriate optimization techniques for various machining applications.

Turning operations, one of the most widely used machining processes in the manufacturing
industries, are essential for removal of excess material from the exterior surface of cylindrical
workpieces. In this process, achieving an optimal combination of various input parameters is essential
for improving product quality, extending tool life and achieving higher machining efficiency. However,
optimization of a turning process is challenging due to multiple interacting variables influencing the
machining responses. Effective optimization must also consider key resources, such as energy, tools,
production time and costs, as they significantly impact environmental sustainability and overall
profitability. Additionally, machining parameters, such as CS, FR and DOC must be precisely controlled
to maximize MRR, and minimize SR, power consumption (Pc) and flank wear, while ensuring
prolonged tool life and energy efficiency.

To address these challenges, this study explores the application of five human-inspired
metaheuristic algorithms, i.e. TLBO, SAR, TOA, HCO and QSA using past experimental data to
optimize the turning operation on AISI 6061-T6 aluminum. These algorithms leverage human-based
problem solving strategies to refine the machining parameters effectively. Their performance is
evaluated based on solution accuracy, computational effort and overall efficiency. A Pareto optimal
front is developed to identify the optimal parametric intermix for the multi-objective optimization
problem, balancing trade-offs between various performance measures. Among the considered
algorithms, TLBO emerges as the most effective one, excelling in optimizing MRR, SR and SCEC.
Statistical validation using quality metrics, including spacing (SP) and hypervolume (HV), along with
critical analysis of performance using Friedman’s mean rank test and Wilcoxon rank sum test results,
corroborate TLBO’s superiority over other techniques. Its ability to achieve consistent, high-quality
results highlights its potential for industrial applications where precision and efficiency are of paramount
importance.

With a growing emphasis on green and sustainable manufacturing, conventional machining
processes, such as turning, drilling and milling are increasingly being replaced by their environment-
friendly alternatives. These green processes not only improve workplace safety and health standards,
but also contribute to environmental sustainability by reducing EC and carbon footprints. Considering
these advancements, industries are actively seeking innovative techniques to have transition towards

sustainable machining without compromising productivity. Aligning with this sustainability-driven
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approach, this research focuses on optimizing green machining processes, particularly dry milling, while
considering minimization of Pc as the primary objective. Five mating behavior-based metaheuristic
algorithms, like FMA, NMR, BOA, BMOA and AZOA are employed to optimize the said green
machining process. These algorithms mimic the mating behaviors of biological species to enhance the
search procedure for optimal solutions in complex optimization problems.

For dry milling of stainless steel 304 material, FMA outperforms its competitors in attaining the
optimal machining parameters, significantly improving power factor, SCEC and SR. Its superior
exploration-exploitation balance enables more effective convergence towards the optimal settings,
reducing variability in the machining outcomes. The superiority of FMA is further validated through
two statistical metrics, including SP and HV, along with comparative tests, such as Friedman’s mean
rank test and Wilcoxon rank sum test. Additionally, comparative assessments against the established
metaheuristic algorithms, such as genetic algorithm, particle swarm optimization, artificial bee colony,
ant colony optimization and TLBO further confirm FMA’s effectiveness in optimizing the said green
machining process. These findings demonstrate that mating behavior-based algorithms offer a promising
avenue for sustainable manufacturing, enhancing machining efficiency while minimizing environmental
impact.

Another significant focus of this research work is the optimization of a laser beam drilling (LBD)
process, a crucial technique in the manufacturing of micro-holes for applications in diverse industries,
like automotive, aviation, electronics and healthcare. The study investigates applicability of five preying
behavior-based metaheuristic algorithms, i.e. SFO, HHO, AO, BA and GWO, in optimizing CO; laser-
based micro-drilling on polycarbonate material. Optimization targets include laser power, exposure time
and focal plane position with the goal of refining hole diameter, hole depth and heat affected zone
(HAZ).

The comparative analysis highlights the superior performance of GWO over other preying
behavior-based metaheuristics in terms of solution quality, convergence speed and computational
efficiency. GWO’s simple principle, fast convergence speed and high search accuracy contribute to its
superior performance, particularly in achieving better hole quality with minimal HAZ. These findings
are further validated through two statistical metrics, including SP and HV, along with statistical
evaluations, including Friedman’s mean rank and Wilcoxon rank sum tests, which confirm GWO’s
dominance in LBD process optimization. Given the precision-driven nature of laser drilling, the ability
to accurately control its varying parameters using metaheuristic algorithms opens new possibilities for
manufacturing applications in micro-engineering and high-performance materials.

Due to hybridization of the material removal mechanisms of abrasive jet and water jet machining
processes, AWJM appears as an efficient NTM process providing higher productivity, superior surface
guality and excellent dimensional accuracy across diverse work materials irrespective of their
mechanical and thermal properties. Due to the complexity of input parameters and conflicting machining

responses, optimizing an AWJM is a challenging task requiring sophisticated optimization approaches.
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An AWJM process is optimized here using five foraging behavior-based metaheuristic algorithms, i.e.
DOA, AVOA, GOA, FOA and BSA. These algorithms simulate foraging strategies of biological species
to explore and exploit potential solutions effectively.

Among them, AVOA demonstrates maximum efficiency, outperforming other algorithms in
terms of solution accuracy, variability and computational effort. This algorithm’s strong exploration
capabilities allow for more precise adjustments of key parameters, such as water jet machining, stand-
off distance (SOD) and traverse speed, leading to superior machining outcomes. The performance
analysis of the considered algorithms is assessed using two quality matrics (SP and HV) and validated
through Friedman’s mean rank and Wilcoxon rank sum tests. The ability of an AWJM process to
machine hard-to-cut materials, coupled with effective optimization, makes it a valuable technique in
industries requiring higher precision and minimal thermal damage of the machined componants.

Similarly, PAC has become a flexible and effective method for precisely cutting complex profiles
on various difficult-to-machine materials, including superalloys and composites. It offers many benefits,
such as superior dimensional accuracy, higher productivity and capability to cut thicker materials.
However, optimizing this process is challenging due to involvement of many variables, intricate cutting
mechanism, and interactions between process parameters and responses. In this research work, five
newly developed physics-based metaheuristic algorithms, i.e. AOA, ASO, NRO, EFO and GSA are
proposed for optimizing a PAC process. These algorithms harness the principles of physics, such as
atomic interactions and gravitational force, to refine process parameters efficiently.

The results indicate that EFO algorithm outperforms its competitors in achieving the optimal
process parameter settings, including CS, gas pressure, arc current and SOD to optimize MRR, kerf
taper and HAZ. It effectively balances computing effort, convergence time and solution quality while
delivering high-quality cuts with minimal material wastage and lower EC. Statistical assessments,
including quality metrics, non-parametric ranking-based evaluations and comparative analysis against
some popular state-of-the-art optimization methods, further validate EFO’s effectiveness in optimizing
the said PAC process.

Finally, investigations are performed on application of five top-performing metaheuristic
algorithms, i.e. TLBO, FMA, GWO, EFO and AVOA for parametric optimization of the end milling
operation on hybrid Al7075/SiC/Gr composite to find out the best-performing algorithm. Each algorithm
is selected based on its suitability for different machining processes, including human-inspired TLBO
algorithm for the turning process, mating behavior-based FMA technique for the green machining
(particularly for the dry milling process), preying behavior-based GWO algorithm for the LBD process,
physics-based EFO algorithm for the PAC and foraging behavior-based AVOA for the AWJM process.
Comparative analyses are conducted using statistical non-parametric tests, namely Wilcoxon rank sum
test and Friedman’s mean rank test, to evaluate the algorithm performance. Additionally, Pareto optimal
fronts are developed to obtain unique parametric settings and optimal multi-objective solutions for the

said end milling process. Finding out the optimal combination of the end milling parameters and
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achieving the desired response values are made easier with the aid of parallel plots. Additionally, the
related values of SP and HV metrics are analyzed to identify the best-performing algorithm.

Among the considered algorithms, GWO consistently outperforms others in both single- and
multi-objective optimization of the said end milling process. GWO attains the optimal values of MRR,
SR and microhardness with the best possible parametric combination of spindle speed, FR, DOC and
percentage of SiC/Gr. GWO surpasses its competitors in convergence speed and computing time to find
out the near global optimal solution, significantly reducing the runtime compared to AVOA, FMA, EFO
and TLBO techniques. The study further highlights that higher SS and DOC, along with moderate FR
and SiC/Gr percentage values, result in the optimal performance across multiple machining responses.
Overall, GWO proves to be the most efficient algorithm, making it the preferred choice in optimizing
the said end milling operation on the hybrid composite.

Despite the promising results obtained through the extensive computational analysis conducted
in this research work, a notable limitation exists with respect to absence of real-time confirmatory
experiments. Since all the optimization results are based on the past experimental datasets, there is no
direct validation of the derived solutions in real-world machining environments. Future research should
focus on real-time experimental validation, integrating emerging optimization techniques, and
hybridizing metaheuristic algorithms with machine learning models to enhance adaptability and
performance in machining processes optimization.

While this research work provides a solid foundation for optimizing machining processes using
metaheuristic algorithms, several opportunities for future work still remain. Real-time implementation
and validation through physical experiments are crucial for verifying the practical applicability of the
proposed solutions. Integration of machine learning techniques can further refine the predictive
capabilities, leading to improved machining efficiency. Extending this research work to include
additional machining techniques, such as additive manufacturing and hybrid machining, can broaden
the scope of optimization. Furthermore, development of adaptive algorithms that dynamically adjust the
machining parameters based on real-time sensor feedback can improve process control and efficiency.
By using emerging optimization techniques and hybridizing metaheuristic algorithms with machine
learning models, future studies can further improve their effectiveness.

This research work makes a significant contribution to modern manufacturing technologies by
providing a robust framework for optimizing diverse machining processes using metaheuristic
algorithms. The findings should establish a solid foundation for further exploration of these algorithms
in diverse industrial applications, ultimately promoting sustainable and efficient machining practices.
They would offer valuable insights for the researchers, engineers and industry professionals in selecting
the most suitable optimization techniques for improving machining efficiency, sustainability and cost-

effectiveness, ultimately promoting more advanced and sustainable manufacturing strategies.
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1. INTRODUCTION
1.1 An introduction to machining processes

With the increasing geometrical complexity and miniaturization of modern engineering
components, machining operations have become more challenging, particularly in advanced industries,
such as aerospace, automotive, marine, chemical processing, oil and gas, and medical sectors [1]. The
demand for high precision manufacturing has led to extensive research in both conventional machining
and NTM techniques. While conventional machining methods remain widely used, they often struggle
to process difficult-to-cut materials, including medium and high carbon steels, superalloys and
composites, due to their unique properties, such as high hardness, toughness, enhanced fatigue strength,
corrosion and chemical resistance, and ability to withstand elevated temperatures. However, machining
those materials using traditional methods presents significant challenges, involving excessive heat
generation, increased cutting forces and rapid tool wear, ultimately leading to reduced efficiency and
higher production cost [2, 3, 4].

To address these limitations, several NTM techniques have emerged out as efficient alternatives.
The NTM processes, such as LBM, PAC, AWIM, EDM and WEDM have proven to be highly effective
for machining hard and tough materials while ensuring superior precision and surface quality [5, 6].
Unlike the conventional techniques, which rely on direct tool-workpiece contact, NTM methods employ
various energy forms, such as mechanical, thermal, electrical and chemical, to facilitate material
removal at the atomic level, minimizing tool wear and process inefficiencies [7]. Furthermore, hybrid
machining approaches, which combine the advantages of multiple machining methods, have gained
prominence. Examples include electrochemical discharge machining, which integrates electrochemical
and EDM principles, and electrochemical grinding, a fusion of electrochemical and mechanical grinding

processes [8, 9]. The detailed classification of the machining processes is shown in Figure 1.1.
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Figures 1.1 Classification of machining processes
Traditional machining operations, like turning, shaping and drilling remain essential for material

removal, achieving desired shapes, and ensuring accuracy, tolerance and surface finish [10]. However,



selection of an appropriate machining process depends on multiple factors, including workpiece
geometry, operational costs, and mechanical and tribological properties of the work material. As
industries strive to improve sustainability, there has been a growing shift towards eco-friendly
machining solutions. This transition aligns with the philosophy of ‘Go Green-Think Green-Act Green,’
focusing on energy efficiency, carbon footprint reduction and sustainable manufacturing practices [11].
Figure 1.2 demonstrates the benefits of implementing green machining processes in a typical

manufacturing environment [12].
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Figures 1.2 Benefits of green machining processes

Since machining parameters directly influence the output responses, their optimal selection is
critical for achieving a balance between efficiency, quality and environmental sustainability [13].
Conventional machining techniques significantly depend on metal-working fluids for lubrication, chip
removal, friction reduction, dimensional accuracy and overall process efficiency [14]. However, these
fluids contribute to nearly half of the total production cost, and release hazardous fumes, posing health
risks to the operators and environmental concerns [15].

To mitigate these challenges, the green machining techniques, such as dry cutting and MQL, have
gained significant attention. Additionally, eco-friendly alternatives to conventional metal-working
fluids, including cryogenic cooling, high-pressure cooling and biodegradable lubricants, offer
promising solutions to reduce environmental impact while maintaining higher machining efficiency.
The integration of real-time feedback systems, sensor technologies and adaptive control mechanisms
further enhances machining performance, making it possible to optimize the process parameters
dynamically and improve overall efficiency [16]. The working principles of some of the machining
processes related to this research work are discussed here-in-under:

Turning process
Turning is a fundamental operation widely utilized in most of the manufacturing industries for

removal of excess material from the exterior surface of a cylindrical workpiece. It involves rotating the
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workpiece while a cutting tool moves radially, axially or both, to achieve the desired shape geometry.
This process can be executed either in a single cut or multiple cuts on a lathe, which supplies the
necessary power for rotation of the workpiece at a specific speed while feeding the cutting tool at a
defined rate and DOC. This process has become extremely popular in automotive, aerospace and other
industries mainly due to its versatility and cost-effectiveness. It has been experienced that for any of the
machining processes, choice of the appropriate input parameters is extremely crucial for achieving high
quality products at low cost [17]. Like other machining processes, in the turning operation, several input
parameters, like SS or CS, DOC, FR, CA, Nr, type of the work and tool materials, type of the cutting
environment etc. need to be carefully considered as they have significant contributions in attaining
higher MRR, and lower CF, Pc, SR, CT, SCEC, Vb etc. [18]. Poor parameter selection may lead to
undesirable effects, such as temperature rise, tool breakage and work material fatigue [19, 20]. Figure
1.3 illustrates the design of a typical turning process.
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Figure 1.3 Working principle of a turning operation
Milling process

Milling is a versatile and widely used machining technique that removes material using a rotating
multi-point cutting tool. It is widely used in modern manufacturing industries, particularly with
advancements in CNC technology, which contributes to automation, high productivity and superior-
quality production. The milling operations can be categorized based on the cutting tool’s movement
and material removal strategy, such as face milling, end milling, form milling etc. Figure 1.4
demonstrates the schematic of a typical milling process.

End milling is a critical machining operation in which a rotating cutter with cutting edges on its
periphery and end removes material from the workpiece. It is commonly used for machining slots,
keyways, pockets and contours. The process allows for high precision and generation of complex
geometries. As the cutting action occurs in both radial and axial directions, it has become an ideal

processes for achieving detailed and smooth finishes on different components.



Milling can be performed under various conditions, such as dry milling, MQL and flood cooling,
each influencing tool performance, surface quality and environmental impact. The dry milling, in
particular, operates with minimal or no lubrication, helping to reduce fluid-related cost and mitigate
environmental concerns. Numerous researchers have investigated the effects of different dry milling
parameters, such as SS, FR, tool geometry and cutting environment on the achievable machining
performance with respect to MRR, SR, tool wear, CF, Pc etc. [21]. Among these factors, surface quality
is often considered one of the most critical quality characteristics, as it directly influences key properties
of the machined components, including wear resistance, fatigue strength and corrosion resistance [20].
Similar to turning, optimizing the milling parameters is also essential. Improper selection may lead to

reduced machining performance, excessive tool wear, temperature rise and material fatigue, ultimately

compromising both productivity and product quality [21].
T

Figure 1.4 Working principle of a milling process

LBD process

Increasing demand for miniaturized components as micro-holes with diameters ranging from a
few microns to hundreds of microns used in automobile, aviation, electronics and medical industries
makes LBD a viable option in today’s manufacturing environment. LBD has emerged out as a viable
option to generate micro-holes and complicated shape geometries in almost all types of difficult-to-cut
materials, including metals, non-metals, composites and ceramics. In this process, a narrow laser beam
having high intensity and very small pulse duration is focused to ablate material from the workpiece
surface generating tiny holes with higher aspect ratio (>5:1), minimum HAZ and almost zero taper
geometry. Thus, the material removal mechanism of the LBD process is absorption of laser energy
through a series of pulses at the same spot causing localized melting and vaporization. During the LBD

operation, a highly pressurized assist gas, i.e. air, oxygen or nitrogen is utilized to blow away the debris



from the machining zone. Although it has several advantageous features, like no tool wear, higher
precision and flexibility, excellent surface finish, higher repeatability, no residual stress and burr
formation, no chatter and vibration, but it still suffers from other disadvantages, like low MRR, higher
initial cost, requirement of skilled manpower etc. [22, 23]. Micro-holes generated by this process have
found immense applications in electronics (panel display boards, printed circuit boards, micro-electro-
mechanical systems, solar cells etc.), medical industry for generation of micro-channels, packaging,
manufacturing of ignition target balls, micro-heat exchangers, cooling holes in aero-engine turbine
blades etc.

Among various laser sources, pulsed Nd:YAG laser and CO; laser, which are solid and gas lasers
respectively, have become quite popular for the above-mentioned industrial applications. These laser
sources facilitate micro-drilling of thick materials due to higher incident peak power during the
pulsating mode. It has been experimented that Nd:YAG laser performs better than CO, laser with
respect to higher production rate, and generation of geometrical features having excellent dimensional
accuracy and tolerance due to its higher energy density and lower average beam power. Usually, the
quality characteristics of micro-holes during the LBD process are expressed with respect to SR, TA,
HC, Hd at both entry and exit, HAZ, RLT, MRR etc. which are often influenced by different input
parameters of the LBD process, like PI, LC, Fp, Wp, type and pressure of the assist gas etc. [24]. Various
researchers have experimentally studied the effects of the LBD parameters on the quality characteristics
of micro-holes, and have recommended to operate the LBD process while setting its different input
parameters at their optimal levels. Complex material removal mechanism, stochastic behavior of the
process, and nonlinear relationship between the input and output parameters make optimization of an
LBD process more challenging and complicated. Figure 1.5 depicts the working principle of a typical

LBD process.

o
100% > Power supply
Reflecting mirror
Flash lamps }—
~ Capacitor
Partialty
o — Fuby crystal

reflecting mirror

Laser beam light ———»
+— Lens

J

Workpiece | [ |

Figure 1.5 Working principle of an LBD process



AWJM process

Due to hybridization of the material removal mechanisms of abrasive jet and water jet
machining processes, AWJM appears as an efficient NTM process providing higher productivity,
superior surface quality and excellent dimensional accuracy for almost all types of work materials
irrespective of their mechanical and thermal properties. AWJM process was developed during early
1980s as an innovative cutting technique, meeting the requirements of machining almost all types of
conductive and non-conductive materials, like medium and high carbon steels, aluminium, titanium and
their alloys, ceramics, composites, marbles, rocks etc. In this process, different abrasives, like
aluminium oxide, boron carbide, silicon carbide, garnet etc. are proportionally mixed with water so that
they along with water come out from a nozzle at extremely high speed to remove material from the
workpiece due to plastic deformation. Thus, material removal is facilitated by converting the potential
energy into high velocity Kinetic energy. The working principle of an AWJM process is schematically
shown in Figure 1.6. This process is specially suitable for machining thicker materials (thickness varies
between 0.8 and 25 mm or more) while maintaining the preferred level of dimensional accuracy and
surface quality [25, 26]. It also has other advantages, like higher flexibility, no thermal stress, higher
CS, no HAZ and burr formation, and environmental friendliness [27, 28]. Higher initial cost,
requirement of skilled manpower, low MRR and corrosive machining environment are its major

demerits.
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Figure 1.6 A typical AWJM process

PAC process

PAC, introduced in the 1950s, has become an advanced technique to address limitations of the
traditional machining processes, and has evolved as a highly efficient process for cutting complex
profiles in most of the hard-to-machine materials due to its numerous advantages, like superior
dimensional accuracy, higher productivity, ability to cut thicker materials etc., while achieving better
cut quality, particularly with respect to reduced HAZ, improved surface quality and controlled kerf

characteristics, which remain a challenging task due to numerous process variables involved [29, 30].
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The working principle of a PAC process involves an arc formed between the electrode and the
workpiece, constricted by a fine-bore copper nozzle, which significantly increases temperature and
velocity of the plasma emanating from the nozzle [31]. It employs nitrogen, argon and compressed air
to generate a plasma stream with a water-cooled nozzle to effectively manage the intense heat while
cutting complex profiles on various advanced conductive materials, like aluminium, titanium,
magnesium, copper, stainless steel etc. [32]. This plasma can reach temperatures exceeding 20,000 °C
and velocities approaching the speed of sound. During cutting, the plasma gas flow is intensified,
allowing the deeply penetrating plasma jet to cut through the material, with molten material being
expelled by the efflux plasma. This process significantly reduces tool wear, and efficiently cuts intricate
shapes without direct contact between the tool and the workpiece [33, 34]. The schematic of a typical
PAC process is depicted in Figure 1.7. During the cutting operation, PAC usually involves in generation
of smoke, noise and evaporated molten metal, which pollute the environment, especially when cutting
non-ferrous metals with high current. Therefore, to reduce its detrimental effects on the environment
and operators’ health, it becomes imperative to operate it with an ideal combination of the input
parameters [29, 35].

The PAC has been the prime focus of numerous studies aimed at optimizing its various process
parameters, such as SOD, Pg, CS, AC, TH etc. to improve its corresponding responses, like SR, KW,
HAZ, KT, MRR, MH etc. Despite considerable advancements, the involvement of a few parameters,
like FR and edge roughness has not been investigated thoroughly [33, 36]. It has been observed that
these PAC parameters would significantly influence attainment of the desired values of most of the
responses. For example, lower CS and SOD may lead to increased MRR while a rise in Pg may decrease
the value of MRR with a linearly decreasing SR. On the other hand, higher AC may result in higher
MRR along with lower SR, while higher CS may be responsible for an enlarged kerf surface quality,
reducing dimension of HAZ of the machined components. A minimized MH is observed at lower values
of AC and SOD [35, 37, 38].
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Figure 1.7 Working principle of a PAC process
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1.2 A brief overview of the optimization methods

Optimization is the process of finding out the best possible solution to a problem by maximizing
or minimizing an objective function while satisfying the given constraints. It plays a crucial role in
various fields, including engineering, manufacturing, supply chain management, finance, Al and
operations research. Selection of an appropriate optimization method depends on the problem
complexity, computational resources and desired objectives. Numerous techniques have been
developed, each with distinct behaviors suited for specific problems. Optimization techniques are
broadly classified into deterministic (traditional) and stochastic methods. Deterministic methods, such
as Newton’s method, linear programming and gradient-based approaches, guarantee optimal solutions
but require well-defined mathematical models. These methods often provide only one solution per
iteration and can be computationally intensive [39, 40]. In contrast, stochastic methods overcome these
limitations by offering better solutions for complex multimodal problems. Metaheuristic algorithms,
such as GA, PSO and SA rely on probabilistic strategies to efficiently explore vast search spaces. These
techniques are particularly useful for solving complex, nonlinear and multi-objective optimization
problems where traditional methods fail.

Modern advancements have led to hybrid optimization techniques that combine multiple
approaches to enhance accuracy, convergence speed and computational efficiency. Real-world
applications of optimization range from supply chain management and financial portfolio optimization
to ML hyperparameter tuning and resource allocation in large-scale systems. Despite their advantages,
challenges, such as computational cost, local optima trapping and parameter tuning require careful
consideration for their successful implementation [41-43].

Many optimization problems are classified as NP-hard, meaning they cannot be solved in
polynomial time unless NP = P. To address this, researchers have developed various workarounds and
approximations, categorized as heuristics and metaheuristics, to find acceptable solutions with minimal
time complexity. Heuristics are more problem-specific, whereas, metaheuristics provide a broader
algorithmic framework that can be applied to almost any optimization problem [44, 45].

Environmental decision making problems often require selecting the most suitable option among
multiple alternatives. Environmental models play a key role in this process by assessing the utility of
different decision alternatives, such as infrastructure interventions, management strategies and policy
options. However, due to complexity and large number of alternatives, identifying the best option can
be challenging. By integrating simulation models with modern metaheuristic optimization techniques,
the decision makers can identify solutions that maximize resource efficiency, achieve the best
environmental outcomes within a given budget, or optimize trade-offs between various competing
objectives. This enables more effective decision making, ensuring that the selected options would
provide the best value while minimizing the negative environmental impacts [42]. Overall, optimization
remains a critical tool across various domains, driving efficiency, accuracy and better decision making.

As research continues to evolve, improvements in hybrid methods, computational efficiency and
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adaptability to real-world constraints would further expand the scope and applicability of the
optimization techniques.

Metaheuristic algorithms play a crucial role in optimizing machining and manufacturing
processes by determining the optimal combination of different parameters, such as CS, FR, SOD, Pg,
PI, St, DOC etc. to achieve several objectives, like minimal tool wear rate, SCEC, HAZ and Pc,
maximum MRR and MH, and improved surface quality. These algorithms effectively balance
exploration (diversification) and exploitation (intensification) to navigate complex optimization
problems, avoiding local optima and improving solution quality. Advancements in evolutionary
computation have further enhanced their applicability in multi-objective and real-time decision making
scenarios, although challenges, such as computational cost, parameter tuning and convergence speed
remain active areas of research [46-49].

Exploration involves a global search across the solution space to identify promising regions,
while exploitation refines solutions within these regions to find out better alternatives. Metaheuristics
are widely used due to their simplicity, ease of implementation and adaptability across diverse problem
domains without requiring modifications to their algorithmic structure [50]. A metaheuristic begins with
a randomly generated solution and iteratively refines it to move closer to an optimal outcome. Since a
single algorithm can be employed for multiple agents, and can represent various behaviors through
parameterization and neighboring strategies, their implementation is relatively straightforward [51, 52].

The term ‘metaheuristic,” introduced by Glover in 1986, originates from the Greek words ‘meta’
(beyond) and ‘heuristic’ (to discover). These high-level, problem-independent strategies utilize
heuristics to efficiently find out near-optimal solutions to complex problems, particularly NP-hard
problems, where exact algorithms demand impractical computation times or resources. These
algorithms have been successfully applied to solving intractable optimization problems, offering
efficient solutions even for very large problem sizes within a reasonable timeframe [41]. Unlike
traditional optimization methods that rely on gradient-based approaches, metaheuristics do not require
derivative information, making them applicable to a wide range of problems with minimal
modifications. Beyond optimization, they are also used in environmental management, where they help
identify decision alternatives that balance trade-offs between multiple desired outcomes. Their
adaptability and efficiency make them indispensable for solving complex problems across various
domains [46, 48].

Metaheuristics have been widely applied in machining processes optimization, where the input-
output relationships are nonlinear. Many of these algorithms are ‘nature-inspired’ (also called
‘metaphor-based’), as they involve heuristics that imitate processes in natural systems. Their ability to
handle real-time optimization challenges, deliver high quality solutions within shorter computation
times, and function as approximate and non-deterministic methods, distinguish them from precise
optimization approaches in terms of reliability and efficiency [53, 54]. The key benefits of metaheuristic

algorithms include ease of implementation, conceptual simplicity, independence of problem type and
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derivative information, reduced time complexity, no gradient mechanism, faster convergence speed and

accuracy, and effectiveness in solving nonlinear, non-convex, NP-hard high-dimensional problems [54,

55].

A metaheuristic starts with a random solution and works to refine it iteratively until it approaches

the optimal solution. It is easy to develop a metaheuristic since a single algorithm may be used for all

the agents, and can represent different behaviors through nearby strategies and parameterization [56,

57]. Figure 1.8 presents a taxonomy of the metaheuristic algorithms, which are high-level strategies

used to find approximate solutions to complex optimization problems. These metaheuristics are broadly

categorized into two groups, i.e. nature-inspired and non-nature-inspired approaches.

i)

Nature-inspired metaheuristics: These algorithms are inspired by natural processes, such as

biological evolution, animal behavior, physical phenomena or human decision making strategies.

They are further divided into five subcategories.

a)

b)

e)

Evolutionary-based: Simulate the principles of natural selection and evolution, where the
solutions evolve over successive generations through selection, crossover and mutation.
Examples of these algorithm include GA, DE, FOA, BOA etc.

Swarm-based algorithms: Inspired by the collective behavior of social animals, such as birds,
ants and bees, these algorithms use decentralized and cooperative approaches to explore the
solution space. PSO, ACO, ABC, GWO, ALO etc. are the typical examples of swarm-based
metaheuristic algorithms.

Physics-based approaches: Simulate physical principles, such as motion, forces and
interactions between particles. They include AOA, ASO, EFO, GSA, NRO etc.
Human-inspired algorithms: Inspired by human decision making and learning, and cognitive
processes. TLBO, QSA, HCO, TOA, SAR etc. come under this category.

Others: Include algorithms inspired by various natural processes, like foraging, mating and
preying behaviors, such as HHO, DOA, AO, BSA, SFO etc.

Non-nature-inspired metaheuristics: Unlike nature-inspired approaches, these algorithms rely on

mathematical principles, probability and Al rather than natural phenomena. They are further

divided into three subcategories.

a)

b)

c)

Local search-based approaches: Focus on exploring neighboring solutions to refine the
optimization results. These metaheuristics include TS, ILS, HSA etc.

Mathematical and probabilistic algorithms: Employ probabilistic, statistical and mathematical
formulations to guide the search process. Examples of these algorithm include SA, AlS,
GRASP, VNS etc.

Hybrid and ML-based approaches: Integrate multiple optimization techniques with ML
approaches to enhance adaptability and improve solution quality, including RLBO and

10



hyper-heuristics, which dynamically select or generate heuristics based on the problem
characteristics.
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Figure 1.8 Classification of the metaheuristic algorithms

Figure 1.8 is structured hierarchically, illustrating relationships between metaheuristic categories
and specific algorithms. Broadly, nature-inspired metaheuristics can be categorized into population-
based and single solution-based algorithms, with EAs being widely used due to their optimization
efficiency [42, 46]. Classical metaheuristic algorithms developed before 2000 include GA, PSO, ACO,
genetic programming, DE, SA, TS, GRASP, AIS, ILS etc. While these methods have achieved
significant success, the past two decades have introduced new evolutionary approaches inspired by
biological and behavioral processes, improving solutions for many of the previously unsolved
benchmark problems [41, 49].

Beyond engineering, metaheuristics have applications in diverse fields, such as finance, logistics,
healthcare and computer science. In finance, they assist in portfolio optimization, risk management and
algorithmic trading. In logistics, they improve vehicle routing, inventory management and facility
location planning. In healthcare, they optimize patient scheduling, resource allocation and treatment
planning. In computer science, metaheuristics contribute to ML, computer vision and natural language
processing [46, 47].

Despite their advantages, metaheuristics have certain limitations. Due to their stochastic nature,
they do not guarantee finding out the global optimum. They can also be computationally expensive,
specially for large-scale problems, and often require careful parameter tuning for their optimal
performance. However, as computational power continues to advance, hybrid and adaptive
metaheuristic approaches are expected to further enhance their efficiency and applicability. A key

challenge in designing efficient metaheuristics is maintaining a proper balance between exploration and
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exploitation. Various classification schemes have been proposed based on how these two processes are
implemented and the metaphors underlying different search strategies [47]. A metaheuristic is thus an
algorithmic framework that can be applied to a wide range of optimization problems with minimal
modifications to suit a specific problem. The abstract of the working mechanism of a metaheuristic is

shown as below [47].

Algorithmic framework of a metaheuristic
Create one or more initial solutions
While (stopping criterion not satisfied) do
If exploit then
Create new solution by exploitation step;
Else
Create new solutions by exploration step;
End
Update best-found solution;
End
Return best-found solution;

The key characteristics of the metaheuristics include the following:
a)  They are not designed for a specific problem but can be adapted to different optimization
challenges.
b)  Provide approximate solutions rather than exact ones.
C) Explore the search space to identify solutions that are ‘good enough.’
d)  Operate at an abstraction level that allows generalization across different domains.
e)  They are often easily parallelizable, enhancing computational efficiency.
f) Range from basic local search techniques to advanced learning-based methods.
0) Incorporate strategies to avoid premature convergence, improving solution diversity.
h)  Leverage heuristics as domain-specific knowledge within an overarching search strategy.
i) Modern metaheuristics utilize guidance memory to retain and apply search experience, enhancing
performance.
By combining flexibility, adaptability and efficiency, metaheuristics therefore continue to be
instrumental in solving complex optimization problems across diverse applications [47].
1.3 Need for optimization of the machining processes
Optimization plays a crucial role in achieving superior cut quality, minimizing material waste
and enhancing overall productivity in the machining processes. Several key process parameters,
including CS, FR, DOC, SOD, SS, Pg, ND etc. significantly influence the machining performance.
These parameters, commonly used across various machining processes, must be carefully controlled to
achieve the optimal results. Selection of the appropriate parameter settings at different operating levels
directly impacts the key machining responses, such as MRR, SR, SCEC etc. Table 1.1 presents a
comprehensive list of various process parameters and corresponding responses for the machining

processes considered in this research work. By optimizing these parameters, the manufacturers can
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enhance surface finish, maintain dimensional accuracy and reduce defects, such as dross formation.
Proper parameter selection also minimizes tool deflection and vibration, improving process stability
and reliability. Additionally, effective optimization controls heat generation during machining,
preventing thermal damage to the workpiece and extending tool life. As a result, precision, efficiency
and cost-effectiveness are significantly improved in modern manufacturing operations [58, 59].

Table 1.1 Machining parameters and responses

Machining process Process parameters Responses
Turnin CS,FR,DOC, CA, SS, | SCEC, SR, MRR, Mc, Vb, CF,
g Nr, lubrication condition Pc
- CS, FR, DOC, SS, Wm, | SR, PF, EC, MRR, SCEC, Vb,
Milling
Nr Pc
LBM PIl, ET, FPP, Pg, AC, CS, MRR, SR, HAZ, TA, Cent,
Fp Cext, Hd, Hh, KT, KW
WJP, SOD, St, AFR, MRR, KA, SR, DLL, KW, Hd,
AWIM APS, ND HC
PAC SOD, Pg, CS, AC, TH, MRR, SR, KT, HAZ, KW,
Vg MH, DFR

Machining process optimization enhances productivity by reducing cycle times, refining tool
paths and improving throughput. It also lowers operational costs by minimizing tool wear, reducing
energy consumption, decreasing material waste and lowering the environmental impact. Furthermore,
by optimizing machining parameters, the manufacturers can ensure consistent quality in mass
production, leading to reduced rework and material wastage. Additionally, optimizing machining
conditions extends tool life, reducing frequency of tool replacements and maintenance costs.
Environmental-friendly machining strategies, such as MQL and dry machining, can be integrated into
optimization techniques to further reduce ecological footprints [60, 61].

The complexity of machining processes arises from multiple conflicting objectives, such as
minimizing production time and cost while maximizing surface finish and tool life. These processes
involve highly constrained, nonlinear relationships between the variables, often with mixed integer-
discrete-continuous parameters. Traditional optimization methods, such as linear and nonlinear
programming, struggle with these complexities. The stochastic nature of material removal mechanisms
further complicates the optimization process, requiring advanced mathematical tools. Additionally,
variations in material properties, machine tool stiffness and cutting tool geometry introduce
uncertainties making process optimization even more challenging.

To address these challenges, metaheuristic algorithms are widely used. These techniques
efficiently explore search spaces, avoid local optima and determine the optimal machining parameters
without extensive trial-and-error experimentation. Hybrid optimization approaches, such as integrating
ANN with EA, are gaining popularity for their ability to model complex relationships and improve

optimization accuracy. The ML-based models are also being utilized to predict the optimal machining
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conditions based on historical data, further enhancing process efficiency. Such advanced approaches
help manufacturers enhance efficiency, reduce operational costs and improve product quality, ensuring
competitiveness in the modern manufacturing industries [46].

Beyond machining, production process optimization focuses on improving the entire
manufacturing workflow by analyzing the flow rates, machine layout and labor utilization. By balancing
operating workloads and machines at their optimal speeds and eliminating bottlenecks, the
manufacturers can minimize downtime, enhance machine utilization and improve operational
efficiency. Addressing root causes of unplanned downtime, such as machine breakdowns, operator
errors and quality issues, further ensures productivity and reliability. Predictive maintenance, enabled
by the internet of things and data analytics, plays a key role in modern production optimization, helping
manufacturers detect equipment failures before they occur and avoid costly downtimes [62, 63].

Optimizing production processes leads to several advantages, including reduced variation in
product manufacturing, improved accuracy to specifications, increased reliability and durability, and
fewer defects. Automation and real-time monitoring systems contribute significantly to optimization by
reducing human errors, improving process control and enabling quick adjustments when deviations
occur. Additionally, process optimization enhances operational visibility by streamlining workflows,
automating tasks and improving cross-department communication. This empowers the managers to
track progress, identify bottlenecks and make data-driven decisions [64].

By leveraging advanced optimization techniques, the manufacturers can improve efficiency,
reduce costs and enhance product quality, achieving a sustainable and competitive edge in the industry.
Future advancements in Al, digital twin technology and cyber-physical system would further
revolutionize process optimization, making manufacturing more adaptive, intelligent and efficient. As
industries continue to move towards smart manufacturing and Industry 4.0, optimization would remain
a key driver of innovation and success.

1.4 Objectives and scope of the present research work

Machining processes, such as turning, milling, LBM, AWJM, PAC etc. play crucial roles in
modern manufacturing. Efficiency, accuracy and surface quality of the machined components in these
processes are largely governed by various input parameters, such as CS, FR, DOC, Pg, tool geometry,
machining environment etc. Improper selection of those parameters can result in undesirable outcomes,
including increased tool wear, poor surface finish and inefficient material removal.

To overcome these challenges and achieve optimal machining performance, metaheuristic
algorithms have been extensively employed for parametric optimization. These algorithms are highly
effective in dealing with complex, multi-objective optimization problems where traditional
optimization techniques often prove inadequate. Considering these requirements, the objectives of the

present research work are outlined as follows:
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a) to compare the performance of various metaheuristic algorithms in predicting the optimal results
for single and multi-objective optimization problems in both traditional machining and NTM
processes,

b) to assess consistency and robustness of the adopted metaheuristic algorithms in deriving the
optimal parametric solutions for different machining operations,

c) toimplement five human-inspired metaheuristic algorithms for optimizing the process parameters
in a turning operation,

d) tointegrate five mating behavior-based algorithms for optimizing the process parameters of a green
machining operation, to promote sustainability and energy efficiency,

e) to employ five preying behavior-based algorithms for identifying the most suitable parameter
settings in a CO»-based micro-LBD process,

f) to apply five foraging behavior-based algorithms for optimizing the cutting conditions in an
AWJIM process,

g) to integrate five physics-based metaheuristic algorithms for parametric optimization of a PAC
process,

h) in order to identify the most robust approach for future machining applications, to validate the
optimization performance of the best five algorithms from five distinct categories of metaheuristics
in an end milling operation, and

i) to strengthen the optimization results by conducting the performance analysis using two quality
metrics (SP and HV), and applying two statistical non-parametric tests (Friedman’s mean rank test
and Wilcoxon rank sum test). Additionally, the corresponding Pareto optimal fronts are also
developed to derive the unique parametric settings and optimal multi-objective solutions for the
considered machining processes.

The application of metaheuristic algorithms in machining process optimization enhances
machining performance while also contributing to sustainable and energy-efficient manufacturing. By
reducing tool wear, optimizing material usage and minimizing waste, these algorithms support
environmental-friendly manufacturing practices. Future research may explore integrating them with
intelligent manufacturing systems, enabling automated process optimization and real-time decision
making in industrial machining environments.

In most of the machining processes, equal weights are typically assigned to the considered
responses to simplify the computational steps. However, the effects of varying these weights on the
optimal parametric settings are analyzed using Pareto optimal fronts. While five distinct categories of
the nature-inspired metaheuristics are used and their relative performance are compared, future studies
may concentrate on comparing their performance against other techniques, like energy valley optimizer,
flow direction algorithm, equilibrium optimizer, multi-verse optimizer, predator-prey optimizer,
bacterial foraging optimization algorithm, elephant swarm water search algorithm, Manta Ray foraging

algorithm, battle royale optimization, war strategy optimization, coronavirus herd immunity
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optimization etc. Effects of varying values of different algorithm-specific parameters and weights
assigned to the responses on the optimization performance of the considered algorithms may also be
explored.

It may be worthwhile to evaluate their effectiveness in addressing many-objective optimization
problems. In future research work, more emphasis may be put on exploring the applicability of various
ML algorithms in modeling the relationships between different machining parameters and cut quality
characteristics, eventually leading to higher precision and process efficiency. Application of these
algorithms may further be exploited by incorporating parameter tuning techniques, hybridizing with
other metaheuristics and leveraging advanced optimization tools.
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2. LITERATURE REVIEW

Machining process optimization is essential for enhancing productivity, improving surface
quality, reducing tool wear and minimizing production costs. Various machining processes, including
turning, milling, LBM, AWJM and PAC, have been optimized using traditional and advanced
computational techniques. This literature review presents key research contributions in these domains.
2.1 Optimization of the turning processes

The previous researchers have already employed several techniques, including RSM and Taguchi
methodology to optimize and fine-tune the operational settings of different turning processes. However,
there has been limited research on metaheuristic-based optimization of turning processes to reduce
energy consumption, while maintaining the environmental protection laws. It is always essential to set
the input parameters of any turning process at their optimal levels due to their association with the
responses and complex cutting behavior. To resolve the parametric optimization challenges, the
researchers have turned to various mathematical tools, with metaheuristic algorithms playing a key role.
Table 2.1 summarizes their applications, together with more details, such as experimental plan,
workpiece material, turning parameters and response(s). Notably, DE [65], MFA [66, 67], PSO [67-
73], CIA [70], PO [71], GA [73-83], PSA [83], GWO [83-85], VO [85], ALO [85], SA [73, 85, 86],
WOA [87], AHA [88], NSGA-I1I [89-94], TLBO [95], SAR [95], TOA [95], HCO [95] and QSA [95]
have become extremely popular among the researchers. Additionally, most of the turning operations,
specially those involving difficult-to-machine materials, have utilized different experimental design
plans, like Taguchi’s OA, BBD, FFD, CCD etc. However, only few research works had compared the
performance of those algorithms relating to computational effort, speed of convergence and solution
guality. Although many algorithms have effectively been applied for optimization of the turning
processes, little effort has been put forward to identify the most effective one among those developed
based on a similar principle.

The literature review underscores the critical role of optimizing various turning parameters to
improve machining performance with minimum energy requirement. Abderazek et al. [65] optimized
the turning of EN-GJL-250 cast iron using DE, considering CS, FR and DOC as the input parameters,
and Pc, SR and CF as the responses. The study highlighted DE’s effectiveness in multi-objective
optimization of the said process. Arunkumar and Devendiran [66] investigated and simultaneously
optimized MQL-turning parameters for sustainable machining of Nimonic 75 using weighted MFA,
where the weights had been determined through grey relational coefficient. Compared to the
experimental results, the optimized computation of the corresponding grey relational coefficients had
led to significant reduction in the output responses, demonstrating effectiveness of the grey relational
coefficient-MFA approach. In a subsequent study, Arunkumar and Devendiran [67] validated that MFA
would be more efficacious than PSO in optimizing the turning operation on Nimonic 80A under dry
and nano-MQL conditions, and picked out the related process parameter settings as FR = 0.15 mm/rev,

CS =76 m/min and DOC = 0.75 mm, resulting in achievement of minimum values of SR, Vb, CF and

17



cutting acceleration. Doan et al. [68] applied an improved quantum-behaved PSO algorithm in
combination with two multi-criteria decision making method tools, i.e. TOPSIS and method based on
the removal effects of criteria (MEREC), for optimization of turning operation on titanium alloy. The
study treated CS, FR, DOC and CA as the input variables, and SR, comprehensive energy and turning
noise as the outputs. In another study, Doan et al. [69] employed entropy method, and vibration and
communication PSO algorithm to compute the weights, and determined the optimal factor levels,
focusing on SR and SCEC as the key responses. The optimization results achieved significant
improvements in both machining quality and energy efficiency.

Shastri et al. [70] adopted PSO and CIA techniques to optimize the machining of titanium alloy,
treating CS, FR and CA as the three key parameters. The study validated the effectiveness of multi-
CIA, demonstrating superior improvement in the machining responses compared to PSO, leading to
enhanced machining quality. Elsheikh et al. [71] developed an improved RVFL model optimized using
PO algorithm to predict the turning responses. The RVFL-PO model outperformed the standalone
RVFL and RVFL-PSO, achieving the highest accuracy, with maximum coefficient of determination
recorded as 0.961, compared to 0.844 for RVFL-PSO and 0.768 for RVFL. Xie et al. [72] proposed a
novel SR prediction model based on energy consumption, considering SCEC as one of the main
responses. PSO algorithm had been hybridized with SVM and RVM to optimize its different tuning
parameters. The performance of SVM-PSO had been compared with RVM-PSO, and based on the
experimental results, it was concluded that SVM-PSO would outperform RVM-PSO with respect to
solution accuracy, making it an effective tool in predicting the considered responses. Jeet et al. [73]
applied a super-hybrid optimization technique, i.e. Taguchi coupled weighted aggregated sum product
assessment (WASPAS) with GA, SA and PSO for optimizing the turning of AISI 4340 steel to
determine the ideal cutting conditions. The input parameters included CS, FR and DOC, while
responses were SR, chip thickness and Tc. Zohra et al. [74] optimized the turning of AISI 4140 steel
using GA. The study focused on SCEC as the main response, with CS, FR and DOC as the turning
parameters, highlighting GA’s capability in achieving lower SCEC.

After conducting turning experiments on high speed steel, Noor et al. [75] developed the
corresponding nonlinear equations and optimized the said process using GA technique. It was revealed
that an ideal combination of the distinct turning parameters as CS = 40 m/min, FR = 0.2 mm/rev and
DOC = 0.5 mm would lead to maximum MRR, and minimum SCEC and Pc values concurrently. The
optimal results had finally been contrasted against those derived using DFA. Nguyen et al. [76]
employed GA to optimize the machining of SS 40XC, achieving the ideal combination of different
process parameters. The study resulted in improvements of 8.91% in SCEC, 20.00% in SR and 14.75%
in Mc, demonstrating its economic benefits. Similarly, Zebala et al. [77] optimized turning of titanium
alloy using GA technique, considering CS, FR and DOC as input variables, and CF and Pc as the
responses, achieving significant enhancement in machining efficiency. Based on GA technique, Vukelic

et al. [78] solved the optimization problem of minimizing Pc, Vb, SR and CT, while conducting dry
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turning experiments on Inconel 601, with CS, FR and DOC as the process parameters, reaffirming GA’s
effectiveness in optimizing machining of superalloy. Usha and Rao [79, 80] optimized machining of
AISI 1045 and AISI 1040 steels using GA, incorporating MQL flow rate, nanoparticle volume
concentration, CS, FR and DOC as input parameters, and CF, SR and Tc as the responses. Their results
indicated notable reductions in both CF and SR.

In a subsequent study, Laouissi et al. [81] examined the influences of three turning variables, i.e.
SS, FR and DOC on Pc, MRR, SR and CF during turning of EN-GJL-250 cast iron, and later optimized
the process using GA. Serra et al. [82] developed first-order empirical models using multi-linear
regression model to establish the relationships between the machining parameters and responses. The
efficiency of the derived models was validated using ANOVA. Those models were used for multi-
objective optimization with weighting factors and GA. An industrial example later confirmed the
proposed methodology’s effectiveness by comparing the optimized values against the experimental
results. Abbas et al. [83] performed the turning operation on AISI 1045 steel, and determined the ideal
parametric intermix as CS = 156.5 m/min, FR = 0.050 mm/rev and DOC = 0.57 mm. It was observed
that GWO would perform better than PSA and GA in optimizing the process under consideration, while
providing the corresponding response values as MRR = 4460.25 mm?/min, SR = 0.719 um, CF = 161
N and Tc =463.5°C. Fountas et al. [84] developed full quadratic regression models to correlate different
machining conditions with the machinability characteristics during longitudinal turning of CuZn39Pb3
brass alloy. The authors successfully optimized the considered responses using an advanced artificial
GWO algorithm, achieving optimal turning parameter values.

Nouioua et al. [85] decided the optimal values of SR, Pc and CF during turning of X210Cr12
steel using four different metaheuristics, i.e. SA, GWO, ALO and VO, and noticed that all the
considered algorithms would present almost the same parametric mixtures of FR, CS, DOC and Nr.
Nguyen [86] developed an ANFIS-SA model and a RSM-DFA approach to optimize the rotary turning
process on 9XC. The ANFIS-SA model determined the optimal parameter settings as CS = 200 m/min,
FR = 0.4 mm/rev, DOC = 0.15 mm and CA = 18°. Under that condition, MRR had been increased by
33.16%, while improvements in SCEC and SR were 50.29% and 19.77%, respectively. The results
demonstrated that ANFIS-SA model would provide more reliable and superior optimization outcomes
as compared to RSM-DFA approach. Tanvir et al. [87] applied a hybrid WOA technique to optimize
three turning parameters, i.e. CS, FR and DOC, achieving effective multi-response optimization results.
The optimal parametric combination was determined as CS = 42.64 m/min, FR = 0.14 mm/rev and
DOC =0.32 mm. The study focused on optimizing multiple responses, including SR, CF, Pc, Tc, MRR
and heat rate, demonstrating effectiveness of the hybrid WOA in machining process optimization. To
unravel the parametric optimization problem during turning of polyoxymethylene POM-C material,
Hakmi et al. [88] optimized the said process by integrating an ANN with a novel multi-objective AHA
technique, proposing a fast and efficient computational tool. The ANN-AHA technique successfully

optimized the cutting conditions, demonstrating its effectiveness for multi-objective optimization.
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Oussama et al. [89] conducted an experimental study on the turning process of AISI 316L stainless
steel. The ANOVA was employed to assess the influence of each machining parameter on the outputs.
Based on the NSGA-II optimization results and TOPSIS analysis, the optimal machining conditions
were identified as CS = 160 m/min, FR = 0.08 mm/rev, DOC = 0.5 mm and the lubricating condition
as MWCNT-reinforced nanofluid-assisted MQL method. Those conditions were recommended as the
effective solutions for achieving lower SR, while minimizing both feed force and Tc.

Chihaoui et al. [90] analyzed SR, Pc and MRR during machining of grey cast iron EN-GJL-250.
The findings indicated that both GRA and NSGA-11/TOPSIS could provide the most effective solutions
for achieving high quality machining with lower Pc. Benkhelifa et al. [91] optimized dry turning of
AISI 316L using ANN-NSGA-II approach, which had been proved highly effective for industrial
applications compared to DFA. The adopted method accurately predicted SR, Vb and Tc, leading to
optimized cutting conditions and improved production control. Using NSGA-I1 technique, Jia et al. [92]
optimized the turning operation of 45# steel to minimize SCEC, Pc and SR. The Pareto optimal solution
set was obtained and experiments on a CNC lathe resulted in 38.3% reduction in SCEC and 47.0%
decrease in SR, confirming effectiveness of the proposed approach. Risco-Alfonso et al. [93] developed
a mathematical model to optimize CF and FR using NSGA-II during dry turning and MQL machining
of AISI 316L steel. The study effectively identified the most relevant solutions for concurrently
minimizing CF, Vb and SR. Bagaber and Yusoff [94] compared the multi-objective optimization
solutions applying both RSM and NSGA-I1, followed by experimental confirmation tests. The second-
order NSGA-II results showed over 70% improvement in the response values against RSM technique.
The proposed model proved to be effective in optimizing machining energy, cost and environmental
impact, making it suitable for sustainable machining. Pendokhare and Chakraborty [95] optimized the
turning operation on AlISI 6061-T6 aluminum using five human-inspired metaheuristic algorithms, i.e.
TLBO, SAR, TOA, HCO and QSA, by analyzing the past experimental data. Their comparative
performance had been evaluated based on solution accuracy, computational effort and overall
efficiency. A Pareto optimal front was developed to identify the optimal parametric intermix for the
multi-objective optimization problem, making trade-offs among various performance measures. Among
the considered algorithms, TLBO had been emerged as the most effective one, excelling in optimizing
MRR, SR and SCEC. Its superiority was further validated through statistical quality metrics, including
SP and HV, along with critical analysis of performance using Friedman’s mean rank and Wilcoxon rank
sum tests.

Most of the prior research works, as outlined in Table 2.1, have focused on optimizing turning
operations using different discrete metaheuristic algorithms. In some of the cases, the authors have also
compared consistency of the derived solutions against other randomly chosen techniques developed on

different governing principles.
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Table 2.1 Applications of different metaheuristics for optimization of turning processes

. . Design Optimization
Author(s) Work material Turning parameters Response(s) plan method(s)
Abderazek et al. EN-GJ_L-250 CS. FR, DOC Pc, SR, CF L OA DE
[65] cast iron
Arunku.mar and Nimonic 75 CS, FR., CA, nozzle SR, CF, residual Ly OA MFA
Devendiran [66] distance stress
Arunkumar and Nimonic 80A CS, FR, DOC SR, CF, Vb, LOA | PSO, MFA
Devendiran [67] cutting acceleration
Doanetal. [68] | Titaniumalloy | CS,FR,DOC,CA | S comprenensive | PSO
energy, turning noise
Doan et al. [69] SKD11 steel CS, FR, DOC, CA SR, SCEC BBD PSO
Shastri et al. [70] Titanium alloy CS, FR, CA CF, SR, Vb BBD PSO, CIA
Elsheikh et al. [71] AlSI| 4340 CS, FR, DOC CF, SR, tool wear rate | Lis OA PO, PSO
Xieetal. [72] CA45E4 steel SS, FR, DOC MRR, SR, SCEC FFD PSO
Jeetetal. [73] AISI 4340 CS, FR, DOC SR, chip thickness, Tc | Lo OA GA, SA, PSO
Zohra et al. [74] AISI 4140 CS, FR, DOC SCEC Lis OA GA
Noor et al. [75] High speed steel CS, FR, DOC SCEC, Pc, MRR FFD GA
Nguyen et al. [76] SS 40XC CS, FR, DOC, CA SCEC, SR, Mc L2z OA GA
Zebala et al. [77] Titanium alloy CS, FR, DOC CF, Pc Lis OA GA
Vukelic et al. [78] Inconel 601 CS, FR, DOC Pc, Vb, SR, CT FFD GA
CS, FR, DOC, flow
Usha and Rao [79] Alsi 1045 | "t of MQL, volume CF cco GA
concentration of
nano-particles
CS, FR, DOC, flow
f MQL, vol
Usha and Rao [80] Alsi 1040 | "t of MQL, volume CF, SR, T¢ cco GA
concentration of
nano-particles
- EN-GJL-2
Laouissi et al. [81] GJ. 50 CS, FR, DOC Pc, SR, CF, MRR L2z OA GA
cast iron
Serra et al. [82] AISI 52100 CS, FR, DOC SR, MRR, CF, CT, Pc FFD GA
Wi A
Abbas et al. [83] AISI 1045 CS, FR, DOC MRR, SR, CF, Tc FFD G POS’AG '
Fountas et al. [84] Brass alloy SS, FR, DOC Pc, SR, CF Ligs OA GWO
. SA, ALO,
Nouioua et al. [85] X210Cr12 steel CS, FR, DOC, Nr SR, Pc, CF BBD GWO, VO
Nguyen [86] Steel 9XC CS, FR, DOC, CA SCEC, SR, MRR L2z OA SA
Tanvir et al. [87] SS 304 CS, FR, DOC SR,CR. PG, TG MRR, | 0y WOA
heat rate
Hakmi et al. [88] Po'y";‘g&e}gy'e”e CS, FR, DOC, NI, CA | SR, CF,Pc, MRR | LisOA AHA
Oussama et al. [89] SS AISI 316L F.R’ F:S’ DOC.’. SR, feed force, Tc L2z OA NSGA-II
lubrication condition
Chihaoui et al. [90] EN-GJL-250 CS, FR, DOC SR, Pc, MRR L7 OA NSGA-II
gray cast iron
Benkhg'lfla etal. AISI 316L CS, FR, DOC SR, Vb, Tc LrOA |  NSGA-II
Jiaetal. [92] 45# steel SS, FR, DOC SCEC, Pc, SR Lo OA NSGA-I1I
Risco-Alfonso et al. AISI 316L CS, FR, Iu_pncatnon CF. Vb, SR FFD NSGA-II
[93] condition
B Yusoff .
agaber[ng USOTE 1 stainless steel CS, FR, DOC SCEC, SR, Mc cco NSGA-II
TLBO, SAR
Pendokhare and - J J
AlSI 6061-T6 CS, FR, DOC SCEC, SR, MRR CCD | TOA, HCO,
Chakraborty [95] aluminium QSA
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2.2 Optimization of the green machining processes

The technique of dry milling involves removing material from the workpiece with no or minimum
liquid lubrication. Numerous studies have already been conducted to investigate the effects of various
dry milling parameters on the responses. Selection of the optimal combinations of those input
parameters based on different mathematical techniques has pigqued much interest among the past
researchers leading to improved machining performance. Table 2.2 enlists applications of various
mathematical techniques (mainly metaheuristic algorithms) considered for parametric optimization of
green machining processes along with other relevant information, like experimental design plan
employed, type of the work material, input parameters and responses. It can be noticed from Table 2.2
that GA [96-101], PSO [96, 103-109, 113], FOA [98], NSGA-II [102], LMBPA [105], SA [110], TS
[111], GZOA [112], DOA [113], AGTO [113], ACO [113], GWO [113] and HHO [113, 114] have
already become much popular among the research community. It is also revealed that most of the green
machining experiments have been performed based on Taguchi’s OA, CCD, BBD, FFD and D-optimal
design plans on a variety of hard-to-cut work materials. But, there have been a very limited number of
publications comparing optimization performance of the adopted algorithms with respect to
computational effort, convergence speed and solution accuracy. Most of the algorithms have been
discretely employed for parametric optimization of the green machining processes and there has been
no attempt put forward to identify the best performing algorithm among its peers developed based on
the same principle.

Based on a BBD plan, Zahoor et al. [96] investigated the influences of different process
parameters on SR while performing milling operation on Inconel 718 superalloy, and later optimized
the said process using GA and PSO. It was interestingly unveiled that both the optimizers had identified
the same process parameter settings, resulting in achievement of the minimum SR value. Mumtaz et al.
[97] investigated the optimization problem of machining parameters during MQL-assisted milling of
AISI 1045 steel material, employing RSM and GA to analyze and optimize SR and Pc as the response
variables. Moreira et al. [98] conducted the milling experiments on AISI 4340 work material, and
employed both GA and FOA to optimize the said process. It was noticed that FOA would provide better
results with respect to maximum MRR, and minimum SCEC and Pc. Deng et al. [99] optimized the
milling process parameters for steel 16Mn using a quantum GA, simultaneously improving SCEC, SR,
tool life and EC. Alrashdan et al. [100] employed regression analysis to model SR and EC during end
milling of AISI D, steel. The optimization was performed using GA technique, considering SS, FR and
DOC as the process parameters. Kadirgama et al. [101] optimized CNC end milling of AA6061-T6 to
minimize SR using both RSM and radian basis function network. The derived results showed that FR
had been the most influential factor, with radian basis function network providing more accurate SR
predictions than RSM. The process was further optimized using GA.

Considering CS, FR, Dm and Wm as the input parameters, and EC and SR as the responses, Jia

et al. [102] optimized the CNC milling operation on steel 45 material using NSGA-I11 technique, leading
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to minimum values of both EC and SR. Mishra and Singh [103] applied PSO to ANN-based prediction
models for CNC milling of Al-6061 T6, identifying the optimal parameter ranges to simultaneously
enhance MRR and minimize CI. Furthermore, multi-objective PSO-optimized ANN model showed
higher sensitive to input optimization. Li et al. [104] applied PSO technique to the milling of AISI 1045
material, demonstrating its effectiveness in resolving trade-offs between several conflicting objectives.
The results highlighted the advantages of sustainable optimization methods, enabling simultaneous
improvement in multiple responses, such as EC and CT. Jang et al. [105] optimized the milling process
on SM45C structural steel using an ANN model with LMBPA and PSO to minimize SCEC and SR.
The optimized cutting conditions resulted in a model prediction error of less than 1% compared to the
experimental results. Yu et al. [106] conducted a multi-objective optimization study on hard milling of
AISI H13 steel under MQL with graphite nanoparticles. The RSM and Kriging models were utilized to
develop the corresponding mathematical regression models capturing relationships between the
machining parameters and responses based on the experimental data. The optimization was performed
using a multi-objective PSO algorithm combined with the Pareto approach.

Sen et al. [107] adopted a hybrid optimization approach combining GEP with PSO. A
confirmation test showed a minimal average discrepancy of less than 3% between the experimental and
GEP-PSO predicted results, demonstrating the robustness of the adopted approach. In [108], the authors
investigated end milling of Inconel 690 using PSO algorithm, optimizing CS, FR and DOC. The study
aimed to minimize SR, CF and CT, demonstrating effectiveness of PSO algorithm in improving the
machining performance. Song et al. [109] optimized a milling process using PSO, considering SS, FR,
Wm and Dm as the key parameters, affecting both SCEC and MRR. It was noticed that higher SS would
improve surface finish, while higher FR would enhance MRR but might affect quality. The PSO
algorithm effectively optimized the machining conditions with higher efficiency. On the other hand,
Shi et al. [110] proved the efficacy of SA technique in optimizing the milling operation of Al 7050-
T7451 alloy. Li et al. [111] used TS algorithm for CNC milling of steel 45, optimizing SS, FR, DOC
and cutting width to enhance SCEC and MRR. Zhang et al. [112] demonstrated that GZOA had been
highly effective in optimizing CNC milling operation of steel 45, exhibiting a superior convergence
rate. The results indicated that the optimized machining process would achieve 13.37% reduction in
SCEC and 6.26% decrease in SR. Mishra et al. [113] optimized the milling operation of S50C carbon
steel using GWO, HHO, DOA, AGTO, ACO and PSO. The performance of those algorithms was
evaluated based on solution accuracy, convergence speed and computation time. The results indicated
that both GWO and HHO would demonstrate satisfactory performance across the considered metrics.
Song et al. [114] optimized SR and MRR during milling of 30CrMnSiNiA steel by integrating HHO
algorithm with TOPSIS method. A gaussian process regression-based prediction model was developed
to predict the milling process responses, and its effectiveness was validated through comparative

analysis with SVM and ANN models using experimental results.
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Table 2.2 reveals that most of the previous studies have attempted to employ various
metaheuristic algorithms to maximize performance of the green machining processes with minimum
energy consumption and use of no or minimum liquid lubricant consumption. They have periodically
compared accuracy of the derived optimal solutions against other algorithms developed based on
different principles. No clear justification for the consideration of two or more metaheuristics in the
optimization of green machining processes has been offered in any of the research investigations. They
have been just chosen randomly.

Table 2.2 Literature review on applications of metaheuristics in optimizing green machining

processes
Author(s) Work material Machining Parameters Response(s) Design Optimization
process plan method(s)
Zah?g;]et &l nconel 718 Milling CS, FR, DOC SR BBD GA, PSO
Mumtaz et al. -
[97] AISI 1045 End milling FR, SS, DOC SR, Pc BBD GA
Moreira et al. BS EN24T CNC CS. FR. SS SCEC, MRR, Lys OA GA FOA
[98] alloy milling Pc
- SR, SCEC,
Deng et al. [99] Steel 16 Mn Milling SS, CS, Dm, Wm tool life, EC L2s OA GA
A'ras{'ldg‘(;‘] etal | AlsiDysteel | Endmilling | Cs, FR, DOC SR, EC FFD GA
Kadirgama et al. CNCend |CS, FR, axial depth,
[101] AABOB1-T6 milling radial depth SR BBD GA
Jiaetal. [102] Steel 45 m?ll?liﬁg CS, FR, Dm, Wm EC, SR Lis OA NSGA-II
Mishra and CNC
Singh [103] Al-6061 T6 milling CS, FR, DOC MRR, CI CcCcD PSO
Li et al. [104] AISI 1045 Milling SS, FR, Dm, Wm SCEC, CT L27 OA PSO
SM45C - CS, FR, DOC
I.[1 Mill o ' R, SCE FFD PSO, LMBPA
Jang etal. [105] structural steel tiing lubricant flow rate SR, SCEC SO
CS, FR, DOC
AISI H13 Hard . ' SCEC, SR,
Yu etal. [106] steel milling hardne§s of MRR. CT BBD PSO
workpiece
EC, Mc, SR,
Sen et al. [107] Inconel 690 End milling CS, FR, DOC Vb, carbon L2z OA PSO
emission
Sen et al. [108] Inconel 690 End milling CS, FR, DOC SR, CF,CT Lo7 OA PSO
SOFngS al. Al 6061 Milling | SS,FR,Wm,Dm | SCEC,MRR | Lo OA PSO
Shi et al. [110] Al-7050- Milling CS, DOC, FR Power La7 OA SA
T7451
. N , FR, DOC,
Lietal. [111] Steel 45 C _C SS oc SCEC, MRR Ls OA TS
milling Wm
Zhang etal. Steel 45 CNC SS, FR SCEC,SR | LusOA GZOA
[112] milling
Mishra et al. S50C carbon CNC SS, FR, DOC, Carbon GWO, HHO,
[113] steel millin Flowmeter rate emission Lo OA DOA, AGTO,
g ACO, PSO
Song et al. 30CrMnSiNi . SS, FR, DOC,
[114] A steel Dry milling W SR, MRR FFD HHO
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2.3 Optimization of the laser beam machining processes

Acknowledging the immense importance and suitability of LBD processes for generation of
micro-holes in different hard-to-cut engineering materials in many of the technologically advanced
industries, the past researchers attempted to employ numerous metaheuristic algorithms for deriving the
optimal intermixes of different input parameters of those processes, as shown in Table 2.3. It can be
noted from Table 2.3 that GA [115-130], GJO [130, 131], NSGA-II [132, 133], PSO [118, 134-137],
APSO [138-140], WOA [139-143], CSA [144, 145], FA [145], TLBO [130, 146], FFA [147], AZOA
[148], GTO [148], SFO [149], HHO [149], AO [149], BA [149] and GWO [149] have become most
popular for optimizing the LBD processes.

Despite their computational complexity, metaheuristic algorithms can identify global or near-
global optimal solutions due to their continuous search space, making them effective for optimizing
LBD processes; however, their application has primarily focused on specific LBD processes, with
limited comparative studies evaluating their optimization performance in terms of accuracy, variability
of solutions and computational effort, whereas, extensive research has been conducted on machining
process optimization using various nature-inspired and evolutionary metaheuristic algorithms,
investigating different materials, input parameters, responses, experimental designs and optimization
techniques to enhance machining performance and product quality.

Kumar et al. [115] optimized the machining of Inconel 718 using computer-aided GA-based
multi-objective optimization technique. By considering Pg, Wp, Fp and CS as the input parameters, the
study aimed to simultaneously optimize RLT at both the entry and exit of the drilled hole. During
analysis of an LBM process, Singh and Gangwar [116] considered CS, Pg and Fp as the input
parameters. The SR value for AISI 321 steel was determined using regression models, while GA was
applied for parametric analysis and simultaneous optimization of SR and KT. Gowd et al. [117]
optimized Cent and Cext as the hole geometry parameters, along with KT, using RSM and GA. To
enhance the desired output responses during LBD operation, it was noticed that GA-based optimality
analysis would yield improved fitness function values. Kalita et al. [118] optimized a laser beam micro-
marking operation on gallium nitride using GA and PSO techniques, and observed that both of them
would identify the same parametric settings as AC = 19.6 A, Fp = 4000 Hz and CS = 13 mm/s for
having maximum value of mark intensity.

Employing a CCD approach for optimizing the machining of titanium alloys, Shrivastava and
Pandey [119] optimized KD and KW using a hybrid technique integrating GA and multiple regression
analysis. Their findings demonstrated effectiveness of GA technique in reducing machining defects and
improving accuracy. Chatterjee et al. [120] optimized the machining process for AISI 316 using GA to
determine the ideal parametric configurations. Empirical equations were employed as the objective
functions in the optimization process. The results obtained through GA closely aligned with those
derived from Taguchi approach, ensuring production of high quality laser drilled holes. Gautam and

Mishra [121] adopted an integrated approach combining GRA and GA for single-objective optimization
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of various kerf qualities. At the optimal laser parameter settings, KW, KD and KT had been significantly
improved by 20.40%, 17.65% and 55.64%, respectively. Furthermore, the GA technigue achieved an
overall response improvement of 31.23%. Tura et al. [122] applied GA in conjunction with RSM to
improve SR during machining of SS 304. A multi-objective GA achieved a minimum SR of 0.93746
pum with the optimal input parameters as CS = 2028.712 mm/m, Pg = 11.389 Bar and FPP =-2.499 mm.
A comparative analysis of both the methods indicated that GA had outperformed RSM, demonstrating
greater effectiveness in optimizing SR. Zhang et al. [123] optimized the machining of Ni-based
superalloys by adjusting parameters, such as PI, Fp, rotation speed and FR, to minimize processing time
and KT. Application of GA effectively fine-tuned those parameters, resulting in reduced machining
time and improved accuracy.

Du et al. [124] evaluated the relative importance of various LBM parameters through ANOVA
and optimize them utilizing GA. The desired optimal parametric settings as Pl = 6.73 W, overlap rate =
99%, defocus rate = 0 mm, Pg = 0.2 MPa, FR = 0.02 mm and end position = - 0.4 mm would
significantly improve Cent, Cext and TA of the holes, resulting in considerable enhancement in
dimensional accuracy. Zhao et al. [125] applied GA technique to optimize the LBM process of Ni-based
superalloys. Several key parameters, like Pl, Wp, Fp, defocusing amount etc. were considered during
the optimization process. By integrating Gaussian support vector regression model with GA, the study
achieved 93% reduction in TA and 107% increase in MRR, demonstrating effectiveness of GA in
optimizing the machining parameters. A micro-drilling operation on composite material was optimized
by Sahoo and Mishra [126] using GA, leading to identification of the optimal parametric intermix of
different input parameters as LC = 180 A, Wp =3 ms, SOD = 3 mm and Pg = 8 kg/cm?. It was concluded
that GA could effectively optimize the machining parameters, successfully validating the optimization
results. Mahesh and Kandasamy [127] optimized the machining of GFRP by analyzing different laser
drilling parameters, such as PI, CS, focal length and Hd, to minimize both KD and KT. The authors
employed mathematical modelling and optimization through RSM and multi-objective GA technique.
Experimental validation had confirmed effectiveness of the adopted optimization tool to achieve
significant reductions in KD and KT. Chatterjee et al. [128] predicted the performance metrics for laser
drilling of AISI 316 and Ti6Al4V alloys using Al methods, like ANFIS and multi-gene genetic
programming. It was inferred that multi-gene genetic programming models would outperform ANFIS
models in terms of prediction accuracy. Yadav et al. [129] investigated the machining of Al/SiC metal
matrix composite through laser beam percussion drilling process to enhance hole accuracy while
minimizing Cent, Cext, TA and spatter size. Experimental findings indicated that reducing Wp and
increasing Pg would lead to decrease in KA, improving Cent and Cext. GA-based optimization had
significantly enhanced the process parameters, demonstrating their positive impact on drilling
efficiency and accuracy.

During Nd:YAG laser drilling of GFRP and Kevlar-29, Sahoo and Mishra [130, 131] considered
Wp, LC, Pg and SOD as the input parameters, while KT and OC as the responses variables.
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Optimization had been performed using GA, TLBO and GJO techniques. Among them, GJO had
demonstrated the fastest convergence. Confirmatory experiments validated its effectiveness, with
results closely matching with the predicted outcomes. Nandi and Kuar [132] conducted research on
statistical modeling to simultaneously minimize HAZ and KT in micro-drilling operations using an
Nd:YAG LBM setup on ceramic work material. The RSM technique was employed for prediction,
while multi-objective optimization was performed using NSGA-II. Ding et al. [133] proposed an
integrated model combining a generalized regression neural network and NSGA-11 with an elite strategy
to predict and optimize various quality attributes during fiber laser cutting of stainless steel. The
proposed generalized regression neural network-NSGA-I1 model could effectively predict and optimize
the cutting parameters based on the experimental dataset. Shrivastava and Pandey [134] conducted an
experimental investigation on pulsed Nd:YAG laser cutting of Inconel 718 material. The proposed
hybrid PSO methodology, validated by the experimental results and a second-order regression model,
had demonstrated significant improvement, specifically, enhancements of 75% in KD, 12.67% in KW
and 33.70% in KT. Likewise, in [135], the output quality characteristics, i.e. KW and KT had been
improved by approximately 10% and 57%, respectively. Overall, the optimization process resulted in a
total improvement of 46% using PSO. Swain et al. [136] optimized the machining of K60 alumina
ceramic using ANOVA, RSM and PSO. The study concluded that PSO had the significant potential for
improving efficiency in the manufacturing industries. Pramanik et al. [137] applied Al techniques, along
with PSO algorithm, for modeling and optimizing an LBM process. Their study focused on enhancing
quality features using empirical findings and existing knowledge, with statistical analysis and
experimental results confirming significance of all the input variables during the considered LBM
process.

Mishra et al. [138] conducted an extensive study using APSO algorithm, observing significant
performance improvements, and further confirmed that APSO could effectively optimize the responses
during laser micro-drilling of nano-composites. Further investigations by Misra et al. [139] optimized
the micro-drilling operation on polymer matrix nanocomposites using APSO and WOA techniques for
achieving minimum taper and HAZ. The predicted response values had been better than those obtained
using RSM. In another study, Mishra et al. [140] expanded their analysis using ANOVA and regression-
aided APSO and WOA techniques. The MOORA-Taguchi method derived the corresponding equations
for multi-objective WOA optimization, with confirmatory tests validating that APSO algorithm could
predict better results. In a subsequent study, Mishra et al. [141] applied MOORA-Taguchi method with
second-order regression equation development for multi-objective WOA optimization, while ANOVA
had validated the model’s adequacy. The adopted approach enhanced the multi-response optimization
results for improved worker safety, product quality and sustainability. Mishra et al. [142] demonstrated
WOA’s superiority in reducing both KT and HAZ during polymer matrix composite machining, making
it suitable for industrial applications to increase productivity. Finally, in a more comprehensive

optimization approach, Mishra et al. [143] integrated GRA with WOA to improve machining
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performance with the optimal parameter selection. Confirmation tests proved grey-WOA as a superior
optimization approach.

Madi¢ and Radovanovi¢ [144] optimized the AISI 304 machining process, by integrating ANN
with CSA. The adopted approach could efficiently determine the optimal parameters for minimizing
SR in laser cutting. On the other hand, the relative optimization performance of FA and CSA techniques
was compared by Goswami and Chakraborty [145] for solving parametric optimization of two LBD
processes. While both techniques had yielded similar parametric settings, CSA slightly outperformed
FA in terms of average computation speed, convergence time and performance consistency. Pramanik
et al. [146] used TLBO algorithm to optimize the LBM parameters for Monel material, applying both
the single and multi-objective optimization results to refine KT and HAZ. Their study demonstrated
TLBO as a powerful tool for optimizing the LBM parameters. Kar and Goswami [147] employed FFA
to optimize the micro-drilling conditions for titanium grade 5 material. The FFA approach significantly
improved the corresponding results, achieving minimal HC, KD and HAZ. Tamilarasan and Rajamani
[148] investigated machining of AlZnMgCul.5 alloy using ANOVA to evaluate the process factor’s
influences, identifying Pg as the most significant parameter. Their study focused on KD showed that
GTO could provide faster and more accurate parametric values than AZOA. Confirmation tests had
validated the optimal solution obtained through GTO, confirming its effectiveness in process
optimization. Pendokhare and Chakraborty [149] investigated the applicability of five preying behavior-
based metaheuristic algorithms, i.e. SFO, HHO, AO, BA and GWO, to optimize the CO; laser-based
micro-drilling operation on polycarbonate material. The comparative analysis highlighted the superior
performance of GWO over the other techniques in terms of solution quality, convergence speed and
computational efficiency, achieving better hole quality with minimal HAZ. Those findings had been
further validated through two statistical metrics, including SP and HV, along with statistical evaluations,
like Friedman’s mean rank and Wilcoxon rank sum tests, which could confirm GWO’s dominance in
LBD process optimization. It would be helpful to the process engineers to apply the most appropriate
algorithm from a group of alternative metaheuristics resulting in global or near-global optimization of
the considered LBD processes.

Table 2.3 A comprehensive literature review of optimization of LBD processes

Design . Optimization

Author(s) plan Material Input parameters Response(s) method(s)
Kumar et al. [115] L2z OA | Inconel 718 Pg, Wp, Fp, CS RLT GA
Singh and Gangwar [116] | L¢ OA AISI 321 Pg, Fp, CS SR, KT GA
Gowd et al. [117] CCD AISI 304L LC, Fp, Pg, Wp Cent, Cext, KT GA

Kalita et al. [118] CCD |Gallium nitride LC, Fp, CS Mark intensity GA, PSO
Shr'vaSta‘[’fl"g]‘d Pandey | cop | Titanium alloy Pg, Wp, Fp, CS KD, KW GA
Chatterjee etal. [120] | Lz OA | AISIglg | v Pulserepetitionrate, | Cent, Cext, KT, GA

Wp, Pg Spatter area
Gautam and Mishra BBD Hybrid LC, Wp, Fp, Pg, CS KD, KW, KT GA, GRA
[121] composite

Tura et al. [122] Lo OA AISI 304 CS, Pg, FPP SR GA
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Table 2.3 Contd.

Ni-based Processing time,
Zhang et al. [123] CCD superalloy Pl, Fp, CS, FR KT GA
Du et al. [124] Lsop | DDBsingle | Pl overlaprate, defocus | oo pp GA
crystal alloy | rate, FR, Pg, end position
Zhao et al. [125] FFD Ni-based | Pl, Wp, Fp, defocusing MRR, TA GA
superalloy amount
Sahoo and Mishra [126] BBD Composite LC, Wp, SOD, Pg TA GA
Mahesh and
Kandasamy [127] BBD GFRP Pl, CS, focal length, Hd KD, KT GA
AISI 316 Cent, Cext, KT,
Chatterjee et al. [128] L2z OA and Wp, LC, Fp, Pg HAZ, spatter GA
Ti6Al4V area
Al/SiC
Yadav et al. [129] CCD metal matrix Wp, Pg, LC Cent, Ceth TA, GA
. spatter size
composite
. GFRP and GA, TLBO,
Sahoo and Mishra [130] BBD Kevlar-29 Wp, LC, Pg, SOD KT, OC GJO
. GFRP and
Sahoo and Mishra [131] BBD Kevlar-29 Wp, LC, Pg, SOD KT, OC GJO
Nandi and Kuar [132] CCD Ceramics LC, Fp, Pg, Wp HAZ, KT NSGA-II
Ding et al. [133] Lo OA Sti:g‘;fss PI, CS, Py, defocus SR, KW NSGA-II
Sh”"aStaE’fSZ?d Pandey | |, 0A | Inconel 718 Pg, SOD, CS, PI KD, KW, KT PSO
Sh”"aStaE’lagzr]‘d Pandey | |, 0A | Inconel 718 Pg, SOD, CS, PI KW, KT PSO
Swain et al. [136] BBD | Ceramics | -G PGS numberof KD PSO
passes
. . Sawing angle, PI, duty
Pramanik et al. [137] CCD Ti-6Al-4V KT, HAZ PSO
cycle, Fp, CS
Mishra et al. [138] Los OA Composite CS, LC, Pg, Wp MRR, KT, HAZ APSO
Mishra et a. [139] CCD Composite Fp, CS, LC, Pg HAZ, KT APSO, WOA
Mishra et al. [140] Ls OA | Composite LC, CS, Pg, Fp, Wp HAZ, MRR APSO, WOA
Mishra et al. [141] Los OA Composite CS, LC, Fp, Pg, Wp KT, MRR, HAZ WOA
Mishra et al. [142] BED | Olymer matrix CS, LC, Fp, Pg KT, HAZ WOA
composite
Mishra et al. [143] BBD Composite CS, LC, Fp, Pg KT, HAZ WOA, GRA
Madi¢ and
L2z OA AlSI 304 PI, Pg, FPP R A
Radovanovi¢ [144] 70 SI30 CS, Pl, Py, S s
Goswami and . LC, Fp, Pg, job thickness,
Chakraborty [145] BBD Ceramics PI, wait time, Wp Cext, KT, MRR FA, CSA
Pramanik etal. [146] | CCD Monel Sawing angle, power HAZ, KT TLBO
setting, duty cycle, Fp, CS
Kar and Goswami [147] | FFD Titanium | CS, Fp, number of passes, | 7 p ¢ FFA
grade 5 Pl
Tamilarasan and AlZnMgCu
. . BBD Pg, PE, CS, W KD TO, AZOA
Rajamani [148] 1.5 alloy g €S, Wp GTO ©
Pendokhare and SFO, HHO, AOQ,
Chakraborty [149] BBD |Polycarbonate Pl, ET, FPP Hh, Hd, HAZ BA GWO

2.4 Optimization of the abrasive water jet machining processes
Based on the survey of literature, it is noticed that the past researchers have employed a wide
range of strategies to improve performance of both the traditional machining and NTM processes. Due

to the requirement of greater computational effort and chance of getting trapped in local optimal
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solutions, the conventional optimization techniques, like exhaustive search method, direct search
method, gradient-based method etc. are unable to identify the robust and global parametric
combinations of those processes. It has already been mentioned that metaheuristic algorithms are
capable of finding out the almost near global optimal solutions for complex and stochastic machining
processes while keeping the constraints within their acceptable ranges. Table 2.4 shows applications of
different metaheuristics in optimizing AWJM processes along with other relevant information, like
work material machined, input parameters, responses and design plans employed. It is noticed from
Table 2.4 that the past researchers have optimized AWJM processes using various metaheuristics, like
HTS [27], GA [150, 151], MFO [150], NSGA-II [152, 156], PSO [153-156], SA [151, 155-157], CSA
[155, 156], BHA [156], BBO [156], FFA [156, 163, 164], TLBO [158, 159, 162, 172], GWO [160-
162], KHA [160], WOA [161], HSMO [162], CIA [164], ISSA [165], GSA [166], HSA [161, 174],
GOA [167, 168, 175], RSO [169], AIS [170], JA [171, 172, 174], Rao algorithms [172], BO [173],
DOA [174,175], AVOA [175], FOA [175] and BSA [175]. It is also revealed that the earlier researchers
have conducted AWJM experiments on various hard-to-cut work materials based on Taguchi’s OA,
CCD, BBD, FFD and D-optimal design plans, and identified the optimal parametric combinations of
the considered processes.

Based on Taguchi’s Ly OA, Ganesan et al. [150] demonstrated that MFO algorithm had been
more effective than GA in optimizing AWJM process on onyx composite materials. Zain et al. [151]
optimized SR during Al7075-T6 alloy machining with GA and SA, proposing two integrated SA-GA
systems. Both the systems could effectively estimate the optimal parameters, maximizing machining
performance. Rao et al. [152] analyzed the interactions between different responses and machining
variables. Second-order regression equations were developed and optimized using multi-objective
NSGA-II technique. Kumar and Babu [153] optimized machining of NFRP composite using PSO,
achieving the optimal values of SR, KT and MRR. Confirmation tests had also validated the
experimental results obtained through the optimization process.

While optimizing the AWJM operation on soda lime silica glass, Ghosh and Martinsen [154]
integrated PSO algorithm with ANN to develop an efficient prediction model and validated its
superiority over GRA technique. Treating APS, AFR, WJP and St as the input parameters, and KA and
SR as the responses, Gnanavelbabu and Saravanan [155] optimized the AWJM operation on Ti-6Al-4V
alloy using PSO, CSA and SA techniques, and noticed that CSA would provide minimum values of
both the responses. Sukla and Singh [156] conducted AWJM experiments and endeavored to optimize
the said process using PSO, FFA, SA, CSA, BHA and BBO techniques. It was noticed that BBO would
outperform the other algorithms with respect to convergence speed and variability of the solutions.
Furthermore, a set of non-dominated solutions had been derived employing NSGA-II leading to multi-
objective optimization of the AWJM process. Nabavi et al. [157] investigated the machining of AISI
M24 material using an interpreted regression-SA approach. Their results demonstrated that the adopted

tool could effectively and accurately identify the optimal cutting parameters to achieve the desired SR
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values. Joel et al. [158] optimized the AWJIM of C360 brass using multi-objective TLBO algorithm to
minimize SR, and maximize MRR and hardness. Experimental validation had confirmed accuracy of
the optimized parameters, achieving 0.1012 g/s MRR, 5.61 um SR and 88.86 BHN hardness. Sharma
et al. [159] studied AWJIM of Ti-6Al-4V, evaluating the influences of different process parameters on
SR and MRR through means plots and ANOVA technique. It was noticed that TLBO had demonstrated
high efficiency, achieving the optimal results within just 3 seconds.

Applying GWO and KHA techniques, Balaji et al. [160] determined the optimal values of SR,
cylindricity and Hd during AWJM operation on AISI 304 material. It was concluded that KHA could
produce more accurate solutions, with an error margin of less than 2% compared to the experimental
observations. Computation time and values of other considered quality matrices of KHA had also been
lower than those of GWO technique. Dharmalingam et al. [161] investigated the effects of AFR, St and
DD on entry and exit delamination and SR as the responses, while performing AWJM operation on 3D-
printed onyx-glass fiber hybrid composites. The process was later optimized using GWO, HSA and
WOA leading to identification of the optimal AWJM parameters achieving simultaneous minimization
of delamination factors and SR. Jagadish et al. [162] optimized the AWJM operation on green
composites using GWO, TLBO and HSMO techniques, and compared their performance with respect
to solution accuracy, convergence speed and computation time. It was concluded that HSMO had
marginally better solution accuracy than TLBO and GWO, and TLBO had the fastest convergence
speed, followed by GWO algorithm. With respect to computation effort, GWO had the minimum time,
followed by TLBO and HSMO. Palanikumar et al. [163] subsequently attempted to fabricate a novel
NFRP composite laminate using compression molding. The study optimized the machining parameters
through RSM and FFA. The derived results indicated that FFA could provide the lowest SR values,
while RSM could result in minimal KW. Gulia and Nurgundkar [164] studied the application of CIA
technique for optimizing the AWJM operation on AA631-T6 work material, and proved its superiority
over FFA. Tamilarasan and Renugambal [165] first developed the second-order equations using RSM
to model the AWJ cutting process with high precision. Their study found that ISSA could achieve
a lower standard deviation compared to salp swarm algorithm, indicating that ISSA had been highly
effective in optimizing the AWJ cutting parameters, enhancing machinability of green composites. Fuse
et al. [27] optimized the machining of Ti-6Al-4V by integrating RSM with HTS algorithm. Their study
validated the model’s effectiveness in accurately predicting and optimizing the AWJM parameters.

Mokkandi et al. [166] utilized GSA to identify the optimal combination of the AWJM parameters.
The corresponding regression models were developed to predict SR and KA for Al-NiTi-nano SiC
composites. The results of applying GSA demonstrated that the identified optimal values would
effectively enhance the machining performance. Adapa et al. [167] employed GOA to optimize the
process variables for machining of lite bamboo reinforced polymer composites. The parametric analysis
revealed that SOD and NS had been the most influential factors affecting MRR and SR during the
AWJIM process. Tamilarasan et al. [168] optimized the AWJ machining of ceramic tiles using RSM
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and ANOVA. The authors applied elite opposition-based learning-GOA to minimize SR and KT,
achieving only 2% prediction error, demonstrating its effectiveness for the said AWJM process.
Similarly, Tamilarasan et al. [169] optimized machining of titanium alloy using RSO algorithm to
minimize KT, confirming the model’s adequacy and reliability in determining the global optimal
process parameters. Rajyalakshmi et al. [170] studied machining of Monel 400 material using ANOVA,
optimizing the corresponding process parameters with AIS algorithm to achieve minimal KT and SR,
and confirming its effectiveness in AWJM process optimization. Jagadish and Manjunath [171]
conducted parametric analysis, ANOVA and regression analysis to evaluate the AWJM process for
BFRP composites. The JA technique had optimized the machining conditions, achieving prediction
error of 3.2% for MRR and 7.8% for SR, confirming its reliability for AWJM process optimization.
Tripathi et al. [172] developed the related mathematical models using nonlinear regression equation to
correlate different process variables and outputs. The authors applied Rao-1, Rao-2 and Rao-3
algorithms to determine the optimal machining conditions, and compared the derived results with JA
and TLBO approaches. The study found that Rao algorithms could outperform others with respect to
computational efficiency and effort, demonstrating their effectiveness in machining process
optimization. Chaouch et al. [173] worked on FRP composite machining, and employed multi-objective
BO approach to enhance KT and SR during the AWJM process. The study demonstrated that ANN with
multi-objective BO would be an effective tool for selecting the optimal machining parameters. Finally,
Vasudevan et al. [174] investigated the performance of Inconel 718 superalloy during the AWJM
drilling process and applied a novel DOA approach. Comparative results showed that DOA would
outperform HSA and JA with reference to drilling quality and efficiency. Pendokhare et al. [175]
optimized an AWJM process using five foraging behavior-based metaheuristic algorithms, i.e. DOA,
AVOA, GOA, FOA and BSA. Among them, AVOA had demonstrate maximum efficiency,
outperforming other algorithms in terms of solution accuracy, variability and computational effort. It
would enabled finer tuning of different critical process parameters, like WJP, SOD and St, leading to
superior machining performance. The performance analysis of the considered algorithms had been
assessed using two quality matrics (SP and HV) and validated through Friedman’s mean rank and
Wilcoxon rank sum tests.

Table 2.4 shows that the past researchers have attempted to optimize the performance of AWJM
processes using some distinct metaheuristic algorithms, and occasionally compared their solution
accuracy against other algorithms having dissimilar characteristics. In any of the research studies, no
valid reason has been provided regarding why two or more metaheuristics have been considered for

optimization of the AWJM processes. They have simply been chosen arbitrarily.
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Table 2.4 Literature survey on applications of metaheuristics in optimizing AWJM processes

. Design Optimization
Author(s) Material Parameters Response(s) plan method(s)
Ganesan et al. [150] Onyx AFR, DD, St DLL at entry and Lo OA GA, MFO
composite exit, SR
Zain et al. [151] Wrought alloy |St, WJP, SOD, AFR, APS SR L2z OA GA, SA
Rao et al. [152] GFRP CS, FR, SOD MRR, TW, SR Lo OA NSGA-II
Kumar and Babu [153] [NFRP composite St, AFR, SOD SR, KT, MRR BBD PSO
Ghosh and Martinsen Soda lime APS, FR, SOD, WJP, MRR, top KW,
[154] silica glass abrasive concentration bottom KW, SR Lo OA PSO, GRA
Gnanavelbabu and Ti-6Al-4V APS, AFR, WJP, St KA, SR BBD | PSO,CSA, SA
Saravanan [155]
PSO, FFA, SA,
Sukla and Singh [156] AAB31-T6 St, AFR, SOD Top KW, KA Ls OA |CSA, BHA, BBO,
NSGA-II
. Lo OA,
Nabavi et al. [157] AISI M24 AFR, WJP, St, SOD SR . SA
D-optimal
Joel et al. [158] C360 brass Abrasive feed, SOD, St | MRR, SR, hardness BBD TLBO
Sharma et al. [159] Ti-6Al-4V St, SOD, AFR SR, MRR Ls OA TLBO
. Abrasive mixture level, SR, circularity,
Balaji et al. [160] AISI 304 SOD, FR cylindricity, Hd Lis OA GWO, KHA
Dharmalingam et al. Onyx DLL at entry and GWO, HSA,
[161] composite AFR, DD, St exit, SR Lo OA WOA
. Green . GWO, TLBO
hetal. [162 . WJP, St, SOD P , SR BBD ! '
Jagadish et al. [162] composites JP, St, SO rocess time, S HSMO
. NFRP
Palanikumar et al. [163] . St, AFR, SOD SR, KW BBD FFA
composite
Gulia a”‘sl'g':]rg“”dkar AAB31-T6 WT, ND, SOD, St SR, KW Lis OA FFA, CIA
Tamilarasan and . Abrasive concentration, | Kerf inclination, DLL
Renugambal [165] Composites WJP, SOD, AFR at entry and exit cCcb ISSA
Fuse et al. [27] Ti-6Al-4V St, AFR, SOD MRR, SR, KA BBD HTS
Al-NiTi-nano
Mokkandi et al. [166] SiC WJP, SOD, St SR, KA L2z OA GSA
composites
Lite bamboo-
Adapa et al. [167] reinforced SOD, St, WJP MRR, SR Ly OA GOA
polymer
Tamilarasan et al. [168] Ceramic WJP, St, AFR, SOD SR, KT BBD GOA
Tamilarasan et al. [169] | Titanium alloy | WJP, St, AFR, SOD, ND KT CCD RSO
Rajyalakshmi et al. [170] Monel 400 WJP, St, AFR, SOD SR, KT Lis OA AIS
Jagadish and Manjunath BFRP WJP, SOD, NS MRR, SR L7 OA JA, DFA
[171] composite
. . GFRP SR, MRR, roundness, JA, TLBO, Rao 1,
Tripathi etal. [172] composite AFR, CS cylindricity Lo OA 2, 3 algorithms
Chaouch et al. [173] FRP composite WJP, St, AFR, SOD KT, SR FFD BO
Entry diameter, exit
Vasudevan et al. [174] Inconel 718 WJP, AFR, SOD diameter, erosion FFD DOA, HSA, JA
diameter
e
Pendokhare etal. [175] | P ooP WJP, SOD, St MRR, KA, SR cco GOA, FOA,
Yttria
. BSA
composite
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2.5 Optimization of the plasma arc machining processes

The prior research works have already employed several technigues, such as Taguchi method and
RSM to optimize and improve PAC settings. However, there have not been much research on parametric
optimization of PAC processes utilizing various metaheuristic algorithms. It is imperative to operate
any PAC process while setting its different input parameters at their ideal values because of their
possible interactions with the responses and complicated cutting mechanism. For solving parametric
optimization problems of PAC processes, the past researchers have adopted a variety of mathematical
tools, particularly metaheuristic algorithms. Table 2.5 enlists their applications, along with other
pertinent information, like experimental design plan, type of work material, input parameters and
responses. It can be noticed from Table 2.5 that GWO [32], SA [32], PSO [32, 183], probabilistic multi-
objective approach [35], HSA [183], WOA [32, 183, 184], GA [32, 37, 178-182, 185, 186], JA [32,
176, 177, 186], ABC [37, 187], TLBO [185, 186], MFO [188], WCA [189], AOA [190], ASO [190],
NRO [190], EFO [190] and GSA [190] have already become much popular among the research
community. It is also revealed that Taguchi’s OA, CCD, BBD and FFD plans have been the basis of
experiments for majority of the PAC studies, carried out on a range of difficult-to-cut materials.
However, there have been a very limited number of publications comparing optimization performance
of the adopted algorithms in terms of computational effort, convergence speed and accuracy of the
solutions. Majority of them have been prudently deployed for parametric optimization of PAC processes
and no effort has been put forward to identify the best-performing algorithm among its peers designed
based on the same principle.

By utilizing an ANFIS model, Siva Kumar et al. [37] and Patel et al. [186] examined the impacts
of different PAC parameters on various process outputs, and validated the derived findings against other
widely used optimization techniques. Siva Kumar et al. [37] also conducted PAC experiments on Monel
400 material, and employed two hybrid approaches based on ANFIS-GA and ANFIS-ABC to optimize
the said process. It was noticed that ANFIS-ABC would provide better results with respect to minimum
SR, KW and MH. Zheng and Yu [35] investigated the influences of four input parameters, i.e. Vg, SOD,
CS and plasma offset on SR, MRR and kerf ratio, while performing PAC operation on SS304 alloy. It
had involved PAC with two different types of nozzle and optimizing the process using a probabilistic
multi-objective approach.

The GA technique has been extensively employed in machining process optimization, as
demonstrated by various studies. Masoudi et al. [178] developed predictive models for SS309 material
using intelligent systems based on GA and ANN, incorporating a hybrid genetically optimized neural
network for simultaneous process optimization. Their findings indicated that the adopted strategy could
effectively enhance the output parameters of the said PAC process. Similarly, Hamdy et al. [179]
optimized PAC parameters for mild steel using MOORA-GA method. The MOORA method
transformed the multiple responses into a single multi-performance characteristic index, which had been

modeled and optimized using GA, confirming its effectiveness in enhancing the PAC parameters. Dash

34


https://pubmed.ncbi.nlm.nih.gov/?term=Siva%20Kumar%20M%5BAuthor%5D

et al. [180] optimized the PAM of EN31 steel, applying GA and fuzzy logic. Their study aimed to
minimize SR and maximize MRR, and demonstrated that both GA and fuzzy logic could effectively
optimize the PAC process parameters. Additionally, Peko et al. [181] applied GA to optimize cut quality
in PAC of EN AW-5083 alloy, achieving maximum MRR, while minimizing KW, bevel angle and SR.

The GA optimizer, when combined with other metaheuristic approaches, has demonstrated
improved accuracy and efficiency in machining process optimization. Mangaraj et al. [32] determined
the optimal values of MRR, HAZ, SR, KW, chamfer and DFR during PAC operation on AISI 304 work
material. The findings from the hybrid RSM-evaluation based on distance from average solution
(EDAS) had subsequently been compared against GA, GWO, JA, WOA, PSO and SA, revealing that
all the metaheuristics would provide almost similar optimal parametric combinations. On the other
hand, the optimization performance of a novel hybrid technique, i.e. ANN-GA was evaluated by Melaku
and Bogale [182] while solving the corresponding parametric optimization problem of PAC of AISI
1020 material. An improved ANN based on LMBPA was subsequently developed and trained using the
experimental data to achieve maximum prediction accuracy. It was concluded that the process
optimization would result in improvements of 1.121, 3.250 and 4.269% for MRR, SR and ND,
respectively. Similarly, Patel et al. [185] proved that TLBO would be more effective than GA in
optimizing PAC operation on AISI D, steel material, and identified the corresponding process
parameter settings as CS = 4000 m/min, Pg = 95 psi and TH = 0.5 mm, resulting in achievement of
minimum SR values.

The JA has also been effectively applied in machining process optimization. Jamsari et al. [176]
conducted PAC experiments on SS304 and S235 work materials, and employed JA to optimize the said
process. It was noticed that JA would be able to quickly and accurately identify the optimal parametric
combinations for minimizing both SR and KT. Rao et al. [177] optimized PAC operation on AISI 4340
material using JA, leading to maximum MRR and minimum DFR values. Additionally, Patel et al. [186]
combined JA with TLBO and GA for AISI D, machining, while successfully optimizing SR and MRR.
It was concluded that JA had a shorter convergence time, making its execution faster compared to TLBO
and GA.

Hybrid metaheuristic approaches have demonstrated enhanced accuracy and efficiency in
machining process optimization. Rajamani et al. [183] endeavored to optimize PAC of Monel 400
material using WOA, PSO and HSA, and compared their performance in regard of solution accuracy,
convergence speed and computation time. It was concluded that WOA would outperform the other
algorithms in successfully deriving the global optimal solutions. Similarly, WOA had also been
effectively applied to optimize PAM processes, Karthick et al. [184] optimized Inconel 718 machining
using a RSM approach and multi-parameter ANOVA. WOA had been applied for multi-response
optimization, improving productivity and cutting quality while controlling MRR, KT and HAZ. Das et
al. [187] optimized EN 31 machining employing GRA and ABC techniques, leading to improved
response values. Karthick et al. [188] proved the efficacy of MFO technique in optimizing PAC
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operation on Inconel 718. It was noticed that MFO would be quite feasible in prediction and
optimization of the said PAC process for minimum SR, MH and KD. Tamilarasan et al. [189] optimized
the cutting of Ti-6Al-4V alloy to achieve maximum MRR using RSM, incorporating ANOVA,
regression analysis and a quadratic model. The WCA had been employed for optimal PAC parameter
selection, with confirmation experiments validating the predictions, yielding a relative error of only
2.688%. Pendokhare and Chakraborty [190] proposed the application of five newly developed physics-
based metaheuristic algorithms, i.e. AOA, ASO, NRO, EFO and GSA, for optimization of a PAC
process. The results indicated that EFO algorithm would outperform its competitors in achieving the
optimal process parameter settings, including CS, Pg, AC and SOD to optimize MRR, KT and HAZ. It
had effectively balanced the computing effort, convergence time and solution quality while delivering
high-quality cuts with minimal material wastage and lower EC. Statistical assessments, including
quality metrics, non-parametric ranking-based evaluations and comparative analysis against some
popular state-of-the-art optimization methods, had further validated EFO’s effectiveness in optimizing
the said PAC process.

It is evident from the review of the literature [32, 35, 37, 176-190] that KT, MRR, HAZ, KW,
MH and SR have been considered as the most significant quality indicators evaluating performance of
the PAC operations. Majority of the earlier researches, as shown in Table 2.5, have attempted to
optimize performance of PAC operations while utilizing a variety of metaheuristic algorithms. The

accuracy of the derived solutions has occasionally been compared against other randomly selected

algorithms proposed using dissimilar guiding principles.

Table 2.5 Literature survey on applications of different metaheuristics in optimizing PAC processes

Author(s) Material Parameters Response(s) Design plan | Optimization method(s)
Zheng and Yu [35] 5304 Vg, SOD, CS, SR, MRR, kerf ratio Lsoa | Probabilistic multi-
plasma offset objective approach
Jamsari et al. [176] SS304, S235 SOD, Pg, CS SR, KT FFD JA
Rao et al. [177] AISI 4340 CS, AC, TH, Vg MRR, DFR CCD JA
Masoudi et al. [178] SS309 Pg, CS, AC SR, KW, HAZ FFD GA
Hamdy et al. [179] Mild steel CS, AC, SOD MRR, SR, KW, DFR L27 OA GA
Dash et al. [180] EN 31 Pg, AC, TH MRR, SR L2z OA GA
Peko et al. [181] EN AW-5083 |CS, AC, cutting height| KW, bevel angle, SR, MRR FFD GA
Siva Kumar et al. [37] Monel 400 SOD, Pg, CS, AC SR, KW, MH BBD GA, ABC
. MRR, HAZ, SR, KW, GA, PSO, JA, WOA,
Mangaraj et al. [32] AISI 304 SOD, Pg, CS, AC chamfer, DFR BBD SA, GWO
Melaku and Bogale [182] | AISI 1020 SOD, Pg, CS, AC MRR, SR, ND L2z OA GA, LMBPA
Rajamaniet al. [183] Monel 400 SOD, Pg, CS, AC MRR, KT, HAZ BBD WOA, PSO, HSA
Karthick et al. [184] Inconel 718 Pg, AC, TH, CS MRR, KT, HAZ BBD WOA
Patel et al. [185] AISI D2 CS, Pg, TH SR Lis OA TLBO, GA
Patel et al. [186] AISI D2 CS, Pg, TH MRR, SR Lis OA TLBO, JA, GA
Das et al. [187] EN 31 Pg, AC, TH MRR, SR CCD ABC
Karthick et al. [188] Inconel 718 Pg, AC, TH, CS SR, MH, KD BBD MFO
Tamilarasan et al. [189] Ti-6Al-4V Pg, AC, TH, CS MRR BBD WCA
ciil?;)::i;e[alr;%] Monel 400 | SOD, Pg, CS, AC MRR, KT, HAZ BBD AO';’F'g?g’SiRO’
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3. AN OVERVIEW OF METAHEURISTIC ALGORITHMS

Metaheuristic algorithms have been widely deployed for optimizing various machining processes
characterized by nonlinear relationships between the input parameters and responses. As problem-
independent, high-level algorithmic frameworks, they provide a toolkit of techniques for developing
heuristic optimization solutions. These algorithms are designed to obtain a ‘good enough’ solution
within a ‘small enough’ computation time, balancing solution quality and processing efficiency. Their
primary advantage lies in offering a trade-off between exploration (global optima) and exploitation
(local optima), ensuring adaptability to real-time optimization challenges while delivering high quality
solutions in less computing time [53, 54]. However, according to the ‘No-Free-Lunch’ theorem, while
metaheuristics are highly effective for certain classes of optimization problems, they cannot provide
universal solutions for all optimization challenges [191].

Nature-inspired metaheuristics draw inspiration from various natural and social phenomena.
Metaheuristic algorithms have become indispensable tools in engineering, Al and operational research,
offering robust and efficient solutions for complex optimization problems. This overview categorizes
metaheuristic algorithms based on human-inspired, mating behavior-based, preying behavior-based,
foraging behavior-based and physics-based approaches. Table 3.1 shows the common parameters used
in all the considered algorithms.

Table 3.1 Common parameters used in all the considered algorithms

Parameter(s) Value(s)
Maximum number of iteration (IT) 100
Size of the population (N) 50
No. of independent runs 30

3.1 Human-inspired metaheuristics

Humans take immense pleasure in thinking and acting unpredictably in their capacity. Despite
significant scientific advancements in the last century, understanding of the human brain still remains
incomplete. Human intelligence is defined by the ability to understand, make decisions, reason, learn,
resolve problems, innovate, remember and communicate. Incorporating these human cognitive abilities
into optimization techniques, also elevates the potential of solving complex and real-world challenges.
Unlike other nature-inspired evolutionary processes, like swarm and physics-based algorithms, human-
inspired approaches adapt to their environments at much faster rate, resulting in development of several
optimization algorithms inspired by human factors [192].

Selection of the optimal settings of several algorithmic parameters is also significant as they
greatly influence the search characteristic, convergence behavior and grade of the solutions. Table 3.2

shows of the critical tuning parameters for each of the five algorithms under consideration.
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Table 3.2 Tuning parameters for different human-inspired metaheuristics

Algorithm Parameter Value
TLBO - -
SE 0.05
SAR MU 70D (D denotes dimension of
the problem)
TOA Update factor [0, 1]
Prit 0.65
HCO y Random number (0 to 1)
w 0.1
C; and C, Random number (2 to 4)
QSA - -

3.1.1 Teaching learning-based optimization algorithm

TLBO is a population-based optimization technique [193] inspired by the teaching and learning
processes occurring in a classroom. It has two primary phases, e.g. teacher phase and learner phase. The
teacher shares knowledge with the students, attempting to shift the mean performance of the class
towards the optimum. The students (learners) engage in interactions with each other to enhance their
knowledge by learning from their peers. Simplicity, absence of algorithm-specific parameters, faster
convergence, compromised balance between global and local search processes, and broad applicability
make it a strong contender in the domain of optimization, particularly for complex, multimodal and
constrained problems [193].
Step 1: Initialization
This algorithm randomly generates and initializes a population of learners (N), and subjects (courses)
are represented by the number of design variables (V). Each learner is a potential solution to the current
problem.
Step 2: Teacher phase
The teacher (best solution) shares knowledge to improve the entire class’s (population) mean
performance. The learning process is driven by moving the population towards the teacher.
Let X;eqcner D€ the best solution (the teacher) in the population, Ty,eqn be the mean of all the learners’
solutions in the population, r; is a randomly generated number between 0 and 1, and T is the teaching
factor, typically either 1 or 2, representing how much knowledge the teacher shares with the learners.
The update equation for each learner, X; in the population during the teacher phase is as follows:
Xnew = Xi + 11 X (Xteacher — Tr X Tinean) (3.1
where X; is the current solution of i" learner, X,,.,, is the updated solution after the teacher influences

the learner, Ty is determined as Tr = round[1 + rand (0, 1)], and the mean T, .. Of the population is
1
calculated as Tynean = + N.X.

The teaching factor allows the teacher to impart more or less influence over the learners.
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Step 3: Learner phase

During the learner phase, students interact with others to improve their knowledge. A learner X;
randomly selects another learner X; from the population and updates its solution based on whether the
chosen learner X; has a better fitness than the learner X;.

The update equation depends on the fitness comparison between X; and X;, where i # j.

If f(X) < f(X;) then Xpen, = X; + 13 X (X; — X)) (3.2)
If £(X;) < £(X;) then Xypey, = X; + 13 X (X; — X)) (3.3)

where f(X;) and f (Xj) are the fitness values of learners X; and X;, respectively.

Algorithm 3.1.1: Pseudo-code of TLBO
Randomly initialize the population (learners) with solutions (X; fori=1to N) and V
Evaluate each learner’s fitness (X;)
while stopping criterion (e.g. maximum no. of generations) is not fulfilled
ldentify X;eqcner in the population
Update learners based on the teacher’s influence using Eq. (3.1)
if X0 IS better than X;, replace X; with X,,.,,
for each learner X;, randomly select another learner X;
Compare the fitness of X; and X; considering Egs. (3.2) and (3.3)
if X, IS better than X;, replace X; with X,,.,,
Evaluate fitness of the new population
end while
Return Xteacher

3.1.2 Search and rescue optimization

SAR algorithm [194] is motivated by the behavior of search and rescue missions carried out by
humans. It basically mimics the dynamic process of locating the victims in unknown or hazardous
environments. It is proposed to handle multi-objective continuous optimization problems by effectively
balancing exploration and exploitation in the search space [194]. SAR is a powerful algorithm for
working out real-world optimization problems involving complex and high-dimensional search space.
Its flexibility, adaptability and robust performance make it a popular choice for dealing with diverse
optimization challenges [195].
Phase 1: Social phase
In this algorithm, new solutions are generated during both the social and individual phases while
utilizing a clues matrix. This matrix is a vital component guiding the search process. The key matrices,
i.e. P, M and C, are continuously revised in each phase of human searches, ensuring that the agents’
movements are based on the latest information. These matrices collectively help balance exploration
(social phase) and exploitation (individual phase) of the search space, improving the optimization
process. Equation (3.4) is applied to develop the clues matrix (C).

c=1,] (3.4)

where M and P denote the position matrices of memory and humans, respectively.
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The search direction is determined using Eq. (3.5), and a random clue is selected from the set of
identified clues, as explained in the first phase.
SD; =(P;—Cy), k+#1i, (i=1,...,N) (3.5)
where P;, C; and SD; represent the i™ agent (human) position, k™ clue position and i™ agent search
direction, respectively. The index k is a random integer between 1 and 2N (N is the total number of
agents).
The search would continue in the direction of SD; and around the present position. When it comes to
the social phase, Eq. (3.6) is used.

{Ck,j +1 X (Pyj = Cj), if f(C) > f(P)
P =

P;j+1 x (P;j—Cyj), otherwise
P;

ifro, <SEorj=jrana G=1,..,D) (3.6)

J otherwise
where the new position of i agent in j dimension is denoted as Pifj, and Cy j is j™ dimension position
of k™ clue being influenced by the objective function values f(C,) and f(P;). The above equation
employs two uniformly distributed random numbers, i.e. r; ranging from [—1, 1] and r, ranging from
[0, 1]. The value of SE (social effect) is set as 0.05.

Phase 2: Individual phase

In this phase, humans search within the vicinity of their present positions, utilizing the concept of
linking various clues, which is commonly applied in the social phase. Compute the revised position of
i human based on the following equation:

P/ = P+ 1, X (C —Cp) izk+m (3.7)

where m is a random integer lying between 1 and 2N. To avoid movement along the redundant clues, k
and m are selected so that i # k # m.

Phase 3: Boundary control

The solutions generated from both the social and individual phases must reside within the defined
solution space. If any solution falls outside this space, it needs to be adjusted accordingly. To modify

the new position of i human, Eq. (3.8) is employed.

p; .+pmax
/ ( l.]+2] ), if Pi,,j > ijax

P/ = ; =1,...D 3.8
L] (Pi’]__‘_P]mm) (] ) ( )

: / min
> , lfPl,j>Pj

where P/ is the maximum and ij"” is the minimum threshold values for j™ dimension, respectively.
Phase 4: Update position

The newly generated solution, P;, obtained from either of the two phases, would be placed in an
arbitrary location within the matrix M. This would become the new position if it proves to be superior
to the previous solution, P;. Otherwise, the memory remains unchanged, discarding the new result. This

process is described using Egs. (3.9) and (3.10).
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M, = {Pi if f(P) > f(P) 39)
M, otherwise
Pi — {Pi!: lf f(Pl’) > f(Pl) (310)
P; otherwise

where the location of n"stored clue in the memory matrix is denoted by M,,. A random integer between
1 and N is represented by n.

Phase 5: Abandon clues

Missing individuals may have sustained injuries, making it crucial to search the area as quickly as
possible. Therefore, humans must stop searching around the unsuccessful clues after a certain amount
of effort. To simulate this behavior, the number of failed search attempts by each individual is tracked.
The unsuccessful search number (USN) for each individual is initially set to zero. Additionally, when a
human finds better clues, USN is reset to zero; otherwise, it increases by 1 with each unsuccessful
search, as presented in Eq. (3.11).

USN; = {USNi +1, if f(P) <f(P) (3.11)
' 0, otherwise

When a solution fails to improve after a specified number of iterations, it is discarded. Subsequently, a
new solution is formed applying Eq. (3.12), replacing the previous solution with the new one.
Pi; =P 41, x (P —P"™)  (j=1,....,D) (3.12)

Algorithm 3.1.2: Pseudo-code of SAR
Initiate with a population having 2N solutions
Sort the solution and find Py,
Use the sorted solutions for P and M
Define SE, maximum unsuccessful search number (MU) and USN; = 0
While stopping criterion is not fulfilled do
fori=1toNdo
Social phase
Revise C using Eq. (3.4)
Generate SD; applying Eq. (3.5)
forj=1to D do
Calculate new position of j™ dimension for i" human using Eq. (3.6)
Modify boundary control based on Eqg. (3.8)
end for
Revise M,, using Eq. (3.9)
Update P; applying Eq. (3.10)
Revise USN; using Eq. (3.11)
Individual phase
Revise C employing Eg. (3.4)
Calculate P; using Eq. (3.7)
Modify boundary control applying Eq. (3.8)
Revise M,, of n"memory using Eq. (3.9)
Revise P; of i human considering Eq. (3.10)
if USN; > MU do
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forj=1toDdo
Calculate P; ; using Eqg. (3.12)

end for

USN; =0

end if
end for

Identify the present best position and modify Py
end while
Return Py

3.1.3 Teamwork optimization algorithm

TOA is developed on the principle of how teams of individuals collaborate to achieve a
common goal [196]. Its basic idea is to simulate a group of agents (team members), each contributing
to the improvement of a solution, and collectively working towards an optimal solution through
coordination and communication. TOA mimics the dynamics of teamwork, where individuals
contribute their strengths while learning from others. Its adaptive nature, flexibility, capability of self-
improvement, collaboration, rapid convergence towards high quality solutions and robust performance
are responsible for its immense popularity for solving complex optimization problems [196].
Stage 1: Supervisor selection and guidance
Supervisors are responsible for guiding and leading a team of members. Their performance tends to be
more efficient compared to that of the team members. Equation (3.13) is considered to describe how
the supervisor would be selected, and Egs. (3.14)-(3.16) are used to update the supervisor’s step.

S =17 (3.13)

Zfl:zfé =2Zzjg+1 X (Sd —IX zi'd) (3.14)
721, vl <,

Z. =17t Vi L 3.15

! { Z;, else ( )

I =round(1 + ;) (3.16)

where S represents the team supervisor, Z is the population matrix, s refers to the row number of the
team member having minimum value in vector V of the objective function, Z;indicates the current
state of i"" team member guided by the supervisor, the objective function value is V;°, while
zf; represents the updated value for d" variable in the considered problem, as proposed by i team
member under the supervisor’s direction. The update factor, along with the random numbers, I and
r; (between 0 and 1), plays an important role in the update process.

Stage 2: Sharing information

Team members are those whose performance is less effective compared to the supervisors. Each
member of the team strives to better its performance by leveraging the knowledge of their teammates

to perform better than them. Equations (3.17)-(3.19) are considered to update the team members.
Ny gi

. . Y.tz
Mi. MU _ Zj=17jd
27z = N; (3.17)
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ZL’S‘Z:ZL’S:‘% =Zid + i X (Z(I;I'i —I X Zi,d) X Sign(Vl- - VM’i) (318)

Z - {Zfz, V2 <V

Z;, else (3.19)

where ZM: s the arithmetic mean of the team member assumed to be better as compared to that of i

member of the team, and V™'* denotes its objective function value. On the other hand, N; represents the
number of team members having superior performance than i member of the team, z]:’q;' denotes the

value of d™ variable identified by j™ better team member for i"" member of the team, Z;2 denotes the
updated status for i" member of the team and V;°2 indicates the corresponding objective function value.
Stage 3: Individual activity of team member

Every team member within a team strives to improve his/her performance through individual effort,
thereby resulting in collective success of the team. This phase of updating the team members is
represented by Egs. (3.20) and (3.21).

Z33: 233 = 214 + (—0.01 + 13 X 0.02) X z; 4 (3.20)

S3 1753 :
zi={2i VT <V (3.21)

Z;, else
where V;*3denotes the objective function value and Z;3is the updated state of i" team member.

Algorithm 3.1.3: Pseudo-code of TOA
Initialize the variables and fitness function of the problem
Set N and IT
Generate Z at random
Evaluate the fitness function
while the stopping criterion (e.g. maximum iteration number) is not fulfilled
fort=1:1T
Update S using Eq. (3.13)
fori=1:N
Update Z; (based on stage 1) applying Egs. (3.14) and (3.16)
Determine Z"* and N; using Eq. (3.17)
Update Z; (based on stage 2) employing Egs. (3.18) and (3.19)
Update Z; (based on stage 3) using Egs. (3.20) and (3.21)
end for
end for
Return the best solution found

3.1.4 Human conception optimizer

HCO [197] is an innovative metaheuristic algorithm influenced by the biological process of
human reproduction. It is framed on the principles of natural conception, where both exploration
(diversity) and exploitation (fine-tuning) are the key elements for producing high quality solutions. This
algorithm models conception, i.e. only healthful sperm can penetrate into the cervix due to selective
function of cervical gel situated in the female reproductive system. Additionally, sperm are guided by

the mucus gel to help them follow a path through the genital tract in the direction of the egg located in
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the Fallopian tube. The asymmetrical motion of the sperm’s flagellum enables them to navigate through
the reproductive system, and the hyper-activation process equips the sperm with the ability to fertilize
the egg. This algorithm has several advantages, like balance between exploration and exploitation,
efficient convergence, and adaptability to various types of optimization challenges. While combining
traits from the parents and introducing mutation, it can efficiently avoid premature convergence helping
it to reach the optimal solutions [197].

Stage 1: Initialization

The positions of sperm cells represent their locations in the search space. Each sperm cell acts as a
candidate solution for the given optimization problem. The initial positions of the sperm cells (x) are
determined using Eq. (3.22).

j_ J j o
Xi = Ximin +7 X (xi,max xi,min)'

(3.22)
where i = 1,...,N (N denotes the number of sperm cells or search agents) and j = 1,...,d (d is the

dimension of the problem). In the above equation, xij is the initial position of i sperm cell, xi’:max is

the maximum bound and x’

imin

is the minimum bound for j™ decision variable of i sperm cell.

While evaluating a candidate solution x for a given problem, its opposite solution, X may offer a

oppo:

better alternative. This opposite solution, X is often nearer to the global optimum. The population

oppo>
of solutions in the opposite direction can be estimated using the following equation:

Xoppo =a+b—X (3.23)
where a and b symbolize the lower limit and upper limit of the search agent, respectively.

Stage 2: Choice of a healthy population

During natural fertilization, healthy spermatozoa can only penetrate the cervix and fertilize a mature
egg. Similarly, in this algorithm, a substantial starting population is created, from which the fittest
individuals are chosen according to a probability function. The selected group of those individuals
advances to the further stages of the algorithm. The ideal solution is referred to as the first optimal
solution (fittest sperm cell), although the inferior solution is also recognized. The efficacy of the
remaining solutions is assessed against that of the original optimal solution, with a probability, Pf;.
Compute the probability of selecting the best candidates using Eg. (3.24) and select the healthy
population based on Eg. (3.25).

Prie = [f Ctworse) — f (Xpest)] X w + f (Xpest) (3.24)
Xnealthy = X e oo when F(x) < Pf;; (3.25)
where w is the weight factor.

For an objective function, the fitness of the starting population depends on the type of the optimization
problem. Additionally, using Eq. (3.26), determine the best fitness (f(xpes:)) and worst fitness

(f (xworst)) from the fitness matrix.
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F(x Y= T = e e (3.26)

healthy ) 5
f(Xheaithyy) fEhealthyy *healthyy )

where the fitness matrix, F (xhealthy) consists of the fitness values of all the healthy sperm cells and n
represents size of the fit population.

Stage 3: Update sperm velocity

When one sperm cell in the healthy population achieves the best position among others in a given
iteration, it is designed as the global best solution (Sypes¢). The current iteration’s position of a sperm
cell would be compared to its prior position, and the best performing position would be nominated as
the current best solution (Sppes:)- The sperm cell moves on the curvature of sperm movement by
travelling in a sinusoidal pattern, with its updated velocity. Equation (3.27) is considered to compute
the velocity of i sperm cell, based on its fitness value, f(x;) and the velocity in the search space is

updated applying Eq. (3.28).

R2—12
v; :”TL” (3.27)
VG+1)=wx (IZ(]') + vi(i)) + C; X A; X sin (211}, J ) + C, X A, X sin (27rj J ), (3.28)

where R = f(xpese) — f(x;), v; is velocity of it sperm cell, specific radius (r) = f(xa,,g) — f(x),
length of pipe (L) = f(Xpest) — f(xm,g), 7 is dynamic viscosity, y is a random number between 0 and
1, f(xpest) is the health of the best solution, f (xavg) is the arithmetic mean health of the population,
A1 = (Sppest — Si)» Az = (Sgbest — Si), and €y and C, are two constants. Equation (3.29) is applied to
update position of the sperm.

G +1) =20 +V,G+1) (3.29)
where #;(j) denotes the position and V;(j) is the velocity of i sperm in j" iteration.

Algorithm 3.1.4: Pseudo-code of HCO
Initialize population for each variable using Eq. (3.22)
Evaluate fitness f(x;) of each sperm (x;) for each variable
Calculate fitness f(xoppo) fOr sperm x,p,,,

iff(xi) > f(xoppo)

Select x;

else

Select x4pp0

end if
Find the best fitness f (xpes:) and worst fitness f (x,,ors¢) €mploying Eq. (3.26)
Derive Prit using Eq. (3.24)

if f(x) < Prie

Update xpeqi¢n,, based on Eq. (3.25)
else reject and inspect the next healthful sperm

end if
Again initialize the healthy population of sperm
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Identifyf(xavg) and (f(xbest))

Identify (Sgpest) attained at present iteration
Identify (S,pest) at current iteration
Evaluate v; using Eq. (3.27)

Update V;(j + 1) considering Eq. (3.28)
Update x;(j + 1) applying Eq. (3.29)
Return the best solution (fittest sperm)

3.1.5 Queuing search algorithm

QSA [198] is also a novel optimization technique inspired by the behavior of queues in real-
life systems, such as waiting lines in supermarkets, traffic or network data packets. It mimics how
elements (customers, vehicles or data) enter, wait, and move through queues based on certain priorities
and service times. This algorithm utilizes the queuing model to solve complex optimization problems
while organizing the potential solutions into a queue, processing them according to their fitness or
guality, and updating them iteratively. QSA effectively prioritizes high quality solutions by
compromising a balance between exploration and exploitation. Its adaptability and scalability make it
acceptable for a variety of optimization challenges, from single-objective to multi-objective problems
[198].
Business 1:
Business 1 model contains three queues, i.e. queueis, queuesz and queuess, each managed by a dedicated
staff member. The population is distributed among these three queues, where they are attended to by
the respective staff. The state of each customer in the queue can be updated in two different ways, as
outlined in Egs. (3.30) and (3.31). These equations govern how the position or status of each customer
is updated during his/her stay time in the queue, ensuring progress and optimization within the process.
Case=L X" =A+(fxax(Ec|[A-XD+ex(A-X;)), i=1.,N (3.30)
Case=2: X" =X;+(Bxax(Ec|A-X;), i=1,..N (3.31)
where the update patterns are represented by case = 1 and case = 2. A equals to A;, when customer; is
in queuer, (where n =1, 2, 3). On the other hand, X/**"denotes the updated state of customer;, o is a
randomly generated number within [—1, 1], and E is a D" dimensional vector consisting of D random
numbers. The variable e is another random number created using the Erlang distribution. The symbol o
denotes the dot product, || denotes the absolute value, total number of customers is N for business 1, the
state of customer; is denoted by vector X;, and g is used to control the range of variation, which can be
defined using Eqg. (3.32).

t

B = e(’”%)x(ﬁ)oj (3.32)
From the above equation, it becomes evident that when t increases, £ would decrease.

Business 2:

This business also has three queues, i.e. queuez:, queuez, and queuezs. A probability is allocated to each

consumer using Eq. (3.33).
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pry =" =, N (3.33)

where rank(f;) is the ranking of f; of customer;.

A random number (r;) is generated for each customer. If r; < Pr;, the state of customer; would be
modified by this business. In the second business, there are also two methods for updating state of the
customer, as outlined in Egs. (3.34) and (3.35).

XPW =X, +ex (X1 — X)), i=1,..,N, (3.34)
XPW =X, +tex(A—Xy), i=1.,N, (3.35)
where N, is the number of customers in business 2. A becomes equal to Az, when customer; is in queuezn
(wheren=1, 2, 3). X,; and X,., are two randomly selected customers. The confusion degree value, c,,,

defined in Eq. (3.36), determines selection of these two methods’ (X,; and X,,) update patterns.

T
¢, = 21

=21 3.36
T22+T3 . L . . . . ( )
where T,,, is the potential service time for the best three customers obtained in business 2 with respect

to queuey;, queuez; and queuezs.

A r; is generated for each customer. If r; < ¢, EQ. (3.34) is employed to adjust the customer’s status.
Otherwise, Eqg. (3.35) is implemented.

Business 3:

There is a single queue in this business. The customer’s state is changed based on multiple dimensions.
A ; is generated for d dimension of customeri. If r; > Pr;, d"" dimension of customer;’s status would
be updated utilizing Eq. (3.37).

X' =Xpg+ex(Xppa—Xig), i=1,....,N3d=1,..,D (3.37)
where N3 is the number of customers in business 3.

Algorithm 3.1.5: Pseudo-code of QSA
Initialize N, IT and D
Evaluate f(X;)
While the stopping criterion is not fulfilled
fori=1:N
Business 1:
if i < queuens
ifi=1;case =1; end if
A=Ay
else if i > queuess and i < queuer + queuer,
if i = queuer; + 1; case = 1; end if
A=A
else
if i = queuens+ queuer, + 1; case = 1; end if
A=A
end if
revise
ifcase=1
obtain X/**"using Eq. (3.30)
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if X" has better fitness values, replace X; with X;**"

case = 1;
else

case = 2;
end if

else
derive X/**"applying Eq. (3.31)
if X]**" has better fitness values, replace X; with X/**"
case = 2;
else
case =1;
end if
end if
Business 2:
if i < queuez:
A=An
else if i > queuez: and i < queues; + queuez,
A=A»
else
A=Ay
end if
ifr; < Pr;
select X,-; and X,
ifr; <c,
obtain X***employing Eq. (3.34)
else
obtain X***using Eq. (3.35)
end if
accept X;*¢"if it has superior fitness values
end if
Business 3:
ford=1:D
ifr; > Pr;
select X,-; and X,
obtain X;***using Eq. (3.37)
end if
end for
accept X[*®Vif it has better fitness values
end for
end while
Return the better fitness values (X;**")

3.2 Mating behavior-based metaheuristics
The mating process of insects or animals is very similar to an optimization process, wherein each
species attempts to produce a brood with superior genes (a perfect state), as the species with superior

genes has a higher chance of survival. Similarly, an optimization procedure looks for a global solution
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or ideal state, where each solution’s quality is evaluated based on an objective function (fitness) as the
criterion. In engineering optimization, a solution vector is usually developed by assigning values to the
decision variables in the search space [199, 200]. Mating behavior-based metaheuristic algorithms have
several advantages, like they allow generation of new offspring and effective exploration of the solution
space, having excellent balance between exploration and exploitation strategies while outperforming
other optimization techniques with respect to solution accuracy and reliability. The mating properties,
which include minimum control parameters, ease of implementation, efficacy in solving real-time
challenges and simplicity in construction, are also responsible for their excellent performance.

Table 3.3 provides values of all the tuning parameters considered for the five mating behavior-
based algorithms. Their performance greatly depends on proper selection of those parameters,
influencing search behavior, convergence speed and solution quality. To derive the best results and
increase efficiency of the considered algorithms, values of the corresponding tuning parameters are set
based on trial and error method, and considering the recommendations of the past researchers.

Table 3.3 Values of different tuning parameters for the considered algorithms

Algorithm Parameter Value
y 0.2
FMA Crossover rate 1.0
Mutation rate 0.2
bp 0.5
NMR A uU(0,1)
Bs 0.02
BMA b1 Oto1l
b, 3
BMOA Pl 7
pc 0.1
AZOA P 0.5
Crossover Mean

3.2.1 Firefly mating algorithm

The primary characteristic of FMA, proposed by Ritthipakdee et al. [201], is based on a unique
technique for selecting mating pairs, drawing inspiration from two natural firefly’s mating behavior.
Fireflies of both sexes are of multiple-mating type, meaning that they mate with several opposite-sex
partners. Males and females mate because of their mutual attraction [201]. The original FFA is an
efficient metaheuristic algorithm employed to solve many real-world optimization problems, such as
scheduling, economic load dispatch etc. [202]. On the other hand, FMA which uses GA as the core of
the algorithm, can deal with multimodality and automated subdivision, based on attraction, which
diminishes with distance. Furthermore, the parameters of FMA can be adjusted to manage
unpredictability as iterations go on, allowing faster convergence, making it adaptable to solve
continuous, grouping and categorization, and combinatorial optimization problems [203]. The

performance of this algorithm has already been tested with various benchmark functions, outperforming
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other popular metaheuristics, like FFA, cognitive behavior optimizer, DE, lighting search algorithm,
multithreaded parallel dual population GA, mixed swarm-based cooperative PSO etc. It is influenced
by the flashing behavior of fireflies to attract another firefly and has the following three main stages
[201]:
a) The male firefly chooses the female depending on the pheromone released by the female,
according to wind speed and direction.
b) A female uses the flash’s brilliance to choose a guy for mating.
c) Until the male runs out of sperm or the female’s spermatheca is full, he or she mates repeatedly,
creating more capable offspring for the next generation
The FMA proceeds following the six subsequent phases, as mentioned below:
Phase 1: Initialization
Generate an initial population of N fireflies, and allocate half to males and the other half to females
randomly. There are d genes in every firefly, which is same as the number of variables in the
optimization problem. In addition, real numbers between 0 and 1 representing sizes of each male’s
sperm reservoir and each female’s spermathecal are also generated at random. Finally, each firefly’s
fitness value is evaluated.
Phase 2: Mating pair’s selection
This step suggests the logic behind FMA for identifying the mating partners. Initially, a female firefly’s
position (based on her pheromone trail) attracts males; and then, the males are chosen by the female
according to their brightness. Figure 3.1 illustrates that all female fireflies can mate with each male
firefly, and all male fireflies can mate with all other female fireflies. By incorporating this idea into
FMA, it becomes possible to avoid the problem of the roulette wheel selection strategy of being
frequently trapped into the local optima. The next phase explains the new selection process in detail.

= = o ——>

i

| | Female2

Figure 3.1 Pairing strategy of fireflies during the mating process
Phase 3: Female pheromone calculation
The male firefly determines the degree of concentration at which each female’s pheromone reaches
him. The pheromone concentration level (P;) that the female i reaches the male j, is determined using

the following equation:
P, =f,x(BW ) (3.38)
where f is the fitness value of a female firefly i, W is the wind vector randomly generated in each

iteration, and D is the difference vector between the position vector of a male and that of a female.
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Phase 4: Male firefly’s brightness calculation

The female fireflies assess the attractiveness of every male within their range. Like FFA, a male firefly’s
attractiveness is closely correlated with his brightness.

A=fe (339)
where A is the appeal of the male firefly j sensed by the female firefly i, y is the light absorption
coefficient in the range [0,1], r is the Euclidean distance between the male and female fireflies, and fjis
the fitness value of the male firefly j.

Phase 5: Mutual attraction

A variety of males and females are matched as possible parents based on how much they both find to
be attractive. The initial mating couple is chosen considering maximum mutual attraction among all the
mating pairs. The term MA;, describing the mutual attraction between the male firefly j and the female
i, can be defined using the following expression:

MA; =A;; +P; (3.40)
The quantity of sperm in the female’s spermatheca and the male’s sperm storage are updated after each
mating.

Update procedure for male’s sperm reservoir and female’s spermatheca.

The size of each female’s spermatheca and quantity of sperm in each male’s sperm reservoir are first
randomly initialized within the range [0, 1]. The quantity of sperm in a male’s sperm reservoir decreases
when a pair of male and female mates because the sperm is moved from the male’s sperm reservoir to
the female’s spermatheca. The amount of sperm a male offers to the female he selects for mating
depends on how fit she is. The following equation determines how many sperm a male can offer to the
female of his choice:

n;=0,;xf; (3.41)

where i is the number of sperms transferred to the female at the time of mating and ¢; is the number of
sperms in a male’s sperm reservoir.
A male’s sperm reservoir and a female’s spermatheca contain different numbers of sperm, which may

be updated using Egs. (3.42) and (3.43).
new old

a)lneWZinId + nij (343)

where w; is the number of sperms in a female’s spermatheca. Until no suitable firefly remains to form
a mating pair, mating continues.

Phase 6: Crossover operation

In this stage, certain genes are crossed over to create two new offspring when a male and a female mate.
A particular crossover procedure is adopted based on the following two cases to create offspring.

Case 1: 2-point crossover operator if the parents have never been mated.
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Case 2: n-point crossover operator if either parent has previously been mated.
Mutation operation and selecting the next generation
Once an incipient offspring is generated through mating, a portion of its genes is randomly altered
(mutated) to new values within the range of the variables. This process is carried out to encourage
population diversity and prevent the offspring from being stuck into the local optima.
Once all the offspring have undergone mutation, the best fireflies from the combined population of the
parents and offspring are chosen to replace the old population of parents, i.e. only the more productive
fireflies are chosen to be the population of the next generation. This is accomplished by first classifying
the members according to their fitness values, and choosing only those individuals with higher fitness
values to constitute the next population.
Termination.

The present iteration terminates after choosing a new population for the next generation. Once
the maximum number of iterations is achieved or the best solution is not improved after a certain number
of iterations, the algorithm stops.

Algorithm 3.2.1: Pseudo-code of FMA [204]
Initialize population of fireflies
Calculate fitness of the fireflies and save the fitness in Light;
Define coefficient y
while (t < IT)
for any two fireflies (Xi, X;)
if Light(X;) less than Light(X;)
Xi fly towards X;according to Eqg. (3.39)
Calculate fitness of firefly X; and update Light(X;);
end if
end for
Mating phase
for any firefly
Select two fireflies randomly from the parent fireflies
Generate a child firefly according to Eq. (3.40)
Apply greedy selection
end for
Memorize the best result found so far
end while
Until termination condition

3.2.2 Naked mole-rat algorithm

The mating patterns of NMRs present in nature are simulated in NMR algorithm [205]. NMRs
are eusocial creatures residing in a group of around 295 individuals, with an average of 70-80 members.
A female queen serves as the group’s leader and divides the population into two different groups, i.e.
workers and breeders. Workers do the required jobs, and the best are replaced by the breeders; while
the breeders compete among themselves to mate with the queen. The queen picks the best breeder in

the pool for mating, while the breeders are exclusively intended for mating only. The most physically
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fit worker becomes a new breeder, while those who become infertile are sent to the worker’s group.
This phenomenon is modified to develop the NMR algorithm [205]. For both unimodal and multimodal
functions, it exhibits strong exploitation and exploration, respectively. For majority of the benchmark
functions, it has performed best in terms of convergence speed and quality of solution. Salgotra and
Singh [205] proved its computational superiority over many other state-of-the-art algorithms for 27
well-known test functions. It can also prevent local minima and achieve a higher degree of consistency
while locating the global optima [206]. This algorithm is divided into the following three phases:
Phase 1: Initialization

It creates a uniformly distributed random population of n NMRs, where each NMR within the range [1,
2,...,n] is a D-dimensional vector. Here, D denotes the number of variables in the optimization problem.
Each NMR is initialized based on the following equation:

NMR; ;=NMR,;, ; +U(0,2) x (NMR NMR . ;) (3.44)

min, j min, j
where i €[1,2,...,n],j €[1,2,...,.D], NMR;j is i"" solution in j™ dimension, NMRminj and NMRmax;j are the
lower and upper bounds of the problem function respectively, and U(0, 1) is a uniformly distributed
random number.

After initialization, based on the fitness, B breeders and W workers are identified, and the overall initial
optimal solution (d) is determined. The worker and breeder phase search procedure is repeated on the
NMR population through cycles or iterations.

Phase 2: Worker phase

In this phase, the workers often attempt to become fitter so they may eventually mate with the queen
and become breeders. Thus, when the new NMR’s fitness is assessed; if it proves to have a better mating
fitness, the old solution is discarded and the new one is stored into the memory. If not, the previous
solution is retained. The ultimate fitness of each worker is retained once they have all finished their

search process. The NMR employs Eq. (3.45) to create a new solution from the old one.

t+1

W= w4+ 2w, —w (3.45)

+1

where Wit is the new solution or worker, wit denotes i worker in t™ iteration, 4 is the mating factor,

whose value is derived from a uniform distribution in the range of [0, 1], and Wtj and w, are the two

random solutions selected from the worker’s pool.

Phase 3: Breeder phase

To be chosen for mating and continue as a breeder, breeders must also keep themselves updated. Based
on a breeding probability (bp) relative to the overall best d, the breeder NMRs are updated. The value
of bp is arbitrary, ranging between 0 and 1. The following equation is adopted by the breeders to adjust
their positions:

b'* =(1- ) +A(d b} ) (3.46)

whereb™ is the new solution of i breeder and b corresponds to the position of i breeder in t™
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iteration.

Algorithm 3.2.2: Pseudo-code of NMR algorithm
Input: Initialize naked mole rats: n

Breeders B: n/5

Workers W: (n — B)

Define bp

Define D-dimensional objective function, f(x)
Output: find the overall best d
dountil t<IT

fori=1: W
Perform worker phase using Eq. (3.45)

evaluate w/**

end for

fori=1:B
if U(0,1) > bp
Perform breeder phase applying Eq. (3.46)
evaluate b'**

end for
combine the new worker and breeder populations
evaluate the population
update the overall best d
update iteration count
end until
save the final best (d)

3.2.3 Butterfly mating optimization algorithm

The BOA was proposed by Jada et al. [207]. The primary means of reproduction for butterflies
is ultraviolet (UV) reflectance by males and absorbance by females. This mechanism operates under
the assumption that there is no distinction between males and females, and each butterfly
simultaneously absorbs and reflects UV radiation it receives from all other butterflies. It has been
proven to be quite efficient in capturing multiple peaks while solving multimodal optimization
problems. Its solution efficacy has also been tested on various benchmark functions, providing
satisfactory solutions and identifying the local peaks [207]. In this algorithm, each butterfly selects its
partner adaptively, anywhere in the search space, for each iteration; which is referred to as a local mate
or I-mate. As compared to PSO and GA, BOA has faster convergence rate which may be attributed to
many properties, like few control parameters, simplicity in construction, ease of implementation etc.
[208-209]. This algorithm is described as below:
Phase 1: UV update
In this phase, the UV of each butterfly is updated in proportion to its fitness, i.e. function value at the
current location of the butterfly, as given by Eq. (3.47)
UVi(tm) = max{0, b1xUVi(tm — 1) + boxf(tm)} (3.47)

In the above equation, UV is updated at time index ‘tn’ for i butterfly, providing more importance to
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the current fitness and less to the previous UV. Values of b1 and b, are accordingly chosen so that 0 <
b:<1andb;>1.

Phase 2: UV distribution

Here, each butterfly distributes its UV to other butterflies such that the nearest butterfly receives more
share than the farthest one. Distribution of UV to other butterflies follows a particular strategy. The UV
value of i butterfly with UV is reflected to j™ butterfly at a distance djj, which is measured using Eq.
(3.48).

i>j= UV, x ! -1 (348)

where N is the number of butterflies (i=1, 2,..,.N;j=1,2,...N; k=1,2,..N; j#1i; kK#1), UV, is the

UV absorbed by j" butterfly from i butterfly, dj; is the Euclidean distance between it and j* butterflies;
and di is the Euclidean distance between i and k™ butterflies.

Phase 3: I-mate selection

When a butterfly selects a partner with the maximum UV and proceeds towards it, all of the butterflies
would eventually converge to a single peak. If the I-mate selection process becomes more adaptive,
possibility for formation of separate groups of butterflies would arise. Thus, BOA employs I-mate
selection strategy mentioned as follows:

The i butterfly initially puts all other butterflies in descending order according to the quantity of UV it
has obtained from them. Now, this may result in some sort of localization and peak sensing, if each
butterfly selects the first butterfly in its descending rank as its I-mate and moves towards that. However,
to record local peaks concurrently, the i butterfly must also take into account the UV of the remaining
butterflies. For this, it must sequentially compare UV; with UV values of other butterflies arranged in
descending order. Based on this comparison, it selects the first butterfly that satisfies the following
condition as its I-mate (receiving more UV than it has).

UV(i" Butterfly < j* Butterfly) (3.49)
wherei=1,2,...,N;j=1,2,..N—1;andj is an index of butterflies in the descending order of i""butterfly.
Phase 4: Movement

In this phase, each butterfly moves in the direction of its I-mate based on the following equation:

Xi(tm + 1) = x;(t) + By x {Hmatetm)=ln) } (3.50)

1%1-mate Em)—xi(Em) |l
where Xi(tm) is the position of i" butterfly in time index ‘tn’ and Bs is the butterfly step size.

Algorithm 3.2.3: Pseudo-code of BOA
Randomly initialize butterflies

Vi, set UVi = UV(0)

SetIT

Sett=1

while (t<1IT) do

55



for each butterfly i do
UV update; % using Eq. (3.47)
UV distribution; % using Eqg. (3.48)
for each butterfly i do
Select I-mate; % using I-mate selection phase
Update position; % using Eq. (3.50)
t=t+1
}

3.2.4 Barnacle mating optimization algorithm

The primary source of inspiration for BMOA, proposed by Sulaiman et al. [210], is originated
from the mating behavior of barnacles in nature. Barnacles, which are hermaphrodite micro-organisms,
are present in or very near to seawater, and have both male and female reproductions. For creating new
offspring, they need to be fertilized by a neighbor. They have their long penises, almost seven times
longer than their bodies, to adapt to the shifting tides and their sedentary lifestyle. BMOA can escape
the local optima, making it able to derive the global solution having benefits of few control parameters,
capacity of utilizing the search space and discovering hew promising areas [211-213]. Its optimization
performance has also been tested on various benchmark multi-dimensional functions, identifying both
the local and global minimal solutions. In BMOA, exploitation and exploration processes required for
generating new offspring are inspired by the Hardy-Weinberg principle and sperm cast situation,
respectively.

Hardy-Weinberg principle for offspring generation

According to this principle, in absence of external evolutionary factors, genotype and allele frequencies
in a population would not change from generation to generation. In the simplest situation represented
by two alleles of D and M (f(D) = p and f(M) = q) (D and M respectively denote Dad and Mum), the
expected genotype frequencies can be expressed as f(DD) = p? for homozygotes of type DD, f(MM) =
q? for homozygotes of type MM, and f(DM) = 2pq for heterozygotes. The sum of the entries is p? + 2pq
+ ¢? = 1, making it evident that p + q = 1. Thus, the p and q of the barnacles’ parents determine
generation of the new offspring.

Initialization

In this algorithm, it is assumed that the candidate solutions in the barnacles’ population can be
represented using the following vector:

X: o X
X= o w o (3.51)

XEo X

n

where N denotes the number of control variables and n is the population (humber) of barnacles.
Evaluation of the vector X is initially executed, and the sorting process is performed to identify the best

solution so far at the top of vector X.
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Selection

The selection process is modelled based on the behavior of barnacles, dependent on certain assumptions.
Specifically, each barnacle may only be fertilized by one barnacle at a time, and selection is done
randomly, but is limited to the length of the barnacles’ penises, represented by pl. Sperm cast mating
occurs if the selection at a certain iteration is more than the predetermined pl. The following selection
rule is adopted here:

barnacle_d = randperm(n) (3.52)
barnacle_m = randperm(n) (3.53)
where barnacle_d and barnacle_m are the parents to be mated.

Offspring generation

The Hardy-Weinberg principle, which has been discussed earlier, serves as the model for new offspring
generation in BMOA. The new offspring of barnacle’s parents are produced using the following

expressions:

XiN - = p x Xt’)\larnacle _d + q X Xlg\;rnacle -m fOf k < pl (3-54)
va‘new =1 x xi)varnacle_m fork > pl (3-55)

where k = |barnacle_d — barnacle_m |, p is the normally distributed pseudo-random number, g = (1- p),
beamac,e_d and xb“famac,e_m are the variables of Dad and Mum of barnacles, respectively, selected using

Egs. (3.52) and (3.53), and ri() is a random number between [0, 1]. It can be said that p and q respectively
represent the percentage of characteristics of Dad and Mum, embedded in the generation of new
offspring. Thus, the offspring inherits behaviors of Dad and Mum based on probability of the random
number between 0 to 1.

Algorithm 3.2.4: Pseudo-code of BMOA
Initialize population of barnacles X;
Estimate fitness of each barnacle
Sort to locate the best result at the top of the population (S = best solution)
while (t < IT)
Set the value of pl
Selection using Egs. (3.52) and (3.53)
Barnacle_d = randperm(n)
Barnacle_m = randperm(n)
if the selection of dad and mum < pl
for each variable
Generate off-spring applying Eq. (3.54)
end for
else if selection of dad and mum > pl
for each variable
Generate off-spring employing Eg. (3.55)
end for
end if
Bring the current barnacle back if it goes outside the boundaries
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Calculate the fitness of each barnacle

Sort and update S if there exists a better solution
t=t+1

end while

Return S

3.2.5 American zebra optimization algorithm

Development of this algorithm by Mohapatra and Mohapatra [214] is based on the American
zebras which are unigue among animals because of their intriguing social nature and leadership style,
forcing young zebras to leave their herd before their adulthood and joining a different herd unrelated to
them. The efficiency of AZOA has already been tested for numerous benchmark functions and
compared against many of the state-of-the-art metaheuristics while solving practical engineering
problems, exhibiting excellent balance between exploration and exploitation, robustness, and ability to
achieve global optimal solutions with ease and resilience. In this algorithm, the zebra baby’s departure
from its own group promotes diversity by impeding intra-family mating.
Phase 1: Zebra group’s formation
In the wild, zebras follow a stallion that serves as their leader, dividing the entire population into
multiple groups that appear to be distinct from one another. The total number of groups (N) is
determined using the formula N = SxPs, where Ps denotes the stallion probability in the entire
population (S). The formula Zij= (Zmax — Zmin)Ii + Zmin is considered to derive location of i zebra in j*"
group (Zijen = { Zij1, Zij2, Zijs,-.-,Zijn}) in n-dimensional search space, where Zmax and Zmin, respectively,
determine the upper and lower extremities of the search region. The random value between [0, 1] is
represented by the symbol ‘ri’. This guarantees that there are N distinct zebra crowds, each with a unique
stallion.
Phase 2: Feeding activity

The following equations are adopted to simulate the feeding behavior of the American zebras.

—i - i_7i i :
Zi_ 2Rls|n(27zR2)><(ZS_ Z,)+Z : if R3<O_.5, vieN, (3.56)
2R, cos@2R,)x(Z4-2/) +Z4, otherwise
(7 Bl _Ei
i . _ :
Z/!, otherwise

where ZSj and Zij denote the position of the stallion and i zebra of j™ group, respectively, N; is the total

members in j" group, Ry specifies a uniform random value between [2, 2], R, is the adaptive parameter

which is evaluated based on Eq. (3.58), Rs is a random value ranging in [0, 1], sin and cos functions
help movement of other i members in multiple angles around the leader of the family, Zj denotes the

new update of i™ member position during feeding, and F{ is the fitness value of i zebra.

1
R, =1—tx (F) (3.58)
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Phase 3: Breeding activity

The following equations are considered to model the zebras’ breeding activity.

Z{ =Crossover(Zf‘, Z:’) if r<pc,i#j (3.59)
z] =Crossover(Zia, Zf) if r>pc,izk, Vi, j,keN (3.60)
whereZ{ and Z;! are the positions of zebra g in j" group and k™ group, respectively; Z? is the position

of the baby zebra a from i group; ZE’ is the position of zebra b from j* group; Z; is the position of

the zebra ¢ from k™ group; pc is the probability of crossover and r is the crossover ratio.

Phase 4: Group leadership

The zebra group which is more powerful than the other group is still in control of the grasslands and
water reservoir. Subsequently, it becomes accessible to others. The following equations are utilized to
model this strategy.

>} 2R, sin(27R;) x WR —ZJ) +WR,  if R;<0.5; (361)

S = : .
2R, cos(2R;)x WR —Z¢) +WR, otherwise

|z Elogi

zi- Zs., Fs<|-:| (3.62)
Z{,otherwise

where R is a uniform random number in the range of [-2, 2], Rs is the adaptive parameter which is
determined using Eq. (3.63), Rs is a uniform random number in the range of [0, 1], WR denotes the

water reserves, zg‘ is j"" group leader stallion at current position, Z4 is j™ group leader stallion at the

next position, and F ¢ is the fitness value of stallion in j™ group.

1
R, =1—t X[Fj (3.63)

Phase 5: Leadership transition
In this stage, a strategy is adopted to replace the group leader if it exhibits signs of weakness. To choose

a new leader, the leadership transition stage is modelled as follows:

zi=7) if F(Z))<F(zd) VieN, (3.64)

where F(Z/) is the fitness value of the leader stallion and F(Z/') is the fitness value of i zebra.

Algorithm 3.2.5: Pseudo-code of AZOA
Input: AZOA parameters: pc and Ps
Output: Optimal solution obtained by AZOA
SetNand IT
Initialize the American zebra population randomly
Determine fitness values of American zebras
Determine stallion and foal number by Stallion = PsxN and foal = N — stallion, respectively
While termination criterion is not satisfied
for j = 1 to number of stallions
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for i = 1 to number of foals
Phase 1: Feeding activity
Calculate the new position of i foal using Eq. (3.56)
Update the position of i"" foal using Eq. (3.57)
Phase 2: Breeding activity
if rand > pc
Update position of i foal using Eq. (3.59)
else
Update position of i" foal using Eq. (3.60)
end
end
Phase 3: Group leadership
if rand > 0.5

Calculate new position of Z& using Eq. (3.61)

Update position oné using Eq. (3.62)
end
Phase 4: Leadership transition stage of selecting a leader

if F(Z))<F(zZJ)
z{=7}
end
end

end while
Set the best stallion as the optimal solution

3.3 Preying behavior-based metaheuristics

Finding out wild food resources is known as foraging. It includes all the methods related to
location and consumption of food sources, their retrieval and storage, within a large community. On the
other hand, preying is associated with chasing, capturing and killing of animals for food. Prey is a term
used to describe an animal that is hunted and killed by a predator for sustenance. Predators may be
solitary or group hunters. During preying, predators in group require less effort to kill the prey than in
solitary modes. They hunt with little or no coordination in the simple form of group hunting, while in
the complex form, they adopt different roles to herd and hunt prey. Preying behavior-based
metaheuristic algorithms have several advantages, like (a) the new generation is not affected by a
member with the worst performance, (b) unlike GA and PSO, a solution member always follows the
best solutions, and (c) other algorithms perform the update using a memory of the best solutions, but
updating in these algorithms does not involve any memory of the previous iterations and it solely
depends on the current solutions [215, 216].

In Table 3.4, values of different algorithm-specific parameters for each of the metaheuristics are
provided. These values of various algorithm-specific parameters are chosen based on the
recommendations of the past researchers who mainly relied on trial and error method, for having the

optimal performance of the preying behavior-based metaheuristics under consideration.
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Table 3.4 Values of different algorithm-specific parameters

Algorithm Parameter Value
Pp 0.1
SFO A 4
E 0.0001
0 0.1
AO a 0.1
HHO Dimension 4
fmin 0
BA Finax 100
GWO Dimension 4

3.3.1 Sailfish optimizer

SFO, proposed by Shadravan et al. [217], is one of the preying behavior-based algorithms,
inspired by the attack alternation strategy adopted by the hunting sailfish in pursuit of sardines. The
sailfish is classified as a social predator due to its behavior to work in a group to catch and hunt its prey.
In cooperative hunting, predators use different strategies to kill the prey. For example, a group of
sailfishes is characterized by the alternation of attacking strategies. At a given moment, each member
of the group attacks alone the school of prey (sardines) and injures or hunts some of them, while other
members of the group save their power. When a sailfish attacks the prey school, it can update its position
around them. In addition, the sailfish can also update its position to occupy empty space around the
prey school and simulate encircling the prey. On the other hand, in order to escape from the attack of
the sailfishes, the prey group (sardines) changes their positions when a member of their group is injured.
The advantages of SFO are its strong search ability, easy implementation and good robustness, although
there is a chance of diversity loss of the populations of sailfish and sardine late in the iteration process
[218, 219]. It has a low balance of exploitation due to lack of selection in the local search process. The
general procedure of SFO is presented as below [220, 221]:
a) Predator attacking strategy

Randomly define the population of predators (sailfishes) and preys (sardines). Assign the
corresponding position to each predator and prey as X' and Y'sq respectively, where Sf € {sailfishes},
Sd € {sardines} and t is the current number of iterations. Mathematically, the new position of the

predator (sailfish) can be defined using the following equation:

Xtite sp+ Yinjured sd
Xgew_Sf = Xglite_sf - A X (Ti X ( et iju = ) - Xgld_Sf) (3.65)

where X'.ic._s/€ {position of the elite predator} made until now, Y'injurea st € {best position of the injured

prey} made so far, X', € {current position of the predator}, and A, is a coefficient at t" iteration
which can be defined using Eq. (3.66):

A= 2xrandxDp — Dp (3.66)
where Dp is the density of prey (sardines) showing the number of prey at each iteration. The following

equation can be utilized to estimate the density of prey parameter:
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Dp =1—(L] (3.67)

Nt + Ngy

where N € {number of predators} and Nsq € {number of prey} in each cycle of the optimizer. As the
guantity of prey is assumed to be initially higher than that of the predator, N is determined using the
following expression:
Nst = NsaxPp (3.68)
where Pp is the percentage of prey population that forms the initial predator population.
b) Prey catching strategy

At the start of the hunting process, the catching power of predator and escape capability of the
prey are initially very high. Therefore, at the time of hunt, the predator just injures the prey without
being able to catch them. Steadily, the attack power of predators decreases due to strong and repeated
attacks, and the escape ability of the prey would also subsequently reduce. Hence, the catching success
rate of the predators becomes high. Considering the action of prey against the attacks of predator, each
prey would change its position based on the following equation:
Y'new.sa = 1% (X'etitest — Y'otass + AP) (3.69)
where Y'oq s € {current position of the prey} and AP€ {amount of the predator’s attack power at each
iteration}.
In the concluding stage of the hunting process, it is assumed that catching of prey would occur when
the prey becomes healthy than its corresponding predator. In this situation, position of the predator is
replaced with the current position of the hunted prey to increase the chance of catching new prey. The
following equation expresses the above condition:
Ko =Yg, if f(SHh) < f(SF) (3.70)
where X's € {current position of the predator at t" iteration} and Y',4 € {current position of the prey at
t™ iteration}.

Algorithm 3.3.1: Pseudo-code of SFO algorithm
Initialize population of sailfishes as N and sardines as Ns
Initialize parameters (A =4, ¢ = 0.0001, P, =0.1)
Compare the fitness of sailfish and sardine
while the termination condition is not satisfied
for each sailfish
Update the position of sailfish using Eqg. (3.65)
end for
Calculate attack power as {Ax (1 — (2 x¢x €))}(A is the coefficient for decreasing value
of the power attack)
if attack power (AP) < 0.5
Calculate « as {Nsax AP}
Calculate p as {dix AP}(d; is the number of variables at t" iteration)
Select a set of sardines based on the values of « and g
Update the positions of all sardines by Eq. (3.69).
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end if
Calculate the fitness of all sardines
if there is a better solution for sardine population
Replace a sailfish with an injured sardine using Eq. (3.70).
Replace the hunted sardine from population
Update the best sailfish and best sardine
end if
end while
Return best sailfish

3.3.2 Harris Hawks optimizer

HHO is a newly proposed preying behavior-based optimization algorithm [222]. The foraging
and hunting behavior of Harris Hawks significantly differs from other birds, as they continue to forage
with other family members of the same species. They adopt a collaborative action and hunting style
called the ‘surprise pounce’ (also known as ‘seven kills’ approach) to ambush the prey. During this
attack, a few other hawks use to ambush in a number of directions and converge on the target rabbit,
and the attack would be over in a matter of seconds. They employ different hunting styles based on the
escape behavior of the prey and dynamic change in instances. For example, the Harris Hawks use
switching tactics when the leader hawk dives quickly to attack the prey, and the prey is trying to escape
from the leader hawk, and then, another hawk in the party team would immediately continue the chase.
These switching tactics confuse the targeted prey, attempt to eliminate the identified prey and increase
its risk. Finally, the tired prey cannot escape the hawks’ team, as one of the mighty hawks slaughters
the tired prey and shares it with the party members. This algorithm has powerful neighborhood search
characteristic, adaptability, scalability and flexibility [223]. But, it has low accuracy, slow rate of
convergence, chance of easily being trapped into local optima, and there is no theatrical converging
study frame [224]. Its mathematical model is explained, as shown below [225-227]:
Phase 1: Exploration period: Initialize the position

The Harris Hawks perch at random locations, and wait in various areas to observe and monitor
the prey before attacking. The leader from the family of hawks perches on the target based on the spot.
This phenomenon is described based on a mathematical equation for changing the distance between the
prey and a bunch of hawks, as given below:
X, () — 1 |X,, (6) — 212X ()], = 0.5

Xt+1) = {mebit(t) — X (t) — rg(LB + 1, (UB — LB))'Q <05

(3.71)

where X(t + 1) € {position vector of hawks in the next iteration t}, Xranvit(t) € {position of rabbit}, X(t)
€ {current position vector of hawks}, r1, r2, rs and r. € {random numbers in [0,1] threshold}, which are
updated in each iteration, q is equal chance for each perching strategy changing randomly, LB and UB
€ {upper and lower bounds of the variables}, X:i(t) € {randomly selected hawk from the current
population}, and Xn(t) € {average position of the current population of hawks}. The value of Xu(t) is

obtained using the following equation:
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Xn®= 21, X0 (372)

where N is the total number of hawks and X;(t) is the location of each hawk at iteration t.

Phase 2: Transition from exploration to exploitation

In this phase, HHO alters from the exploration to exploitation phase, while changing between different
exploitative behaviors according to the escaping energy (E) of the prey. The prey escape energy can be
modelled using Eqg. (3.73).

E = 2E, (1 -2 (3.73)

where E € {escaping energy of the prey}, and Eo € {initial energy randomly changing within [—1, 1]}.
Phase 3: Exploitation period

In this phase, the Harris Hawks perform surprise pounce by attacking the intended prey detected in the
previous phase. However, preys often attempt to escape from the dangerous situations. Hence, different
chasing styles occur in real situations. According to escaping behavior of the prey and chasing behavior
of the Harris Hawks, four possible strategies are proposed in HHO to model the attacking stage. To
model this strategy, and enable the HHO to switch between soft and hard besiege processes, the E
parameter is utilized [222].

Strategy 1: Soft besiege

When r (chance of a prey in successfully escaping) > 0.5 and |E| > 0.5, the rabbit still has enough energy.
X (t+1) =AX (t) - E [IX ppidt) = X (1) (3.74)
AX ()= X e ()= X (1) (3.75)

where AX(t) is the difference between the position vector of the rabbit and current location in iteration
t, J = 2(1 — rs) represents the random jump strength of the rabbit throughout the escaping procedure,
and rs is a random number within [0, 1]. The value of J changes randomly in each iteration to simulate
the nature of rabbit motions.

Strategy 2: Hard besiege

When r > 0.5 and |E| < 0.5, the prey is so exhausted having a low escaping energy.

X (t+1) =X 4ppift) — E|AX (1)) (3.76)
Strategy 3: Soft besiege with progressive rapid dives

When still |E| > 0.5, but r; < 0.5, the rabbit has enough energy to successfully escape and a soft besiege
is constructed before the surprise pounce. This procedure is more intelligent than the previous case. It
is supposed that the Harris Hawks can evaluate their next movement based on the following equation:
Y =Xrabbi1(t)_E|‘Jxrabbi1(t)_x(t)| (3.77)
where Y is the location of hawks in soft besiege phase. They compare the movement to the previous

dive to detect if the previous dive is better. If not, they would dive based on the Levy flight (LF) pattern
using Eq. (3.78):
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Z=Y +SxLF(D) (3.78)

where Z is the dive based on LF-based pattern in soft besiege phase, D is the dimension of the problem,
S is a random vector by size 1xD and LF is the Levy flight function.
Finally, the updating strategy of the hawks in this phase is presented as below:

X(t+1)={Y i F(Y)<F(X(V) (3.79)
Z if F(Z)<F(X(t)

It should be noted that in all search agents, only the better position of Y or Z would be selected to the
next iteration.

Strategy 4: Hard besiege with progressive rapid dives

When |E| < 0.5 and ri < 0.5, the rabbit has not enough energy to escape, and a hard besiege is constructed
before the surprise pounce to catch and kill the prey. The hawks try to decrease their distances from the

escaping prey. So, the following rule is performed with different Y and Z:

Y., it F(Y,)<F(X(t)

. (3.80)
Z, if F(Z,)<F(X(t)

XG+D={

where Y, =X i) = E[IX rappid) = Xy (©)] . Zp =Y, +Sx LF (D), Yn is the location of hawks in hard

besiege phase and Z, is the next location of hawks for the new iteration in hard besiege phase.

Algorithm 3.3.2: Pseudo-code of HHO algorithm
Inputs: Nand IT
Outputs: Location of rabbit and its fitness value
Initialize random population X; (i = 1, 2,...,N)
while (stopping condition is not met) do
Calculate fitness values of hawks
Set Xranvit as the location of rabbit (best location)
for (each hawk (Xi)) do
Update the initial energy Eo and jump strength J
[Eo=2ri()—1,J=2(1-ri()]
Update E using Eq. (3.73)
if (JE| > 1) then [Exploration phase]
Update location vector using Eqg. (3.71)
if (|E| < 1) then [Exploitation phase]
if (ri>0.5and |[E| > 0.5) then [Soft besiege]
Update the location vector using Eq. (3.74)
else if (ri> 0.5 and |E| < 0.5) then [Hard besiege]
Update location vector using Eq. (3.76)
else if (ri< 0.5 and |E| > 0.5 ) then [Soft besiege]
with progressive rapid dives

Update location vector using Eq. (3.79)
else if (ri< 0.5 and |E| < 0.5) then [Hard besiege]
with progressive rapid dives
Update location vector using Eqg. (3.80)
Return X:anbit
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3.3.3 Aquila optimizer

AO, suggested by Abualigah et al. [228], is encouraged by the Aquila’s behavior in nature during
the hunting process of the prey. Aquilas are the most common species of eagles and are known as the
most popular birds of prey in the Northern Hemisphere [229]. It has been proved that AO has fast
convergence rate, higher stability and consistency in solving complex optimization problems [230].
But, it has relatively weak local development ability [231]. Aquila has four main hunting behaviors for
different types of prey. It can quickly switch its hunting techniques for different preys, and attack with
its fast speed, and strong feet and claws [232]. This algorithm has four steps, i.e. a) selecting the search
space by high soar with the vertical stoop, b) exploring within a diverged search space by contour flight
with short glide attack, c) exploiting within a converged search space by low flight with slow descent
attack, and d) swooping by walk and grab prey. A brief description of these strategies is provided as
below:
a) Expanded exploration (X1): Select the search space by high soar with vertical stoop
In this strategy, an Aquila determines the prey-catching area, and takes the best-catching area by flying
high to search the prey location with a high glide on a vertical slope. This behavior is mathematically

presented using the following equation:

Xyt +1) = Kpese (1) X (1= 1) + () = Xpese(8) X 1) (381)
where Xpest(t) € {best position} and Xn(t) € {average position of all Aquila’s in the current iteration}.
b) Narrowed exploration (Xz): Contour flight with short slide attack

In this strategy, the AO utilizes the twisting flight technique for hunting above the prey and it uses short
gliding to attack the prey. The updated position is mathematically defined in Eq. (3.82):

Xo(t+ 1) = Xpest () X LE(D) + Xg(t) + (y —x) X 13 (3.82)
where Xy(t + 1) € {solution of the next iteration}, which is generated by the second search method (X>),
Xgr(t) € {random solution taken in the range of [1, N] at t" iteration}, LF(D) = sx(rixo)/|ri|*, y =
rxcos(f), x = rxsin(é), r = ro + UxD4, 8 = -oXxD1 + 81 and 81 = (3xx)/2.

where @ = a small value fixed to 0.005, U = a small value fixed to 0.00565, D: = integer number from
1 to the length of the search space, s = a small value fixed to 0.01, £ = a small value fixed to 1.5, c = a
constant which depends on the value of $, and ro = value between 1 and 20 for fixed number of search
cycles.

c) Expanded exploitation (Xs): Short flight with delayed attack

In this strategy, when the catching area of prey is accurately selected, the Aquila drops away vertically
towards the prey with a front attack to discover its reaction. This method is called a short flight with
delayed attack. The hunting behavior of AO in this strategy is defined using Eq. (3.83):

X3(t+1) = Kpest (&) = Xp(®) Xa—1;+ (UB—LB) X1;+ LB) X6 (3.83)
where Xpest(t) € {approximate location of the prey until t"iteration (the best-obtained solution)}, and «

and ¢ € {exploitation adjustment parameters (0.1)}.

66



d) Narrowed exploitation (Xs): Diving by walking and catching prey

In this strategy, the Aquila hunts the prey on the land according to their stochastic movements. This
behavior of AO is mathematically expressed in Eq. (3.84).

Xy(t+1) = QF X Xppoot () — (G; X X(t) X17;) — G, X LF(D) +1; X G4 (3.84)

2x7-1

where QF = t-mM? G, =2Xx1;—1,G, =2 X (1 — %) QF e{quality function used to equilibrium

the search strategies}, Gi € {various motions of AO for tracking the prey},G; € {decreasing values from
2 to 0}, which denotes the flight slope of AO used to follow the prey during the slope from the first
location to the last location, and X(t) € {current solution at t" iteration}.

Algorithm 3.3.3: Pseudo-code of AO algorithm
Initialize population X
Initialize parameters (i.e. a, J)
while (final condition is not reached) do
Calculate fitness function value
Obtain the best solution, Xpest(t)
fori=1,2,...,Ndo
Update mean value of the current solution, Xm(t)
Update x, y, Gi1, G2, LF(D)
Step 1: Expanded exploration (X;)
Update current solution using Eq. (3.81)
if Fitness(Xi(t + 1)) < Fitness(Xpest(t)) then

Xbest(t) = Xl(t + 1)
end if
else
Step 2: Narrowed exploration (Xz)
Update current solution using Eq. (3.82)
if Fitness(Xo(t + 1)) < Fitness(Xpest(t)) then
Xbest(t) = Xz(t + 1)
end if
else
Step 3: Expanded exploitation (Xs)
Update current solution using Eq. (3.83)
if Fitness(Xs(t + 1)) < Fitness(Xnest(t)) then
Xbest(t) = X3(t + 1)
end if
else
Step 4: Narrowed exploitation (Xs4)
Update current solution using Eq. (3.84)
if Fitness(Xa(t + 1)) < Fitness(Xnest(t)) then
Xbest(t) = X4(t + 1)
end if
end for
end while
Return the best solution (Xpest)
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3.3.4 Bat algorithm

The BA, proposed by Yang [233], is encouraged by microbats’ echolocation capability and social
behavior. Among all bats, microbats use echolocation to separate their prey, escape obstacles and
recognize their roosting gaps in the dark. Microbats can also use time delay between their ears and noise
deviations to sense three-dimensional surroundings. Mainly, some features of the echolocation are
chosen in the optimization problem so that they can be linked with the objective function, which makes
it possible to express a smart algorithm. Microbats emit loud sounds and hear back the echo that comes
from the nearby substances. The sound beat they use differs based their catching plans. Studies have
expressed that microbats release sound waves with frequencies in the range of 20-150 kHz. They also
have decent sight and hearing skill. To determine position and size of their prey, they trust the frequency
of the echo reaching their ears. The BA is expressed by idealizing the echolocation behavior of bats,

which contains behavior of the microbats and acoustics of echolocation in catching their prey [234-

236].

For simplicity, the following approximate or idealized rules are considered:

a) All bats use echolocation to sense distance, and they also know the difference between food/prey
and background barriers in some magical way.

b) Bats fly randomly with velocity v at position x; with a fixed frequency fmin, varying wavelength A
and loudness Ao to search for prey. They can automatically adjust the wavelength (or frequency)
of their emitted pulses and rate of pulse emission r. €[0,1], depending on the proximity of their
target.

c) Although the loudness can vary in many ways, it is assumed that the loudness changes from a large
(positive) Ao to a minimum constant value Amin.

In BA, the rules for how their positions x; and velocities v; in a d-dimensional search space are updated,
need to be defined. The new solutions x;™ and velocities v;™ at time step tn are given using the

following equations:

fi = frin +(fmax - 1:min)x p (3.85)
v = v (™ - x) X f; (3.86)
xim o=t i, (3.87)

where g €{random vector drawn from a uniform distribution [0,1]}, and x. is the current global best
location (solution) which is identified after comparing all the solutions among all the N bats. As the
product Aifi is the velocity increment, either fi (or Ai) can be used to adjust the velocity change while
fixing the other factor /; (or f;), depending on the type of the problem of interest. In this paper, the values
of fmin and fmax are set as 0 and 100 respectively, depending on the domain size of the considered
problem. Initially, each bat is randomly assigned a frequency which is drawn uniformly from [fmin, fmax].
The update of velocities and positions of bats have some similarity to the procedure in the standard PSO

algorithm as f; essentially controls the pace and range of movement of the swarming particles. To a
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degree, BA can be considered as a balanced combination of PSO, and intensive local search controlled
by the loudness and pulse rate. Although BA is simple to implement, robust and has few algorithm-
specific parameters, but its performance may decline and exploration capacity may become poorer with
increase of problem dimensions, making it almost impossible to converge to the global optimal solution
[237].

Algorithm 3.3.4: Pseudo-code of BA
Objective function f(x), X = (X1, ...,Xd)"
Initialize bat population xi (i = 1,2,...,N) and v;
Define pulse frequency fiat x;
Initialize pulse rate re and loudness A
While (t < IT)
Generate new solutions by adjusting frequency, and update velocities and locations/solutions
if (ri>re)
Select a solution among the best solutions
Generate a local solution around the selected best solution
end if
Generate a new solution by flying randomly
if (ri < Aiand f(xi) < f(x.))
Accept new solutions
Increase r;i and reduce A;
end if
Rank bats and find the current best x.
end while
Post-process results and visualization

3.3.5 Grey wolf optimizer

GWO is also a nature-inspired metaheuristic algorithm encouraged by the leadership hierarchy-
based hunting technique of grey wolves [238]. There are four classes of grey wolves in the leadership
pyramid, i.e. alpha (), beta (), delta (6) and omega (w); and the three main phases of hunting are
searching for prey, encircling the prey and attacking the prey. For encircling the prey, the following

mathematical models are proposed [239, 240]:
D=[C x X p(t)- X (t) (3.88)

X(t+1)=X p(t)—Ax D (3.89)

The corresponding vectors are calculated using the following equations:

- -

A=2axri-a (3.90)
C=2xr2 (3.91)
where Aand C € {coefficient vectors}, X p(t) € {position vector of the prey}, X € {position vector of

a grey wolf}, ais linearly decreased from 2 to O based on the progress of iterations, and Fl anda €

{random vectors in [0, 1]}.
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Once the encircling of prey is over, a grey wolf starts to catch and hunt the prey (i.e. best solution).
The best nominees from the wolves (a, # and 6) would know the exact position and information about
the prey. With respect to the positions of the best three wolves, w wolves would also change their

positions. The hunting technique of grey wolves can mathematically be defined as follows:

D =‘61 x X —7(‘ (3.92)

BF‘szYﬁ-Y\ (3.93)

Ds=[Cax Xs —Y‘ (3.94)

X1=|Xo—AxD, (3.95)

X2=|Xs—AxD, (3.96)
B

X3=(X5—AxDy (3.97)
o

Y(t+1):L32+X3 (3.98)

Finally, grey wolves attack on prey and finish the hunting process when it stops moving. To signify it
mathematically, the value of a is reduced. The variation range of Ais also reduced byﬁ, Ais a random

value in the interval [-a, a]. When the random values of Aare in [-1, 1], the next location of the search
agent can be anywhere between its current location and location of the prey. The values of Al <1 would
force the wolves to attack the prey and IAl > 1 would force the grey wolves to diverge from the prey to
find out a fitter prey, hopefully. After hunting the prey, the grey wolves search for the new prey in the
next iteration. This process would continue until a termination criterion is satisfied. Although GWO has
low solving accuracy and poor local searching ability, it has several other advantages, like easy to
implement, simple principles and fewer parameters [241, 242].

Algorithm 3.3.5: Pseudo-code of GWO
Initialize grey wolf population X; (i = 1,2,...,N)
Initialize a, Aand C
Calculate fitness of each search agent
X, = the best search agent
Xz = the second-best search agent
X5 = the third-best search agent
while (t < IT)
for each search agent
Update the position of the current search agent
end for
Update a, Aand C
Calculate the fitness of all search agents
Update X,, Xgzand X;
t=t+1
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end while
return X,

3.4 Foraging behavior-based metaheuristics

Swarm intelligence-based algorithms have been developed conceptualizing social behavior and
intelligence of a group of living things, like ants, birds, swarms, schools etc. Some of them are based
on the animal’s foraging and preying behaviors. Finding natural food sources is the process of foraging.
In a large community, it includes all the methods for discovering, utilizing, recovering and storing food
resources. Foraging behavior-based metaheuristics have many advantages over their peers, like
capability to automatically zoom onto a region of promising solutions leading to faster convergence,
excellent local and global search abilities, better solution accuracy, superior hybridization ability with
other algorithms, capability to preserve variety of solutions within the population as the iteration goes
on, better parametric control etc. Lack of effective exploring skill, need of transition between
exploration and exploitation at appropriate time requiring an enhanced control technique etc. are the
drawbacks of these algorithms [51].

It is worth mentioning here that choosing appropriate values of different algorithm-specific
parameters has significant roles as they directly influence the search behavior, convergence speed and
solution quality of these algorithms. Adjusting their values is extremely pivotal for achieving optimal
solutions and improving efficacy of the considered metaheuristics. Table 3.5 provides values of the
essential parameters considered for all the five metaheuristics.

Table 3.5 Values of different algorithm specific parameters

Algorithm Parameter Value
s=a 0.1
DOA c 0.7
f=e 1
P: 0.6
P2 0.4
Ps 0.6
AVOA L1 0.8
L. 0.2
u 2.5
Cmin 0.00001
GOA Chrnax 1.0
FOA - -
P [0.8, 1.0]
C=S 15
BSA ar= az 1.0
FL [0.5,0.9]
FQ 3
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3.4.1 Dragonfly optimization algorithm

The DOA [243] is based on static and dynamic activities, including hunting (exploration) and
migration (exploitation) of dragonflies. As compared to other well-known algorithms, like GA and PSO,
it is capable of enhancing the initial random population for a specific problem, and converging to the
optimal solution globally, while providing extremely economical outcomes [243]. Like other
metaheuristic algorithms, it also carries out the target search process. The dragonflies build sub-swarm
groups that fly back and forth over small areas for food and attract flying prey, like butterflies and
mosquitoes in the exploration phase. A static swarm is mostly characterized by local motions and quick
variations in the flying track. In the exploitation stage, a large number of dragonflies migrate in one
track over lengthy distances to distract from outward enemies. As the primary goal of every swarm is
survival, thus, everyone in the group should be drawn to food sources and distract outer adversaries.
Due to huge amount of social behaviors in its construct, exploration and exploitation stages may not be
properly balanced [244]. In this algorithm, exploration and exploitation adopt five different operators,
like separation, alignment, cohesion, attraction and distraction. The following mathematical models

describe behaviors of each swarm in this algorithm [243]: Separation is computed using Eq. (3.99):
N

where SN; is the separation of i individual, Y is the position of the current individual, Y; is the position
of j"" neighboring individual and N is the number of neighboring individuals.

The following equation represents alignment:
Z"\l—lvi
AL === -
N

where AL; is the alignment of i" individual and V; is the velocity of j" neighboring individual.

(3.100)

Cohesion can be represented as follows:

N
Z'—le
CH =2y (3.101)
N
where CHi; is the cohesion of i individual.

Attraction towards a food source can be represented using Eq. (3.102):

FS,=Y"-Y (3.102)
where FS; is the attraction of i"" individual towards the food source and Y* is the food source position.
On the other hand, Eq. (3.103) represents distraction from an adversary:

EP=Y"-Y (3.103)
where EP; is the distraction of i individual and Y- is the position of the adversary.

The positions of the artificial dragonflies are updated in the search space and their movements are

simulated. For this purpose, two vectors, i.e. step vector (AY) and position vector (Y) are considered.

The step vector which defines direction of movement of the dragonflies is represented as follows:
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AY,,;= (SSN;+aAL; +cCH, + f FS; +e ER)+WAY, (3.104)
where s is the weight of separation, a is weight of alignment, c is cohesion weight, f is the food factor,
e is the adversary factor and w is the weight of inertia.

Based on the calculated values of step vector, the position vectors are estimated as follows:

Y, =Y, +AY,,, (3.105)
where Y1 is the position vector at (t + 1)™ iteration and AYw1 is the step vector at (t + 1)™" iteration. To
improve exploration, randomness and stochastic behavior of the artificial dragonflies, they should fly
around the search space based on the random walk (Levy flight) in absence of any neighboring solution.
Thus, the position of the dragonflies is modified employing the following equation:

Yo=Y, + Levy(d) xY, (3.106)

where d denotes the dimension of the position vectors. The Levy flight is calculated as follows:

Levy(y)=0.01x 14 (3.107)

1
Ir,|5

where £ is a constant (considered as 1.5), r1 and r; are the two random numbers in [0, 1], and p is

computed as shown below:

=

ra+pm xsin(ﬂf)

U= = (3.108)
F(Hzﬂj X 3% 2[/}Tj

where I'(y) = (y — 1)!

Algorithm 3.4.1: Pseudo-code of DOA
Obijective: Positions and fitness values of all dragonflies
Generate initial dragonfly population Y; (i=1, 2,...,N)
Generate initial step vectors AY; (i =1, 2,...,N)
while (t<IT) do
Calculate fitness value for each dragonfly
Update food source and adversary position
Update w, s, a, ¢, fand e
Calculate SN, AL, CH, FS and EP using Egs. (3.99)-(3.103)
Update neighbouring radius
if a dragonfly has at least one neighboring dragonfly
Update velocity vector employing Eq. (3.104)
Update position vector applying Eg. (3.105)

else
Update position vector using Eq. (3.106)
end if
Check and correct the new positions based on the variable boundaries
t=t+1
end while
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3.4.2 African vultures optimization algorithm

In AVOA [245], the African vultures’ foraging behavior and movement patterns are simulated.
Based on the distinct despotic characteristic of the vultures’ behavior, this algorithm divides a large
number of vultures into two groups. To categorize the vultures, it first determines fitness function of
each solution in the initial population. The best solution is assigned to the best and first vulture, while
the second solution is considered to represent the second-best vulture. One of the best two vultures is
moved or replaced by other members of the population based on the evaluated performance [245]. The
main natural purpose of vultures, i.e. group living in search of food, justifies separation of their groups
in this algorithm. Each group of vultures has a unique difficulty in locating food and consuming it.
Vultures have the characteristic of consuming large quantities of food, and their hours-long search for
food makes them escaping from the hunger trap. Based on the assumption that the weakest and hungriest
vulture represents the worst solution, the vultures try to avoid the worst solution and turn up with the
best solution. The two best solutions are recognized as the strongest and best vultures, while others aim
to be nearer to the best solution [246].

The exploration and exploitation mechanisms of AVOA are more intensified than other
metaheuristic algorithms. Although there are few limitations, like presence of exploitation in the precise
exploration stage and replacement of weaker vultures at random [50], application of a random search
method boosts both the exploitation and exploration abilities of this algorithm [247]. Based on the
fundamental ideas of the African vultures, AVOA is developed consisting of the following fundamental
phases:

Phase 1: Identification of the best vulture in any group

Once the initial population is formulated, the best solution is considered as the best vulture of the first
group, and the second-best solution is treated as the best vulture of the second group. The following
equation is applied to rank the best solutions for the first and second groups against other potential
solutions.

BestVul if p.=
K(i)={ estVulture if p, = L,

. (3.109)
BestVulture, if p,=L,

where L; and L are the two parameters (between 0 and 1) to be determined prior to the search operation
such that their sum must be one, and K(i) is the probability of selecting the vultures to move towards
one of the best solutions in each group. From each group, the probability of selecting each of the best

solutions is estimated using the roulette wheel principle.

' (3.110)

Z?:l f

where fi is the fitness value of the first and second group vultures, and n is the total number of first and

pi=

second group vultures.

Phase 2: Calculation of starvation rate of the vultures
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After the vultures are satisfied with food, they have high levels of energy allowing them to search for
food over longer distances. But, if they are hungry, they lack energy to fly long or search for food
against other more powerful wvultures, making them aggressive. This phenomenon can be

mathematically modeled using the following equations:

m=hx(Ex2)+cos(Ix2)-1 (3.111)

t

F:(Zxri+1)><r1><(1—ﬁ

)+m (3.112)

where F signifies that the vultures are satisfied, r; is a random number in [-1, 1], h is selected randomly

between -2 and 2, and r; has a uniformly distributed random value in [0, 1]. When r; is less than zero,

the vulture is starving; and if it is equal to zero, the vulture is satisfied. In Eg. (3.112), sin and cos are

the functions of sine and cosine respectively, and u is a variable with a fixed value established prior to

the optimization process.

Phase 3: Exploration

The African vultures have excellent vision, a great ability to locate food, and a strong ability to spot

weak, dying animals in the wild. Each vulture carries out a random search of its surroundings for food

which can be modeled using Eqg. (3.113).
if P, =1py,then Eq.(3.114)

P+1) = {if P, < rpy, then Eq. (3.116) (3113)
P(@i+1)=K(i)-D(i)xF (3.114)
D(i)=|X xK (i)~ P(i)| (3.115)

where P(i + 1) is the next vulture vector position, P(i) is the current vulture vector position, and X is the
position where the vultures randomly move to defend their prey from others. X is a coefficient vector
responsible to increase the random motion, and is equal to (2xr;), rps is an exploitation phase uniformly
distributed random number in [0, 1], and P, is a parameter (between 0 and 1) employed for strategy
selection.

P(i+1)=K(i)—F +1r;x (UB—LB) xr, + LB) (3.116)
where K(i) denotes one of the best vultures selected using Eq. (3.109) and r; is considered to increase
the coefficient of random nature.

Phase 4: Exploitation

The AVOA reaches the exploitation stage when |F| < 1. Two parameters P, and P3 control the degree
of selecting each strategy in each internal phase, and their values range between 0 and 1. Selection of
the strategies in the first phase is controlled by parameter P,, while parameter P3 helps in choosing the
strategy in the second phase. In the first phase of exploitation (when |F| is between 0.5 and 1), two
different rotating flight and siege-fight strategies are considered. As mentioned earlier, P, is used to
determine the choice of each strategy. Initially, the value of rp, (uniformly distributed random number
in [0, 1]) is generated. After comparing its value with P,, any of the two strategies (siege-flight or

rotating flight) can be implemented, which is illustrated using the following equation:

75



. _ (if P, = 1py, then Eq.(3.118)
P+1) = {if P, < 1py, then Eq. (3.122)

The vultures become relatively satisfied having sufficient energy when |F| > 0.5. When a large number

(3.117)

of vultures gather around a single food source, serious food conflicts may arise. Physically stronger
vultures avoid sharing of food with the weaker ones, but the weaker vultures attempt to gather around
the stronger vultures starting conflicts in an effort to exhaust them and getting food from them. This
stage can be modeled using Egs. (3.118) and (3.119).

P(i+1)=D@{) x (F+r)—d() (3.118)
d(t)=K(i)-P() (3.119)
The vultures occasionally make a rotational flight to model their spiral motion. The rotational flight is

expressed using the following equations:

S, = K(i) x (%’;@) x cos(P(i)) (3.120)
S2 = K(0) x (Z22) x sin(P(1)) (3.121)
P(i+1)=K(i)-(S,+S,) (3.122)

where S; and S; are the spiral motions between all vultures and one of the two best vultures respectively
during the rotational flight. The location of the vultures is finally updated using Eq. (3.122).

The siege and violent struggle for food is carried out during the second phase of exploitation
when the value of |F| is less than 0.5. At the start, a uniform random number, re3 is generated between
0 and 1. Its value is then compared with parameter P, and based on the mathematical condition, there
may be accumulation of several types of vultures over the food source or aggressive siege-fight. This
process is described using Eqg. (3.123):

, _ (if P3 = rp3, then Eq.(3.124)
PA+1) = {if P, < rps, then Eq. (3.127)

The following two equations are developed to model movement of wvultures based on

(3.123)

accumulation of various species of vultures on one food source.

BestVulture () xP(i)
BestVulture, (i) — P(i)?

A =BestVulture, (i) — (3.124)

BestVulture, (i) x P())
BestVulture, (i) — P(i)?

A, =BestVulture, (i) — (3.125)

where the best vulture of the first group in the current iteration is denoted by BestVultures(i), and the
best vulture of the second group in the current iteration is represented by BestVulture(i).

The aggregation of all the vultures is carried out applying Eq. (3.126).
P(i+1) =% (3.126)
When the value of |F| is less than 0.5, the leader vultures become starved and weak, not having sufficient

energy to fight with the others. Thus, other vultures become aggressive in search of their food, moving
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in different directions towards the leader vulture. This aggressive competition for food is modeled using

the following equation:

P(i+1) =K(i)—|d(t)| x F x Levy(d) (127)
where d(t) is the separation of the vulture from one of the best vultures of the two groups. In this
equation, Levy flight, which can be computed using Egs. (3.107)-(3.108), is considered to enhance
efficacy of this algorithm.

Algorithm 3.4.2: Pseudo-code of AVOA
Obijective: Position and fitness value of vulture
Initialize N and IT
First best location: Pegeswuiturer 1S the position of African vulture
Second best location: Pgeswuiurez IS the position of African vulture
Generate initial vulture population P; (i= 1, 2,...,N) randomly
While stopping criterion is not met do
for each African vulture (AV) in population do
Calculate fitness for AV
end for
Find best AV
for (each vulture (P;)) do
Use Eq. (3.109) to calculate K(i)
Use Eq. (3.113) to update F
if (JF| > 1) and (P1 > rp1) then
Use Eq. (3.114) to update position of AV
else
Use Eq. (3.116) to update position of AV
end for
end while
if (0.5 <|F| < 1) then
if (Pz > rpz) then
Use Eq. (3.118) to update position of AV
else
Use Eq. (3.122) to update position of AV

else
if (Ps > rps) then
Use Eq. (3.126) to update position of AV
else
Use Eq. (3.127) to update position of AV
Return PBestvuIturel

3.4.3 Grasshopper optimization algorithm

Like all other metaheuristic algorithms, GOA [248] also performs the target search procedure by
hunting (exploration) and migration (exploitation), and these are their static and dynamic behaviors.
The distinctive feature of grasshopper swarms is that they exhibit swarming behavior both as nymphs
and as adults. The grasshoppers in the swarm move slowly and take small movements when they are in

the larval stage. But when they become adults, they move abruptly over longer distances. Another
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important feature of the grasshopper swarm is their search process for food sources [249]. This
algorithm searches for a global optimal solution to a problem using swarm population in nature, and
has some advantages, like higher efficiency in solving both constrained and unconstrained optimization
problems with excellent accuracy, capability of deriving good solutions, and ease of development. It
has also certain limitations, including a tendency to enter local optima and a sluggish convergence rate
[250]. The mathematical model utilized to simulate the swarming behavior of grasshoppers is
documented as below:

X;=SIi+GF + A, (3.128)

where X is i grasshopper’s position, Sl; is the social collaboration, GFiis i grasshopper’s gravity force

and A, is the wind advection.

To provide random behavior, the above equation can be remodeled as below:

X; =13l +,GF + ;A (3.129)
where r1, I, and rs are three random numbers in [0,1].
In Eq. (3.129), the parameter Sl; can be defined using Eq. (3.130):
N
SI;=> " s(d;)d; (3.130)

j=1
J=i

~

where N is the number of grasshoppers, dij is a unit vector from i grasshopper to j™ grasshopper, s is

a function to describe intensity of social forces, and dj is the distance between i grasshopper and j*
grasshopper, i.e. dij =[x, — Xi.

dy = (3.131)

i

-9

s=fe ! —e™d (3.132)
where f and | indicate intensity of attraction and attractive length scale respectively, and g is a real value
in [0, 1] defining the probability of changing positions.

By substituting values of components, Sli, GFi and A, in Eq. (3.128), the following equation can be

derived:
\ Xi=X% o 4
Xi=ZSQXj—Xi|) Jd-- —gé, +Vé, (3.133)
j=1 i
}¢i '
-q
s(q)=fe ' —e™ (3.134)

where g is the gravitational constant, v is a constant drift, €, denotes a unity vector towards center of

the earth, and €, is a unity vector in the direction of wind. As the swarm fails to converge to a

w

predefined point and the grasshoppers quickly reach their comfort zone, the above mathematical model
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cannot be easily solved. To resolve this problem, the following improved version has been proposed
[248]:

= o B ey 22 47 @139

j#1
where T, denotes the target value of D dimension, UB4 and LBy are the upper and lower bounds in D"
dimension respectively, and X% is the position of i grasshopper in D™ dimension. In the above equation,
the first parameter, ¢ reduces movements of the grasshoppers around the target (similar to inertia weight
in PSO); while the second parameter, ¢ minimizes attraction, comfort and repulsion zones between the
grasshoppers. For proper balance between exploration and exploitation, value of the first parameter
needs to be proportionally reduced with the number of iterations. On the other hand, the second
parameter which is involved in proportionally reducing the comfort zone along with the number of

iterations, can be expressed using Eq. (3.136):

—tx Crnax —C

max IT
where Cmax and Cmin are the maximum and minimum values of the parameter c respectively.

Algorithm 3.4.3: Pseudo-code of GOA
Objective: Current position
Generate initial population X; (i=1, 2,...,N)
Initialize Cmax and Cmin Values
Initialize IT
Calculate fitness values of all grasshoppers (search agents)
Best search agent =T
while (t < IT)
Use Eq. (3.136) to update the value of ¢
for each grasshopper
Use Egs. (3.128)-(3.132) to normalize distances between the search agents
Use Eq. (3.135) to update the current grasshopper position
if the current grasshopper goes outside the boundaries, then bring it back
end for
update T if there is a better solution
t=t+1
end while
return T

c=c min (3.136)

3.4.4 Fruit-fly optimizer

The FFA [251] is developed utilizing techniques for optimization based on swarm intelligence,
being motivated by fruit flies’ foraging habits. The fruit flies have greater sensory abilities than the
other species, especially with respect to eyesight and smell. They have osphresis organs to detect a wide
range of odors in the atmosphere. They can also use their keen vision once they are close to the food
source to locate food and other flies’ location [251]. This algorithm offers the benefits of a clear

principle, few input variables and simplicity. However, there are some disadvantages, like tendency
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towards local extremum, and poor ability to solve highly dimensional, nonlinear problems [252]. The
procedural steps of FFA are presented as below [253].

Step 1: Initialize location of fruit fly swarm

X_axis = r;(LR),Y_axis = r;(LR) (3.137)
Step 2: For each fruit fly, specify a random direction and distance for food search employing osphresis
Xi = X_axis +r;(FR),Yi = Y_axis + r;(FR) (3.138)

where i is i fruit fly in the swarm, FR is the fly range and LR is the swarm location range.
Considering unknown food source, calculate the distance to the origin (D;) and smell concentration
judgment value (fitness function) (S;).

Diz\/xi2+Yi2 (3.139)

S=— (3.140)

Now, using the following equation, determine the smell concentration value (Smell;):

Smell; = fitness (Si) (3.141)
The fruit fly having the maximum smell concentration value is identified among the swarm with its
corresponding location, as given below:

[bestSmell, bestindex] = max(Smell) (3.142)
Step 3: Vision search phase

In this step, the maximum smell concentration is maintained along with the related X and Y coordinates
of that fly. The fruit fly swarm starts moving towards the location based on their vision.

Smellbest = bestSmell, X_axis = X(bestIndex), Y_axis = Y(bestIndex) (3.143)
Step 4: Repeat steps (2)-(3) until the maximum number of iterations is reached. Save the fruit fly’s
location index.

Algorithm 3.4.4: Pseudo-code of FOA
Objective: Maximum smell concentration and location
Generate initial LR and FR
Initialize IT
X_axis = rand(LR), Y_axis = rand(LR)
Xi = X_axis + rand(FR)
Y; = Y_axis + rand(FR)
Calculate swarm fitness smell using Egs. (3.139)-(3.141)
[bestSmell, bestindex] = max(Smell)
Smellbest = bestSmell, X_axis = X(bestIndex), Y_axis = Y(bestIndex)
fori = 1: IT, all fruit flies

Xi = X_axis + rand(FR), Yi = Y_axis + rand(FR)

Use Egs. (3.139)-(3.141) to fitness Smell

[bestSmell, bestindex] = max(Smell)

If bestSmell < Smellbest

Smellbest = bestSmell, X_axis = X(bestindex), Y_axis = Y(bestindex)

end if
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end for
return bestSmell, X(bestindex), Y(bestIndex)

3.4.5 Bird swarm algorithm
The BSA [254] is developed based on the social behavior and interaction of birds in nature.
Foraging, flight and vigilance are the three primary social behaviors of birds which provide the principle
of this algorithm [254]. BSA offers benefits of rapid convergence, higher precision, simplicity, ease of
implementation, and excellent performance in solving continuous optimization problems. But, it faces
some difficulty in solving combinatorial optimization problems (such as travelling salesman problem),
and may fall into local optimum [255]. This algorithm is based on the following idealized rules
describing behaviors of the birds as a whole [254]:
i) Each bird can select either vigilance or foraging behavior. The selected behavior can be modeled
as a probabilistic decision.
i) During foraging, each bird can keep track, and update both of its own and the swarm’s prior best
experience about the food source. It also helps them to find a path for food and their movement.
iii) During vigilance, each bird would make an effort to travel towards the center of the swarm. The
birds having higher reserve would be more likely to stay nearer to the swarm’s center than those
with lower reserve, so that the chances of other predators attacking them in the center are low.
iv) Birds can periodically move from one location to another. During flying, they can shift between
producing and scrounging. A producer would be the bird with the highest reserve, and a scrounger
would have the lowest reserve. However, other birds can randomly be chosen as producers and
scroungers.
v) The producer birds actively participate for food search, while scroungers follow a producer bird
at random.
The above-mentioned rules can now be utilized to develop the corresponding mathematical model of
BSA, presented as below:
a) According to the past and collective experience of the swarm, each bird forages the food employing
Eq. (3.144):
vyt = yii+ (bpyj —yi) x € xr(0,1) + (spj —yf;) xS x1;(0,1) (3.144)
where yij' is the position of j™ element of i bird at t™ generation, and bpi; and sp; represent the i" bird’s
best prior position and swarm’s best prior position respectively. The two positive constants C and S are
referred to as cognitive and social accelerated coefficients respectively. This foraging behavior is
implemented considering Rule (ii).
b) The vigilance behavior, modeled using Rule (iii), can be described based on the following
equations:

vyt = yf i + (mean; — yf;) x Ay x1;(0,1) + (bpy,j — yi;) X A x1:(=1,1) (3.145)
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A1=a1xe><p(—ﬂxNJ (3.146)

sumFt + ¢
bpFt, —bpFt, bpFt,
=a, xe ' N N 3.147
P =8, x Xp[(|prtk—prti|+g>< JsumFt+g>< (3.147)

where N is the number of virtual birds foraging for food and flying in a D-dimensional space, k is a
positive integer (k # i) (randomly selected between 1 and N), bpFt; is the best fitness value of i bird,
sumFt is the sum of all the birds’ best fitness values, a; and a; are two positive constants in [0, 2], ¢ is a
small constant considered to escape zero-division, and mean; is the j™" element of the average position
of the entire swarm. It is worthwhile to mention here that as each bird attempts to move nearer to the
center of the swarm, the value of A;xri(0, 1) should be always less than one. When a bird reaches to the
center of the swarm, A is considered to simulate the induced effect caused due to a specific interference.
c) After reaching a new position, some birds act as the producers, while others try to feed themselves
from the food source identified by the producers. These producing and scrounging behaviors (Rule
(iv)) can be modeled employing the following equations:
yirt = yf; +rand,(0,1) x yf; (3.148)
yirt = yi;+ (vi; — vi;) X FL X rand,,(0,1) (3.149)
where randn is a Gaussian distributed random number having mean 0 and standard deviation value 1,
k €[1,2,....,N] (k #1i) and FLe [0, 2] which signifies that the scrounger would follow the producer in
search of food. It is assumed that at every FQ unit interval, each bird goes to a different place, where
FQ is a positive integer.

Algorithm 3.4.5: Pseudo-code of BSA

Obijective: Best solution and fitness values of birds

Initialize the population, t = 0 and define the related parameters
Generate number of birds in the population (N)

Generate IT
Probability of foraging for food = P
while (t<IT)
if (t% FQ #0)
fori=1:N
ifri(0,1) <P
Birds forage for food [Use Eq. (3.144)]
else
Birds remain vigilance [Use Eq. (3.145)]
end if
end for
else
Separate the swarm into producers and scroungers
fori=1:N

if i is a producer
Producing [Use Eq. (3.148)]
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else
Scrounging [Use Eg. (3.149)]
end if
end for
end if
Find new solutions
if the new positions are better than the prior solutions, update them
t=t+1
end while

3.5 Physics-based metaheuristics

Physics-based algorithms have been proposed based on the laws of gravity, molecular mass, fluid
principle, electric current-produced magnetic field, nuclear reaction etc. Physics-based algorithms draw
inspiration from the natural physical phenomena rather than living creatures. They have been developed
by imitating specific chemical and physical rules. Compared to their counterparts, physics-based
metaheuristics offer numerous benefits, such as ability to meet time constraints providing quick
solutions, ease of implementation, minimum tuning parameters, quick convergence, clarity of
execution, higher accuracy and robustness, suitability for nonlinear optimization problems, ability to
generate workable and precise solutions, adaptive learning capacity etc. Their shortcomings include
inefficiency to solve large-scale problems, and some of them require higher computation time, less
sample space exploration and early convergence [256]. Acknowledging their benefits, this research
work investigates suitability of five such physics-based algorithms, i.e. AOA, ASO, NRO, EFO and
GSA, to optimize machining processes based on the past experimental data. Thus, these algorithms,
which have commonly been applied to solve multi-objective optimization problems in a variety of
engineering areas, are evaluated here based on their effectiveness, dependability and overall
performance.

It is important to note that selecting the appropriate values for various algorithm-specific
parameters is extremely crucial since they affect the search behavior, convergence speed and quality of
the solutions. Table 3.6 enlists the values of the essential parameters taken into account for each of the

five algorithms.
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Table 3.6 Specific parameter values for different physics-based algorithms

Algorithm Parameter Value
Cy 2
AOA G 6
Cs 2
Cy 0.5
(% 50
ASO B 0.1tol
PFi 0.75
NRO Py 0.1
freq 0.05
Ps_rate, R _rate 0.1t0 0.4
P_field 0.05t00.1
EFO N_field 0.41t00.5
@ 1.6180339887498948
Go 100
GSA a 20
Ko 50

3.5.1 Archimedes optimization algorithm

The AOA [2573] is a recently developed population-based metaheuristic algorithm, motivated
by the intriguing rule of physics known as Archimedes’ Principle. It simulates the idea that an object’s
buoyant force, whether fully or partially immersed in a fluid, is directly proportional to the weight of
the displaced fluid. Several advantages of AOA include its straightforward interface, minimal tuning
parameters and ease of implementation. However, there are still some drawbacks, like a drop-trap local
optimum, lack of diversity in the search exploring capacity, and incapacity to strike a balance between
exploration and exploitation [258, 259]. Mathematically, its application steps are explained as follows:
Stage 1: Initialization
Use Eq. (3.150) to set all object locations for initialization.
P, = lb; + r; (ub; — lby); (i = 1,2,...,N) (3.150)
where P; is the i object in a population consisting of N objects, Ib; is the lower bound and ubj is the
upper bound of the search space.
For each i" object, initialize volume (vol) and density (den) using Eq. (3.151).
den; =1, vol; =r; (3.151)
where r; is a D-dimensional vector to randomly generate a number between [0, 1].
Finally, for i object, initialize acceleration (acc) using Eq. (3.152).
acc; = lb; + 1; (ub; — 1b;) (3.152)
Step 2: Update den and vol
For iteration (t + 1) and object i, den and vol are updated using the following equations:

t+1 _
den;"" =

den! + 1; (denyes; — denb)
vozit+1 = volit +7 (VOlbest - VOlit) (3.153)
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where vol,,.¢; and den,,; are the volume and density related to the best object derived so far.

Step 3: Determination of transfer operator and density factor

Initially, there are object collisions and then, over time, the objects attempt to achieve an equilibrium
condition. With the aid of transfer operator (TF), it is accomplished in AOA by changing the search

process from exploration to exploitation.

TF = (=) (3.154)

where TF progressively increases with time until reaching 1.

In a similar way, density-reducing factor (df) also helps AOA in switching from global to local searches.

dft*1 = exp (T_;t) _ (%) (3.155)
where dft*1 decreases with time enabling the algorithm to converge in the previously identified
potential region. Note that, AOA would maintain a balance between exploration and exploitation if the
value of this parameter is properly selected.

Step 4.1: Exploration

If there is an object collision and TF < 0.5, choose a random material (mr) and use Eq. (3.156) to update

its acceleration for iteration (t + 1).

t+1 deny + Vol X acCmy
acc;Tt = 3.156
t dent*t x volt*t ( )

where den; is the density, vol; is the volume and acc; is the acceleration of i" object. On the other
hand, den,,, is the density, vol,,, is the volume and acc,,, is the acceleration of the random material.
A value of TF < 0.5 confirms exploration during 1/3 of the iterations, which is an important point to
note. Exploration-exploitation behavior would shift when a value other than 0.5 is considered.

Step 4.2: Exploitation

Avalue of TF > 0.5 indicates that there is no object collision, and use Eq. (3.157) to modify acceleration
of the object for iteration (t + 1).

den + vol X acc
it+1 — best best best (3157)

denftt x volf*?

acc

where accy,gt, denyes: and voly,.s: are the acceleration, density and volume of the best object,
respectively.
Step 4.3: Normalize acceleration

Determine the change percentage for normalizing acceleration based on Eq. (3.158):

accit“—min(acc)
acciti}}orm =ux max(acc)—min(acc) (3.158)
where u = 0.9 and [ = 0.1 are the range of normalization, and acc*},,,,, calculates the percentage of

step that each agent would alter. A high acceleration value indicates that the object is far away from the
global optimum in the exploration phase; otherwise, it is in the exploitation phase. This process defines

how the search transformation from exploration to exploitation phase takes place.
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Step 5: Update position

Employ Eq. (3.159) to determine the i object’s position for the next iteration (t + 1) if TF < 0.5
(exploration phase):

x{*l = xf 4+ € x1yx acef oy X df X (%, — x) (3.159)
where C; is a constant having value 2. Otherwise, adopt Eq. (160) to update the position of the object,
if TF > 0.5 (exploitation phase).

Xttt = xboe + F X Cy X1y X acctt) o X Af X (T X Xpeg — xF) (3.160)
where C, is a constant with value equal to 6. On the other hand, T = C3XTF would increase with time
and it is directly proportional to the transfer operator. Initially, the value of T deviates a specific
percentage from the optimal position as it changes over time in the range [C5%0.3, 1] (C5 is a constant
having value 2). F is the flag to change the direction of motion, estimated using Eq. (3.161):

o {+1ifPSO.5
~ l-1ifP >05

where P =2 x r;— C, (C, is a constant having value 0.5).

(3.161)

Step 6: Evaluation
Utilizing the objective function f, assess each object and remember the best solution identified so far,
aS v0lpest, ACCHest, A€Npesr AN Xp gt

Algorithm 3.5.1: Pseudo-code of AOA
Initialize population with P;, den, vol, IT, C4, C2, Csand Cq4
Evaluate initial population
Sett=1
while t < ITdo
for each object i do
Update den; and vol; of each object using Eq. (3.153)
Update TF and df using Egs. (3.154) and (3.155), respectively.
if TF < 0.5 (Exploration phase) then
Update accf*?* using Eq. (3.156) and acc*},,.,applying Eq. (3.158)
Update position using Eq. (3.159)
else (Exploitation phase)
Update accf** using Eq. (3.157) and accf*},,., based on Eqg. (3.158)
Update flag F using Eq. (3.161)
Update position employing Eg. (3.160)
end if
end for
Evaluate each object and choose the one having the best fitness value
Sett=t+1
end while
Return object with best fitness value.
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3.5.2 Atom search optimization

Being a novel physics-inspired metaheuristic approach, ASO was proposed by Zhao et al. [260],
developed based on the principle of fundamental molecular dynamics. It states that every atom in the
search space either attracts or repels every other atom; as a result, the lower mass atoms move in
the direction of heavier mass atoms. Higher mass makes an atom accelerate less quickly, making it
more aggressive in its hunt for better solutions in the local search space. Furthermore, low mass
atoms accelerate faster, covering a wider region to discover new approximate locations in the search
space [261]. It has been intended to address a variety of complex multi-modal optimization problems.
In the atomic motion model, atoms interact by Lennard-Jones potential-derived interaction forces and
bond-length potential-derived constraint forces. These are mathematically modelled and mimicked in
ASO algorithm [260]. It can increase accuracy of complex optimization problems, having the
advantages of quick computing time and excellent optimization effect [262]. A few limitations include
weak exploitation, possibility of being trapped in local optima, and improper exploration-exploitation
balance [263]. Let, an unconstrained optimization problem be stated as shown below:
Minimize f(x), x = (x%,...,xP) (3.162)
Lb <x <Ub, Lb=[lb%,...,IbP], Ub = [ub},...,ubP] (3.163)
where x¢(d = 1,..., D) denotes the d"element of the search space, Ib” and ubPare the d" components
of the lower and upper limits, respectively, and D represents dimension of the search space.
To address the above problem, it is assumed that there are N atoms in the population and x; indicates
the location of i*" atom.
x; = [xt,....xP), i=1,...N (3.164)
During the early stages of ASO, attraction or repulsion between all the atoms occurs. A more complete
investigation of the solution space is made possible by the repulsion, which can lessen the atom’s over-
concentration and early algorithm convergence. As iterations go on, the attraction strengthens and the
repulsion drops, suggesting that exploitation is increasing and exploration is decreasing. In the last
stages, each atom is attracted by the others, ensuring that the algorithm has a high potential for
exploitation. Its application steps are mentioned as below:
Step 1: Initialize a set of atoms X and their velocity v
Step 2: Using Egs. (3.165) and (3.166), calculate the total force F; and constraint force G;.

Fid () = ZjeKbest Ting ®) (3.165)
GE(E) = —AOVOL(D) = —2A(E) () — xfge (1)) (3.166)
where F{3(t) is the total force acting on i atom from j* atom in d*" dimension at t" iteration, rand; is

a random number in the range of [0,1], A(t) is the Lagrangian multiplier and 8;(t) is the constraint of i*"
atom.

Then, substituting 2 A — A, G; can be redefined as:

GH(E) = A(8) (s (©) — x11(D)) (3.167)
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The Lagrangian multiplier can be defined using the following equation:

20t

A(t) = Se 1T (3.168)
where § is the multiplier weight.

Step 3: With F; and G;, calculate acceleration of i*" atom at time t using Eq. (3.169)

13 7
d FA@)  GE(Y) t—1\3 _20t ri;[2 % (hl-j(t)) — (hy))
ai(t):d—er—:_“(l_ IT) e Z ()
i (t) i (t) jEKbest m;
@ -2 ©) 20t 1 () xl(t)
[EHGEHGI +de I m;(t) (3.169)

where m;(t) is the mass of i atom at t™ iteration, m¢(t) is the mass of i" atom in d* dimension at t"
iteration, h;;(t) is the limit of attraction and repulsion between i and j" atoms, and « is the depth
weight.

Step 4: Calculate mass of i atom using Egs. (3.170) and (3.171)

Fit;(t)=Fitpegt(t)

M;(t) = e Fitworst®=Fitpest(® (3.170)
_ M)
m;(t) = SNTRE) (3.171)

where M;(t) is the mass of i" atom, M;(t) is the mass of j™ atom, Fityes(t) and Fit,,,,s (t) are the
fitness values of the best and worst atoms at t™" iteration, and Fit;(t) is the fitness function of i atom

at t" iteration. Fity e (t) and Fit,,..s; (t) are expressed applying the following equations:

Fitpest(t) = 1ciy ny Fiti() (3.172)
Fityorse () = E{fz‘ff”N} Fit;(t) (3.173)
Step 5: Using Egs. (3.174) and (3.175), velocity and position of the atoms are continuously updated

vt +1) = rfvi(t) + al(t) (3.174)
xq(t+1) = x2(t) +vi(t+1) (3.175)

Step 6: Each atom must interact with as many atoms with better fitness values as its K neighbours to
improve exploration in the first step of iterations. The atoms need to interact with as few atoms with
superior fitness values as its K neighbors to maximize exploitation in the final step of iterations. As a
result, K gradually decreases with the number of iterations over time. The value of K can be computed
based on Eq. (3.176):

K@) =N—-(N-2)x \[g (3.176)

Algorithm 3.5.2: Pseudo-code of ASO
Initialize randomly a set of atoms X with velocity v, and Fity.s; = Inf
while the stop criterion is not satisfied do
for each object X; do
Compute the fitness value Fit;
if Fit; < Fitpes: then
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Fityess = Fit;
Xpest = Xi
end if
Calculate F; and G; using Egs. (3.165) and (3.167), respectively
Calculate a? (t) based on Eq. (3.169)
Calculate mass applying Egs. (3.170) and (3.171)
Calculate its K neighbours using Eqg. (3.176)
Update v (t + 1) employing Eq. (3.174)
Update x& (t + 1) using Eq. (3.175)
end for
end while
Find the best solution Xp.;

3.5.3 Nuclear reaction optimization

The NRO, presented by Wei et al. [264], is a new and powerful physics-based algorithm. It
mimics the two stages of a nuclear reaction, i.e. nuclear fusion (NFu) and nuclear fission (NFi). For
proper exploration and exploitation in NFi phase, respectively, the Gaussian walk and differential
evolution operators between the nucleus and neutron are utilized. In NFu phase, which comprises
ionization and fusion phases, variations of differential evolution operator are employed for exploration.
Furthermore, in every stage of NFu phase, random searching is employed to break out from the local
optima using variations on the Levy flight algorithm. When the two stages are combined, its capabilities
for exploration and exploitation is balanced [264]. It has the following steps:
Phase 1: Initialize population of the nuclei
In NRO algorithm, a uniformly distributed population of N nuclei is randomly formulated, and each
nucleus individual, X; (i€ {1,2,...,N}) is a D-dimensional vector. Equation (3.177) is employed to
initialize i™ nucleus in the population.
Xia = lbg +1;(uby — lby) (3.177)
where X; denotes the state of i nucleus in a closed volume, ub is the upper bound and lb, is the lower
bound of d"" variable in the search space.
Phase 2: Fission phase
Nuclear fission is converted into a mathematical model in NFi phase using a Gaussian walk to generate
new nuclei after nuclear fission. It is believed that heated neutrons can be produced by nuclear fusion

of two distinct random nuclei in the cycle between nuclear fission and fusion based on Eq. (3.178).

_ (XitX))

Nel-
2

(3.178)
where Ne; is the i heated neutron, and X; and X; denote i nucleus and j" nucleus, respectively.

Step 1: Two kinds of fission products occur when the odd nuclei undergo fission by absorbing hot
neutrons, i.e. primary fission and secondary fission (SF). The process of developing an SF product can
be simulated using Eq. (3.179) when rand < P s true, where Pz is the probability of 5 decay.

Xl-Fi = Gaussian(Xpest, 1) + (i X Xpest — Pre X Nej) (3.179)
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log(t
o1 = [ X 1X; = Xpest| (3.180)
P = round(r; + 1) (3.181)
where XF tis it fission product nucleus, X, is the present best nucleus and B,, is the mutation factor.

Step 2: According to an analysis of primary fission generation by an odd nucleus after absorbing a
heated neutron, primary fission can be modelled as follows:

XU = Gaussian(X;, 03) + (randn X Xpese — Pye X Ney) (3.182)
1

02 =[50 X 1%, — Kpest (3.183)

Poe = round(r; + 2) (3.184)

where X,. is randomly selected from the nuclei population that is different from i index of the current
nucleus X;, and randn denotes a normally distributed random number.

Step 3: The current nucleus’s information is preserved and originates from the Gaussian walk,
represented by Eq. (3.185).

Xt = Gaussian(X;, 0,) (3.185)
If the general fission process indicates that (primary fission); is a likely possibility, then NF; phase
assumes that there are two fission nuclei lighter than the initial heavy nucleus. Another possibility, Ps
can determine whether the fission would undergo £ decay.

Phase 3: Nuclear fusion

Depending on the reaction parameters, a nuclear fusion process can be classified as hot or cold. Hot
nuclear fusion often happens, when the nuclei are heated to the plasma state and the resulting heavier
nucleus can replace the original light nuclei. The NFu phase, which is further subdivided into ionization
and fusion phases, mainly contributes to exploration with regard to NFi phase for exploitation. The
NRO algorithm adopts the following steps:

Step 1: lonization

Initially, all nuclei are ordered based on their fitness ratings for the ionization stage. A uniform
distribution-based probability value is assigned to i"" nucleus as follows:

rank(fitx!"

Pai=
N

(3.186)
where fitXF! is the fitness value of X, rank(fitX") is the rank of i"" nucleus X/* among the other
nuclei in the population and N is the total number of nuclei.
For the current nucleus X/ in the fusion reaction population, if Pa; < rand, d" variable of X" is
ionized using Eqgs. (3.187) and (3.188).
=X (X - X)) <05 (3.187)
=X —n(Xf - X[),m > 05 (3.188)
where X{"},” denotes d™ variable of i™" ion after ionization, and Xffi, Xfli,d and szfd signify d"variables

of ith, rfhand " fission nuclei, respectively.

90



If Pa; < rand, more stable fission nuclei remain unionized by fission energy and undergo minimal or
no change. To enhance the exploitation performance, Xffl is modified by considering a narrow
disturbance based on Eqg. (3.189):

Ld = X[a + round(ry) X 1i(Xiorsta — Xbesta (3.189)
where X‘,ﬁérst_d is d" variable of the worst fission product nucleus.
Step 2: Fusion
For improved exploration, this process adopts variations of difference operators, much like the
ionization process. Prior to the fusion stage, all of the ions obtained during ionization are ranked
applying Eg. (3.190), similar to Eq. (3.186).

rank(fitx;°™)

PCi:
N

(3.190)

where Pc; is the probability value of i ion and rank(fitX/°™) is treated as the rank of i""ion in the
population.

The strong nuclear force causes the ions of two light nuclei to overcome the Coulomb repulsive force
and collide for fusion. Various strategies inspired by variations of difference operators are applied to
simulate fusion and collision to enhance the quality of exploration. The following equation expresses
how the fusion product takes place:

X = X m (el — Xj2%,) + r(Xlen — Xjoh,) — e morm O XA o (xlom — xlom) - (3.191)

where X[* is i" fusion product, Xif" and Xg’" respectively denote rf" and " ions, norm is a
population size-based norm, and ry and r are not the same. In Eq. (3.191), X/°™ serves as the foundation
for X[, the difference between X/°™ and X727, is considered in the second item, the difference between
X7o™ and X;o%, in the third item provides information on another part of fusion, and the difference
between Xﬁf”and Xg’” in the last item denotes capability of the ions to overcome the Coulomb repulsive
force.

The Coulomb force plays a crucial role in controlling the characteristic change of ions when they are
unable to resist it and fail to fuse together. If fusion does not take place, the Coulomb force may repulse
the opposite movement or reduce the approaching velocity. The corresponding mathematical models

are shown as below:

Xfu = xlon — 0.5 x [sin(Zn X freq Xt +m) X % + 1] (xfom — xlom),r; > 0.5 (3.192)
XF4 = xlom — 0.5 x [sin(2m x freq x t +m) x —+ 1] (X" = X[o"),1; < 0.5 (3.193)

where freq is the sinusoidal function frequency.

Step 3: Levy distribution strategy

The Levy distribution approach is applied in NFu phase to assist the solution in breaking out of the local
optimum. Owing to Levy flight’s benefit, a thorough search for Levy flight is adopted during fusion

and ionization stages. In Egs. (3.187) and (3.188) of the ionization stage, if szi,d = Xfé is true, the
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Levy flight strategy is defined using Eq. (3.195).
X19 = X5 + (a®Levy(B)) ,(X{§ — Xpisea (3.194)
where « is a scale factor whose value depends on the scales of the problem solved, ® is the entry-wise

multiplications, and Levy(p) is the Levy flight step size, described as below:

Levy(B) = -

T (3.195)
lv|B

where u and v are obtained from the normal distribution N (O, U;%) and N(0,a2), respectively. g, and

o, are defined as follows:

]1/3

r(1+p)sin("2
= [ a+R)sin(L) — (3.196)

(D) gxa(6-1/2
where T is a Gamma function, and o= 0.01 and = 1.5.
If szfd ;tijl, Egs. (3.188) and (3.189) are employed. During later period of iteration, due to

decreasing search step, it is possible that Xf = X{fést‘d. Therefore, another Levy flight is proposed in

Eq. (3.197).
0t = Xlg + (a®Levy(B)) ,(ubg — lby) (3.197)

For ionization stage in Eq. (3.189), to avoid getting stuck in local optimum, if X5t . ;= X[L. 4 is
true, Eq. (3.197) is utilized; otherwise, Eq. (3.189) is implemented.

In the fusion stage of NFu phase, if the condition of Xﬂf“ = Xﬂ;’" is likely to appear, the Levy flight
strategy is proposed as shown below:

XF = xlon 4 a@®Levy(B)®(X!™ — x}on, (3.198)

Algorithm 3.5.3: Pseudo-code of NRO

Setting: Ib, ub, N, D, IT

Initialize the nuclei population using Eq. (3.177) and estimate the fitness function;
while (t<IT) do

t=t+1;
/INFi phase
fori=1toNdo

Calculate neutron vector by Eq. (3.178);
Update population of fission products using Eq. (3.179), (3.182) or (3.185);
Verify the boundary and evaluate the fitness function for XiF i
Update X} with x%;
end for
/I NFi phase
/* lonization stage*/
Compute Pa applying Eq. (3.186);
fori=1toNdo
ford=1toDdo
Execute the Levy flight strategies by Egs. (3.194), (3.197) and (3.198), and
value of Pa;
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Update states of ions using Eq. (3.187), (3.188) or (3.189);
end for
Verify the boundary and evaluate fitness function for ion x/°™
Update X with x/°";
end for
/* Fusion stage */
Calculate Pc using Eq. (3.190);
fori=1toNdo
Execute the Levy flight strategy by Eqg. (3.198) and value of Pc;
Update population of fusion products using Egs. (3.191), (3.192) and (3.193);
Verify the boundary and evaluate the fitness function for X/%;
Update X/°™ with X%,
end for
end while
Output the best solution.

3.5.4 Electromagnetic field optimization

EFO is also a physics-based metaheuristic algorithm, proposed by Abedinpourshotorban et al.
[265]. It basically utilizes a ratio found in nature called the golden ratio and is motivated by the behavior
of electromagnets with varying polarities. A potential solution in EFO is an electromagnetic particle
composed of electromagnets, with the number of electromagnets equal to the number of variables in
the optimization problem. It operates on a population basis and the global optima is reached by the
particles in this algorithm, which divides the population into three fields, i.e. positive, negative and
neutral. The electromagnets in each of these fields experience attraction and repulsion forces. Particles
can converge quickly and effectively when the ratio of attraction to repulsion forces is determined by
the golden ratio. It has several benefits, such as good search space, manageable programming and
implementation, efficiency in obtaining global optima, and acceptable convergence and execution time
[266]. It has the following application steps:
Step 1: Initialization

Equation (3.199) is employed to generate population of the electromagnetic particles (EMPs).
Each particle is randomly generated between the upper (UB) and lower (LB) bounds of the search space,
after which the fitness values of all the EMPs are evaluated and they are sorted according to their fitness
values in descending order. In EFO, an EMP created by N_var is referred to as a solution, where N_var
is the number of electromagnets of EMP (problem variables).
EMP} = 1b +1;(UB — LB) (3.199)
where j=1,...,N_var,and i = 1,...,Ngpyp.
Step 2: Classification
In this stage, the EMPs are classified into three groups, i.e. positive field (P_field), negative field
(N_field) and neutral field (Nt_field), depending on their polarities. Here, positive field contains a

portion of the population having the best fitness, negative field consists of a portion of the population
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with the worst fitness, and neutral field contains a small portion of the remaining EMPs. In Egs. (3.200)-

(3.202), the classification process of the EMPs is explained.

P; = 1;(1, | Ngmy % P_field|) (3.200)
N; = 1;(|Nemp(1 — N_field), Nemyp|) (3.201)
Nt; = 1;([Nemp % P_field], [Nemy, (1 — N_field)]) (3.202)

where Ny, is the number of EMPs in the population, and P;, N; and Nt; are the index of a random
particle from the positive field, negative field and neutral field, respectively.

Step 3: New particle candidate generation

In this step, a new EMP is generated and its fitness is assessed. The new EMP is introduced into the
population if its fitness exceeds that of the worst existing EMP. Based on the inserted EMP’s position
in the sorted population, the corresponding group and polarity are established. Additionally, to maintain
an equivalent amount of EMPs, the worst EMP is removed from the population.

The probability of choosing electromagnets of the generated particle from the positive field (Ps_rate)
is compared against a randomly generated number. The new electromagnet is created using Eq. (3.203),

if this random number is smaller than Ps_rate.
EMPN®¥ = EMP (3.203)
Otherwise, the new electromagnet is created based on Eq. (3.204).
New __ Nt; Pj _ Nt; _ . Nj _ Nt;j
EMPY" = EMP"" + (go x 1, x (EMP”) — EMP, )) (rl x (EMP" - EMP, )) (3.204)

where ¢ is the golden ratio.

Step 4: Randomization

The randomization step involves changing only one electromagnet of the generated EMP with a random
electromagnet within its boundary as follows:

EMPZPY = 1b + r;(UB — LB) if r; <R_rate (3.205)
where RI indicates an integer counter to denote the index of the electromagnet selected for
randomization. Its value is initially set as 1 or any value between [1, N_var], and is increased by 1 after
each randomization. When its value reaches its upper limit N_var, it is again set to 1. Here, R_rate
denotes the probability of changing one electromagnet by another.

The above explanations make clear that many EMPs collaborate to create a new EMP which is a crucial
aspect of EFO algorithm [267, 268].

Algorithm 3.5.4: Pseudo-code of EFO
Input: N_var, Nemp, P_field, N_field, R_rate, Ps_rate, ¢
Initialization of the field of a random electromagnet
for i =1 to Nemp do
for j=1to N_var do
calculate EMP using Eqg. (3.199)

EMPN®" = EMP}
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end for
fitt = f(EMPNe™)
end for
while
fori=1toN_var do
Calculate P;, N;and Nt; using Egs. (3.200), (3.201) and (3.202), respectively
if (r; < Ps_rate) then
Use Eq. (3.203) to generate the new electromagnet
Else
Use Eq. (3.204) to generate the new electromagnet
end if
If (EMPN®Y > ub or EMPNY < Ib then
EMP!®” = b + 1;(UB — LB)
end if
end for
if (r; <R_rate) then
EMPR?” = b + 1;(UB — LB)
if (R > N_var) then
RI=1
end if
end if
New_fit = f(EMPNeW)
if (New_fit < worst(fit)) then
Insert in the sorted population based on fitness (EMPNeW)
end if
end while
return

3.5.5 Gravitational search algorithm

Based on the laws of physics (inspired by the ideas of mass and gravity), Rashedi et al. [269]
developed GSA as a revolutionary nature-inspired optimization technique. In this algorithm, each object
in the system attracts every other object through the force of gravity, and the agents are assumed as
distinct objects with certain masses. An objective function is considered to calculate the mass of each
agent, and each agent’s position provides a potential solution to the problem [269]. Attraction between
the objects causes a global movement towards the heavier mass objects. The heavier mass objects
correspond to good solutions, move slowly than the lighter mass objects, ensuring exploitation step of
this algorithm. Numerous GSA variations have been proposed till date, and most of them have been
inspired by the ideas connected to gravity, like astronomy and relativity [270]. GSA has a number of
advantages, including its suitability for nonlinear optimization problems, ease of implementation, high
precision results and capacity for adaptive learning. However, it has also some drawbacks, like inability
to search quickly at the last stages of iteration, high computational time and cost, and tendency to
become stuck in local minima [57]. The procedural steps of this algorithm are stated as below:

Define the position of i agent in the search space considering a system with N agents.
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X, =(xt... X%, X)) fori=1,2,...,N (3.206)
where X is the position of i agent in d dimension and n is the problem’s dimension.

All the agents are first randomly placed in the search space. The gravitational force exerted on mass i
from mass j at a given time ty, over all iterations, is defined as follows:

Mypi(t) XM qj(tm)
F(tm) = Gty) =S (X (1) = X () (3.207)

Rij(tm)+e
where G (t,,) is a gravitational constant at time tm, M,,; is the passive gravitational mass associated with
i agent, M, is the active gravitational mass associated with j™ agent, R;;(t,,) is the Euclidian distance
between two agents i and j, and ¢ is a small constant.

The following two equations are employed to determine the Euclidian distance and gravitational

constant between two agents, i and j:
G(ty) = Gy X exp (—a X %) (3.208)

Rij(tm) = ||Xi(tm), X; (tm) || (3.209)
where G, is the initial gravitational constant and « is the coefficient of decrease.

In the problem space, the total force acting on agent i in d-dimension is the randomly weighted sum of
d™ components and is calculated using the following equation:

F(tn) = Z?’:l,j#—'irijFi? (tm) (3.210)
where T is a random number between [0,1].

To improve the performance of GSA, only the Kpest agents would attract the others in order to control
exploration and exploitation. Kpest is a function of time, starting at a value of Ko and decreasing over
time. It signifies that all the agents apply force at the beginning, but with time, Kyest decreases linearly,
and at the end, only one agent would exert force on the others. As a result, Eq. (3.210) can be changed

as follows:

F(tm) = ZjeKbest,jatirijFi? (tm) (3.211)
where Kpest is the initial K agent with the best fitness value and highest mass.

This algorithm also considers Newton’s law of motion, which states that a mass’s acceleration is
proportional to the applied force and inverse to its mass. As a result, the acceleration of each agent can

be determined as follows:

al(ty) = % (3.212)
where a is the acceleration of agent i at time tn and M; is the inertial mass of agent i.

The agent’s velocity and position are respectively calculated using Egs. (3.213) and (3.214):

vty +1) =1, X vE(ty) + al(ty) (3.213)
Xty + 1) = X2 (tp) + vty + 1) (3.214)

The fitness evaluation makes it simple to calculate the masses owing to inertia and gravity. A heavier

mass indicates higher efficiency of an agent. As a result, better agents move more slowly and have
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higher attraction. The mass values are obtained applying the map of fitness, assuming that the
gravitational and inertia masses are equal. The gravitational and inertial masses can be updated using

the following expressions:

Mai = Mpi = Mii = Mi' i = 1, 2, ..... ,N. (3215)
__ fiti(tm)—worst(ty)

m;(tm) = best(t;,)—worst(ty) (3.216)
_ mi(tm)

M;i(tn) = S my () (3.217)

where fit;(t,,) is the fitness value of i agent at time tn». On the other hand, worst(t,,) is the weakest
agent at time t, and best(t,,) is the fittest agent at time ty, which can be defined as follows (for
minimization problem):

best(t,,) = jer{rlunN}fltj(tm), worst(ty) = jer{r}f:.l..),(N} fit;(tm) (3.218)

.....

best(t,,) = jEr{r}?.},(N}fltj(tm)' worst(ty,) = je?ll'l"r”lN} fit;(tm) (3.219)

Algorithm 3.5.5: Pseudo-code of GSA
Input: Let N search agents and a gravitational constant G
Initialization: Generate a random population of objects using Eq. (3.206)
while
Evaluate the fitness of all agents
Update G(t,,) by Eg. (3.208)
Calculate M;(t,,) using Eq. (3.217)
Calculate F2(t,,) and al (t,,) applying Egs. (3.211) and (3.212)
Update viand X& using Egs. (3.213) and (3.214)
end while
Return gpest
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4. OPTIMIZATION OF A TURNING PROCESS USING HUMAN-INSPIRED
METAHEURISTIC ALGORITHMS

The optimization of machining operations has gained significant attention due to its potential to
enhance productivity, reduce costs and improve surface quality. This research work focuses on
optimization of the turning operation on AISI 6061-T6 aluminum using five human-inspired
metaheuristic algorithms, i.e. TLBO, SAR, TOA, HCO and QSA. Comparative studies are also
performed to evaluate their performance with reference to accuracy and variability of the solutions, rate
of convergence and computation time. The study utilizes the past experimental data of Camposeco-
Negrete [271] to optimize three turning parameters, i.e. SS, FR and DOC. The procedural steps for
parametric optimization of the said turning operation are depicted in Figure 4.1, through a flow diagram.
To intensify the comparison, the results of Friedman’s mean rank test and Wilcoxon rank sum test are
also considered. The corresponding Pareto optimal front for the best human-inspired metaheuristic is
developed to obtain the distinct parametric settings along with development of the related parallel plot
to simplify identification of the optimal response values. Additionally, the corresponding SP and HV
values are examined to pick out the best performing human-inspired algorithm. While the ‘no free
lunch’ theorem [191] implies that no method can successfully manage all the optimization problems, it
is advisable to gauge performance of a cluster of metaheuristics proposed on the basis of similar guiding
principle and identify the one excelling over its competitors with reference to some specific evaluation

criteria.

[ Selection of turming experimental data l

¥

Objective function
Development of second-crder equations for all the
responses using RS,

!

Optimization using physics-based algorithms

= ES A B [EE

| Rmallihezlgucriﬂlmsﬁnﬂﬂﬁm.esn‘iﬂi]ﬂﬁila:ﬁms|
Single-objective Nulti-objective
optimization optimization

—

(Uzing WSMMO Pareto-optimal
approach front

v L_"_'

Comparison among the five human-
inspired algorithms

resulis trart tme
i
o === - - - - - ———.
I Non-parametric tests Comparison with Two quality | !
!'la Friedman’= mean rank test GA, PSO, GWO, metrics (5P :
: fo. Wilcoxon rank-sum test 54 and DE and HWV) 1
' — |
\ Walidation 1
B e e e e e e e o e o o e o o o — -
| Selection of the best optimizer |

Figure 4.1 Flow diagram for optimization of the turning process
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All the related Python codes are developed in Spyder (Anacoda-3), and executed on a Windows
10 Pro system using an Intel® Core™ i3-6006U CPU (2.00 GHz) and 4 GB RAM platform. Each of
the algorithms is independently run 30 times, using a population size of 50 and 100 iterations per run.
In total, 3000 trials (30 runsx100 iterations) are conducted to perform the analysis. The findings of this
work contribute to the selection of an ideal algorithm for the said turning operation, improving
machining efficiency and performance.

Camposeco-Negrete [271] performed 20 turning experiments based on a CCD plan, including
eight factorial points, six axial points and six center point replications, on AISI 6061-T6 aluminium,
considering three input parameters, i.e. CS (x1) (in m/min), FR (x2) (in mm/rev) and DOC (x3) (in mm);
and three responses, i.e. SCEC (J/mm?), SR (um) and MRR (mm?¥/s). The experiments were conducted
while setting values of the three turning parameters at five distinct levels, i.e. CS {266, 300, 350, 400,
434 m/min}, FR {0.12, 0.15, 0.20, 0.25, 0.28 mm/rev} and DOC {0.66, 1.00, 1.50, 2.00, 2.34 mm}.
After every turning experiment, the power consumption was monitored using a LabVIEW interface at
intervals of 0.1 sec, while the corresponding SR values were reported utilizing an SJ-201 Mitutoyo
surface roughness tester. It is important to note that SR and SCEC are ‘smaller-the-better’ responses,
but MRR is a ‘larger-the-better’ response. Experimentally, it was shown that FR had been the most
significant parameter in minimizing both SCEC and SR, and minimum SCEC values could only be
achieved at lower CS, and higher FR and DOC. On the other hand, a lower SR could be obtained with
smaller FR values, while CS and DOC had negligible influences on SR. Larger settings of all the input
variables would contribute to maximum MRR [271]. After combining RSM with DFA, Camposeco-
Negrete [271] observed that the optimal combination of various turning parameters as CS = 434 m/min,
FR = 0.14 mm/rev and DOC = 2.3 mm would provide the maximum values of MRR, and minimum
values of SCEC and SR as 2329.13 mm?/s, 84.48 J/mm? and 0.86 pm, respectively. The following
second-order equations for the responses were formulated employing Design Expert software (Version
13.0), which would be later employed as the objective functions while working out the single- and
multi-objective optimization problems related to the said turning process using five human-inspired
metaheuristic algorithms.

Y(MRR) = 1750 + 583.33xx; + 437.5xx, + 250%x3 + 145.83%x1XX; + 83.33XX1XXs + 62.5%X2X3 —

0.0000000000000621xx;>— 0.0000000000000986xx.> — 0.0000000000000902 % x5 (4.1)
Y(SR) = 4.123 — 0.044xx; + 1.146xx2 — 0.016xx3 + 0.003xxX1X2 + 0.004xX1X3 — 0.032%X2X3 — 0.04%X1%—
0.082xx,? + 0.006xx3? 4.2)
Y(SCEC) = 98.59 — 79.95xX; — 45.45xxX, — 4.27%X3 + 24.66XX1Xp + 2.33%XX1X3 + 2.2XXoX3 + 37.72%X% +
9.81xx,? — 0.33%X3? (4.3)

While performing the turning operation on AISI 6061-T6 aluminium and developing the
corresponding regression equations, it would also be wise to study the possible interactions between the
considered input parameters. In the developed interaction plots, as shown in Figure 4.2, parallel lines

indicate no interaction between the turning parameters, while non-parallel lines with higher slope
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suggest stronger interactions. For MRR and SCEC responses, the interaction plots reveal significant
interactions between DOC and FR, as well as between FR and CS for SCEC and SR responses. Marginal
interactions are noticed between DOC and FR, and DOC and CS for SR, whereas, DOC and CS are
found to be nearly independent parameters for MRR and SCEC responses. Additionally, no significant

interactions are evident between FR and CS for MRR response.
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Figure 4.2 Interaction plots between the turning parameters

Sensitivity analysis play a key role in evaluating and enhancing a model, thereby improving its
reliability and interpretability. In the context of metaheuristic-driven optimization of the considered
tuning operation, it helps to identify the most influential input parameter, investigate the effects of DOC,
FR and CS on the responses, and refine the model for better performance. Based on the approach
proposed by Ragavendran et al. [272], sensitivity analysis studies are performed and the derived results
are presented in Figures 4.3-4.5. From Figure 4.3(a), it is noted that the sensitivity of DOC on MRR is
always positive and remains unaffected at its varying values. On the other hand, SCEC increases with
higher DOC values. However, for SR, an increase in DOC results in a reduction in its sensitivity. In
Figures 4.3(b) and 4.3(c), the sensitivity of DOC on MRR and SR increases with higher levels of both
FR and CS. For SCEC, the sensitivity of DOC also increases with an increase in FR parameter, but

remains negative and unaffected by changes in CS.
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The sensitivity of FR on MRR, SCEC and SR is illustrated in Figure 4.4. Figure 4.4(a) reveals
that the sensitivity of FR on MRR and SCEC gradually increases, while the sensitivity on SR remains
constant at higher values of DOC. In Figure 4.4(b), the sensitivity of FR on MRR is positive and remains
unaffected by changes in DOC; whereas, the sensitivity on SCEC increases and that on SR decreases at

higher FR levels. It is observed from Figure 4.4(c) that the sensitivity of FR on MRR increases, the

Figure 4.3 Results of sensitivity analysis with respect to DOC

sensitivity on SR decreases, and the sensitivity on SCEC remains constant as CS increases.
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Figure 4.4 Results of sensitivity analysis with respect to FR
In Figure 4.5(a), the sensitivity of CS on MRR, SCEC and SR gradually increases as DOC

increases. In Figure 4.5(b), the sensitivity of CS on MRR and SCEC increases with higher values of

FR, while the sensitivity on SR decreases as FR increases. On the other hand, Figure 4.5(c) portrays
that the sensitivity of CS on MRR is positive and remains unaffected by changes in CS; whereas, the
sensitivity on SR increases and the sensitivity on SCEC decreases with increase in CS.
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Figure 4.5 Results of sensitivity analysis with respect to CS
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4.1 Single-objective optimization of the turning process

Now, treating the aforementioned RSM-based equations as the objective functions, with lower
and higher settings of the turning parameters as minimum and maximum limits of the design variables,
respectively, each of the three responses is individually optimized using the five considered algorithms.
The corresponding constraints are thereby treated as the working levels of the three turning parameters,
1.. 266 m/min < X1 <434 m/min, 0.12 mm/rev < X2 < 0.28 mm/rev and 0.66 mm < X3 < 2.34 mm. Results
of the single-objective optimization are exhibited in Table 4.1, which also contrasts the relative
performance of the adopted algorithms.

Table 4.1 indicates that these metaheuristics provide considerable enhancements in the response
values, like MRR (18.39-27.08%), SR (34.53-36.40%) and SCEC (28.52-31.16%), as compared to
those recorded by Camposeco-Negrete [271]. TLBO, SAR and QSA derive the optimal values of SCEC
and SR as 58.154 J/mm? and 0.547 um, respectively, which are better than those obtained using TOA
and HCO. The maximum MRR is achieved at the optimal combination of the turning parameters,
specifically as CS = 434 m/min, FR = 0.28 mm/rev and DOC = 2.34 mm. TLBO, TOA, HCO and QSA
can identify its global maximum value as 2959.80 mm?®s. The results of single-objective optimization
indicate that TLBO and QSA can provide the optimal values of all the considered responses.

Table 4.1 Solutions of the single-objective optimization problem

Turning parameter 0
gp Mean SD o

Optimizer Response Optimum .
X1 Xp X3 improvement

Camposeco-| MRR (mm?s) | 2329.13
Negrete | SCEC (J/mm?)| 84.48 | 434 |0.14 | 2.3 - - -
[271] | SR (um) 0.86
MRR (mm?s) | 2959.80 | 434 |0.28 | 2.34 | 2943.17| 51.454 27.08
TLBO SCEC (J/mm®)| 58.154 | 266 |[0.28 | 1.8 58.34 | 0.534 31.16
SR (um) 0.547 266 |0.12 | 2.34 0.55 0.007 36.40
MRR (mm?®/s) | 2757.46 | 395 |0.27 | 2.03 | 2740.00| 44.690 18.39
SAR SCEC (J/mm®)| 58.154 | 266 [0.28 | 1.8 58.46 0.755 31.16
SR (um) 0.547 266 |0.12 | 2.34 0.55 0.008 36.40
MRR (mm?®/s) | 2959.80 | 434 |0.28 | 2.34 | 2933.00| 71.370 27.08
TOA SCEC (J/mm?®)| 60.370 |311.20.27 | 1.83 60.52 0.494 28.54
SR (um) 0.559 266 |0.12 | 0.66 0.565 0.016 35.00
MRR (mm?%s) | 2959.80 | 434 |0.28 | 2.34 | 2934.62| 65.200 27.08
HCO SCEC (J/mm?®)| 60.390 |307.8|0.28 | 1.78 60.56 | 0.510 28.52
SR (um) 0563 | 317 [0.12| 197 | 057 | 0.017 34.53
MRR (mm?%s) | 2959.80 | 434 |0.28 | 2.34 | 2936.60| 55.126 27.08
QSA SCEC (J/mm?®)| 58.154 | 266 |[0.28 | 1.8 58.34 | 0.540 31.16
SR (um) 0547 | 266 |0.12 | 2.34 | 055 | 0.007 36.40

Figure 4.6 plots the convergence diagram of each of the algorithms for the considered responses.
Except SAR, TOA and HCO, the other algorithms (TLBO and QSA) show rapid progress towards the

corresponding optimal solutions after only a few iterations. The convergence behaviors of TLBO and

103



QSA are almost same for all the responses. These convergence diagrams primarily prove the superiority
of TLBO over the other algorithms in achieving the optimal solutions with least number of iterations.
With respect to the speed of convergence, both HCO and TOA perform the worst, showing poor
advancement towards the optimal solutions.
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Figure 4.6 Convergence diagrams for the human-inspired metaheuristic algorithms

Figure 4.7 exhibits the box plots combined with data density diagrams illustrating the distribution
and variability of the responses against the five algorithms, and also validating supremacy of TLBO
across its competitors with reference to the achieved solutions. Box plots can effectively showcase
reproducibility of the results attained from the optimization algorithms. In these box plots, data density
estimation is contemplated to describe shape of the distribution for each response. The narrow portion
of a box plot highlights less probability, while a thicker portion indicates high probability that an
algorithm can identify the achieved value as the optimal, which is located nearer to the mean. In Figure
4.7, as compared to other algorithms, TLBO has a relatively compact distribution with small ranges and
few outliers. Its corresponding box plots exhibit narrow interquartile ranges, indicating lower
variability, while the data density estimations show denser concentration of data around the median,
reflecting consistency in the derived solutions. Similarly, QSA also has narrow interquartile ranges with
less outliers. However, its data density estimations show slightly more variation in the data spread

compared to TLBO. Overall, both TLBO and QSA demonstrate consistent performance with minimal
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variability, while TOA and HCO have maximum variability with large number of outliers.
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Figure 4.7 Developed box plots for the human-inspired metaheuristic algorithms

Table 4.1 shows that single-objective optimization derives entirely conflicting settings of the
turning parameters in deriving the higher MRR, and lower SR and SCEC values, rendering it infeasible
to attain in a single turning setup. It takes into account only one individual response at a time, while
multi-objective optimization can search out a distinct combination of the turning parameters that can
simultaneously optimize all the responses, fulfilling the objectives of both process economy and better
surface quality. Figure 4.8 depicts the mean computation time for the three responses using five human-
inspired metaheuristics, in the context of single-objective optimization. It reveals that TLBO, TOA,
HCO and QSA are computationally efficient optimizers. Thus, on the basis of the solution quality,

average computing time and effort of convergence, TLBO outperforms the other considered human-
inspired algorithms.
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Figure 4.8 Mean computing time for single-objective optimization
4.2 Multi-objective optimization of the turning process
In single-objective optimization, each technique identifies different parametric settings for each
of the responses, making it challenging to maintain in real scenarios. To overcome this problem,
concurrent optimization of all the responses is necessary, ensuring a unique mixture of the turning
parameters. In this research work, the WSMO model is initially applied, followed by framing of the
related Pareto optimal front. The corresponding multi-objective function for WSMO is developed as

follows:

1XY(MRR) | w,XxY(SR) = w3XY(SCEC)
MRRpax SRmin SCECmin

Min (Z) = [— w (4.4)
where Y(MRR), Y(SR) and Y(SCEC) represent the RSM-based equations for MRR, SR and SCEC,
respectively; MRRmax, SRmin and SCECnin are the results based on single-objective optimization for
MRR, SR and SCEC, respectively; and w1, w, and ws are the weights allocated to MRR, SR and SCEC,
respectively (sum of these weights must be equal to one). However, in WSMO approach, values of the
best solutions largely depend on the weights allocated to the responses. If the relative importance of the
responses is unknown, treating them with equal importance may be reasonable. However, in practical
applications, the importance of the responses may differ based on specific requirements. Table 4.2
outlines the results of multi-objective optimization of the said turning operation. Intriguingly, all the
five human-inspired algorithms achieve better response values compared to those recorded by
Camposeco-Negrete [271]. Among them, TLBO and QSA supersede SAR, TOA and HCO in
maximizing MRR, and minimizing SR and SCEC. To concurrently optimize all the responses, it is
advisable to set the ideal parametric combination as CS = 434 m/min, FR = 0.17 mm/rev and DOC =
2.16 mm. A comparative analysis reveals that almost all the algorithms result in similar improvement
of 26.63% in SR (16.28% for HCO). For MRR, the performance improvement ranges from 6.03% to
15.03%, while for SCEC, TLBO and QSA show the maximum improvement of 23.27% against the
observations of Camposeco-Negrete [271]. To address the dependency issue of response weights in
WSMO approach, the related 3D Pareto optimal front is developed for TLBO technique, as depicted in

Figure 4.9. Pareto optimality implies that no feasible solution is strictly superior in all objectives while
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being at least as good in one objective compared to other solutions in the Pareto set. The shape and
spread of the Pareto front demonstrate how efficiently TLBO explores the solution space, highlighting
the necessary trade-offs while simultaneously optimizing all the responses. In this plot, red points in the
lower portion and green points in the upper portion represent non-dominated solutions, forming the
Pareto optimal front. These solutions reflect the best possible trade-offs between the three objectives,
further validating effectiveness of TLBO. The ‘Optimal point’, marked in black on the Pareto front,
highlights the best compromised solution.
Table 4.2 Multi-objective optimization results

Optimizer Response | Optimum Min | Turning parameter . %
z X1 Xy X3 improvement
Camposeco-| MRR (mm?¥s) | 2329.13
Negrete | SCEC (J/mm?®) | 84.48 - 434 1014 | 23 -
[271] SR (um) 0.86
MRR (mm?®s) | 2679.1 15.03
TLBO | SCEC (J/mm®) | 64.820 |0.332| 434 | 0.17 | 2.16 23.27
SR (pum) 0.631 26.63
MRR (mm®/s) | 2590.98 11.24
SAR SCEC (J/mm?®) | 65.510 |0.333| 434 | 0.2 2.1 22.46
SR (pum) 0.631 26.63
MRR (mm?®s) | 2469.57 6.03
TOA SCEC (J/mm?®) | 68.730 |0.334| 432 | 0.24 | 2.02 18.64
SR (pum) 0.631 26.63
MRR (mm?/s) | 2504.35 7.52
HCO SCEC (J/mm?®) | 70.190 [0.336| 429 | 0.23 | 2.01 16.92
SR (um) 0.720 16.28
MRR (mm?®s) | 2679.1 15.03
QSA SCEC (J/mm?®) | 64.820 |0.332| 434 | 0.17 | 2.16 23.27
SR (um) 0.631 26.63

The parallel plot designed for TLBO algorithm, as shown in Figure 4.10, analyzes the impact of
different parametric settings on the responses and their possible interactions. A parallel plot uses
multiple lines, each line representing a data point moving across various dimensions (input parameters
and responses). It visually demonstrates how different parameter values affect the optimization
objectives, aiding in identification of the ideal settings leading to the optimal response values. It
reiterates that to maximize MRR (2679.1 mmd/s), and minimize SCEC (64.82 JJmm?®) and SR (0.631
um), the specific combination of CS = 434 m/min, FR = 0.17 mm/rev and DOC = 2.16 mm should be

the optimal choice, while performing turning operation on AlSI 6061-T6 aluminium work material.
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Figure 4.9 3D Pareto optimal front for TLBO algorithm
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Figure 4.10 Parallel plot for TLBO algorithm
Figure 4.11 compares the average computation time based on 30 independent runs of the five
human-inspired metaheuristics, while resolving the corresponding multi-objective optimization
problem. According to the mean computing time, these algorithms can be rated as TLBO > HCO >

TOA > QSA > SAR, with TLBO excelling in successfully picking out the optimal combination of the

turning parameters with minimal computational effort.
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Figure 4.11 Mean computing time for multi-objective optimization
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4.3 Performance analysis

As mentioned earlier, this study adopts HV and SP [273] as the two quality metrics to assess the
performance of the five human-inspired metaheuristics. Table 4.3 provides their values. It is important
to note that lower SP and higher HV values represent superior performance of an algorithm. Table 4.3
exhibits the best values of HV and SP, expressed in bold letters. Therefore, on the basis of these metrics,
it can be concluded that TLBO has an imposing performance, excelling over its other competitors, and
reveals its superb ability in resolving high-dimensional optimization problems.

Table 4.3 HV and SP values

Algorithm | TLBO | SAR | TOA | HCO | QSA
HV 126.34 | 125.72 | 124.59 | 123.90 | 125.98
SP 22.24 | 2249 | 2297 | 2351 | 22.43

To critically assess performance of the five optimization algorithms, the Friedman’s mean rank
test [274] is conducted, as depicted in Table 4.4, with 1% significance level to appraise the statistically
significant deviation between TLBO, and TOA, QSA, HCO and SAR optimizers. According to the
results presented in Table 4.4, it is proved that TLBO outperforms others across all the considered
responses, while HCO exhibits the worst performance.

Table 4.4 Friedman’s mean rank test results

Algorithm | Response | TLBO SAR TOA HCO QSA
Average 2943.17 | 2739.63 | 2933.35 | 2934.62 | 2936.62
Rank sum MRR 228 500 264 258.5 249.5
Average rank 2.28 5 2.64 2.585 2.495
Rank 1 5 4 3 2
Average 0.5492 | 0.5503 | 0.5650 | 0.5698 | 0.5494
Rank sum SR 184 220 400 500 196
Average rank 1.84 2.2 4 5 1.96
Rank 1 3 4 5 2
Average 58.3371 | 58.4630 | 60.5245 | 60.5577 | 58.3440
Rank sum SCEC 185.5 219 400.5 499.5 195.5
Average rank 1.855 2.19 4.005 4,995 1.955
Rank 1 3 4 5 2

Finally, to justify the meaningful difference between TLBO and other algorithms, Wilcoxon rank
sum test [275] is also carried out with 1% significance level. The results, presented in Table 4.5, unveil
that there is a notable difference between TLBO and its other competitors. The Wilcoxon rank sum test
results are denoted as either significantly superior performance (+) or inferior performance (-) when
comparing TLBO against the other algorithms. Table 4.5 provides the sum of negative ranks (R-),
positive ranks (R+) and p-values calculated for the pair-wise comparisons with respect to TLBO

algorithm.
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Table 4.5 Results of the Wilcoxon rank-sum test

TLBO vs SAR TOA | HCO QSA
R+ 142 120 136 150
R- MRR 11 24 18 3

p-value 1.00E-05 | 0.0032 | 0.0022 | 0.0025
R+ 210 280 156 78
R- SR 27 38 14 2

p-value 0.0004 | 0.0021 | 0.0016 | 0.00111
R+ 190 172 212 55
R- SCEC 34 46 28 13

p-value 0.0071 | 0.0019 | 0.0030 | 0.00256

4.4 Results and discussion

This study investigates application of five human-inspired algorithms for parametric optimization
of turning operation on AlSI 6061-T6 aluminium work material. They achieve improvements ranging
from 18.39 to 27.08% for MRR, 34.53 to 36.40% for SR, and 28.52 to 31.16% for SCEC in single-
objective optimization; and 6.03 to 15.03%, 16.28 to 26.63%, and 16.92 to 23.27% improvements for
MRR, SR and SCEC, respectively in multi-objective optimization, compared to the results reported by
Camposeco-Negrete [271]. Among these algorithms, TLBO consistently delivers the best results,
proving to be most efficient in both single- and multi-objective optimization of the said turning process.
In single-objective optimization, it attains the optimal values of 2943.17 mm?/s for MRR, 0.55 um for
SR and 58.34 J/mm?® for SCEC. Furthermore, in multi-objective optimization, the corresponding
optimal values are 2679.1 mm®/s, 0.631 um and 64.82 J/mm? for MRR, SR and SCEC, respectively, at
the best possible parametric combination of CS = 434 m/min, FR = 0.17 mm/rev and DOC = 2.16 mm.
TLBO also excels over the others with reference to speed of convergence and computing time. For
multi-objective optimization, it takes just 2.6 sec to find out the global optimal solution, reducing the
runtime by 119.55, 46.24, 39.47 and 77.82% against SAR, TOA, HCO and QSA techniques,
respectively. Its superiority is further confirmed using SP and HV values, and validation through
Friedman’s mean rank and Wilcoxon rank sum tests.

In order to validate supremacy of the human-inspired metaheuristic algorithms in solving
complex parametric optimization problems, their performance is now contrasted across several
benchmark functions, like Rosenbrock, Ackley, Griewank, Levy, Scahffer 2, Bohachevsky 1, six hump
camel and Goldstein price, as exhibited in Table 4.6. It can be interestingly noticed that all the
algorithms under consideration are able to provide satisfactory solutions for all the benchmark

functions, while showcasing slightly superior performance of TLBO and QSA techniques.
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Table 4.6 Comparison of performance of the human-inspired algorithms across different benchmark

functions

. . . Avg.
Benchmark function Dim | Algorithm fmin time
Rosenbrock: TLBO |[2.78E-06 | 3.6
n-1 SAR 0 4.66
Fi(x) = Z[loo(xm —xP)? + (x; — 1)?] 30 | TOA [0.00013 | 3.85
i=1 HCO | 934.35 | 4.23
QSA [2.28E-05| 3.9
Ackley: TLBO |3.55E-15| 3.95
& SAR 0 6.17
Fo(x) = —20exp| —0.2 Z cos(2nxi)> 30 | TOA 0 4.44
ne HCO |0.00014 | 4.85
1204 QSA 0 4.92
Griewank: TLBO [2.16E-05]| 2.9
%, SAR 0 4.86
F5(x) 40002 HCOS( l.) +1 30 | TOA 0 3.3
HCO | 0.0011 | 4.97
QSA 0 4.56
Levy: TLBO [1.35E-31]| 4.2
- SAR [1.35E-31] 5.37
F,(x) = 0.14sin“(3mx,) TOA 0.039 79
HCO 0.029 | 4.8

+ Z(xi — 1?1 + sin®?(Bnx; + 1)]

i=1 30
+ (= DP[1 + sin®(2mxy)] QSA  |1.35E-31 | 4.64
n
+ z u(x;,5,100,4)
Scahffer 2: TLBO |3.90E-14 | 2.72
o, SAR 0 |548
Fy(x) = 05 + ((sm(z x2))? — 0.5) x (1 4 | ToA 301
=) HCO |1.01E-09 | 4.7
+0001 () x2)7 QSA 0 | 459
i=1

Bohachevsky 1: TLBO 0 3.77
D SAR 0 5.36
Fs(x) = (Z [x? + 2x%, — 0.3 cos(3mx;) — 0.4 cos(4mxi41) | 30 | TOA 0 4.65
i=1 HCO 2.1 4.7
+0.7] QSA 0 4.85
Six hump camel : TLBO -1.03 3.65
o SAR -1.03 | 4.77
F7(x) = ZS”" (x;) [ — exp(= Z’C ) 5 | TOA | -1.03 | 428
=1 n =t HCO |11078.8 | 4.9
x exp [ z sin®y/|x; ] QSA | -1.03 | 412

i=1
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Table 4.6 Contd.

Goldstein price: TLBO 3 3.67
Fa(x) = [1+ (x; + x5, + 1)2(19 — 14x; + 3x% — 14x, + 6x;x, SAR 3 5.33
+3x3)] 30| TOA 488 | 4.54

+ 48x, — 36x,x, + 27x2)] OSA 3 A; 5

To highlight the differences between TLBO and its other competitors, Table 4.7 contrasts its
performance for both single- and multi-objective optimization, focusing on percentage improvements
in the response values and mean computing time. It depicts superior or same results across all the
responses. For single-objective optimization, it performs similarly to SAR and QSA for SCEC and SR,
while TOA, HCO and QSA for MRR. In multi-objective optimization, QSA shows comparable
performance to TLBO across all the responses. However, TLBO significantly outperforms its
competitors in terms of average computation time. Overall, the findings suggest that higher CS,
moderate FR and moderate-to-higher DOC values would result in concurrent optimization of all the
responses, with TLBO emerging as the most efficient technique.

Table 4.7 Percentage improvements of the responses and computing time for TLBO across its
competitors
Optimizer | SAR | TOA [ HCO | QSA | SAR | TOA [ HCO | QSA

Technique Single-objective Multi-objective
MRR 6.84 0 0 0 329 | 7.82 | 6.52 0
SR 0 22 | 2.92 0 0 0 14.1 0
SCEC 0 3.81 | 3.84 0 1.06 | 6.032 | 8.28 0
Time 106.275 | 30.62 | 42.6 | 67.28 | 119.55 | 46.24 | 39.47 | 77.82

The considered turning operation is also optimized (single- and multi-objective) using several
favored metaheuristic algorithms, like GA, PSO, GWO, SA and DE. The derived results, as depicted in
Table 4.8, are compared against those obtained using TLBO algorithm. It can be noticed from Table
4.8 that TLBO renders significant improvements (in percentage) in the optimal values of all the
responses as well as average computational time.

Table 4.8 Comparison of performance of TLBO against GA, PSO, GWO, SA and DE
Optimizer | GA [PSO |[GWO | SA | DE | GA |PSO|GWO | SA | DE

Technique Single-objective Multi-objective
MRR 455 |3.38 | 149 |239 [338 [ 297 (279 | 111 |149 |2.23
SR 512 |457 | 219 |3.66 [3.84 | 222 |380 | 143 |222 |1.74

SCEC 397 |3.09 | 214 |472 |386 180 |1.97 | 133 |224 |211
Average time|37.03 [12.55 |10.57 |22.78 [30.09 |18.42 |10.53 |13.53 |15.79 [10.53

To justify excellence of TLBO in accurately optimizing the said turning operation on AISI 6061-
T6 aluminium, it performance is compared with three hybrid optimization techniques, i.e. HSTLBO
[276], HFMOEA [277] and TPLPSO [278]. The results of this comparative analysis with respect to

percentage improvements in the response values derived using TLBO against the considered hybrid
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algorithms are provided in Table 4.9. It again reiterates its superior applicability in solving parametric
optimization problem of the said turning operation.

Table 4.9 Comparison of performance of TLBO against the hybrid algorithms

Optimizer | HSTLBO | HFMOEA | TPLPSO | HSTLBO | HFMOEA | TPLPSO
Technique Single-objective Multi-objective
MRR 1.37 1.91 1.29 1.04 1.31 0.89
SR 1.43 1.84 1.21 1.21 1.26 0.96
SCEC 1.29 2.42 1.37 1.17 1.19 1.07
Average time| 5.21 8.87 6.29 4.13 6.5 5.72

Finally, a trade-off analysis between computational complexity and solution quality for TLBO
algorithm is conducted in Figure 4.12 to showcase the associationship between the number of agents,
average computational time and number of Pareto solutions obtained. It can be noticed from Figure
4.12 that as the number of agents increases, the number of Pareto solutions also rises significantly,
indicating that larger agent populations would contribute to exploring the solution space more
effectively, while enhancing the diversity of the Pareto solutions. Additionally, the computational time
also increases, suggesting that higher agent counts demand for greater computational resources due to
complexity of managing and evaluating more agents during the optimization process. Increasing the
number of agents improves solution quality (as measured by the number of Pareto solutions), but it
comes at the cost of higher computational complexity and time. It thereby suggests a trade-off, where
the number of agents and computational time must be carefully balanced to achieve an optimal number

of high quality Pareto solutions without incurring excessive computational overhead.
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Figure 4.12 Trade-off between computational complexity and solution quality
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5. OPTIMIZING A GREEN MACHINING PROCESS BASED ON MATING BEHAVIOR-
BASED METAHEURISTICS

The growing emphasis on sustainable manufacturing has led to increased research in optimizing
green machining processes to reduce energy consumption and environmental impact. This research
work employs five mating behavior-based metaheuristic algorithms, i.e. FMA, NMR, BOA, BMOA
and AZOA to optimize a dry milling process based on the past experimental dataset. The relative
performance is later compared in terms of convergence speed, computation time, accuracy and
variability of the derived solutions. Although all of these algorithms have provided acceptable solutions
for many of the well-known benchmark functions with increased complexity, their effectiveness in
optimizing any of the machining processes has not yet been explored. The application steps for
parametric optimization of the said dry milling operation are depicted in Figure 5.1, through a flow
diagram. To strengthen this comparison, two statistical non-parametric tests, i.e. Wilcoxon rank sum
test and Friedman’s mean rank test are applied to evaluate the performance difference among those
algorithms. To derive the optimal multi-objective solutions and unique parametric settings for the green
machining process, the corresponding Pareto optimal fronts are subsequently developed. The parallel
plots would help in determining the best possible combinations of the green machining parameters and
responses. To identify the best performing mating behavior-based algorithm, the corresponding values

of SP and HV metrics are also evaluated.
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Figure 5.1 Flow diagram for optimization of a green machining process (dry milling)
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To further validate the optimization capabilities of the selected algorithms, an illustrative
example based on the past experimental data from a dry milling operation is considered, with the
primary objective of identifying the optimal combinations of the green machining parameters to
minimize energy consumption and promote a sustainable machining environment. This work presents
a comprehensive evaluation of the mating behavior-based metaheuristic algorithms for the green
machining process optimization, offering insights into their applicability and effectiveness in enhancing
sustainability in manufacturing. As mentioned earlier, the related codes are developed in Python on
Spyder (Anacoda-3) and run in Windows-10 Pro with an Intel® CoreTM i3-6006U CPU operating at
2.00 GHz processor, and 4.00 GB of RAM environment. Each algorithm is separately run 30 times with
a population size of 50 and number of iterations 100. Thus, 30x100 = 3000 trials are used to carry out
the analyses.

Treating CS (x1) (m/min), DOC (x2) (mm), FR (x3s) (mm/z) and Nr (xs) (mm) as the input
parameters, and PF, EC (kJ) and SR (um) as the responses, and based on a BBD plan, Nguyen et al.
[279] conducted 29 experiments on a Spinner U620 center milling setup for dry machining of SS 304
material with an objective to reduce power consumption, while providing green, safer and environment-
friendly machining operation. The values of all the milling parameters were varied at three different
levels having equal intervals, i.e. CS {60-160 m/min}, DOC {0.2-1 mm}, FR {0.04-0.12 mm/z} and
Nr {0.2-0.8 mm}. During the experiments, power was measured utilizing a power meter KEW6305
attached with three sensors, while a surface roughness tester (Mitutoyo SJ-301) was employed to record
the corresponding SR values. Table 5.1 exhibits the adopted experimental design plan and measured
response values during dry milling of SS 304 work material. It was noticed that the most desired values
of all the responses could be achieved at moderate-to-higher settings of all the four process parameters
as CS = 160 m/min, DOC = 0.42 mm, FR = 0.09 mm/z and Nr = 0.8 mm. It was experimentally proved
that the value of PF would increase with higher values of CS, DOC, FR and Nr. On the other hand, for
EC, higher value of CS and FR would result in reduced EC, and FR was identified as the most influential
input parameter with respect to consumption of energy during dry milling of SS 304 work material. In
case of SR, higher CS and Nr would provide better surface quality of the machined components, and
higher FR and DOC had also been correlated for better surface quality [279].

Using RSM and experimental data of Table 5.1, the following second order equations for the
considered responses were developed using Design Expert software (Ver. 13), which would later be
treated as the objective functions for solving both single- and multi-objective optimization problems for
the said dry milling process using five mating behavior-based metaheuristic algorithms.

Y(PF) =0.495827 — 0.0011826xx; + 0.0304298xx, + 0.511898%x5 — 0.313639%x4 + 0.000074017%X1XX2
—0.00613776xx1%x3 + 0.00112641xX;%X4 + 0.626472xX2%x3 + 0.00133421%X2%X4 + 0.712156%X3XX4 +
0.0000114009%x:2 + 0.0874663xx,2 + 11.917xx3? + 0.299616%X4? (5.1)

Y(EC) = 184.205 — 1.28054xx1 + 29.261xx, — 1580.25xx3 + 15.4049xxs — 0.0970274xx1XX; +
3.22594xx1%xs — 0.00967865xX1%XXs — 129.946%xoxX3 — 3.95919xXoxXs — 113.762XxX3XXs +
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0.00342579%x;2 + 3.16239x%x,2 + 5723.12xx3% + 4.83362%X4” (5.2)
Y(SR) = 1.53864 — 0.000562835xx; + 0.775299%x, — 7.5505%x3 — 3.3899xX4 — 0.00125938%x1 XX, —
0.03176xx1%x3 + 0.000255552xx1%Xs — 6.61321xxo%XX3 — 0.442603%xXXXs + 2.91797%XX3XXs —
0.00000131084xx:2 + 0.575952xx,2 + 129.81xx3? + 2.56996%X4? (5.3)

Table 5.1 Experimental design plan and measured responses during dry milling operation [279]

Exp. X1 X2 X3 Xa EC PE SR

No. | (m/min) | (mm) | (mm/z) | (mm) | (KJ) (um)

1 110 0.2 0.04 0.4 |50.33 |0.518 | 0.45

2 110 0.6 0.12 0.8 | 25.46 | 0.867 | 1.08

3 110 0.6 0.08 0.4 | 31.56 | 0.652 | 0.85
4 60 0.6 0.08 0.2 |53.66 | 0.611 | 1.34

5 160 0.6 0.12 0.4 |18.42|0.851| 0.95

6 60 0.6 0.12 0.4 | 42.6 | 0.736 | 1.47

7 110 0.2 0.12 04 [21.99| 0.69 | 1.14

8 60 0.6 0.08 0.8 |59.13|0.685 | 0.78

9 60 1 0.08 0.4 |61.68|0.703 | 1.31
10 110 1 0.12 0.4 |26.72 | 0.868 | 1.49
11 110 1 0.08 0.2 |35410.732 | 1.42
12 160 0.6 0.08 0.2 |22840.719 | 0.89
13 160 1 0.08 0.4 |27.26 | 0.835 | 0.79
14 60 0.2 0.08 0.4 |48.96 | 0.547 | 0.82
15 160 0.6 0.04 0.4 |44.62 | 0.69 | 0.47
16 110 0.6 0.04 0.2 |54.03 | 0.566 | 0.98
17 60 0.6 0.04 0.4 |94.95|0.529 | 0.82
18 110 1 0.04 0.4 |63.82|0.659 | 1.06
19 160 0.2 0.08 0.4 |22.07 0671 041
20 110 0.6 0.12 0.2 |23.74|0.752 | 1.55
21 110 0.6 0.04 0.8 |62.35|0.648 | 0.52
22 160 0.6 0.08 0.8 |26.68 | 0.862 | 0.36
23 110 0.2 0.08 0.2 |28.23 0576 | 0.91
24 110 0.2 0.08 0.8 |32.95|0.681 | 0.48
25 110 1 0.08 0.8 |39.02 |0.843 | 0.89
26 80 0.4 0.06 0.4 | 53,5 [ 0533 0.45
27 100 0.8 0.02 0.4 |86.83|0.563 | 1.08
28 130 0.5 0.1 0.8 | 2298 |0.817 | 0.85

29 150 0.9 0.05 0.2 |39.61|0.712| 1.34

5.1 Single-objective optimization of the dry milling process

In single-objective optimization, considering the above-mentioned RSM-based equations as the
objective functions, the three responses, i.e. PF, EC and SR are separately optimized using the five
mating behavior-based metaheuristic algorithms, i.e. FMA, NMR, BOA, BMOA and AZOA. The
corresponding constraints are considered as the operating levels of the four dry milling parameters, i.e.
60 m/min < X3 < 160 m/min, 0.2 mm < X; < 1 mm, 0.04 mm/z < X3 <0.12 mm/z, and 0.2 mm < X4 < 0.8

mm. The single-objective optimization results for the said dry milling process are provided in Table

116



5.2. It can be noticed from Table 5.2 that FMA, NMR, BOA and AZOA are able to identify the
maximum value of PF as 1.08 which is 28.57% better than that obtained by Nguyen et al. [279]. Among
the considered mating behavior-based algorithms, only BMOA cannot find out the optimal value of PF.
Thus, the maximum PF can be obtained at the optimal intermix of different milling parameters as CS =
160 m/min, DOC = 1 mm, FR = 0.12 mm/z and Nr = 0.8 mm. A detailed analysis of the results shown
in Table 5.2 also unveils the superior performance of FMA against its competitors, i.e. NMR, BOA,
BMOA and AZOA, while achieving minimum values of both EC and SR as well as mean and SD of
the derived solutions. Thus, using FMA, for attaining minimum EC as 17.88 kJ (with mean 18.07 kJ
and SD 0.528 kJ), it is recommended to set the corresponding milling parameters as CS = 137 m/min,
DOC = 0.21 mm, FR = 0.1 mm/z and Nr = 0.2 mm, providing 13.04% improvement against that
obtained by Nguyen et al. [279]. On the other hand, an optimal combination of dry milling parameters
as CS = 160 m/min, DOC = 0.2 mm, FR = 0.04 mm/z and Nr = 0.665 mm would result in attaining the
minimum value of SR as 0.27 um with 25% improvement against its value as noted by Nguyen et al.
[279].

Table 5.2 Single objective optimization results for the dry milling operation

Milling parameters %
Optimizer| Response | Mean | SD | Optimal X1 X2 X3 Xa .
. improvement
(m/min)| (mm) | (mm/z) | (mm)
Nguyen | PF - - 0.84
et al. EC (kJ) - - 20.56 160 0.42 0.09 0.8 -
[279] | SR (um) - - 0.36
PF 1.06 | 0.053 | 1.08 160 1 0.12 0.8 28.57
FMA | EC(kJ) |18.07 | 0.528 | 17.88 137 0.21 0.1 0.2 13.04
SR (um) | 0.28 | 0.031| 0.27 160 0.2 0.04 |0.665 25.00
PF 1.06 | 0.053| 1.08 160 1 0.12 0.8 28.57
NMR | EC(kJ) | 18.52 | 0.602 | 18.28 142 0.2 0.1 0.2 11.09
SR (um) | 0.29 | 0.033 | 0.28 160 0.2 0.046 | 0.65 22.22
PF 1.06 | 0.055| 1.08 160 1 0.12 0.8 28.57
BOA | EC(kJ) |18.22|0.578 | 18.00 140 0.2 0.1 0.2 12.45
SR (um) | 0.30 | 0.035| 0.29 160 0.2 0.046 | 0.64 19.44
PF 0.95 | 0.037 | 0.97 160 0.63 0.09 | 0.65 15.48
BMOA | EC (kJ) | 18.64 | 0.604 | 18.37 145 0.29 0.11 0.2 10.65
SR (um) | 0.31 | 0.034 | 0.30 147 0.27 | 0.056 | 0.75 16.67
PF 1.06 | 0.590 | 1.08 160 1 0.12 0.8 28.57
AZOA | EC(kJ) |18.34 | 0.529 | 18.12 140 0.21 0.1 0.2 11.87
SR (um) | 0.30 | 0.038 | 0.28 160 0.2 0.046 | 0.65 22.22

Based on the results, the corresponding convergence diagrams are developed in Figure 5.2 for
the three responses under consideration. These convergence diagrams prove the superiority of FMA
over the other metaheuristics in arriving at the optimal solutions with minimum number of iterations.
With respect to convergence speed, the performance of BMOA is the worst, showing poor progress

towards the optimal response values.
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Figure 5.2 Convergence diagrams for the mating behavior-based metaheuristic algorithms

The box plots, portrayed in Figure 5.3 for the three responses against the five algorithms, also
validate supremacy of FMA over its competitors in regard of variability of the derived solutions. Among
these algorithms, FMA and AZOA have the minimum outlier spread, while NMR, BOA and BMOA
have maximum outlier spread for all the responses under consideration. It indicates that FMA and
AZOA require least number of iterations for obtaining the optimal solutions. The box plot also depicts

the exact distribution of the solutions for each algorithm along with the corresponding skewness values.
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Figure 5.3 Box plots for the mating behavior-based metaheuristic algorithms
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It can be noticed from Table 5.2 that single-objective optimization provides completely
contradictory settings of the dry milling parameters in attaining maximum PF, and minimum EC and
SR values, which would be quite impractical to maintain in a single dry milling setup. Single-objective
optimization only concentrates on an individual quality characteristic (response) at a time, but multi-
objective optimization can identify a unique combination of the process parameters leading to
concurrent optimization of all the responses, fulfilling the productivity requirements of the machining
processes.

Figure 5.4 exhibits the average computational time taken by each of the mating behavior-based
metaheuristics for each of the responses while solving the corresponding single-objective optimization
problems. It reveals that both FMA and BMOA are computationally efficient excelling over NMR,
BOA and AZAO. Thus, based on quality of the derived solutions, convergence effort and average
computational time, it can be concluded that FMA performs best against the other mating behavior-

based algorithms.
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Figure 5.4 Average computation time for single-objective optimization
5.2 Multi-objective optimization of the dry milling process
To solve the corresponding multi-objective optimization problem, the traditional WSMO

approach is deployed, followed by development of the Pareto optimal front. For WSMO, the following
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composite objective function is framed while assigning equal importance to all the responses.

(5.4)

Min(z){_ w xY (PF)  w,xY(EC) w, xY(SR)}

I:)Fmax ECmin SRmin

where Y(PF), Y(EC) and Y(SR) are the RSM-based equations for PF, EC and SR respectively; PFmax,
ECnmin and SRmin are the single-objective optimization-based results for PF, EC and SR respectively; and
Wi, Wz and ws are the weights allocated to PF, EC and SR respectively. However, in this method, values
of the best solutions largely depend on the weights assigned to the responses. If their relative importance
is not known beforehand, it would be a wise decision to treat all the responses having equal significance.
But, it may not be the real situation. Depending on the end use requirements, those responses may have
dissimilar importance. Table 5.3 provides the results of multi-objective optimization of the considered
dry milling operation. It can be interestingly noticed that FMA supersedes NMR, BOA, BMOA and
AZOA with respect to the minimum value of the composite objective function. Thus, to simultaneously
optimize all the responses, CS = 160 m/min, DOC = 0.2 mm, FR =0.085 mm/z and Nr = 0.6 mm would
provide the optimal parametric combination. A comparative analysis reveals that application of almost
all the considered optimizers results in similar improvement in PF as 3.57% (2.38% for BOA and 1.19%
for BMOA). On the other hand, for EC, the performance improvement ranges between 2.33% and
7.05%, and for SR, all the optimizers, except AZOA (2.78%), provide 5.56% improvement in its value,
against that obtained by Nguyen et al. [279].

Table 5.3 Multi-objective optimization results

. Milling parameters
. . Min %
Optimizer | Response | Optimal , X1 X2 X3 Xa improvement
(m/min) | (mm) | (mm/z) | (mm)
Nguyen | PF 0.84
etal. EC (kJ) 20.56 - 160 0.42 0.09 0.8 -
[279] SR (um) 0.36
PF 0.87 3.57
FMA EC (kJ) 19.11 | 1.36 160 0.2 0.085 | 0.6 7.05
SR (um) 0.34 5.56
PF 0.87 3.57
NMR | EC (k) 1953 | 1.41 | 160 02 | 0.085 | 05 5.01
SR (um) 0.34 5.56
PF 0.86 2.38
BOA EC (kJ) 20.08 | 1.45 160 0.2 0.09 0.6 2.33
SR (um) 0.34 5.56
PF 0.85 1.19
BMOA | EC (kJ) 19.65 | 1.47 160 0.2 0.085 | 0.45 4.43
SR (um) 0.34 5.56
PF 0.87 3.57
AZOA | EC (kJ) 19.11 | 1.37 160 0.2 0.08 0.5 7.05
SR (um) 0.35 2.78
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To resolve the problem of response weight dependency in WSMO approach affecting the derived
optimal solutions, the corresponding Pareto optimal front consisting of a set of non-dominated
solutions, as shown in Figure 5.5, is developed for FMA technique. It thus provides a compromise

between PF, EC and SR, resulting in maximum performance of the said dry milling process.

Figure 5.5 3D Pareto optimal front for FMA

To understand influences of the dry milling parameters on the responses and interactions between
them, the related parallel plot is developed in Figure 5.6 for FMA. In Figure 5.6, the solutions
represented by the red and green colors validate superiority of FMA in the lower and upper portions of
the Pareto front while the optimal solutions are present at the lower portion of the Pareto front. The
black point in the Pareto front and black line in the parallel plot show the optimal performance of the
said dry milling process with respect to maximum PF, and minimum EC and SR. Thus, a specific
combination of CS =160 m/min, DOC = 0.2 mm, FR = 0.085 mm/z and Nr = 0.6 mm would result in

achieving the corresponding values of PF, EC and SR as 0.87, 19.11kJ and 0.34 um respectively for
FMA.

i 0.0 0:79 4 0-
X1 X2 X3 X4 PF EC SR
Process Parameters Responses

Figure 5.6 Parallel plot for FMA
In Figure 5.7, the average computational time is compared for the adopted metaheuristics based
on 30 independent runs for each algorithm while solving the corresponding multi-objective optimization
problem. It can be observed that both NMR and AZOA consume maximum computational time, while

FMA is the most computationally efficient technique. Thus, based on average computational time, the
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considered mating behavior-based algorithms can be ranked as FMA > BMOA > BOA > AZOA >
NMR.
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Figure 5.7 Average computational time for the multi-objective optimization problem

5.3 Performance analysis

Like the earlier section, the corresponding HV and SP values are also computed, as shown in
Table 5.4. Among the mating behavior-based metaheuristics, FMA has the maximum HV value of
0.2468 and minimum SP value of 0.066. Thus, considering these two metrics, it can be unveiled that
FMA has an impressive performance, outperforming its other competitors, and demonstrates its
excellent capability in solving high-dimensional optimization problems.

Table 5.4 HV and SP values

Algorithm | FMA | NMR BOA | BMOA | AZOA
HV 0.2468 | 0.2413 | 0.2349 0.231 0.24
SP 0.066 | 0.068 | 0.071 0.074 0.069

Similarly, the results of Friedman’s mean rank test, as exhibited in Table 5.5, also prove the
excellence of FMA over the other mating behavior-based algorithms, in optimizing the said dry milling
operation of SS 304 work material. For all the responses under consideration, BMOA performs worst.

Table 5.5 Results of Friedman’s mean rank test

Algorithm | Response | FMA | NMR | BOA | BMOA | AZOA
Average 1.06 | 1.06 | 1.06 | 0.95 1.06
Rank sum PF 238 240 | 255 498 269
Average rank 2.38 24 | 255 4.98 2.69
Rank 1 2 3 5 4
Average 18.07 | 18.52 | 18.22 | 18.64 | 18.34
Rank sum EC 102 402 | 205 496 295
Average rank 1.02 | 402 | 2.05 4.96 2.95
Rank 1 4 2 5 3
Average 028 | 0.29 | 0.30 | 0.31 0.30
Rank sum SR 100.5 | 243.5 | 391.5 | 4935 271
Average rank 1.005 | 2.435| 3.915 | 4.935 2.71
Rank 1 2 4 5 3
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for FMA over its competitors in solving this multi-objective optimization problem at 1% significance

level.

Table 5.6 Wilcoxon rank sum test results

Finally, the results of Wilcoxon rank sum test, as provided in Table 5.6, reassure the superiority

FMAvs | NMR BOA BMOA AZOA
R- 10.5 1 1 10.5
R+ PF 47.5 135 135 47.5
p-value 2.51E-03 | 5.40E-04 | 5.40E-04 | 2.51E-03
R- 55 35 35 55
R+ EC 130 121.5 1215 130
p-value 9.72E-21 | 1.76E-20 | 1.76E-20 | 9.72E-21
R- 34 86 86 34
R+ SR 126 104 104 126
p-value 4.36E-21 | 7.51E-21 | 7.51E-21 | 4.36E-21

5.4 Results and discussion

This research work investigates application of five mating behavior-based metaheuristic
algorithms for parametric optimization of dry milling machining of SS 304 work material. They achieve
improvements ranging from 15.48 to 28.57% for PF, 10.65 to 13.04% for EC, and 16.67 to 25% for SR
in single-objective optimization; and 1.19 to 3.57%, 2.33 to 7.05%, and 2.78 to 5.56% improvements
for PF, EC and SR, respectively in multi-objective optimization, compared to the results reported by
Nguyen et al. [279]. Among these algorithms, FMA consistently delivers the best results, proving to be
most efficient in both single- and multi-objective optimization of the said milling process. In single-
objective optimization, it attains the optimal values of 1.08 for PF, 17.88 kJ for EC and 0.27 um for SR.
Furthermore, in multi-objective optimization, the corresponding optimal values are 0.87, 19.11 kJ and
0.34 um for PF, EC and SR, respectively, at the best possible parametric combination of CS = 160
m/min, DOC = 0.2 mm, FR = 0.085 mm/z and Nr = 0.6 mm. FMA also excels over the others with
reference to speed of convergence and computing time. For multi-objective optimization, it takes just
1.34 sec to find out the global optimal solution, reducing the runtime by 37.31, 34.33, 1.49 and 15.3%
against NMR, AZOA, BMOA and BOA techniques, respectively. Its superiority is further confirmed
using SP and HV values, and validated through Friedman’s mean rank and Wilcoxon rank sum tests.

Finally, the said green machining process (dry milling) is optimized (single- and multi-objective)
using other state-of-the-art metaheuristics, i.e. GA, PSO, ABC, ACO and TLBO. The improvements in
responses (in percentage values), along with the average computation time for those algorithms are
depicted in Table 5.7. It can be revealed from Table 5.7 that all the considered mating behavior-based
techniques, especially FMA, outperform those algorithms while solving both the single- and multi-

objective optimization problems under consideration.
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Table 5.7 GA, PSO, ABC, ACO and TLBO-based optimization results

Optimizer | Technique | PF EC SR | Average time (s)
GA 27.38 | 11.72 | 25.00 1.28
PSO Single- 28.57 | 9.00 | 25.00 1.14

ABC objective 28.57 | 6.13 | 19.44 1.45
ACO 28.57 | 10.46 | 22.22 1.65
TLBO 28.57 | 12.60 | 22.22 1.33
GA 3.57 | 6.61 | 556 1.48
PSO Multi 3.57 | 6.61 | 556 1.25
ABC objective 238 | 443 | 2.78 1.92
ACO 119 | 233 | 2.78 2.10
TLBO 2.38 | 5.01 | 556 1.79
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6. OPTIMIZATION OF A LASER BEAM DRILLING PROCESS USING PREYING
BEHAVIOR-BASED METAHEURISTIC ALGORITHMS

Selecting the most appropriate algorithm from a set of preying behavior-based metaheuristics can
help the process engineers achieve global or near-global optimization of LBD processes. The procedural
steps for parametric optimization of an LBM process are depicted in Figure 6.1. Focusing on the
identified research gap and attempting to bridge it, this work focuses on the application of five preying
behavior-based metaheuristic algorithms in the form of SFO, HHO, AO, BA and GWO to solve both
single- and multi-objective optimization problems for an LBD process while assigning equal
importance to all the responses under consideration. This work aims to identify the optimal
combinations of the considered LBD parameters to achieve the desired micro-hole characteristics,
compare the optimization performance of the five algorithms with respect to quality and consistency of
the derived solutions, convergence speed and computational effort, and apply Friedman’s mean rank
and Wilcoxon rank sum tests to determine the best performing algorithm. To derive the optimal multi-
objective solutions and unique parametric settings for the LBD process, the corresponding Pareto
optimal fronts are subsequently developed, while parallel plots aid in visualizing the best parameter and
response combinations. Additionally, SP and HV metrics are used to evaluate effectiveness of the

preying behavior-based algorithms for the considered LBD process.
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Figure 6.1 Flow diagram for optimization of the LBD process
To assess the relative efficiency of all the five preying behavior-based metaheuristics, an
illustrative example, i.e. CO.-based micro-drilling on polycarbonate work material is considered here.
The corresponding codes are written in Python Spyder (Anaconda 3) and are run in a Windows 10 Pro,
Intel(R) Core(TM) i5-7500 processor, 8.00 GB RAM platform. For all the algorithms, the population
size and number of iterations are maintained as 50 and 100 respectively, (i.e. each of them is run 30
times independently, total number of trials = 30 runsx100 iterations = 3000) to allow uniformity during

the comparative performance analysis.
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Treating Pl (x1) (in W), ET (x2) (in sec) and FPP (x3) (in mm) as the input parameters, and Hh (in
mm), Hd (in um) and HAZ (in um) as the responses, Abdulwahab et al. [280] performed 17 laser micro-
drilling experiments on polycarbonate work material using a CNC-based CO, LBD setup. During those
experiments, values of the input parameters were varied at three different levels, i.e. Pl = {2, 3, 4 W},
ET ={0.1, 0.15, 0.2 sec} and FPP = {-4, -2, 0 mm}. The FPP was treated as O at the position of the
workpiece’s upper area, and the lower and upper FPP surfaces were considered as negative and positive
respectively. After each micro-drilling operation, the corresponding values of Hh, Hd and HAZ were
measured using a microscope at 50X magnification. To avoid chances of any measurement error, all
the readings were noted three times, and their average was calculated for each of the responses under
consideration. The dimensions of the polycarbonate workpiece were 7 cmx3 cmx1 mm, and the
wavelength of CO. laser was set at 10.6 pum from JK series. It is worthwhile to mention here that Hh is
a larger-the-better characteristic, while Hd and HAZ are small-the-better responses. The employed BBD
plan along with the measured response values is exhibited in Table 6.1. The 3-factor, 3-level BBD plan
is based on 32 factorial design, consisting of 17 experiments, including 12 factorial points and 5
replicates at the center point for estimation of pure error sum of squares.

Table 6.1 Experimental design plan and response values [280]

Exp. No.| Pl (x1) | ET (x2) | FPP (x3) | Hd (um) | HAZ (um) | Hh (mm)
1 2 0.15 —4 500 155 0.4
2 2 0.2 -2 350 102 0.7
3 2 0.1 -2 320 80 0.4
4 2 0.15 0 320 80 0.8
5 3 0.1 —4 565 118 0.4
6 3 0.2 —4 618 206 0.82
7 3 0.15 -2 340 100 0.65
8 3 0.15 -2 341 100.2 0.651
9 3 0.15 -2 341 100 0.65
10 3 0.15 -2 340.7 100.05 0.65
11 3 0.15 -2 340 100 0.6502
12 3 0.1 0 331 80 0.8
13 3 0.2 0 400 101 1
14 4 0.15 —4 616 170 0.8
15 4 0.1 -2 352 101 1
16 4 0.2 -2 500 202 1
17 4 0.15 0 351 102 1

In order to optimize the considered micro-drilling operation on polycarbonate material using

SFO, HHO, AO, BA and GWO techniques, the corresponding polynomial equations were developed
by Abdulwahab et al. [280] using Design-Expert software (Ver. 13).
Y(Hh) = 0.6 + 0.003x; — 2.08x> + 0.2X3 — 1.5X1X2 — 0.0025X1X3 — 0.55X2x3 + 0.05x:2 + 25.9%,? + 0.009x3?
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Y(Hd) = 771.5 — 93.2x1 — 5242.6X2 + 71.9x3 + 590X1%2 — 10.6X1X3 + 40X2X3 + 4.1x12 + 14342x,% + 25.5x%5?

(6.2)
Y(HAZ) = 347.45 — 102.85x1 — 2182x, + 20.475X3 + 395xX1X2 + 0.875xX1Xs — 167X2X3 + 10.85x1% + 4140x.?
+3.9%52 (6.3)

6.1 Single-objective optimization of the LBD process

In single-objective optimization, based on the above-mentioned polynomial equations, all the
considered responses are individually optimized within the given constraints of the process variables,
1.e. 2W<x1<4 W, 0.1 sec <X2 <0.2 sec and -4 mm < x3 < 0 mm. The responses derived using the
five metaheuristics along with the values of micro-drilling parameters are exhibited in Table 6.2. It can
be interestingly noticed that during micro-drilling operation on polycarbonate material with 1 mm
thickness, full length of the Hh is achieved in SFO, HHO, AO, BA and GWO techniques which exactly
corroborate with the observations of Abdulwahab et al. [280]. It can also be revealed that there are 18.8-
19.37% improvements in the value of Hd response as compared to that attained by Abdulwahab et al.
[280]. With respect to Hd response, AO is unable to determine its optimal value. On the other hand, the
HAZ value is reduced by 33.33% irrespective of the optimization technique employed against that
measured by Abdulwahab et al. [280].

Table 6.2 Results of single-objective optimization

Optimizer Response Mean SD Optimal Process parameters . %
X1 X2 X3 Improvement
Hh (mm) 1
i?il:.lgasho?b Hd (um) ; ; 351 | 4| 015 | 0 -
HAZ (um) 102
Hh (mm) 0.99 | 0.0167 1 4 1 02 0 0
SFO Hd (um) 284.06 | 3.264 283 2 0.14 -1.1 19.37
HAZ (um) 69.33 2.493 68.14 2 0.168 0 33.33
Hh (mm) 0.98 | 0.0358 1 4 1 02 0 0
HHO Hd (um) 2908 | 4227 | 283 | 2 | 014 | -11 19.37
HAZ (um) 7.7 3.100 68.14 2 0.168 | -0.01 33.33
Hh (mm) 0.96 | 0.0455 1 4 1 02 0 0
AO Hd (um) 288 | 3659 | 285 | 2 | 014 | -0.8 18.8
HAZ (um) 70.1 2.802 68.14 2 0.168 0 33.33
Hh (mm) 0.997 | 0.0218 1 4 1 02 0 0
BA Hd (um) 288 | 5287 | 283 | 2 | 014 | -11 19.37
HAZ (um) 68.8 3.073 68.14 2 0.168 0 33.33
Hh (mm) 0.99 0.0086 1 4 0.2 0 0
GWO | Hd (um) 284 | 3099 | 283 | 2 | 014 | 11 19.37
HAZ (um) 70.27 2.155 68.14 2 0.168 0 33.33

Figure 6.2 shows the convergence diagrams for all the three responses for SFO, HHO, AO, BA
and GWO techniques which depict that except AO, the remaining algorithms take only a few iterations

to reach the optimal solutions. But, GWO supersedes others with respect to the rate of convergence. To
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study variations in the derived solutions in single-objective optimization, the corresponding box plots
of all the five metaheuristics are portrayed in Figure 6.3 based on the results of 30 independent runs of
each algorithm. It can be noticed from Table 6.2 that HHO has the highest variations in the predicted
values of Hd and HAZ, whereas, SFO performs comparatively better for the three responses. From the
developed box plots, it can be revealed that HHO has the highest mean and SD values for Hd and HAZ.
It is also interesting to note that among all the algorithms, GWO performs exceptionally well with
respect to variations (SD values) in the predicted values of the responses under consideration. It implies
that the relative performance of the five algorithms, specially GWO should be analyzed in depth while
solving the consequent multi-objective optimization problem. Figure 6.4 shows the average
computation time required by each of the algorithms for single-objective optimization of the responses.
With respect to relative computation time, HHO, BA and GWO are more efficient than SFO and AO

techniques.
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Figure 6.2 Convergence diagrams for the preying behavior-based metaheuristic algorithms
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Figure 6.4 Average computation time for each algorithm in single-objective optimization problem

6.2 Multi-objective optimization of the LBD process

It can be noted that in single-objective optimization, all the algorithms identify dissimilar settings
of the LBD parameters for each of the responses which are quite impractical to maintain in a real-time
setup. It is thus required to derive a unique intermix of all the LBD parameters leading to simultaneous
optimization of the responses. In this work, the WSMO model is initially applied, followed by framing

of the related Pareto optimal front. The corresponding multi-objective function for WSMO is developed
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as follows:

Y(Hh) o Y(Hd) - Y(HAZ)

Min(Z)=—w
(2)=—wxa 2" "Hd 2" HAZ

(6.4)

max min min

where Y(Hh), Y(Hd) and Y(HAZ) are the RSM-based equations formulated for Hh, Hd and HAZ
respectively; Hhmax, Hdmin and HAZmin are the optimal response values derived based on single-
objective optimization results; and w1, w2 and ws are the relative weights assigned to Hh, Hd and HAZ
respectively. Table 6.3 provides the multi-objective optimization results which reveal that all the five
algorithms are capable of achieving better response values against those attained by Abdulwahab et al.
[280]. It is worthwhile to mention here that for multi-objective optimization, equal importance is
assigned to all three responses. The performance of these algorithms is almost similar providing 11.78%
(12.25% in case of GWO) and 15.24% improvements in Hd and HAZ respectively. Figure 6.7 exhibits
the average computational time required by each of the algorithms in solving the considered multi-
objective optimization problem. It reveals that like single-objective optimization problem, HHO, BA
and GWO excel over SFO and AO with respect to average computational time. Thus, based on average
computational time, these algorithms can be ranked as GWO > BA > HHO > AO > SFO. It can be
concluded from Table 6.3 that an optimal combination of Pl = 3.95 W, ET = 0.1 sec and FPP =-0.91
mm would lead to simultaneous achievement of the maximum value of Hh, and minimum values of Hd
and HAZ for the said LBD process.

Table 6.3 Results of multi-objective optimization

Optimizer Response | Optimal | Minz Process parameter . &
X1 X2 X3 Improvement
Hh (mm) 1
Abdulwahab =7 351 : 4 015 | 0 -
et al. [280]
HAZ (um) 102
Hh (mm) 1 -
SFO Hd (um) 309.66 259 [395| 0.1 | -09 11.78
HAZ (um) | 86.45 15.24
Hh (mm) 1 -
HHO Hd (um) 309.66 259 [395( 0.1 | -09 11.78
HAZ (um) 86.45 15.24
Hh (mm) 1 -
AO Hd (um) 309.66 259 [395( 0.1 | -09 11.78
HAZ (um) 86.45 15.24
Hh (mm) 1 -
BA Hd (um) 309.66 259 [395( 0.1 | -0.9 11.78
HAZ (um) 86.45 15.24
Hh (mm) 1 -
GWO Hd (um) 308 259 [395| 0.1 |-0.91 12.25
HAZ (um) 86.45 15.24
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To address the limitations of response weight dependency in the WSMO approach, a 3D Pareto
optimal front is developed for GWO technigue, as shown in Figure 6.5. The distribution and spread of
the Pareto front highlight GWO’s effectiveness in exploring the solution space and identifying
meaningful trade-offs among the three objectives for simultaneous optimization. In this plot, green
points at the upper portion and red points at the lower portion represent non-dominated solutions that
form the Pareto optimal front, offering a range of optimal trade-offs. The ‘Optimal point’, marked in
black, represents the best compromised solution, further validating GWQO’s robustness in multi-

objective optimization.

550 T g g i -
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Hd 400 S @ ‘
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Figure 6.5 3D Pareto optimal front for GWO
Figure 6.6 exhibits the parallel plot developed for this example which would help in investigating
influences of the LBD parameters on the responses, and interaction effects between them. The
considered LBD parameters, i.e. Pl, ET and FPP have varying settings to achieve the desired responses.
But, it can be ensured that considering application of GWO algorithm for multi-objective optimization
of the said LBD process, a unique combination of Pl =3.95 W, ET = 0.1 sec and FPP =-0.91 mm would
result in obtaining the corresponding Hh, Hd and HAZ values as 1 mm, 308 um and 86.45 pum,

respectively.
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Figure 6.6 Parallel plot for GWO
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6.3 Performance analysis

Like the earlier sections, the corresponding HV and SP values are also computed, as shown in
Table 6.4. Among the mating behavior-based metaheuristics, GWO has the maximum HV value of
14.64 and minimum SP value of 5.06. Thus, considering these two metrics, it can be unveiled that GWO
has an impressive performance, outperforming its other competitors, and demonstrates its excellent
capability in solving high-dimensional optimization problems.

Table 6.4 HV and SP values

Algorithm | SFO HHO AO BA GWO
HV 1461 | 14.55 | 1458 14.59 14.64
SP 5.09 5.12 5.13 5.08 5.06

To have a critical analysis of the optimization performance of the five metaheuristics, Friedman’s
mean rank test is performed at 1% level of significance, as provided in Table 6.5. It is a nonparametric
test, assuming that the input data would not follow normal distribution. It can be concluded from Table
6.5 that GWO supersedes the other algorithms with respect to average ranks for all the responses and is
the best performing algorithm among the preying behavior-based metaheuristics under consideration
while optimizing the said LBD process.

Table 6.5 Results of Friedman’s mean rank test

Algorithm | Response SFO HHO AO BA GWO
Average 0.9921 0.9815 0.9984 0.997 0.9621
Rank sum Hh 326.5 274.5 370 361 168
Average rank 3.265 2.745 3.7 3.61 1.68
Rank 3 2 5 4 1
Average 284.4446 | 290.8578 | 288.0437 | 287.8985 | 284.0642
Rank sum Hd 184.5 329 425 382 179.5
Average rank 1.845 3.29 4.25 3.82 1.795
Rank 2 3 5 4 1
Average 69.33076 | 77.78031 | 70.1685 | 70.27636 | 68.8411
Rank sum HAZ 234.5 3775 358 329.5 200.5
Average rank 2.345 3.775 3.58 3.295 2.005
Rank 2 5 4 3 1

132




for GWO over its competitors in solving this multi-objective optimization problem at 1% significance

level.

Table 6.6 Wilcoxon rank sum test results

Finally, the results of Wilcoxon rank sum test, as provided in Table 6.6, reassure the superiority

GWO vs SFO HHO AO BA
R- 390 741 278 57.5
R+ Hh 16 7 22 8.5

p-value 2.00E-04 | 3.70E-04 | 1.20E-04 | 0.02926
R- 400 214 547 352
R+ Hd 266 5 3 29

p-value 2.94E-01 | 1.80E-04 | 8.60E-04 | 1.40E-04
R- 1066 473 1394 1128
R+ HAZ 62 238 884 29

p-value 2.70E-04 | 1.00E-04 | 1.12E-01 | 1.79E-03

It has been experimented that all the LBD parameters, i.e. Pl, ET and FPP have significant effects
on the responses under consideration. During LBD operation, due to Gaussian laser beam energy
distribution, the energy input would vary at different areas within the beam diameter. The highest energy
density would be at the center of the beam, whereas, the outer end would have the lowest energy.
Increase in the laser exposure time with the material would lead to hole enlargement and deformation
since the material would be exposed to greater heat for a longer time period. The Hd at focus would be
lower than that at defocus due to decrease in laser beam spot diameter. At higher Pland ET, HAZ would
significantly increase due to having more energy from the laser source. Thus, higher PI, lower ET and
low-to-moderate FPP are recommended to achieve the most preferred values of the considered
responses.

6.4 Results and discussion

It has already been mentioned that this work deals with application of five potential preying
behavior-based metaheuristic algorithms for parametric optimization of an LBD process, i.e. CO- laser-
based micro-drilling of polycarbonate material. For single-objective optimization, all the algorithms
provide 18.8-19.37% improvements in Hd, and 33.33% improvement in HAZ as compared to those
derived by Abdulwahab et al. [280]. All of them are able to identify the optimal Hh of exactly 1 mm.
For multi-objective optimization, the corresponding improvements are 0%, 11.78% and 15.24% for all
the algorithms for Hh, Hd and HAZ, respectively. But, GWO supersedes others with respect to faster
convergence speed and computation time. It only takes 0.4 sec to arrive at the near global optimal
solution, and accounts for 33.33%, 66.67%, 45.45% and 80% of the runtimes of SFO, HHO, AO and
BA, respectively. Thus, based on the observations, it can be stated that higher PI, lower ET and
moderate-to-high FPP would result in simultaneous maximization of Hh, and minimization of Hd and
HAZ during CO; laser-based micro-drilling of polycarbonate material. GWO also excels over the others

with reference to speed of convergence and computing time. For multi-objective optimization, it takes
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just 0.4 sec to find out the optimal solution, reducing the runtime by 200, 50, 120 and 25% against SFO,
HHO, AO and BA techniques, respectively. Its superiority is further confirmed using SP and HV values,
and validation through Friedman’s mean rank and Wilcoxon rank sum tests.

The considered LBD operation is also optimized (single- and multi-objective) using several
favored metaheuristic algorithms, like GA, PSO, WOA, ACO and TLBO. The derived results, as
depicted in Table 6.7, are compared against those obtained using GWO algorithm. It can be noticed
from Table 6.7 that GWO renders significant improvements (in percentage) in the optimal values of all
the responses as well as average computational time.

Table 6.7 Comparison of performance of GWO against GA, PSO, WOA, ACO and TLBO

Optimizer | GA |[PSO | WOA | ACO | TLBO | GA | PSO | WOA | ACO | TLBO
Technique Single-objective Multi-objective
Hh 0 0 0 0 0 0 |0 0 0 0
Hd 1.06 | 106 | 1.77 | 212 | 247 | 1.30 [0.97 | 1.62 | 260 | 1.30
HAZ 308 [233] 374 | 449 | 229 | 1.93 [191] 323 | 338 | 3.99
Average time| 87.1 | 61.3 | 106.4 | 112.9 | 65.2 |187.5| 135 | 155 | 170 | 135
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7. OPTIMIZING AN ABRASIVE WATER JET MACHINING PROCESS BASED ON
FORAGING BEHAVIOR-BASED METAHEURISTICS

This research work optimizes an AWJM process using five foraging behavior-based
metaheuristic algorithms, i.e. DOA, AVOA, GOA, FOA and BSA, and their performance is contrasted
with respect to accuracy and variability of the solutions, convergence speed and average computation
time. Although all these metaheuristics have provided satisfactory solutions to many of the well-known
benchmark functions having higher complexity, their performance has not been validated till date while
optimizing any of the machining processes. To strengthen this comparison, Friedman’s mean rank and
Wilcoxon rank sum tests are also conducted to single out the best performing algorithm. The developed
parallel plot would help in identifying the most suitable combinations of the input parameters and
responses leading to process optimization. To execute these algorithms, the corresponding Python codes
have been developed, and subsequently run on Spyder (Anacoda-3) in Windows-10 Pro, Intel® Core™
i3-6006U CPU @ 2.00 GHz processor and 4.00 GB RAM platform. All of them have been
independently run 30 times and a maximum number of iterations has been taken as 100. Hence, the
total number of trials is 3000 (i.e. 30x100), and the population size is maintained as 50.

Based on a CCD plan (with 6 replications at the central position) and using an AWJM setup
(Model DIP 6D-2230), Balamurugan et al. [281] conducted 20 experiments on Lanthanum
phosphate/Yttria (LaPO./Y203) composite to investigate effects of WJP, SOD and St on MRR, KA and
SR (in terms of average roughness Ra) of the machined components. During the said AWJM operation,
diameters of the orifice and tungsten carbide nozzle were kept as 0.25 mm and 0.67 mm respectively.
Silicon carbide with 80-mesh size was considered as the abrasive particles. Based on the developed
response surface plots, Balamurugan et al. [281] noticed significant influences of all the AWIM
parameters on the responses under consideration. It was observed that MRR would increase with higher
value of WJP, and lower values of SOD and St. On the other hand, lower values of WJP and TS, and
moderate SOD value would lead to attainment of lower KA. Minimum SR values could be obtained at
lower settings of WJP and St, and moderate setting of SOD. Different AWJM parameters along with
their corresponding levels are depicted in Table 7.1. Based on the experimental dataset and using Design
Expert software (Ver. 13), Balamurugan et al. [281] developed the following RSM-based equations
interlinking different AWJM parameters and responses:

Y(MRR) = 0.099 — 0.00087xA — 0.02502xB — 0.000875xC + 0.000003xA? — 0.000343xB? +

0.000002xC? + 0.000123xAxB + 0.000001xAxC + 0.000084xBxC (7.1)
Y(KA) = 2.58 — 0.0200xA — 0.519xB — 0.0012xC + 0.000039xA? + 0.0398xB? + 0.000127xC? +
0.001850xAxB + 0.000073xAxC — 0.001050xBxC (7.2)
Y(SR) = -2.04 + 0.0190xA — 0.369xB + 0.0292xC — 0.000027xA? + 0.0513xB? — 0.000172xC? +
0.000963xAxB — 0.000023xAxC + 0.00110xBxC (7.3)
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Table 7.1 AWJIM parameters and their levels [281]

Level
AWJM parameter | Symbol 1 0 o,
WJP (Bar) A 220 240 260
SOD (mm) B 1 2 3
St (mm/min) C 20 30 40

7.1 Single objective optimization of the AWJM process

Now, considering the above-mentioned RSM-based equations as the objective functions, and
minimum and maximum values of the AWJM parameters as the lower and upper bounds of the design
variables, all the three responses are individually optimized using the five considered foraging behavior-
based algorithms. It is worthwhile to mention here that MRR is a beneficial response (its higher value
is desired), and KA and SR are non-beneficial responses (their lower values are preferred). Table 7.2
shows the single-objective optimization results which also compare the relative performance of the
adopted algorithms. It can be noticed from Table 7.2 that all the adopted metaheuristics result in
substantial improvements in the considered response values, e.g. MRR (70.07-71.47%), KA (42.28-
43.73%) and SR (9.22-10%), as compared to those recorded by Balamurugan et al. [281]. AVOA, GOA
and BSA derive the optimal values of MRR and KA as 0.0369 g/s and 0.202° respectively, which are
better than those obtained using DOA and FOA. For SR, AVOA is only able to identify its global
minimum value as 1.152 um. Based on the single-objective optimization results, it can be unveiled that
AVOA provides the optimal values of all the responses under consideration.

Table 7.2 Single objective optimization results

AWJM parameter %

Optimizer | Response| A B C Mean SD Optimal improvement

(Bar) | (mm) |(mm/min)

| MRR 220 1 40 0.02152 -
B;Z'I”‘E;‘ggl?n KA 220 | 168 | 20 0.350 -
SR 220 1.32 20 1.28 -
MRR 260 3 20 0.0368 | 0.0003 | 0.0369 71.47
AVOA KA 220 | 1.317 20 0.203 | 0.0022 | 0.202 43.73
SR 220 1.67 20 1.15 | 0.0059 | 1.152 10.00
MRR 260 3 28.31 | 0.0366 | 0.0003 | 0.0367 70.54
DOA KA 234.6 | 1.293 20.16 | 0.2037 | 0.0022 | 0.2028 43.51
SR 226.2 | 1.314 22.05 1.159 | 0.0065 | 1.158 9.53
MRR 260 2 25 0.0365 | 0.0003 | 0.0366 70.07
FOA KA 220 | 1.678 20 0.2087 | 0.0039 | 0.2072 42.28
SR 220 | 1.319 20 1.166 | 0.0136 | 1.162 9.22
MRR 260 3 20 0.0366 | 0.0003 | 0.0369 71.47
GOA KA 220 1.67 20 0.2032 | 0.0018 | 0.202 43.73
SR 220 | 1.317 20 1.161 | 0.0082 | 1.161 9.30
MRR 260 3 20 0.0366 | 0.0003 | 0.0369 71.47
BSA KA 220 1.67 20 0.2036 | 0.0023 | 0.202 43.73
SR 220 | 1.318 20 1.16 | 0.0079 | 1.1583 9.51
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Figure 7.1 plots the convergence diagrams of all the algorithms for the three responses. Except
DOA and FOA, the remaining algorithms (AVOA, GOA and BSA) show rapid progress towards the
corresponding optimal solutions after only a few iterations. The convergence patterns of AVOA, GOA

and BSA are noticed to be almost similar for MRR and KA responses. On the other hand, while

minimizing SR, AVOA, DOA, GOA and BSA have almost similar trends of convergence.
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Figure 7.1 Convergence diagrams for the foraging behavior-based metaheuristic algorithms

Figures 7.2 exhibits the box plots of the three responses for AVOA, DOA, FOA, GOA and BSA
techniques. Box plots are powerful tools to show repeatability of the solutions derived by any of the
metaheuristic algorithms. For each optimizer, there are two boxes, one showing the corresponding
minimum, maximum and quartiles of the solutions, while the other correlates with data distribution. In
the box plots, if the data is skewed, the corresponding median would not be closer to the mean. In Figure
7.2, exact distribution of the solutions for each optimizer can be clearly noticed along with the skewness.
For MRR, higher variations are observed in AVOA and BSA, while the solutions obtained using FOA
are more consistent. As compared to other algorithms, AVOA and BSA require fewer function
evaluations to derive the optimal solutions, validating their fast convergence speed [282]. Figures 7.2(b)
and 7.2(c) have almost similar distributions of the solutions for KA and SR. For both these responses,

the optimization performance of FOA with respect to variability of solutions is worse than GOA.
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Figure 7.2 Box plots for the foraging behavior-based metaheuristic algorithms
Figure 7.3 shows the average computation time taken by each of the foraging behavior-based
metaheuristic algorithms for each of the responses. It reveals that AVOA, FOA and BSA are the most
computationally efficient optimizers, followed by GOA and DOA. When the performance of these
algorithms is finally compared with respect to optimal values of the responses and computation time,

the following ranking results can be derived:

MRR: AVOA = GOA = BSA > DOA > FOA

KA: AVOA = GOA = BSA > FOA > DOA

SR: AVOA > DOA > BSA > GOA > FOA

Computational time: AVOA > FOA > BSA > GOA > DOA

Thus, based on the single-objective optimization results, AVOA outperforms the other
algorithms in regard of accuracy and variability of the derived solutions, and computation effort. As
compared to the response values (MRR = 0.02152 g/s, KA = 0.359° and SR = 1.28 um) reported by
Balamurugan et al. [281], AVOA is able to achieve their corresponding values as 0.0369 g/s, 0.202°
and 1.152 um respectively at the identified optimal intermix of the AWJM parameters. It is interesting
to note that all the algorithms under consideration provide dissimilar settings of the AWJM parameters

for the three different responses which are practically impossible to maintain during a single machining
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operation. Therefore, it is recommended to extract a unique combination of the AWJM parameters for

simultaneous optimization of all the responses through multi-objective optimization of the said process.
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Figure 7.3 Average computation time for single objective optimization
7.2 Multi-objective optimization of the AWJM process
In an attempt to obtain a unique intermix of the AWJM parameters for simultaneous optimization
of all the three responses, the WSMO model is applied, followed by development of the corresponding

Pareto optimal front. The corresponding multi-objective function for WSMO is formulated as below:

(7.4)

Min Z {— w xY(MRR) _ w, xY(KA) _w;xY(SR) }

IleRmax KAnin SRmin

where Y(MRR), Y(KA) and Y(SR) are the RSM-based models for MRR, KA and SR respectively;
MRRmax is the maximum value of MRR, and KAmin and SRuin are the minimum KA and SR values (based
on the single-objective optimization results); and w1, w, and ws are the weights allocated to MRR, KA
and SR, respectively. In this example, equal importance is assigned to all the responses. The multi-
objective optimization results are presented in Table 7.3, which demonstrates that all the five foraging
behavior-based metaheuristics are capable of providing better response values against those reported
by Balamurugan et al. [281]. AVOA and FOA offer the best values of MRR in multi-objective
optimization as 0.0362 g/s and 0.0354 g/s, respectively. It can be noticed from Table 7.3 that MRR is
increased by 68.37, 57.21, 64.65, 62.79 and 62.79% for AVOA, DOA, FOA, GOA and BSA,
respectively against that obtained by Balamurugan et al. [281]. Similarly, there are 43.45, 38.72, 42.34,
42.90 and 42.90% improvements in KA for AVOA, DOA, FOA, GOA and BSA, respectively. On the
other hand, AVOA, DOA, FOA, GOA and BSA identify the corresponding SR values as 1.158, 1.163,
1.185, 1.16 and 1.159 pm, respectively which are much better than the recorded values of Balamurugan
etal. [281]. To better comprehend the relationships between the responses, the corresponding 3D Pareto
optimal front, consisting of a collection of non-dominated solutions, is developed for AVOA algorithm
in Figure 7.4 to address the response weight dependency in WSMO approach affecting the optimal
solutions. The optimal profile of the Pareto front for AVOA is smoother than the other algorithms,

indicating its superior convergence properties. The Pareto optimal set of solutions would provide
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flexibility to the process planners to increase performance of the said AWJIM process, thereby offering
a balance between MRR, KA and SR, depending on the end requirements.

Table 7.3 Multi-objective optimization results

AWJM parameters 0 .
. . % Min.
Optimizer |Responses| A B C Optimal improvement ,
(bar) | (mm) |(mm/min)
Balamurugan MRR 220 1 40 0.0215
etal. [281] KA 220 1.68 20 0.359 - -
SR 220 1.32 20 1.28
MRR 0.0362 68.37
AVOA KA 220 2 20 0.203 43.45 0.462
SR 1.158 9.53
MRR 0.0338 57.21
DOA KA 220 1.49 20.1 0.22 38.72 0.48
SR 1.163 9.14
MRR 0.0354 64.65
FOA KA 220 | 1421 20 0.207 42.34 0.483
SR 1.185 7.42
MRR 0.035 62.79
GOA KA 220 | 1.418 20 0.205 42.90 0.468
SR 1.16 9.38
MRR 0.035 62.79
BSA KA 220 | 1.418 20 0.205 42.90 0.468
SR 1.159 9.45
1 GJJ ® 9 \:
1.3+ | g %
-]

Figure 7.4 3D Pareto optimal front for AVOA
To investigate influences of the AWJM parameters on the responses and interactions between
them, the corresponding parallel plot for AVOA algorithm is developed in Figure 7.5. However, it can
be guaranteed that when AVOA algorithm is employed for multi-objective optimization of the AWM
operation on Lanthanum phosphate/Yttria composite, a specific combination of WJP =220 bar, SOD =
2 mm and St = 20 mm/min would lead to achievement of the corresponding MRR, KA and SR values
as 0.0362 g/s, 0.203° and 1.158 pum, respectively.
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Figure 7.5 Parallel plot for AVOA
For this multi-objective optimization problem, convergence of Z value towards its minimum is
portrayed in Figure 7.6 which again reiterates superiority of AVOA over the other algorithms. On the

other hand, DOA and FOA require more number of iterations to arrive at their corresponding minimum
Z values.
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Figure 7.6 Convergence diagram for multi-objective optimization problem
Figure 7.7 shows the average computation time for the five foraging behavior-based
metaheuristcs while solving the said multi-objective optimization problem. Based on the average
computation time, these algorithms can be ranked as AVOA > FOA > BSA > DOA > GOA. Thus,
AVOA excels over the others in successfully identifying the optimal combination of AWJM parameters,

providing maximum MRR, and minimum KA and SR values with least computation effort.
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7.3 Performance analysis
Like the earlier sections, the corresponding HV and SP values are computed to evaluate the
optimization performance of the five foraging behavior-based algorithms. In Table 7.4, the best
achieved values of HV and SP are denoted in bold letters. Thus, considering these two metrics, it can
be unveiled that AVOA has an impressive performance, outperforming its competitors, and
demonstrates excellent capability in solving high-dimensional optimization problems.
Table 7.4 HV and SP values

Algorithm | AVOA | DOA FOA GOA BSA
HV 0.0239 | 0.0237 | 0.0231 | 0.0236 | 0.0234
SP 0.0042 | 0.0044 | 0.0048 | 0.0046 | 0.0043

The Friedman’s mean rank test, as shown in Table 7.5, is carried out at 1% level of significance
to evaluate the statistically significant difference between AVOA, DOA, FOA, GOA and BSA
optimizers. Based on the results of Table 7.5, it can be inferred that for all the responses under

consideration, AVOA is the best performing optimizer and the performance of FOA is the worst.

Table 7.5 Results of Friedman’s mean rank test

Optimizer | Response | AVOA DOA FOA GOA BSA
Average 0.03683 | 0.036647 | 0.0365841 | 0.036827 | 0.036801
Rank sum MRR 213 377 464 220 226
Avg. rank 2.13 3.77 4.64 2.2 2.26
Rank 1 4 5 2 3
Average 0.203644 | 0.203726 | 0.2087755 | 0.203256 | 0.20361
Rank sum KA 179.5 213 500 248.5 359
Avg. rank 1.795 2.13 5 2.485 3.59
Rank 1 2 5 3 4
Average 1.159714 | 1.159664 | 1.1667184 | 1.16112 | 1.160107
Rank sum SR 165.5 203 494 286.5 351
Avg. rank 1.655 2.03 4.94 2.865 3.51
Rank 1 2 5 3 4
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To further validate the significant difference between AVOA and other algorithms, the Wilcoxon
rank sum test is also conducted at 1% significance level. The results, presented in Table 7.6, reveal a
notable distinction between AVOA and its competitors. Table 7.6 provides the sum of negative ranks
(R-), positive ranks (R+) and p-values for pair-wise comparisons with respect to AVOA algorithm,

reinforcing its superior performance.

Table 7.6 Wilcoxon rank sum test results

AVOA vs DOA FOA GOA BSA
R+ 4299 4999 4314 56
R- MRR 751 51 736 22

p-value 1.20E-04 | 1.70E-04 | 1.30E-04 | 0.18352
R+ 2806 5005 3770 4310

R- KA 2244 45 1180 740

p-value 3.32E-01 | 2.30E-04 | 3.80E-04 | 3.40E-04

R+ 3298 4473 1852 4951
R- SR 1752 328 39 99

p-value 7.82E-03 | 1.00E-04 | 2.70E-04 | 1.90E-04

7.4 Results and discussion

This sub-section investigates application of the five foraging behavior-based algorithm for
parametric optimization of AWJM operation on Lanthanum phosphate/Yttria (LaPO./Y>03s) composite
material. They achieve improvements ranging from 70.07 to 71.47% for MRR, 42.28 to 43.73% for
KA, and 9.22 to 10% for SR in single-objective optimization; and 57.21 to 68.37%, 38.72 to 43.45%,
and 7.42 to 9.53% improvements for MRR, KA and SR, respectively in multi-objective optimization,
compared to the results reported by Balamurugan et al. [281]. Among these algorithms, AVOA
consistently delivers the best results, proving to be most efficient in both single- and multi-objective
optimization of the said AWJM process. In single-objective optimization, it attains the optimal values
of 0.0369 g/s for MRR, 0.202° for KA and 1.152 um for SR. Furthermore, in multi-objective
optimization, the corresponding optimal values are 0.0362 g/s, 0.203° and 1.158 um for MRR, KA and
SR, respectively, at the best possible parametric combination of WJP = 220 bar, SOD =2 mmand St =
20 mm/min. AVOA also excels over the others with reference to speed of convergence and computing
time. For multi-objective optimization, it takes just 1.657 sec to find out the near global solution,
reducing the runtime by 116.28, 17.85, 142.28 and 30.024% against DOA, FOA, GOA and BSA
techniques, respectively. Its superiority is further confirmed using two quality matrics (SP and HV),
and validated through Friedman’s mean rank and Wilcoxon rank sum tests.

Finally, the said AWJM process is optimized (single-objective and multi-objective) using four
other popular algorithms, i.e. GA, PSO, ABC and ACO, and the corresponding improvements (in
percentage) in the response values against those obtained by the past researchers [281] are reported in
Table 7.7. It can be interestingly noticed that none of them can provide better solutions than the five

foraging behavior-based metaheuristic algorithms.
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Table 7.7 Percentage improvements in response values based on GA, PSO, ABC and ACO

algorithms
Optimizer Problem MRR SR KA | Av. time (sec)
GA . 2361 | 953 | 4345 2.87
PSO O;'Q(?t'iie 7147 | 953 | 4345 2.03
ABC | imisation | 6217 | 953 | 4345 1.79
ACO 6217 | 953 | 4345 1.62
GA _ 6465 | 9.14 | 42.34 2.86
PSO ng:;ttl've 64.65 | 9.14 | 42.34 21
ABC s <V 60.47 | 9.38 | 33.15 173
optimization
ACO 62.71 | 9.23 | 37.15 1.68
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8. OPTIMIZATION OF A PLASMA ARC CUTTING PROCESS EMPLOYING PHYSICS-
BASED METAHEURISTIC ALGORITHMS

This section focuses on parametric optimization of a PAC process using five physics-based
metaheuristic algorithms, i.e. AOA, ASO, NRO, EFO and GSA, considering a past experimental
dataset. Subsequently, comparative studies are also conducted among their performance with respect to
accuracy, convergence speed, computation time and variability of the derived solutions. Although all
of them are quite competent in solving many of the popular benchmark functions with increasing
complexity, there is no current research study on their applications in machining process optimization
and comparison against other algorithms developed on the same principle. To strengthen the
comparison, two statistical non-parametric tests, i.e. Friedman’s mean rank test and Wilcoxon rank sum
test are applied. The Pareto optimal front is subsequently developed to obtain unique parametric settings
and optimal multi-objective solution for the PAC process. Finding out the optimal combination of the
PAC parameters and achievable response values is made easier with the aid of a parallel plot.
Additionally, the related values of SP and HV metrics are analyzed in order to identify the best
performing physics-based algorithm. The procedural steps involved for parametric optimization of the
considered PAC process are portrayed in Figure 8.1. This block diagram demonstrates a comprehensive
approach for single- and multi-objective optimization of a PAC process using five physics-based
algorithms, and comparison of their consistency, convergence trait and computation time based on
different statistical and quality metrics, leading to selection of the best optimization strategy.
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Figure 8.1 Block diagram for optimization of a PAC process
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To execute the all considered algorithms, the relevant Python routines are developed and run on
Spyder (Anacoda-3) in Windows 10 Pro with an Intel® Core™ i3-6006U CPU operating at 2.00 GHz
and 4.00 GB of RAM. Each algorithm is individually run 30 times, with a maximum of 100 iterations.
This means that 30 x 100 = 3000 trials would be used to carry out the analyses, and the population size
is kept at 50.

Based on a BBD plan, Devaraj et al. [38] conducted 30 experiments on Monel 400 utilizing a
CAM CNC-based PAC setup (Pro Arc Welding and Cutting System, India). During those experiments,
CS (x1) (mm/min), Pg (x2) (bar), AC (x3) (A) and SOD (x4) (mm) were the input parameters, and MRR
(g/min), KT (°) and HAZ (mm) were the responses. To study the effects of those PAC parameters on
the responses, their values were varied at three different levels having equal intervals, i.e. CS {2200—
2600 mm/min}, Pg {3-4 bar}, AC {45-55 A} and SOD {2-3 mm}. After each experiment, an Infra
IN210 electronic weight scale (accuracy 0.0001 g) was employed to measure MRR. Similarly, an
automated profile projector was used to measure KT, and a tool maker microscope BX53 with a
magnification of 40X was utilized to record HAZ values. It is important to note that KT and HAZ are
the small-the-better responses, while MRR is a larger-the-better response. It has been experimentally
proved that maximum value of MRR can be obtained at lower CS and SOD values. On the other hand,
higher settings of all the PAC parameters would lead to wider KT. A lower KT can only be attained at
lower values of CS and Pg. It has also been noticed that HAZ would decrease with increase in CS and
AC [38]. Using RSM technique and experimental data, the following second-order equations were
developed for the responses under consideration using Design Expert software (Ver. 13), which would
be subsequently treated as the objective functions for solving both the single- and multi-objective
optimization problems for the said PAC process employing five physics-based metaheuristic
algorithms.

Y(MRR) = 894.842 + 0.0623xx1 + 3.757%x, — 29.547xx3 — 137.812xxs — 0.01205%x1%x> +
0.005028x%X1%X3 — 4.327%X2XXq + 2.041xX3%X4 — 0.00005779%X12 + 4.092%x,2 + 0.1218%x3? + 8.604xX4>

(8.1)
Y(KT) = -542.946 + 0.107xx1 + 45.884xx, + 12.156%x3 + 25.781xXs— 0.0151xx1%x — 0.001018%X1XX3
+0.204%X%X3 + 3.968%XpxXs — 0.776XX3XXs — 4.335%X2% — 0.0843%xX3? (8.2)
Y(HAZ) = 82.091 + 0.0341xx; + 5.167xx2— 4.350%x3— 10.578xx4 — 0.00198xx;xX> + 0.0006337*X1XX3
—0.002287xx1%xX4 — 0.795%Xp%X4 + 0.274%xX3%X4— 0.00001128%x,2 + 0.022%x5? + 0.819%X4? (8.3)
8.1 Single-objective optimization of the PAC process

Now, considering the above-mentioned RSM-based equations as the objective functions, and
minimum and maximum values of the PAC parameters as the lower and upper bounds of the design
variables, all the three responses, i.e. MRR, KT and HAZ are individually optimized using the five
considered physics-based algorithms, i.e. AOA, ASO, NRO, EFO and GSA for single-objective
optimization. The corresponding constraints are considered as the operating levels of the four PAC

parameters, i.e. 2200 mm/min < X; < 2600 m/min, 3 bar <X» <4 bar, 45 A<X3<55 Aand 2 mm <Xz <
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3 mm. Table 8.1 shows the single-objective optimization results which also compare the relative
performance of the adopted algorithms. To take into account the stochastic nature of these algorithms,
each of them is independently executed 30 times with the maximum number of iterations and search
agents. It can be noticed from Table 8.1 that all the metaheuristics result in substantial improvements
in the considered response values, e.g. MRR (31.19-42.50%), KT (29.92-35.85%) and HAZ (18.49-
25.55%), as compared to those recorded by Devaraj et al. [38]. Interestingly, NRO, EFO and GSA
derive the optimal values of MRR as 44.46 g/min, which is better than that obtained using AOA and
ASO. Thus, the maximum MRR can be obtained at the optimal intermix of different PAC parameters
as CS = 2214 mm/min, Pg = 3 bar, AC = 45 A and SOD = 2 mm. In case of KT, there is superior
performance of AOA, EFO and GSA against its competitors, achieving minimum KT value as 4.76°.
Thus, to achieve minimum KT, it is recommended to set the corresponding PAC parameters as CS =
2200 mm/min, Pg = 4 bar, AC = 45 A and SOD = 2 mm, providing 35.85% improvement against that
obtained by Devaraj et al. [38]. For HAZ, AOA, NRO, EFO and GSA can identify its minimum value
of 3.06 mm with 25.55% improvement against the observation of Devaraj et al. [38]. Based on single-
objective optimization results, it can be unveiled that EFO supersedes all its competitors, i.e. AOA,
ASO, NRO and GSA, while achieving maximum MRR, and minimum of KT and HAZ values, along
with the least SD of the derived solutions.

Table 8.1 Results of single-objective optimization

PAC parameters %
Optimizer | Response Mean | SD |Optimal X1 X2 X3 Xa improvement
(mm/min) | (bar) | (A) | (mm)
Devaraj et MRR (g/min) 31.2 2400 3.5 50 2.5
al. [38] KT (°) - - 7.42 2400 3.5 50 2.5 -

HAZ (mm) 411 2400 35 50 2.5
MRR (g/min) | 39.74 | 2.93 | 40.93 2263 3 45 2 31.19

AOA | KT (°) 502 | 0.63 | 4.76 2200 4 45 2 35.85
HAZ (mm) 3.25 | 048 | 3.06 2600 4 45 3 25.55
MRR (g/min) | 41.38 | 2.96 | 42.64 2228 3 45 2 36.67

ASO | KT (°) 529 | 053 | 5.07 2209 4 45 2 31.67
HAZ (mm) 355 | 052 | 3.35 2576 3.98 | 46.23 | 2.94 18.49
MRR (g/min) | 43.1 | 3.16 | 44.46 2214 3 45 2 42.5

NRO | KT (°) 540 | 0.55 | 5.20 2228 4 45 2 29.92
HAZ (mm) 3.23 | 045 | 3.06 2600 4 45 3 25.55
MRR (g/min) | 43.34 | 2.73 | 44.46 2214 3 45 2 42.5

EFO KT (°) 498 | 052 | 4.76 2200 4 45 2 35.85
HAZ (mm) 3.20 | 0.36 | 3.06 2600 4 45 3 25.55
MRR (g/min) | 43.25 | 3.02 | 44.46 2214 3 45 2 42.5

GSA | KT (9) 5.00 | 0.59 | 4.76 2200 4 45 2 35.85
HAZ (mm) 3.23 | 043 | 3.06 2600 4 45 3 25.55

The corresponding convergence diagrams are developed in Figure 8.2 for the three responses

under consideration. They prove superiority of EFO, showing its rapid progress towards achieving the
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optimal response values with minimum iterations. With reference to convergence speed, the
performance of ASO is the worst. The convergence patterns of NRO, EFO and GSA are noticed to be
almost similar for MRR. For KT, the convergence patterns of AOA, EFO and GSA are almost the same.
On the other hand, while minimizing HAZ, AOA, NRO, EFO and GSA have almost similar trends of
convergence.
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Figure 8.2 Convergence diagrams for the physics-based metaheuristic algorithms

Figure 8.3 depicts the box plots of the three responses against AOA, ASO, NRO, EFO and GSA
techniques, also validating supremacy of EFO over its competitors in regard of variability of the derived
solutions. In a box plot, the corresponding minimum, maximum and quartiles of the solutions, along
with distribution of the data are portrayed. If the associated median is not closer to the mean, the data
is skewed. In Figure 8.3, as compared to other algorithms, EFO has the minimum outlier spread and
requires fewer function evaluations to derive the optimal solutions, validating its fast convergence
speed, while AOA, ASO, NRO and GSA have maximum outlier spread for all the responses under
consideration. Data density estimation is considered to display the distribution shape of the data for all
the responses; the thinner section of a box plot indicates lower probability, while a wider section
symbolizes a higher probability that the algorithm would provide the given value as optimal, which is
highly concentrated around the mean value as observed in EFO algorithm. Thus, compared to other

algorithms, the results produced by EFO are more consistent.
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Figure 8.3 Box plots for the physics-based metaheuristic algorithms

It is noticed from Table 8.1 that single-objective optimization provides completely contradictory
settings of PAC parameters in attaining maximum MRR, and minimum KT and HAZ values, which
would be quite impractical to maintain in a single PAC setup. Single-objective optimization only
concentrates on an individual quality characteristic (response) at a time, but multi-objective

optimization can identify a unique combination of PAC parameters leading to concurrent optimization

of all the responses, fulfilling productivity and surface quality requirements of a PAC process.

Figure 8.4 exhibits the average computational time for each of the physics-based metaheuristics
across each of the responses while solving the corresponding single-objective optimization problems.
It reveals that EFO is computationally efficient excelling over AOA, ASO, NRO and GSA. Thus, based

on quality of the derived solutions, convergence effort and average computational time, it can be

concluded that EFO performs best among the other physics-based algorithms.
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Figure 8.4 Average computation time for single-objective optimization
8.2 Multi-objective optimization of the PAC process
It should be highlighted that each algorithm in single-objective optimization finds out different
PAC parameter settings for each response, making it difficult to manage in a real-time scenario. To
simultaneously optimize all the three responses while providing a unique intermix of PAC settings, the
WSMO model is adopted, followed by development of the corresponding Pareto optimal front. The
multi-objective function for WSMO is formulated as shown follow:

Min (Z) = [_ W1XV(MRR) | wpXY(KT) W3><Y(HAZ)]

MRRuyax KT min HAZpmin (8.4)
where Y(MRR), Y(KT) and Y(HAZ) are the RSM-based equations for MRR, KT and HAZ respectively;
MRRmax, KTmin and HAZmin are the single-objective optimization-based results for maximum MRR, and
minimum KT and HAZ respectively; and w1, w, and ws are the weights allocated to MRR, KT and HAZ
respectively. However, in this approach, the weights assigned to the responses have significant impact
on the optimization results. It would be prudent to allocate equal importance to each of the responses if
its relative significance is unknown in advance. But, it may not be the real situation. Depending on the
end requirements, these responses may have dissimilar importance. The multi-objective optimization
results of the considered PAC operation are presented in Table 8.2, demonstrating that all the five
physics-based algorithms are capable of providing better response values against those reported by
Devaraj et al. [38]. Hence, CS = 2554 mm/min, Pg = 4 bar, AC = 45.2 A and SOD = 2.44 mm would
provide the optimal parametric combination for simultaneous maximization of MRR, and minimization
of KT and HAZ for the said PAC process. It can be interestingly noted that EFO offers the best value
of MRR in multi-objective optimization as 42.34 g/min. Table 8.2 also reveals that MRR is increased
by 25.32, 28.81, 29.17, 35.71 and 34.26% for AOA, ASO, NRO, EFO and GSA, respectively. Similarly,
for KT, the performance improvement ranges between 13.75% and 18.19%. On the other hand, AOA,
ASO, NRO, EFO and GSA identify the corresponding HAZ values as 3.84, 3.9, 3.85, 3.74 and 3.74
mm respectively, which are much better than the recorded values of Devaraj et al. [38]. To better

comprehend the relationships between the responses, the corresponding 3D Pareto optimal front,
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consisting of a collection of non-dominated solutions, is developed for EFO algorithm in Figure 8.5 to
address the response weight dependency in WSMO approach affecting the optimal solutions. The
optimal profile of the Pareto front for EFO is smoother than the other algorithms, indicating its superior
convergence properties. The Pareto optimal set of solutions would provide flexibility to the process
planners to increase performance of the said PAC process, thereby offering a balance between MRR,
KT and HAZ, depending on the end requirements.

Table 8.2 Results of multi-objective optimization

PAC parameters %
Optimizer Response Optimal | Minz X1 X2 X3 Xa improvemnent
(mm/min)| (bar) | (A) | (mm)
.| MRR (g/min) 31.2
e?:;.’ a[;aé] KT () 7.42 . 2400 | 35 | 50 | 25 -
HAZ (mm) 4.11
MRR (g/min) 39.1 25.32
AOA KT (°) 6.17 0.78 2545 4 45 2.92 16.85
HAZ (mm) 3.84 6.57
MRR (g/min) | 40.19 479 28.81
ASO KT (°) 6.28 0.72 | 2598.6 | 3.95 5' 2.79 15.36
HAZ (mm) 3.9 511
MRR (g/min) 40.3 29.17
NRO KT (°) 6.4 0.69 2573 4 454 | 291 13.75
HAZ (mm) 3.85 6.33
MRR (g/min) | 42.34 35.71
EFO KT (°) 6.07 0.66 2554 4 452 | 2.44 18.19
HAZ (mm) 3.74 9.00
MRR (g/min) | 41.89 34.26
GSA KT (°) 6.1 0.667 2598 4 452 | 2.52 17.79
HAZ (mm) 3.74 9.00

To understand impacts of PAC parameters on the responses and interactions between them, the
related parallel plot is designed in Figure 8.6 for EFO algorithm. It provides several parametric
intermixes to increase MRR (42.34 g/min) with lower KT (6.07°) and HAZ (3.74 mm) with a specific
combination of CS = 2554 mm/min, Pg = 4 bar, AC = 45.2 A and SOD = 2.44 mm, resulting in achieving
the corresponding response values during multi-objective optimization based on EFO algorithm. The
solutions represented by red and green colors validate superiority of EFO in the lower and upper
portions of the Pareto front. The black point in the Pareto front and black line in the parallel plot show
the PAC process’s optimal performance with respect to maximum MRR, and minimum KT and HAZ.
Figure 8.7 shows the average computation time for the five physics-based metaheuristics based on 30
independent runs for each algorithm while solving the said multi-objective optimization problem. Based
on the average computation time, they can be ranked as EFO > ASO > NRO > AOA > GSA. Thus,
EFO excels over the others in successfully identifying the optimal combination of PAC parameters,

providing maximum MRR, and minimum KT and HAZ values with minimum computation effort.
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Figure 8.7 Average computational time for multi-objective optimization

8.3 Performance analysis
Like the earlier sections, the corresponding HV and SP values are also computed to evaluate the

optimization performance of the five physics-based algorithms. In Table 8.3, the best achieved values
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of HV and SP are denoted in bold letters. Thus, considering these two metrics, it can be unveiled that
EFO has an impressive performance, outperforming its competitors, and demonstrates excellent
capability in solving high-dimensional optimization problems.

Table 8.3 HV and SP values

Algorithm | AOA | ASO NRO EFO GSA
HV 1.772 | 1.767 | 1.775 1.778 1.77
SP 0.44 0.45 0.43 0.41 0.42

Similarly, the results of Friedman’s mean rank test for all the responses are provided in Table
8.4, to evaluate the statistically significant difference between AOA, ASO, NRO, EFO and GSA
optimizers. Based on the results of Table 8.4, it can be inferred that EFO is the best performing
optimizer, while the performance of ASO is the worst while optimizing the said PAC process.

Table 8.4 Results of Friedman’s mean rank test

Algorithm | Response | AOA ASO NRO EFO GSA
Average 39.7431 | 41.3811 | 43.0968 | 43.3383 | 43.2452
Rank sum MRR 498 396 222 188.5 1955
Average rank 4.98 3.96 2.22 1.885 1.955
Rank 5 4 3 1 2
Average 5.0171 | 5.286 | 5.4036 | 4.9754 | 5.0005
Rank sum KT 228.5 400.5 488 184.5 198.5
Average rank 2.285 4.005 4.88 1.845 1.985
Rank 3 4 5 1 2
Average 3.2495 | 3.5547 | 3.2314 | 3.195 3.225
Rank sum HAZ 266.5 500 256.5 227.5 249.5
Average rank 2.665 5 2.565 2.275 2.495
Rank 4 5 3 1 2

Finally, the results of Wilcoxon rank sum test, as provided in Table 8.5, prove the presence of
significant difference between EFO over its competitors in solving the considered multi-objective
optimization problem while optimizing the said PAC operation on Monel 400 work material.

Table 8.5 Wilcoxon rank sum test results

EFO vs AOA ASO NRO GSA
R+ 4215 38 148 121
R- MRR 125 7 5 15

p-value 1.00E-05 | 9.73E-05 | 1.50E-04 0.0031
R+ 162 3524 159 144
R- KT 9 84 8 9

p-value 1.90E-04 | 1.58E-05 | 4.86E-05 | 3.40E-04
R+ 145 4167 135 135
R- HAZ 8 103 1 1

p-value 1.40E-04 | 1.00E-05 | 2.70E-04 | 2.70E-04
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8.4 Results and discussion

As previously stated, this work focuses on application of five potential physics-based algorithms
for parametric optimization of a PAC process. For single-objective optimization of the PAC process,
all the algorithms provide the corresponding improvements of 31.19-42.50% in MRR, 29.92-35.85%
in KT and 18.49-25.55% in HAZ, as compared to those derived by Devaraj et al. [38]. For multi-
objective optimization, these improvements are 25.32-35.71%, 13.75-18.19% and 5.11-9% for MRR,
KT and HAZ, respectively.

For single- and multi-objective optimization problems, EFO always provides the best results,
appearing as the most efficient algorithm. It achieves the optimal values of 44.46 g/min, 4.76° and 3.06
mm for single-objective optimization; and 42.34 g/min, 6.07° and 3.74 mm for multi-objective
optimization, for MRR, KT and HAZ, respectively with a specific combination of CS = 2554 mm/min,
Pg =4 bar, AC =45.2 A and SOD = 2.44 mm.

However, EFO supersedes the others with respect to faster convergence speed and computation
time. In multi-objective optimization, it only takes 1.57 sec to obtain the global optimal solution; and
saves 77.1%, 36.3%, 65.6% and 98.73% of the runtime against AOA, ASO, NRO and GSA techniques,
respectively. Results of two quality metrics (SP and HV) and two non-parametric statistical tests
(Friedman’s mean rank test and Wilcoxon rank-sum test) also confirm superiority of EFO over the other
algorithms under consideration.

To verify the significant difference between EFO and other considered algorithms, its
performance is contrasted for single- and multi-objective optimization with respect to percentage
improvements in the predicted response values and average computational time, as depicted in Table
8.6. It exhibits that EFO provides better or similar values for all the responses under consideration as
compared to other metaheuristics. In case of single-objective optimization, its performance is similar to
that of AOA for KT and HAZ; NRO for MRR and HAZ; and GSA for MRR, KT and HAZ. For multi-
objective optimization, it performs same as GSA for HAZ. Thus, it can be concluded that the
optimization performance of EFO is only comparable to that of GSA. With respect to average
computational time, EFO significantly outperforms its competitors for the optimization problem. Thus,
based on the observations, it can be concluded that increasing CS enhances MRR allowing more
material to be removed in a shorter time. Faster tool movement also limits heat absorption by the
material, reducing size of the HAZ and risk of thermal deformation. It also helps in maintaining a
straighter, narrower kerf, thereby minimizing KT. Higher Pg effectively removes the molten material
from the cut area, improving cut quality while preserving the plasma jet’s shape and intensity. It cools
the material more efficiently, further reducing HAZ. Lowering AC decreases heat generation,
minimizes HAZ and improves surface quality by reducing unwanted thermal effects. While lower AC
may reduce energy input, optimizing other parameters, like CS can help maintaining or even increasing
MRR. A proper SOD ensures that the plasma arc remains focused, allowing efficient cutting without

excessive heat dissipation, helping maintain a consistent arc and minimizing KT by preventing
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widening of the cut.
Table 8.6 Percentage improvements of the responses and computational time for EFO against
its competitors

EFOvs | Technique | MRR | KT | HAZ | Time
AOA 7.94 0 0 65.21
ASO Single- | 4.09 | 6.51 | 9.48 | 48.80
NRO objective 0 924 | 0 65.21
GSA 0 0 0 | 140.70
AOA 7.65 | 1.65 | 2.67 | 77.07
ASO Multi- 5.08 | 3.46 | 4.28 | 36.31
NRO objective | 4.82 | 5.44 | 2.94 | 65.61
GSA 1.06 | 0.49 0 98.73

Five popular state-of-the-art metaheuristic algorithms, i.e. GA, PSO, ABC, TLBO and JA are
finally utilized to optimize the PAC process. Table 8.7 reports the improvements in the response values
(in percentage) that EFO algorithm can achieve [38] as well as average computation time for those
algorithms. It can be interestingly noticed from Table 8.7 that all the considered physics-based
algorithms outperform them while addressing both the single- and multi-objective optimization
problems.

Table 8.7 GA, PSO, ABC, TLBO and JA-based optimization results

Optimizer | Technique | MRR | KT | HAZ | Average time (sec)
GA 32.82 | 33.96 | 24.57 3.43
PSO Single- 32.82 | 33.69 | 24.57 1.84

ABC L 29.81 | 31.67 | 22.38 4.3

objective

TLBO 29.81 | 34.37 | 23.60 3.83
JA 32.69 | 33.96 | 21.41 1.64
GA 34.26 | 17.79 | 9.00 3.16
PSO i 34.26 | 17.79 | 9.00 1.97
ABC ogf:ci:ve 33.04 | 16.04 | 341 4.25
TLBO 34.94 | 16.58 | 7.30 3.92
JA 30.77 | 16.98 | 7.79 1.72

In this section, all the five physics-based algorithms demonstrate superior performance as
compared to other methods, like RSM, fuzzy logic and DFA, adopted by the past researchers [38],
making them highly suitable for solving complex optimization problems, particularly multi-objective
and high-dimensional cases. Against the conventional optimization methods, they show higher
efficiency, adaptability and scalability, and can be deployed to optimize any of the machining processes

in continuous solution space.
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9. OPTIMIZING AN END MILLING PROCESS USING THE BEST-PERFORMING
METAHEURISTIC ALGORITHMS

In the previous sections, five machining processes, i.e. turning, green machining, LBD, AWJM
and PAC are optimized, employing different nature-inspired metaheuristic algorithms to determine the
optimal combinations of the process parameters. Five distinct categories of nature-inspired algorithms
are utilized for optimization of several machining operations. In case of the turning process, five human-
inspired metaheuristic algorithms are applied, with TLBO emerging as the most efficient technique for
optimizing the said turning operation. For the green machining process, five mating behavior-based
metaheuristic algorithms are used, where FMA demonstrate its superiority in solving the said parametric
optimization problem. Among five preying behavior-based techniques applied for optimization of the
LBD process, GWO outperforms the others. For the PAC process, five physics-based metaheuristic
algorithms are employed, where EFO consistently yields the best results in both the single- and multi-
objective optimization problems. Finally, for the AWJM process, five foraging behavior-based
metaheuristics are adopted, with AVOA emerges as the best performing optimizer. To assess the
algorithm performance, Table 9.1 presents the best performing algorithms from five different categories
of the nature-inspired metaheuristics. A total of 25 metaheuristic algorithms are tested across five
machining processes, from which five best performing algorithms, i.e. TLBO, FMA, GWO, EFO and
AVOA, are selected for further analysis in terms of accuracy, convergence speed, computation time
and variability of the derived solutions. These top-performing algorithms are considered to optimize an
end milling operation using the past experimental dataset. Comparative studies are conducted to assess
their performance across some key evaluation criteria. To strengthen the comparison, two statistical
non-parametric tests, i.e. Friedman’s mean rank test and Wilcoxon rank sum test are also applied. The
Pareto optimal front is subsequently developed to obtain the unique parametric settings and optimal
multi-objective solution for the end milling process. Finding out the optimal combination of the end
milling parameters and achievable response values is made easier with the aid of the parallel plot.
Additionally, the related values of SP and HV metrics are also analyzed in order to identify the best
performing algorithm.

Table 9.1 Best-performing algorithms from five types of nature-inspired metaheuristics

_Typ_)es of natl_Jre- Algorithms combined Machining Best-pen_‘ormmg

inspired algorithm process algorithm

Human-inspired TLBO, SAR, TOA, HCO, Turning TLBO
QSA

Mating behavior- | FMA, NMR, BMA, BMOA, | Green machining EMA

based AZOA (dry milling)

E;EZ;”Q behavior- | <r5. A0, HHO, BA, GWO LBD GWO

Physics-based AOA, ASO, NRO, EFO, GSA PAC EFO

Foraging DOA, AVOA, GOA, FOA,

behavior-based BSA AWIM AVOA
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Shihab et al. [283] conducted 30 milling experiments on hybrid Al7075/SiC/Gr composite based
on a CCD plan, considering four input parameters, i.e. SS (x1) (in rpm), FR (x2) (in mm/rev), DOC (x3)
(in mm) and concentration of SiC/Gr (x4) (in %), at three distinct levels as SS {500, 750, 1000 rpm},
FR {0.02, 0.06, 0.1 mm/rev}, DOC {0.5, 1, 1.5 mm} and concentration of SiC/Gr {9, 12, 15 %}. The
three responses measured had included MRR (mm®/min), SR (um) and MH (HV). It is important to
note that MRR and MH are considered as the ‘larger-the-better’ responses, while SR is a ‘smaller-the-
better’ attribute. After every milling experiment, the MH values were monitored using a digital micro
Vickers hardness tester, while SR values were measured using MAHR FEDERAL POCKET SURF
44100 tester. By integrating RSM with DFA, Shihab et al. [283] observed that the optimal parameters
as SS = 1000 rpm, FR = 0.0677 mm/rev, DOC = 1.1869 mm and concentration of SiC/Gr = 12.697%
would provide the maximum values of MRR = 2043.35 mm®min and MH = 142.368 HV, and minimum
value of SR = 1.2942 um. The following second order equations for the responses were formulated
employing Design Expert software (Ver. 13.0), which would be later employed as the objective
functions while working out the single- and multi-objective optimization problems related to the said
milling process using five best-performing metaheuristic algorithms.

Y(MRR) = —3986 +0.611xx; +1694xX, +306xX3 +593%X4 +7%X1 XXz + 11500%XoX3 — 24.69%X4? 9.1)
Y(SR) = -0.949 + 0.000608xx; +33.66xx> — 1.638xx3 +0.1485xXs — 0.001035%x1X5 —1.339%X2XX4

+1.274xx32 9.2)
Y(MH) = 118.62 — 0.1367xx; +57.78xx, +27.47xXs +2.701xxs —0.01115xx,x5 —0.002208%X1XXs
+1.346Xx3xX4 +0.000136Xx:% — 17.99xx32 9.3)

9.1 Single-objective optimization of the end milling process

Now, using the RSM-based equations as the objective functions, and lower and higher limits of
the considered milling parameters as the minimum and maximum values of the design variables,
respectively, each of the three responses is individually optimized using the five considered algorithms.
The corresponding constraints are thereby treated as the working levels of the four milling parameters,
i.e. 500 rpm < X1 < 1000 rpm, 0.02 mm/rev < X < 0.1 mm/rev, 0.5 mm < Xz < 1.5 mm and 9% < x4 <
15%. Results of the single-objective optimization are exhibited in Table 9.2, which also contrasts
relative performance of the adopted algorithms.

Table 9.2 indicates that these metaheuristics provide considerable enhancements in the response
values, like MRR (34.74%), SR (18.64-26.13%) and MH (5.07%), as compared to those recorded by
Shihab et al. [283]. All the considered algorithms derive the optimal values of MRR and MH as 2753.18
mm?3/min and 149.58 HV, respectively. The minimum SR is achieved at the optimal combination of the
milling parameters, specifically as SS = 1000 rpm, FR = 0.02 mm/rev, DOC = 1.05 mm and
concentration of SiC/Gr = 9%. GWO, AVOA, EFO and TLBO can identify its global maximum value
as 0.956 pm. The results of single-objective optimization indicate that GWO, AVOA, EFO and TLBO

can provide the optimal values of all the considered responses.
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Table 9.2 Solutions of the single-objective optimization problem

Optimizer Response Optimal Process Parameters SD Mean |. %
X1 X2 X3 X4 improvement
Shihab et MRR (mm®min) | 2043.35
al. [283] SR (um) 1.2942 | 1000 | 0.0677 | 1.1869| 12.697 - - -
MH (HV) 142.368
MRR (mm?¥min) | 2753.18| 1000 | 0.1 15 12 2731.09| 63.237 34.74
GWO | SR (um) 0.956 | 1000| 0.02 1.05 9 0.021 | 0.963 26.13
MH (HV) 149.58 | 1000| 0.1 1.01 15 243 |148.710 5.07
MRR (mm?¥min) | 2753.18| 1000 | 0.1 15 12 2728.87| 67.060 34.74
AVOA | SR (um) 0.956 | 1000| 0.02 1.05 9 0.024 | 0.965 26.13
MH (HV) 149.58 | 1000| 0.1 1.01 15 2.54 | 148.630 5.07
MRR (mm?min) | 2753.18| 1000| 0.1 15 12 2721.39| 81.605 34.74
FMA | SR (um) 1.053 | 985 | 0.021 1 9.05 0.012 | 1.058 18.64
MH (HV) 149.58 | 1000| 0.1 1.01 15 3.21 | 148.250 5.07
MRR (mm?min) | 2753.18| 1000| 0.1 15 12 2729.18| 66.571 34.74
EFO SR (um) 0.956 | 1000| 0.02 1.05 9 0.023 | 0.965 26.13
MH (HV) 149.58 | 1000| 0.1 1.01 15 2.76 | 148.510 5.07
MRR (mm?min) | 2753.18| 1000 | 0.1 15 12 2729.86| 65.393 34.74
TLBO | SR (um) 0.956 | 1000| 0.02 1.05 9 0.021 | 0.964 26.13
MH (HV) 149.58 | 1000| 0.1 1.01 15 2.52 | 148.640 5.07

Figure 9.1 plots the convergence diagrams of each of the algorithms for the considered responses.

All the algorithms (except FMA) show rapid progress towards the corresponding optimal solutions after

only a few iterations. The convergence behaviors of GWO, AVOA, EFO and TLBO are almost the

same for all the responses. These convergence diagrams primarily prove the superiority of GWO over

the other algorithms in achieving the optimal solutions with least number of iterations. With respect to

speed of convergence, FMA performs worst, showing poor advancement towards the optimal solutions.
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Figure 9.2 exhibits the box plots combined with data density diagrams illustrating the distribution

and variability of the responses across the five algorithms while validating supremacy of GWO over its
competitors with reference to the achieved solutions. Compared to other algorithms, GWO exhibits
compact distributions with small ranges and few outliers, as indicated by its narrow interquartile ranges,
lower variability and dense concentration of data around the median, reflecting high consistency in the
derived solutions. Similarly, EFO, AVOA and TLBO also display narrower interquartile ranges with
fewer outliers; however, their data density estimations show slightly greater variation in the data spread
compared to GWO. Overall, GWO, EFO, AVOA and TLBO demonstrate consistent performance with

minimal variability, whereas, FMA exhibits maximum variability with a large number of outliers.

27504 :';g ]
2700 . 1.08 7
= 1 1.07
[
E 1.06 W
£ s - SEN o
°F 2650 £ 1,05 A g .
E ] V{2 | ¢ ;
o 2600 ‘ 7 ’ % 1.03]
% ‘G 1.02 ‘ l f
%5 2550 : &, 1.01 ) A o A
9 & 1.00
2 e ©
5 2500 . v . . 0.99
14 . & % ¢ 0.98
—— . Rt *
2450 - - 3 1 . 0.97
¢ 0.96 aE =
2400 T T — T 2 T T 0.95: T T T T T
TLBO EFO FMA AVOA GWO TLBO EFO FMA AVOA GWO
Algorithms Algorithms
a) MRR (mm?min) b) SR (um)

Figure 9.2 Developed box plots

159



150 = = f i)
148 - . CHl s .
* * -
. . -
— 146 . . -
= . .
3 Al * ¥
I 144 4 o .
2 .
i
[e]
o 142
o
=
T
© 140 : .
. - . *
L P A & L
138 B
136 T T = T T T
TLBO EFO FMA AVOA GWO
Algorithms
c) MH (HV)

Figure 9.2 Contd.

Figure 9.3 illustrates the mean computation time for the three responses across the five
metaheuristic algorithms, in the context of single-objective optimization. It reveals that GWO, EFO,
AVOA and TLBO are computationally efficient optimizers. Considering quality of the derived
solutions, convergence effort and average computational time, it can be concluded that GWO emerges

out as the best performing algorithm among those evaluated.
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Figure 9.3 Mean computing time for single-objective optimization
9.2 Multi-objective optimization of the end milling process
The WSMO model is first applied, followed by development of the corresponding Pareto optimal

front. The corresponding multi-objective function for WSMO is formulated as below:

Min (Z) = [_ WiXY(MRR) | wzXY(SR) _ W3><Y(MH)]

MRRpmax SRmin MHpax (9.4)
where Y(MRR), Y(SR) and Y(MH) represent the RSM-based equations for MRR, SR and MH,
respectively; MRRmax, SRmin and MHmay are the results based on single-objective optimization for MRR,
SR and MH, respectively; and wi, w. and ws are the weights allocated to MRR, SR and MH,
respectively. Table 9.3 represents the multi-objective optimization results for the said end milling

operation, revealing that all the five algorithms achieve better results compared to those recorded by
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Shihab et al. [283]. Notably, GWO, AVOA, EFO and TLBO surpass FMA in maximizing MRR and
MH while minimizing SR. To achieve the optimal performance across all the responses, the
recommended milling parameters are SS = 1000 rpm, FR = 0.06 mm/rev, DOC = 1.4 mm and
concentration of SiC/Gr = 12.4%. A comparative analysis shows that almost all the algorithms result in
similar improvement of 12.17% in MRR (4.09% for FMA), and 10.37% in SR (0.32% for FMA), while
for MH, the maximum improvement is 1.08% (1.01% for FMA) against the observations of Shihab et
al. [283]. To mitigate the dependency of response weights in WSMO approach, the related 3D Pareto
optimal front is developed for GWO technique, as shown in Figure 9.4. The shape and spread of the
Pareto front illustrate GWQ’s efficiency in exploring the solution space, emphasizing necessary trade-
offs for simultaneous process optimization. In this plot, green points at the upper portion and red points
at the lower portion represent non-dominated solutions forming the Pareto optimal front, reflecting the
best possible trade-offs among the three objectives. The ‘Optimal point’, marked in black on the Pareto
front, highlights the best compromised solution, further validating effectiveness of GWO.
Table 9.3 Multi-objective optimization results

. Min Process Parameters . %
Optimizer Response Optimal |.
Z X1 X2 X3 Xa Improvement
Shihab | MRR (mm?/min) 2043.35
etal. SR (um) - 1000 |0.0677|1.18687|12.697| 1.2942 -
[283] | MH (HV) 142.368
MRR (mm?®/min) 2292 12.17
GWO | SR (um) 0.373 | 1000 | 0.06 14 | 124 1.16 10.37
MH (HV) 143.9 1.08
MRR (mm?min) 2292 12.17
AVOA | SR (um) 0.373 | 1000 | 0.06 14 | 124 1.16 10.37
MH (HV) 143.9 1.08
MRR (mm?min) 2127 4.09
FMA | SR (um) 0.365 | 990 | 0.022 | 1.13 | 9.03 1.29 0.32
MH (HV) 143.8 1.01
MRR (mm?min) 2292 12.17
EFO SR (um) 0.373 | 1000 | 0.06 14 | 124 1.16 10.37
MH (HV) 143.9 1.08
MRR (mm?min) 2292 12.17
TLBO | SR (um) 0.373 | 1000 | 0.06 14 | 124 1.16 10.37
MH (HV) 143.9 1.08

The parallel plot for GWO algorithm, shown in Figure 9.5, examines the impact of different
parametric settings on the responses and their possible interactions. It confirms that to achieve the
optimal performance, while minimizing SR (1.16 um), and maximizing MRR (2292 mm?®/min) and MH
(143.9 HV), the ideal end milling parameters as SS = 1000 rpm, FR = 0.06 mm/rev, DOC = 1.4 mm
and concentration of SiC/Gr = 12.4% should be the optimal choice, while performing end milling

operation on the hybrid Al7075/SiC/Gr composite material.
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Figure 9.5 Parallel plot for GWO algorithm
Figure 9.6 compares the average computation time based on 30 independent runs of the five
metaheuristic algorithms, while resolving the corresponding multi-objective optimization problem.
Based on the mean computing time, the algorithms are ranked as GWO > TLBO > AVOA > EFO >
FMA, with GWO demonstrating superior efficiency in identifying the optimal milling parameter

combination with minimal computational effort.
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Figure 9.6 Mean computing time for multi-objective optimization
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9.3 Performance analysis
This work also utilizes HV and SP values as the quality metrics to evaluate performance of the
five metaheuristic algorithms. Table 9.4 highlights the best HV and SP values in bold, confirming that
GWO outperforms its competitors. These results demonstrate GWQ’s exceptional capability in solving
high-dimensional optimization problems with superior efficiency.
Table 9.4 HV and SP values

Algorithm | GWO | AVOA FMA EFO TLBO
HV 2237.2 | 2206.37 | 2215.52 | 2197.26 | 2231.1
SP 3.97 4.07 4.27 4.13 3.99

To critically evaluate the performance of the five optimization algorithms, the Friedman’s mean
rank test is conducted at 1% significance level, as shown in Table 9.5, to determine statistically
significant deviations between GWO, AVOA, FMA, EFO and TLBO optimizers. According to the
results presented in Table 9.5, it is proved that GWO outperforms all other algorithms across the
considered responses, while FMA demonstrates the worst performance.

Table 9.5 Friedman’s mean rank test results

Algorithm | Response GWO AVOA FMA EFO TLBO
Average 2731.09 | 2728.87 | 2721.39 | 2729.18 | 2729.86
Rank sum MRR 269 306.5 334 307.5 283
Average rank 2.69 3.065 3.34 3.075 2.83
Rank 1 3 5 4 2
Average 0.9632 0.9651 1.0584 0.9648 0.9637
Rank sum SR 226.5 275.5 500 258.5 239.5
Average rank 2.265 2.755 5 2.585 2.395
Rank 1 4 5 3 2
Average 148.7101 | 148.6266 | 148.2543 | 148.5091 | 148.6363
Rank sum MH 266 298 338 316 282
Average rank 2.66 2.98 3.38 3.16 2.82
Rank 1 3 4 5 2

To further validate the significant difference between GWO and other algorithms, the Wilcoxon
rank sum test is also conducted at 1% significance level. The results, presented in Table 9.6, reveal a
notable distinction between GWO and its competitors. Table 9.6 provides the sum of negative ranks
(R-), positive ranks (R+) and p-values for pair-wise comparisons with respect to GWO algorithm,

reinforcing its superior performance.
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Table 9.6 Results of the Wilcoxon rank sum test

GWO vs AVOA FMA EFO TLBO
R+ 136 153 136 119
R- MRR 3 7 4 1

p-value 4.40E-04 | 3.00E-04 | 2.20E-05 | 8.00E-04
R+ 153 505 153 118
R- SR 9 37 11 2

p-value 3.00E-04 | 1.00E-05 | 3.00E-04 0.001
R+ 136 190 153 136
R- MH 5 23 16 4

p-value 4.40E-04 | 1.40E-04 | 3.00E-04 | 4.40E-04

9.4 Results and discussion

This work investigates application of five metaheuristic algorithms for parametric optimization
of an end milling operation on hybrid AlI7075/SiC/Gr composite work material. These algorithms
achieve improvements of 34.74% in MRR, 18.64 t0 26.13% in SR and 5.07% in MH for single-objective
optimization, while multi-objective optimization yields improvements of 4.09 to 12.17% for MRR, 0.32
to 10.37% for SR and 1.01 to 1.08% for MH, compared to the results reported by Shihab et al. [283].
Among the considered algorithms, GWO consistently delivers the best performance, proving to be the
most efficient in both single- and multi-objective optimization of the said end milling process. In single-
objective optimization, GWO attains the optimal values of 2753.18 mm®/min for MRR, 0.956 pm for
SR and 149.58 HV for MH, whereas, in multi-objective optimization, the corresponding optimal values
are 2292 mm3®/min, 1.16 um and 143.9 HV for MRR, SR and MH, respectively, at the best possible
parametric combination of SS = 1000 rpm, FR = 0.06 mm/rev, DOC = 1.4 mm and concentration of
SiC/Gr = 12.49%. GWO also surpasses other algorithms in convergence speed and computing time,
requiring just 1.87 sec to find out the global optimal solution, reducing the runtime by 71.66, 183.42,
88.77 and 44.39% compared to AVOA, FMA, EFO and TLBO techniques, respectively. Its superiority
is further confirmed using SP and HV values, as well as validation through Friedman’s mean rank and
Wilcoxon rank sum tests.

Table 9.7 highlights the differences between GWO and its competitors by comparing the
performance in both the single- and multi-objective optimization problem, focusing on the percentage
improvements in the response values and mean computing time. It depicts superior or same results
across all the responses. For single-objective optimization, it performs similarly to the other four
algorithms for MRR and MH, and AVOA, EFO and TLBO for SR. In multi-objective optimization,
AVOA, EFO and TLBO exhibit comparable performance to GWO across all the responses. However,
GWO significantly outperforms its competitors in terms of average computation time. Overall, the
findings suggest that higher SS and DOC, along with moderate FR and percentage of SiC/Gr values,
lead to concurrent optimization of all the responses, with GWO emerging out as the most efficient

technique.
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Table 9.7 Percentage improvements of the responses and computing time for GWO across its
competitors
Optimizer | AVOA | FMA | EFO | TLBO | AVOA | FMA | EFO | TLBO

Technique Single-objective Multi-objective
MRR 0 0 0 0 0 7.20 0 0
SR 0 10.15 0 0 0 11.21 0 0
MH 0 0 0 0 0 0.07 0 0
Time 17.95 | 14591 | 52,92 | 79.15 | 71.66 | 183.42 | 88.77 | 44.39

The end milling operation is also optimized using some popular metaheuristic algorithms, such
as GA, PSO, ABC, SA and ACO for both the single- and multi-objective optimization problems. The
derived results, presented in Table 9.8, reveal that GWO achieves significant improvements (in
percentage) in the optimal values of all the responses as well as average computational time.

Table 9.8 Comparison of performance of GWO against GA, PSO, ABC, SA and ACO
Optimizer | GA [PSO | ABC | SA |ACO| GA |PSO | ABC | SA | ACO

Technique Single-objective Multi-objective
MRR 455 |3.38 | 149 |239 (338 |297 (279 | 111 |149 |2.23
SR 512 |457 | 219 |3.66 |3.84 |222 (380 | 143 |222 |1.74

SCEC 397 |3.09 | 214 |472 |3.86 |180 |1.97 | 133 |224 |211
Average time| 37.03 |12.55 | 10.57 |22.78 [30.09 |18.42 [10.53 |13.53 |15.79 |10.53

The considered algorithms are highly suitable for optimization of different machining operations
due to their adaptability, efficiency and problem-solving capabilities. They excel in handling multi-
objective, nonlinear and dynamic problems with minimal or no parameter tuning, as observed in TLBO
and GWO, allowing them to outperform the traditional and nature-inspired techniques in complex
machining environments. All the five algorithms demonstrate rapid convergence, ease of
implementation and optimal performance in their respective applications. In contrast, GA and PSO rely
on some specific algorithm parameters, such as crossover and mutation probabilities, inertia weight and
cognitive/social coefficients (c; and c,), which may significantly impact convergence of the optimal
solutions. Overall, the considered algorithms surpass GA and PSO in terms of adaptability, robustness
and simplicity, with GWO, AVOA, EFO and TLBO emerging as particularly advantageous, while GA
and PSO remain valuable as benchmarks or for solving simpler optimization problems.

The practical feasibility of applying the five best algorithms to optimize both the traditional and
NTM operations in industrial setups primarily depends on upgrading their control systems to integrate
real-time data for continuous parameter adjustment. While initial challenges, such as machine
limitations, tool wear and cost-effectiveness may arise, the achieved long-term benefits, like improved
machining performance, reduced tool wear and cost savings make these algorithms a viable choice for
the modern manufacturing environment. By addressing infrastructural requirements, including real-
time feedback systems, sensor integration and system compatibility, the considered algorithms can

significantly enhance machining performance in industrial setups.
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10. CONCLUSIONS

This research work presents a comprehensive study on parametric optimization of five traditional
and NTM processes using various classes of metaheuristic algorithms. Based on the past experimental
datasets, five distinct categories of nature-inspired algorithms are applied to optimize processes, such
as turning using five human-inspired algorithms (TLBO, SAR, TOA, HCO and QSA), green machining

(dry milling) adopting five mating behavior-based algorithms (FMA, NMR, BOA, BMOA and AZOA),

LBD using five popular preying behavior-based metaheuristic algorithms (SFO, HHO, AO, BA and

GWO), AWJM employing five foraging behavior-based algorithms (AVOA, DOA, FOA, GOA and

BSA) and PAC applying five unique physics-based algorithms (AOA, ASO, NRO, EFO and GSA).

The efficacy of these algorithms is evaluated based on solution accuracy and variability, computational

time, and convergence speed. Through detailed comparative analyses, the optimization performance of

each algorithm is assessed. The following observations can be drawn from an in-depth analysis of the
derived results:

a) For the considered turning process, TLBO outperforms other human-inspired algorithms by
achieving an optimal mixture of the input variables. During single-objective optimization, TLBO
results in 27.08, 36.4 and 31.16% improvements in MRR, SR and SCEC, respectively against those
documented by the past researchers. In contrast, for multi-objective optimization, an optimal
setting of CS = 434 m/min, FR = 0.17 mm/rev and DOC = 2.16 mm is obtained to attain the most
favorable response values as MRR = 2679.1 mm3/s, SR = 0.631 um and SCEC = 64.82 J/mm?. Its
supremacy may be due to its capability to resolve complex multimodal functions with quicker
convergence rate while involving no tuning parameter.

b) In the green machining (dry milling) example, for single-objective optimization, FMA results in
28.57, 13.04 and 25% improvements in PF, EC and SR responses, respectively as compared to
those measured by the past researchers. On the other hand, for multi-objective optimization, the
most desired response values as PF = 0.87, EC = 19.11 kJ and SR = 0.34 um, can be achieved at
the optimal combination of CS = 160 m/min, DOC = 0.2 mm, FR = 0.085 mm/z and Nr = 0.6 mm.

c) Similarly, for CO2-based micro-LBD operation on polycarbonate material, GWO emerges out as
the most effective optimization tool. In single-objective optimization, it achieves improvements of
0% in Hh, 19.37% in Hd and 33.33% in HAZ compared to the earlier research work. For multi-
objective optimization, the optimal settings of PI =3.95 W, ET = 0.1 s and FPP =- 0.91 mm, result
in the most favorable response values as Hh = 1 mm, Hd = 308 um and HAZ = 86.45 um. GWO’s
superiority over the other adopted algorithms may be due to its simple principle and easy
realization, fast seeking speed and high search accuracy.

d) Furthermore, in the case of AWJM on LaPO4/Y>03; composite, AVOA proves to be the most
efficient optimization technique. Single-objective optimization results indicate significant
improvements of 71.47, 43.73 and 10% in MRR, KA and SR, respectively as compared to the past

observations. During multi-objective optimization, an optimal combination of AWJM parameters
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9)

h)

as WJP = 220 bar, SOD =2 mm and St = 20 mm/min would effectively optimize the said process
with identification of the corresponding responses as MRR = 0.0362 g/s, KA = 0.203° and SR =
1.158 um. AVOA'’s ability to extensively explore and exploit the search space, along with the use
of a random search technique, enhances its efficiency in determining the global parametric settings
for the AWJM process.

Additionally, EFO exceeds the other physics-based algorithms in achieving the optimal intermix
of the considered PAC parameters. In the single-objective optimization, EFO results in 42.50,
35.85 and 25.55% improvements in MRR, KT and HAZ, respectively, compared to the previous
research work. On the other hand, during multi-objective optimization, an optimal setting of CS =
2554 mm/min, Pg = 4 bar, AC = 45.2 A and SOD = 2.44 mm would lead to the most desirable
response values as MRR = 42.34 g/min, KT = 6.07° and HAZ = 3.74 mm. EFO’s superiority can
be attributed to its ability to efficiently solve complex multimodal functions with faster
convergence rate while requiring minimal tuning parameters.

Finally, the optimization performance of the best five algorithms from five distinct categories of
metaheuristics is validated using the experimental data from an end milling process. Among these,
GWO emerges as the most effective algorithm, yielding the best values for the considered
responses. For single-objective optimization, GWO achieves improvements of 34.74% in MRR,
26.13% in SR and 5.07% in MH compared to the previous research work. In multi-objective
optimization, the optimal parameter settings of SS = 1000 rpm, FR = 0.06 mm/rev, DOC = 1.4 mm
and SiC/Gr = 12.4% are observed to achieve the most desired response values as MRR = 2292
mm3/min, SR = 1.16 pm and MH = 143.9 HV.

Validation of the performance analysis further supports superior performance of the best
algorithms, as evidenced by the maximum HV and minimum SP values compared to their
competitors. The results of both the Friedman’s mean rank and the Wilcoxon rank sum tests
identify the best-performing algorithms in optimizing various machining processes, with the
corresponding p-values indicating significant differences among the considered algorithms.
Additionally, all the selected algorithms demonstrate superior performance when benchmarked
against other the state-of-the-art algorithms, validating their efficiency in delivering high quality
solutions with minimal computational effort.

Consequently, GWO proves to be a highly effective and powerful tool in optimizing a wide range
of machining processes.

Since all the machining processes are optimized using past experimental data, there is no scope

in this research work to conduct real-time confirmatory experiments to validate the derived results.

While this research work compares the relative performance of five distinct metaheuristic techniques,

future studies may concentrate on comparing performance against other metaheuristic techniques, such

as energy valley optimizer, flow direction algorithm, equilibrium optimizer, multi-verse optimizer,

predator-prey optimizer, bacterial foraging optimization algorithm, elephant swarm water search
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algorithm, manta ray foraging algorithm, battle royale optimization, war strategy optimization,
coronavirus herd immunity optimization etc. Further research may also explore effects of varying values
of different algorithm-specific parameters and response weight assignments on optimization
performance. Additionally, evaluating these algorithms’ effectiveness in addressing many-objective
optimization problems may be beneficial. Future research should also emphasize exploring applicability
of various ML algorithms in modeling the relationships between different input parameters and
machining qualities, ultimately enhancing precision and process efficiency. Finally, parameter tuning
techniques, hybridizing metaheuristics and leveraging advanced optimization methods may further
enhance the performance of the considered algorithms.
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Abstract Turning is one of the vital machining processes
widely employed in most of the manufacturing industries
for removal of excess material from the exterior surface of
any of the cylindrical workpieces. In this process, achieving
optimal combination of various input parameters is essential
for improved product quality, extended tool life and higher
machining efficiency. However, optimization of a turning
process is truly challenging due to involvement of multi-
ple variables, and complex interactions between the input
parameters and responses. Effective optimization should
also consider resources, like energy, tools, production time
and costs, as they significantly influence environmental
impact, process sustainability and profitability. Based on
the past data, this paper explores use of five human-inspired
metaheuristic algorithms, i.e. teaching learning-based opti-
mization (TLBO), search and rescue optimization (SAR),
teamwork optimization algorithm (TOA), human conception
optimizer (HCO) and queuing search algorithm (QSA) for
optimization of turning of AISI 6061-T6 aluminium. Their
performance is assessed based upon quality of the deduced
solutions and computational effort. The Pareto optimal front
is developed to search out the optimal parametric intermix
for the multi-objective optimization problem. Among the
considered algorithms, TLBO proves to be most effective
in achieving the optimal parameter combination, improving
material removal rate, surface roughness and specific cut-
ting energy consumption by 27.08, 36.40 and 31.16% for
single-objective optimization; and 15.03, 26.63 and 23.27%
for multi-objective optimization, respectively, against the
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previous study. Values of spacing and hypervolume (two
quality measures), and results of Friedman’s mean rank test
and Wilcoxon rank-sum test also corroborate its superiority
over the other competitors.

Keywords Turning - Optimization - Human-based
metaheuristics - Non-parametric test - Pareto front

Introduction

In the manufacturing industries, traditional machining
operations, like turning, shaping and drilling are primarily
employed for removal of undesirable material from a
workpiece to furnish the final shape along with the required
accuracy, tolerance and surface quality. Shape, operational
cost, and mechanical and tribological properties of the
work material all play decisive roles in choosing the most
appropriate machining operation for a given application
[1]. Turning is a fundamental operation widely utilized in
the manufacturing industries for removing material from
a revolving cylindrical workpiece while the cutting tool
moves radially, axially or both, to achieve the desired shape
geometry. It can be executed either in a single cut or multiple
cuts. Turning is usually performed on a lathe, which supplies
the necessary power for rotation of the workpiece at a
specific speed while feeding the cutting tool at a defined rate
and depth of cut (DOC). This process has become extremely
popular in automotive, aerospace and other industries mainly
due to its versatility and cost-effectiveness.

It has been experienced that for any of the machining
processes, choice of the appropriate input parameters is
extremely crucial for achieving high quality products at
low cost [2]. Like other machining processes, in turning
operations, several input parameters, like spindle speed
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Abstract

Plasma arc cutting (PAC) has become a flexible and effective method for precisely cutting complex profiles on various
difficult-to-machine materials, including superalloys and composites, due to its many benefits, like higher dimensional accu-
racy, productivity and ability to cut thicker materials. Process optimization is important for obtaining high-quality cuts,
reducing material wastage and increasing overall productivity. However, it is difficult to optimize this process because of
involvement of many variables, intricate cutting mechanism, and interaction between the process parameters and responses.
In this paper, applications of five newly developed physics-based metaheuristic algorithms, i.e. Archimedes optimization
algorithm (AOA), atom search optimization (ASO), nuclear reaction optimization (NRO), electromagnetic field optimization
(EFO) and gravitational search algorithm (GSA) are proposed for optimizing two PAC processes. Their optimization per-
formance is compared in terms of computing effort, convergence time and solution quality. To find out the best parametric
intermixes for resolving the multi-objective optimization problems, an effort is also put forward to develop the corresponding
Pareto optimal fronts. For both the examples, compared to its competitors, EFO appears as the most effective metaheuristic
for achieving the best combinations of the relevant process parameters. For the first example, EFO achieves 42.50, 35.85
and 25.55% improvements for single-objective optimization; and 35.71, 18.19 and 9% improvements for multi-objective
optimization, in material removal rate, kerf taper and heat affected zone, respectively against the observations of the past
researchers. In case of the second example, these improvements are 44.2, 26.42 and 17.12% for single-objective optimization;
and 22.1, 10.36 and 6.21% for multi-objective optimization in surface roughness, kerf width and microhardness, respec-
tively. With respect to average computation time, for multi-objective optimization, EFO saves 77.1, 36.3, 65.6 and 98.73%
(for example 1); and 49.7, 33.12, 50.3 and 142.01% (for example 2) of the runtime against AOA, ASO, NRO and GSA,
respectively. Results of two quality metrics (spacing and hypervolume) and two non-parametric statistical tests (Wilcoxon
rank-sum test and Friedman’s mean rank test) also prove superiority of EFO against the other physics-based algorithms under
consideration. Thus, the primary objective of this paper is to explore application of five physics-based algorithms, specially
EFO in deriving the optimal mixtures of two PAC processes resulting in their superior cutting efficiency, along with higher
productivity and surface quality.

Keywords Plasma arc cutting - Optimization - Metaheuristics - Physics-based algorithm - Parameter - Response

Abbreviations ANFIS  Adaptive neuro-fuzzy inference system
ANN Artificial neural network
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ARTICLE INFO ABSTRACT
Keywords: Increasing demand for miniaturized components as micro-holes with diameters ranging from a few microns
Optimization to hundreds of microns used in automobile, aviation, electronics, and medical industries makes laser beam

Laser beam drilling
Sailfish optimizer
Harris hawks optimizer
Aquila optimizer

Bat optimizer

Grey wolf optimizer

drilling (LBD) a viable option in today’s manufacturing environment. The LBD processes must be optimized
for the best settings of their different input parameters to achieve enhanced performance and the most desired
micro-hole characteristics. The earlier researchers have already attempted numerous metaheuristic algorithms.
In this paper, the applicability of five robust preying behavior-based metaheuristic algorithms, i.e., sailfish
optimizer, Harris hawks optimizer, Aquila optimizer, bat optimizer, and grey wolf optimizer, is validated while
optimizing two LBD operations. The first example considers CO, laser-based micro-drilling on polycarbonate
using laser power, exposure time, and focal plane position as the input variables, and hole depth, hole
diameter, and heat-affected zone as the outputs. The second example deals with micro-drilling on stainless
steel with gas pressure, current, cutting speed, and pulse frequency as the process parameters, and circularity
at entry and exit, and hole taper angle as the responses. Although all the considered preying behavior-based
metaheuristics are very robust and have excellent search ability, there has been a lack of comparative analysis
of their relative performance while solving complex optimization problems with minimum computational
effort. Their optimization performance is compared with respect to quality of the solutions, convergence speed
and computational effort, identifying grey wolf optimizer as the most efficient one. The results of Friedman’s
mean rank test also prove the superiority of grey wolf optimizer over its competitors.

1. Introduction advantageous features, like no tool wear, higher precision and flexibil-

ity, excellent surface finish, higher repeatability, no residual stress and

With increasing geometrical complexity and miniaturization of the
modern-day engineering components in many of the technologically ad-
vanced industries, generation of micro-holes in varying conductive and
non-conductive materials has become a challenging task [1]. Among
the available conventional and non-conventional machining processes,
laser beam drilling (LBD) has emerged out as a viable option to generate
micro-holes and complicated shape geometries in almost all types of
difficult-to-cut materials, including metals, non-metals, composites and
ceramics. In this process, a narrow laser beam having high intensity
and very small pulse duration is focused to ablate material from the
workpiece surface generating tiny holes with higher aspect ratio (>5:1),
minimum heat affected zone (HAZ) and almost zero taper geometry.
Thus, the material removal mechanism of LBD process is absorption
of laser energy through a series of pulses at the same spot causing
localized melting and vaporization. During LBD operation, a highly
pressurized assist gas, i.e. air, oxygen or nitrogen is utilized to blow
away the debris from the machining zone. Although it has several
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burr formation, no chatter and vibration, but it still suffers from other
disadvantages, like low material removal rate (MRR), higher initial
cost, requirement of skilled manpower etc. [2,3]. Micro-holes gener-
ated by this process have found immense applications in electronics
(panel display boards, printed circuit boards, micro-electro-mechanical
systems, solar cells etc.), medical industry for generation of micro-
channels, packaging, manufacturing of ignition target balls, micro-heat
exchanger, cooling holes in aero-engine turbine blades etc.

Among various laser sources, pulsed Nd:YAG laser and CO, laser,
which are solid and gas lasers respectively, have become quite popular
for the above-mentioned industrial applications. These laser sources
facilitate micro-drilling of thick materials due to high incident peak
power during the pulsating mode. It has been experimented that
Nd:YAG laser performs better than CO,, laser with respect to higher pro-
duction rate, and generation of geometrical features having excellent
dimensional accuracy and tolerance due to its higher energy density
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Abstract

Due to hybridization of the material removal mechanisms of abrasive jet and water
jet machining processes, abrasive water jet machining (AWJM) appears as an effi-
cient non-traditional process providing higher productivity, superior surface quality
and excellent dimensional accuracy of almost all types of work materials irrespec-
tive of their mechanical and thermal properties. Optimization of this hybrid machin-
ing process is a challenging task because of involvement of multiple input param-
eters, contradictory responses and possible interactions between them. In this paper,
based on past experimental datasets, two AWIM processes are optimized using five
foraging behavior-based metaheuristic algorithms, i.e. dragonfly optimizer, Afri-
can vultures optimizer, grasshopper optimizer, fruit fly optimizer and bird swarm
optimizer, and their optimization performance is compared with respect to solution
accuracy and variability, and computational effort. For both the processes, Afri-
can vultures optimizer emerges out as the most efficient metaheuristic. For the first
example (AWJM of Lanthanum phosphate/Yttria composites), it provides 71.47,
43.73 and 10% improvements for single-objective optimization; and 68.37, 43.45
and 9.53% improvements for multi-objective optimization, in material removal
rate, kerf angle and surface roughness, respectively against the observations of the
past researchers. On the other hand, in case of the second example (AWJM of glass
fibre-reinforced polymer composites), the corresponding improvements are 41.62,
22.35 and 27.90% for single-objective optimization; and 23.66, 9.09 and 28.57%
for multi-objective optimization in surface roughness, kerf taper and delamination
length, respectively. Based on the Friedman’s mean rank test, it can also be noticed
that African vultures optimizer supersedes the remaining foraging behavior-based
metaheuristic algorithms.
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Abstract

In the present-day manufacturing environment, wire electrical discharge machining (WEDM) has become one of the most
efficient non-conventional material removal processes to generate complicated 2D and 3D profiles on many of the difficult-
to-cut engineering materials. Although the material removal rate of this process is comparatively low, but it can provide high
dimensional accuracy and tolerance along with excellent surface integrity. To explore its maximum potential, it is advised
to operate this process at the optimal combination of its various input parameters, which can only be derived using some
optimization tools. The past researchers have already applied several multi-objective optimization techniques to resolve the
issue. This paper comprehensively reviews and documents applications of four major multi-objective optimization tools, i.e.
desirability function approach, grey relational analysis (GRA), multi-criteria decision making methods and metaheuristic
algorithms considered for parametric optimization of WEDM processes. It also extracts information regarding type of the
experimental design plan, work and wire materials, dielectric utilized, and WEDM parameters and responses considered. It
is observed that Taguchi’s L,; orthogonal array has been the most commonly deployed design plan, while medium and high
carbon steels, and brass have been the most prevalent work and wire materials, respectively. Most of the researchers have
preferred deionized water as the dielectric and GRA as the multi-objective optimization technique. During WEDM experi-
ments, pulse-on time and pulse-off time have appeared as the two most significant input parameters; and surface roughness
has been the most important response, followed by material removal rate. The outcome of this review paper would help the
future researchers to have an idea regarding initial settings of different WEDM parameters and achievable response values.
It would also act as a data support for subsequent utilization in developing machine learning-based prediction models.

Abbreviations DFA Desirability function approach
ABC Artificial bee colony Dt Wire diameter/thickness
AHP Analytic hierarchy process EDAS Evaluation based on distance from average
ANFIS Adaptive neuro-fuzzy inference system solution
Aoff Arc-off time F1 Lower flush pressure
BA Bat algorithm Fs Spark frequency
BOA Bayesian optimization algorithm GA Genetic algorithm
C Capacitance GET Geometrical error top
CE Circularity error GPR Gaussian process regression
CNN Convolutional neural network GRG Grey relational grade
CR Corrosion rate H Hardness
CSA Cuckoo search algorithm HSA Harmony search algorithm
CYL Cylindricity error Ip Peak current
DBNN Deep belief neural network KW Kerf width
DEAR Data envelopment analysis-based ranking MCDM Multi-criteria decision making
MMC Metal matrix composite
54 Shankar Chakraborty MODA Multi-objective dragonfly algorithm
s_chakraborty00 @yahoo.co.in MOGOA Multi-objective grasshopper optimization
. . o o algorithm
Department of Production Engineering, Jadavpur University, MOMLNN  Multi-objective multi-layer neural network
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