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Highlights
What are the main findings?

o The study shows that, in terms of execution speed, cost-effectiveness, and energy usage,
GWO and J-SLnO perform better than conventional scheduling algorithms.

e Compared to GWO, ]J-SLnO performs predictive maintenance activities with greater
accuracy and stability.

What is the implication of the main finding?

e In Industry 4.0, the suggested optimization strategies improve the effectiveness of
predictive maintenance and asset management.

e J-SLnO is a dependable option for practical industrial applications that demand en-
durance and excellent prediction accuracy.

Abstract: The study encompasses the application of two different advanced optimization
algorithms on asset management and predictive maintenance in Industry 4.0—Grey Wolf
Optimization and Jaya-based Sea Lion Optimization (J-SLnO). Using this derivative, the
authors showed how these techniques could be combined through resource scheduling
techniques to demonstrate drastic improvement in the level of efficiency, cost-effectiveness,
and energy consumption, as opposed to the standard MinMin, MaxMin, FCFS, and Round
Robin. In this sense, GWO results in an execution time reduction between 13 and 31%,
whereas, in J-SLnO, there is an execution time reduction of 16-33%. In terms of cost, GWO
shows an advantage of 8.57-9.17% over MaxMin and Round Robin, based on costs, while
J-SLnO delivers a better economy for the range of savings achieved, which is between
13.56 and 19.71%. Both algorithms demonstrated tremendous energy efficiency, according
to the analysis, which showed 94.1-94.2% less consumption of energy than traditional
methods. Moreover, ]-SLnO was reported to be more accurate and stable in predictability,
making it an excellent choice for accurate and more time-trusted applications. J-SLnO
is being increasingly recognized as a powerful yet realistic solution for the application
of Industry 4.0 because of efficacy and reliability in predictive modeling. Not only does
this research validate these optimization techniques to better use in practical life, but
it also extends recommendations for putting the techniques into practice in industrial
settings, thus laying the foundation for smarter, more efficient asset management and
maintenance processes.

Sensors 2025, 25, 2896

https://doi.org/10.3390/525092896


https://doi.org/10.3390/s25092896
https://doi.org/10.3390/s25092896
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sensors
https://www.mdpi.com
https://orcid.org/0000-0003-2063-0192
https://orcid.org/0000-0002-9922-6645
https://orcid.org/0009-0005-2637-7265
https://doi.org/10.3390/s25092896
https://www.mdpi.com/article/10.3390/s25092896?type=check_update&version=1

Sensors 2025, 25, 2896

20f31

Keywords: Industry 4.0; optimization algorithms; predictive maintenance; Grey Wolf
Optimization (GWO); ]-SLnO

1. Introduction

The industrial sector is rapidly evolving through revolutionary next-gen computing
technologies—cloud-edge computing, big data, the Internet of Things (IoT), and cyber-
physical systems (CPSs). Smart manufacturing—the promise of any future industrial
operation—stands on the permanent transmission and continuous analysis of strategizing
data within shop floors with the goal of maximizing efficiency and productivity. One
of the great enablers of the transformation is the Industrial Internet of Things (IloT),
which is the extension of IoT applications to industrial environments, enabling a real-time
collection of data and control of manufacturing processes [1]. An immense volume of data
are generated from such environments every second. Sample collection for healthcare
product manufacturers is estimated to encompass 5000 sample collections every 33 ms,
thus summing it up to over 4 trillion samples in a year [2]. In the same manner, the
industrial facility with ten cameras and a hundred machine tools is likely to generate data
approximately to 72 terabytes every year [3].

However, this increasing volume faced many challenges for traditional in-house
servers, which lack the storage, memory, and processing power to cope with such great
information. Because of this, many industries have leaned toward cloud computing, which
has high scalability in resources, as well as advanced data analytics. But experiments
conducted revealed that the increasing distance from IloT devices to cloud data centers
leads to network latency and overhead bandwidth consumption, thereby impeding real-
time applications [4]. Fog computing is offering relief from this ordeal by bringing the
processing closer to the source instead of everything being sent to the cloud. Therefore, fog
computing possesses all the advantages of both edge and cloud computing; fog computing
minimizes latency, lessens network congestion, and improves industrial time-sensitive
application performance.

These changes in manufacturing have brought about an increase in the use of tracking
technologies, with RFID, BLE tags, 1D barcodes, QR codes, and LoRa tags being the adopted
technologies due to their cost-effectiveness and relative ease of integration. The concept of
the reference architecture model for the Internet of Things (IoT), or smart manufacturing
systems, is basically defined by RAMI 4.0, and it has found its application in the area of
industrial automation under the OPC UA standard communication protocol. It has enabled
efficient data exchange among industrial assets and hence communication of different
manufacturing system components.

1.1. Challenges in Industrial Maintenance

Maintenance is now given serious consideration in industrial sectors since Industry 4.0
came into being, particularly because operating costs and efficiency depend on extending
capital equipment life [5,6]. PdM is fundamental to preventing industrial equipment
failures in manufacturing, automotive, and aviation industries [7-9]. With the utilization
of data analytics and health factor assessment, the early detection of potential failures
becomes possible with PdM [10-12]. Hence, PdAM reduces accidents and financial losses.
Conventional maintenance strategies have their limitations; preventive maintenance and
reactive maintenance both have their own limitations. In preventive maintenance service,
maintenance is undertaken based on set time periods without any reference to the actual
condition of the equipment; such unnecessary servicing can sometimes result in missing
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critical failures [13]. Reactive maintenance, on the contrary, only acknowledges failures past
their occurrence, which can prove costly in terms of downtime and operational interruption.

On the other hand, PdM allows condition monitoring and fault prediction well be-
fore they become critical. In this way, the operational life can be prolonged through
timely component replacements and repairs [14,15]. Furthermore, facilities use sensors
for monitoring, perform periodic inspections to validate the effectiveness of predictive
analysis and gather vital data [16,17]. Further understanding is achieved using digital
tools such as Computer-Aided Facility Management (CAFM) and Computerized Main-
tenance Management Systems (CMMS), which enhance maintenance processes toward
greater efficiency [18-22]. However, data are frequently manually transferred between
maintenance systems, often resulting in delays and inefficiencies that diminish the full
impact of PdM [23].

1.2. Gaps and Shortcomings of Existing Approaches

While the impact of modern technologies like building information modeling (BIM)
has improved maintenance records and facility management, massive gaps still exist for
integrating data-driven decision-making [24-26]. loT-enabled sensor networks allow real-
time collection of data, but the challenge of seamlessly integrating data from multiple
sources is still not overcome. In the past, prototypes of decision support systems for
maintenance were introduced, but many go their own way regarding data processing
and analytics, creating fragmented maintenance strategies not unifying with any of their
solutions [27].

Researchers suggest that machine learning will have a great influence in the foresee-
able future [28,29]; hence, its use in predictive maintenance is quite promising. With the
ability to process historical and real-time data to make accurate predictions about potential
equipment failures, machine-learning algorithms offer decision support. These advances
notwithstanding, predictive modeling still requires additional development work, includ-
ing the refinement of integrations of the data, enhancement of maintenance methodologies,
and maximum ease of application within smart manufacturing environments.

1.3. Aim and Scope

Industry 4.0 significantly boosts manufacturing technology efficiency by leveraging
real-time data gathering and examination. The whole connectivity facilitated via IloT
allows businesses to track assets promptly and accurately using IIoT sources and associated
information services. The vast amount of industrial data, measured through IloT sensors,
greatly enhances data visibility. A main focus within manufacturing is the predictive
analysis of equipment conditions, necessitating a robust and efficient approach to managing
the vast data streams. In this context, the GWO and J-SLnO algorithms emerge as promising
methods due to their notable advantages.

The key objectives of this research paper are as follows:

e Introduces a resource scheduling approach involving GWO and J-SLnO algorithms
for effective asset management within the framework of Industry 4.0.

e Conducted simulations by means of a variety of scheduling techniques, including
MinMin, MaxMin, FCFS, RoundRobin, and the Grey Wolf Optimization (GWO) and
Jaya-based Sea Lion Optimization (J-SLnO) algorithms. Crucial factors such as execu-
tion time, cost-effectiveness, and energy usage were taken into consideration when
conducting the evaluation.

e Enhanced the manufacturing process’s decision support system (DSS) through the
incorporation of optimized procedures, with a focus on predictive maintenance tactics.
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e  The research delves into how these optimization strategies improve the predicted
accuracy and efficiency of recognizing possible equipment problems. By optimizing
model parameters, GWO or J-SLnO increases the logistic regression classifier’s ca-
pacity to discriminate between functional and defective states, resulting in improved
maintenance scheduling and less downtime in manufacturing processes.

e  Outlines potential future directions and avenues for exploration in subsequent research
endeavors within the scope of the presented work.

1.4. Related Work

A theoretical frame of reference was developed by the Institute of Asset Manage-
ment (IAM) to systematically control the management of physical, virtual, and human
assets. This structure comprises six pillars: risk assessment, organization and people, asset
information, life cycle delivery, strategy and planning, and asset management decision-
making [30]. An innovative asset classification technique focusing on multiunit systems
was proposed by the researchers. This technique segregates assets into fleets and portfolios
based on the degree of homogeneity or heterogeneity [31]. It mainly targets the dependen-
cies within such complex systems in terms of resource allocation, performance, and also
stochastic consequences.

To enhance safety and reliability in multi-units systems, more refined models, which
include multi-criteria and multi-dimensional decisions, have been developed. The MinRE
technique of service placement has been developed to optimize quality of service (QoS)-
influenced IoT devices with reduced energy consumption in fog computing. The study
shows that the technique was better in simulated testing, as compared to cloud-only, edge-
ward, and resource-aware approaches, by identifying services as critical or normal with
respect to deadlines and service requirements [32]. Researchers suggested a method to
optimize denial of service (DoS) attacks in IoT networks using the Teaching-Learning-Based
Optimization (TLBO) algorithm and received signal strength (RSS) to diminish the severity
of the attacks. This method found potential attackers with a false warning rate of 0.7%
and with an accuracy of 12 cm using RSS [33]. This is load-balancing through intelligent
industrial resource management with the use of the Jena architecture and the Contract-
Net Protocol. The architecture combines a resource ontology model, Jena reasoning, and
CNP-based procedures to maximize the effectiveness of resource allocation, as mentioned
in the source [34]. They proposed a new task-scheduling mechanism based on threshold
evaluation, arguing that containerization is much more effective and light-weighted than
virtual machines (VMs) in fog computing. The simulation results revealed that containers
outperformed virtual machines, but the computation performance and appropriateness of
cloud resources were not considered [35].

In order to monitor industrial equipment, a lightweight hybrid architecture system
called SERENA was designed. Machine-learning algorithms, including decision trees,
gradient-boosted trees, and random forests, were used with SERENA, which combined
cloud and edge computing, using sensor-collected data, processed in hybrid cloud environ-
ments, and delivered via load balancing mechanisms based on Docker [36].

IoT-based intelligent manufacturing is driven by seven key aspects, according to
Rajnoha and Hadac [37]. These include data analytics, predictive analysis, process manage-
ment, intelligent planning, visualization, and data security. Further research is necessary
to determine how well these factors correlate with new IoT manufacturing technologies,
particularly edge-fog computing solutions, even if they greatly increase industrial stability
and productivity. Brous and Janssen [38] did a thorough assessment to assess the advan-
tages and limitations of IoT implementation in commercial settings. Six organizational
conditions and their implications were outlined in their research, along with benefits in-
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cluding automated decision-making and cost reduction. Nevertheless, although the study
concentrated on the strategic deployment of IoT, it did not investigate edge-fog computing.

Hamm, Willner, and Schieferdecker [39] carried out an exploratory content study of
current projects and suggested a roadmap that links the issues of edge computing with
aspects of sustainable development. Their study did not investigate the possibility of
creating profit using edge computing while identifying risks and opportunities. Mouradian
et al. [40] performed a thorough analysis of fog computing, separating it from related ideas,
assessing current algorithms and architectures, and outlining applications in content deliv-
ery networks and the IOT. In addition, it addressed present issues and potential avenues
for future study by outlining important evaluation standards for fog-based systems. Using
IoT-based embedded devices for remote tracking and water quality control, the study [41]
investigates automated aquarium monitoring. With a focus on specialized routing protocols
like IHELBRP, the study [42] examines UWSN issues. While evaluating their benefits and
drawbacks, it looks at energy use, packet delivery speeds, and security issues.

The Attribute-Attention LSTM model recorded good performance at an accuracy of
84.60%, high precision at 89.79%, and recall at 94.43%. This model reflects the appro-
priateness of feature-focused temporal analysis [43]. Genetic algorithm-based resource
scheduling combined with two-class logistic regression improved the performance re-
sult by 94.50% efficiency, along with balanced precision-recall, i.e., 94.60% and 93.30%,
respectively [44]. In fact, some more hybrid complicated combinations, such as multi-scale
dilation attention CNN with a probabilistic beetle swarm-butterfly optimizer, achieved
very high results (that is, 95.91% accuracy and a 96% F1 score) on engine-related data
sets, highlighting the potential of biologically inspired optimizers [45]. Knowledge graph-
enhanced kNN-LSTM models also showed a robust result (91.09% accuracy and 96.30%
recall) [46], while CNN-bidirectional LSTM frameworks were consistent in their precision-
recall trade-offs (0.89-0.96) [47]. Simpler ensemble methods such as AdaBoost provide
a very good outcome against individual learning methods (92%—precision and a 91% F1
score), which illustrate the power of classical algorithms for different applications in failure
prediction [48]. Maintenance through Industry 4.0 technologies is valuable and really works
towards downtime reduction and maximization of efficiency; however, challenges such as
missing skilled labor and uncertainty with ROI still exist. No previous study has looked at
an integrating form of beauty for such technology with maintenance incorporated. Eleven
methods to come up with a uniform deployment model were analyzed in this research [49].

In Section 1, the document talks about Industry 4.0 and predictive maintenance, fol-
lowed by a description of the challenges in asset management and how optimization
algorithms such as GWO and J-SLnO play their respective roles. Section 2 gives the ma-
terials and methods such as the system model, algorithmic frameworks, and predictive
maintenance workflow. Section 3 then presents the results in terms of comparing perfor-
mance indices, including runtime, cost, energy use, and accuracy. As Section 4 discusses the
findings, it includes the notable benefits of the proposed algorithms. Section 5 concludes
with its important takeaways, limitations, and future research avenues.

2. Materials and Methods
2.1. System Model

The five core levels of the asset management system model—asset, perception, net-
work, fog computing, and cloud computing—each have different functions and are shown
in Figure 1.

All company resources that have economic worth and add to value generation are in-
cluded in the asset layer. This includes four categories of assets: human, virtual, supporting,
and primary physical assets. Primary physical assets, which include necessary gear and
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equipment, are the foundation of automation and manufacturing. The efficient operation
and maintenance of major manufacturing processes are guaranteed by supporting physical
assets. By integrating IT software into business and industrial processes, virtual assets
contribute to digital transformation. Employees, suppliers, consumers, and end users
are examples of human assets that actively participate in different phases of a product’s
life cycle.

‘ INDUSTRIAL 4.0 ASSET MANAGEMENT

SYSTEM
-
PHYSICAL ASSETS VIRTUAL ASSETS
Main Equipment IT Systems/Software
_* Supporting Infra Il Digital Twins
22 Human Resources
s
SENSORS & ACTUATORS NETWORK
¢ Vibration CONNECTIVITY
@ Vision % \}fued
RFID/Barcode M) Wireless
\ %y Satellite
FOG/EDGE COMPUTING
Micro-Clouds
[ Smart Routers
¥ Local Processing
Y
CLOUD COMPUTING

Big Data Analytics
@ AI/ML Models
(> Predictive Maint.
¢ Pay-as-you-go
Decision Support System (DSS): Prediction

Figure 1. Proposed methodology.

For manual duties, maintenance, and troubleshooting that automated systems cannot
handle, employees are especially important. Industrial smart sensors that collect data
about the environment and products are integrated into the perception layer. Predictive
maintenance is aided via sensors integrated into equipment that track physical data. Vision
sensors also make it easier to read barcodes and QR codes, which provide important asset-
related information like kind, location, and purchase date. Furthermore, by controlling
employee access and identifying time fraud, facial recognition technology improves human
resource management. Data transportation from sensors to different parts, such as network
infrastructure and fog computing, is made smooth through the network layer. It facilitates
real-time communication via wired and wireless connections, business intranet networks,
and satellite linkages, allowing manufacturing facilities all over the world to be connected.
Decentralized data processing is made possible through fog computing, which sits between
edge devices and cloud centers. Real-time asset analytics is made possible by handling data
locally, which reduces latency and bandwidth consumption in comparison to cloud-based
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processing. Cloudlets, micro-clouds, application servers for industry-specific software,
smart switches for facility management, and routers for Industrial Internet of Things (IloT)
applications are all part of this layer. I[loT-related jobs and industrial big data management
occur at the cloud computing layer. Pre-processing of the data, model training, testing,
forecasting, and deployment are all included in this. Pay-as-you-go solutions that comply
with corporate standards enable organizations to optimize operations through the scalable
and flexible resource management that cloud computing provides.

2.2. GWO

Gray wolf cooperative hunting behavior serves as the paradigm for the GWO, a meta-
heuristic algorithm that makes decisions using a hierarchical leadership structure. Within a
wolf pack, the « wolf holds the highest rank, orchestrating the pack’s actions and dynamics.
Despite not being the strongest physically, the « wolf possesses superior management
skills. The 3 wolf ranks next, supporting the o« wolf and acting as an intermediary between
the alpha and other wolves. Further down the hierarchy are the A and w wolves, each
with diminishing authority. The A wolf assists the higher-ranked wolves and maintains
the third-best command, while the w wolf holds the lowest rank, following orders from
the higher-ranked wolves. The Grey Wolf Optimiser (GWO) algorithm assigns wolves
hierarchical roles depending on their fitness ratings. The best solution is labeled as «, the
second-best as {3, the third-best as A, and the remainder as w. These responsibilities direct
the optimization process via four stages: finding prey (exploration), encircling (conver-
gence), attacking, and hunting (exploitation). The method starts by randomly initializing
wolf placements; then, each iteration updates the hierarchy based on fitness values to
improve the search for the best option [50,51].

The encircling behavior in the GWO algorithm mimics how wolves position them-
selves relative to their prey during optimization. The prey’s location at a particular iteration

— —
is designated as X (t), while the wolves’ positions are represented as X (t). The algorithm’s
encircling action can be expressed mathematically using the following equation.

D=|C.X,(t)— X (1), (1)
X (t+1) = X,(t) - A.D, )

— — —
where, t = iteration number, A and C = bootstrap program coefficient vectors, X,(t) =
—

N
the position vector of the prey, X (t) = the position vector of a gray wolf, and D = the
computation of vector to denote the updated location of the gray wolf.

R
A=2dr —4, 3)
—
C =2n, @)

4 = The linear reduction in the vector set from 0 to 2 during the iteration.

r_{ and r_2> = the Optimizationin [0, 1].

In a GWO algorithm, the location of the prey influences gray wolf movement. Each
wolf alters its location (x, y) in response to the prey’s placement (X', y’), resulting in an
adaptive search process. This movement is governed by two parameters: A, which governs
the step size and exploration—exploitation balance, and C, which provides randomization to
boost search variety. This dynamic placement allows the algorithm to efficiently converge
on the best option. The hunting behavior of the wolves continues until the prey halts
its movement, emphasizing persistent attacking actions. Throughout the algorithm’s
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simulation, the value of parameter a decreases, while the variation rate A also diminishes.
The «, 3, and 6 agents retain info regarding the prey’s position. These three best solutions
guide the algorithm’s process, with the w then introduced as the 4th agent to refine its

spot within the search area. «, 3, and b agents estimate the prey’s site, orchestrating the

positioning of wolves around the prey, which is regulated by the w. The procedure of

the GWO algorithm is depicted in Figure 2 and Algorithm 1, illustrating the algorithm’s

flow diagram and pseudo-code, respectively. The GWO model’s formulation is described

through the following equations.

— T
D,X:C.X,X—X’ 5)
— s
Dﬁ:C.Xﬁ—X‘ (6)
— s
D; — C.X(;—X‘ @)
— — —
Xy = XzsAl(sz)‘ (8)
— — —
Xo = |Xpg — A2(Dp) ’ )
— - —
X3 = X(S_AS(DJ)‘ (10)
Xy + Xo + X-
H
X(t+1):1+72+3 (11)

3
The GWO technique offers several characteristics that make it suitable for addressing

resource scheduling problems:

Global search: GWO initializes its search from multiple points across the population,
aiding in comprehensive exploration, rather than focusing on a single point, and
making it conducive for global search in complex solution spaces.

Avoidance of local optima: by using a global search strategy, the algorithm avoids
being trapped in local optima, which may otherwise restrict the search to less-than-
ideal answers.

Efficient exploration: the GWO method is ideally suited to efficiently addressing
large-scale optimization problems because it efficiently searches the solution space.
Flexibility and adaptability: the algorithm’s inherent adaptability allows it to handle
diverse optimization problems, making it applicable to different resource schedul-
ing scenarios.

Performance: for resource-scheduling jobs with high computing needs, GWO is a great
option since it usually performs well in terms of both convergence speed and accuracy.

These characteristics collectively position GWO as a promising approach to resource

scheduling, particularly in scenarios where finding optimal or near-optimal solutions across

a vast solution space is essential.
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Initialization of the population a, A and C according to
the combined objective function

v

Evaluate the fitness function of search agents (a, p, &
and o)

t<Max number of iteration

Yes
A 4

Updating search agent location

Updating the value of a, A and C

!

Again evaluate the fitness function of search agents (o, 3, 6
and o)

Again updating the value of a, Aand C I

Storage for best solution value of combined objective funtion

Figure 2. Flow diagram of GWO.

Algorithm 1: GWO-based resource scheduling technique

Input: Size of problem, size of population

Output: scheduling decision

1:

13:
14:
15:
16:
17:

Start

Set the gray wolves population, X; (i=1,2,...,n)

Based on the combined goal function, set the starting values for variables a, A,
and C.

Determine which search agents are most suitable by assessing their fitness.
The best answer among the search agents is represented by X, the second-best
by Xg, and the third-best by X5 among the search agents.

Settat0

While (t < highest iteration limit)

For each and every search agent

Adjust the current search spot based on the provided equation

End for

Change a, A, and C’s values to reflect the integrated objective function.
Recalculate the fitness values for each search agent and categorize them
according to their performance.

Once again, modify the locations of X, X, and X5.

Now tist+1

Store the value of the ideal solution.

End while

End
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2.3. JA Optimization

The principle of the JA method is presented via performance assessment using an
unlimited baseline sphere function [52]. In this context, the variable count at any iteration,
denoted as ‘a’, covers the set of design variables, indexed as ‘j” from 1 to ‘a’. Similarly,
the population size ‘b’, representing the count of candidate solutions, is indexed as ‘c’
from 1 to ‘b’. Within this framework, the terms ‘best” and ‘worst’ designate the candidate
solutions that yield the highest and lowest function values, respectively. During the it
iteration, the bth variable for the eth candidate is represented as X;, , it and undergoes
modification utilizing Equation (12). Random numbers rnd1; ;; and rnd2; ;; within the range
[0, 1] influence this flexible alteration. The jth variables of the worst and greatest choices
are represented as Xj worstit and Xj pest,it, respectively.

The method reduces the sphere function, aiming for an ideal solution of zero within the
range [—100, 100]. The stepwise procedure for the conventional JA algorithm is delineated
in Algorithm 2.

!/
Xj,c,it = Xj,c,it + T’”dlj,it (Xj,best,it - |Xj,c,it’) - rndzj,it(Xj,worst,it - |Xj,c,it

), (12

The pseudocode of the Jaya Algorithm (JA) describes a relatively simple yet effective
optimization procedure in which solutions are iteratively improved using the best and
worst candidates in the search space. It is based on defining perfect and worst solutions
(lines 1-2) and updating candidate solutions according to Equation (13), which refers to
both best and worst locations for explorative and exploitative updating (lines 3-6). It
evaluates the updated solution if it is better than the best so far (line 7), keeps the good ones,
and removes the bad ones (lines 8-10). This procedure continues until it reaches an iteration
limit or meets other termination criteria (lines 11-15). The Jaya Algorithm is parameter-
free, solely relying on the relative fitness of solutions for convergence without complex
tuning. Thus, it realizes dynamic balance attraction toward the best solution and repulsion
from the worst, giving the algorithm efficient path traversal through the search space and
making it broadly applicable to different optimization problems yet computationally light.
JA’s pseudocode illustrates the flexibility and robustness of this algorithm: however, the
performance will obviously differ with respect to specific features of the problem and the
landscape of its objective functions.

Algorithm 2: Pseudocode of conventional JA [52]

1:  Identify the optimal and least favorable outcomes

2:  Adjust the solutions by incorporating Equation (13), considering both optimal and
worst solutions as benchmarks.
If

(x]

[ best it is better than X pest i) (13)

While (iteration < maximum iteration limit)

Take and replace the current solution
Else
:  Store the earlier solution
10: End if
11: If (termination criteria is met)

3
4
5
6:  Revise the resolutions by incorporating the formulations outlined in Equation (13)
7.
8
9

12: Provide the best possible solution.
13; Else

14: Store best and worst options

15: End
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2.4. Standard SLnO Algorithm

The hunting habits of sea lions in their vast colonies serve as the model for the
conventional SLnO algorithm. These animals may move among these subgroups for
hunting because they establish hierarchical groupings according to sex, age, and activity. A
lead lion usually locates prey and calls for other lions to join the hunt. By considering the
target prey to be the best option, the algorithm imitates this procedure. A random vector
(rad), the gap between the sea lion and the prey (dst), and particular locations (tr(it) and
X(it)) all affect how the sea lions travel in the direction of the prey in the computational
framework (Equation (14)) of SLnO. In subsequent iterations (Equation (15)), the sea lions
progressively approach the prey, guided by their encircling behavior by a constant term (C)
that diminishes with time [53].

dst =|2rad.tr(i) — X(it)|, (14)
X(it +1) = tr(it) — dst.C, (15)
ss1(1+ss
58y =| 1L 5%2) | (16)
SS»
ss1 = sinf, (17)
ssp = sinf, (18)

Sea lions” communication during hunting, both in water and on the shore, involves
distinct sounds, serving as signals to coordinate their actions. The algorithm’s mathe-
matical representation (Equation (16)) embodies this communication behavior, reflecting
the leader’s call’s sound speed (SS14;) and the differential speed of sound in air (ss7) and
water (ssp), calculated separately in Equations (17) and (18), respectively. These equations
encapsulate the adaptation of sea lion communication dynamics into the optimization
process, simulating their ability to recognize and encircle prey.

X(it 4+ 1) = |tr(it) — X(it)|.cos (2rtrad) + tr(it), (19)
dst =|2rad. X, 4 (it) — X (it)], (20)
X(it+1) = Xygua(it) — dst.A, (21)

During the hunting phase, sea lions exhibit a collective strategy to locate and surround
their prey. The leader takes charge by identifying the target and communicating its position
to others. Often, the prime objective for the group is the current best solution, mimicking
the sea lions’ targeting of prey in the wild. This hunting behavior is represented mathe-
matically through a process known as the ‘dwindling encircling mechanism; and “circle
updating position’. The encircling process is driven by a parameter C, defined in Equation
(19), determining the approach sea lions take to surround the prey. Their movement, akin
to chasing a school of fish, initiates from the edges toward the center. The gap between each
sea lion’s position and the best solution is designed using | tr(it) — X(it) |, where | | denotes
absolute value, and rad introduces randomization between —1 and 1. This randomness
emulates the zigzag motion of sea lions” whiskers as they search for prey. When C <1 or is
negative, sea lions shift their location away from the leader and target to follow the most ef-
fective search agent. Conversely, if C exceeds 1, the SLnO algorithm integrates global search
agents to identify the overall optimal solution, employing Equations (20) and (21) [53].

Here, X ang(it) stands for a sea lion that was chosen at random from the existing
population. Algorithm 3 contains the pseudocode for the conventional SLnO method.
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Algorithm 3: SLnO Algorithm [53]

1:  Start

2:  Initialized the population

3:  Choose X and

4:  For every search agent, determine its fitness function.

5:  The search agent that performs the best and has the greatest fitness level is the X.
6:  while (t < total number of iterations)

7:  Equation 554, :‘ w , to compute SS4;.

8: if (SSldr < 0.25)

9: If(ICl<1)

10: Using dst =12rad.tr(i) — X(it) |, the current search agent’s spot is updated.

11: Else

12:  Select an arbitrary search agent (Xanq)

13: Use X(it +1) = X,,4(it) — dst.A, to modify the position of the active search agent.
14: Else

15: To improve the present search agent’s position, use Equation

16: X(it+1) = |tr(it) — X(it)|.cos (2rtrad) + tr(it).

17: Identify the fitness function of each search agent.

If a better solution is available, update X.
18: Return X as the optimal solution.
19: End while

2.5. J-SLnO Algorithm

The SLnO algorithm is renowned for its effective exploration and strong performance
in standard functions, and it was inspired by the hunting habits of sea lions. It often
becomes stuck in local optima, however. We have combined the SLnO approach with the
Jaya algorithm to increase its efficacy, with the goals of maximizing accuracy, decreasing
computation time, and optimizing control parameters. The update procedure in the recently
suggested J-SLnO method is condition-dependent; the standard update takes place when
the sea lion leader’s vocalization speed falls below 0.25 (S5)4, < 0.25). Equation (21) is used
to update whether the requirement (|1 C| < 1) is satisfied. In any other situation, the update
adheres to the Jaya algorithm’s instructions (Equation (12)). By fusing the best features
of many optimization approaches, this hybrid model has shown enhanced performance
in resolving a range of search issues, especially with quicker convergence [54]. Figure 3
displays the flowchart for the J-SLnO method, which is further explained in Algorithm 4.

The J-SLnO technique exhibits several characteristics that make it suitable for solving
resource scheduling problems:

e  Exploration and exploitation: J-SLnO combines the exploration ability of Jaya opti-
mization with the exploitation capability of Sea Lion Optimization. This hybridiza-
tion facilitates a balanced exploration of the search space while efficiently exploiting
promising regions, aiding in better convergence.

e  Convergence speed: J-SLnO is known for its faster convergence rates, allowing it to
reach near-optimal solutions within a relatively shorter number of iterations related to
other optimization algorithms.

e Adaptability and flexibility: the hybrid nature of J]-SLnO offers adaptability to di-
verse optimization problems, including resource scheduling scenarios with varying
constraints and objectives.
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Global search capability: the synergy between Jaya optimization and Sea Lion Op-
timization provides J-SLnO with the ability to perform global searches effectively,
exploring a wide solution space to avoid local optima.

Efficient population-based approach: leveraging a population-based approach, J-SLnO
can simultaneously maintain multiple potential solutions, enabling diverse exploration
and aiding in escaping from suboptimal solutions.

Robustness and stability: J-SLnO tends to exhibit robust performance by balancing
exploitation and exploration, providing stable and consistent convergence behavior
across different problem instances.

Parallelism and scalability: its parallel nature allows for the exploration of multiple
solutions simultaneously, making it scalable for complex resource scheduling scenarios
with large-scale optimization requirements.

Competitive performance: J-SLnO often demonstrates competitive performance in
terms of convergence speed, accuracy, and the ability to handle multi-objective or
constrained optimization problems, making it suitable for resource scheduling tasks
where multiple factors need to be considered.

Overall, the hybridization of Jaya optimization with sea lion optimization in J-SLnO

offers a promising approach for resource scheduling problems, emphasizing faster con-

vergence, exploration—exploitation balance, adaptability, and competitive performance in

finding optimal or near-optimal solutions.

Algorithm 4: J-SLnO Algorithm.

© XN DIH B R

R N Y
RN R PR

19:
20:
21:
22;

Start

Initialized the population

Choose X;ang

For every search agent, determine its fitness function.

The most suited potential search agent is the X.

while (t < total number of iterations)

Equation (16) to compute SSy4;.

if (SSldr < 0.25)

If (ICI <1)

Equation (14) is used to update the position of the active search agent.
Else

Select an arbitrary search agent (X;ang)

Equation (21) should be used to update the position of the active search agent.
Else

if (ICI<1)

Adjust the current search agent’s location by using Equation (19).

Else

Using the Jaya technique and the calculation given in Equation (12), update the
position.

Determine each search agent’s fitness function.

If a better solution is available, update X.

Return X as the top solution

end while
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2.6. Manufacturing Equipment Predictive Maintenance

Figure 3. Flowchart of planned J-SLnO algorithm.

In the manufacturing sector, machinery like die casting, laser cutting, and plasma
cutting devices plays a pivotal role in producing goods for customers. However, unexpected
machine breakdowns and component failures can halt production lines, causing a ripple
effect. These unplanned stoppages result in delivery delays, disrupt industrial processes,
and lead to financial setbacks.

Predictive maintenance in Industry 4.0 use IIoT sensors to gather and analyze real-
time industrial data, allowing for early diagnosis of equipment problems. This strategy
improves ‘Overall Equipment Efficiency’ (OEE) by continuously monitoring equipment
health, decreasing downtime, and enhancing manufacturing performance via data-driven
maintenance programs.

This case study was conducted on a computer with the following specifications:
processor: 11th Gen Intel Core i5-1135G7; CPU@ 2.40 GHz, RAM: 64 GB; operating system:
Windows 11, 64-bit.

2.7. Data Set

Fidan Boylu Uz [55] created the data sets that were used in this particular case study.
The attribute data were provided in a broad manner with both words and numerical num-
bers in order to protect intellectual property and company secrets. They consist of a total
of 291,669 samples, with the remaining 285,006 samples (97.72%) being classed into class
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‘0’ for non-malfunctioning equipment, while 6663 samples (2.28%) were classed into class
1’ for malfunctioning equipment. This extreme imbalance in the data set will pose chal-
lenges for model training, in that the machine-learning model may be skewed toward the
majorityclass and become highly accurate but poorly generalized at detecting malfunctions.

2.7.1. Data Set Description

The data set includes eleven attributes essential for providing information regarding
the performance of industrial equipment. These attributes are as follows:

‘datetime’ denotes the period for the collection of data (convenient date—time).

‘machinelD’—the respective machine is identified by its unique ID.

‘errorID’ shows an error code corresponding to the respective type of issues confronted.

‘voltage’—electrical voltage in volts.

‘rotate’—speed of rotation of the machines.

‘pressure’—pressure reading from the equipment.

‘vibration’—level of vibration seen in the equipment.

‘comp’—the change or replacement of components in the equipment.

‘model’—equipment type/model.

‘age’—age of the equipment, which possibly relates to performance.

‘failure’—the indicator of failure categorized into binary values: 1 for an incidence of
malfunction and 0 for a non-incidence of malfunction.

The measurement of different variables might be numerical and categorical, giving
diversity to the representation of the operational state of industrial equipment. Hence,
it indicates that ‘errorID’, ‘'model,” etc., are categorical variables, and certain encoding
techniques might be used prior to fitting in a particular machine-learning model. Moreover,
‘datetime’ may require feature engineering to derive worthwhile time-based patterns.

2.7.2. Preprocessing and Management of Class Imbalance

The preprocessing of this data set was characterized by one of the most important
aspects, tending to a serious class imbalance. Since only 2.28 percent of the total number
was labeled class ‘1" (malfunctioning), the data set was highly skewed towards the majority
class (class ‘0’). A machine-learning model, if trained on a heavily imbalanced dataset,
will make biased predictions by favoring the majority class and thus reducing its ability to
identify failures correctly.

In this situation, an under-sampling approach was adopted. Under-sampling is a
method of decreasing the number of majority-class samples to match or be nearer to
minority-class samples. Thus, by achieving an equal distribution of classes, it helps balance
the data set and allows for an effective pattern that the model will learn from both classes.

The process of under-sampling was performed in the following stages:

A set of majority-class samples was randomly selected—given 285,006 samples in
class ‘0’, some instances were removed in order to achieve balance in the data set.

Matching the sample closer to that of the minority class—the data set was manipulated
in such a way that 6663 samples were left of class ‘1" and 7819 of class ‘0, thus giving a
total number of 14,482 samples in the final processed data set.

Assuring representative selection—the under-sampling strategy preserved a good
diversity of ‘0’ class instances to maintain meaningful variability in the data set.

This preprocessing step greatly improved class distribution for the data set to ensure
that the machine-learning model was learning from performance-related patterns of both
failure and non-failure instances and not heavily induced via the majority class. The
downside is that under-sampling leads to a potential loss of useful information since a
number of samples from the majority class are discarded. Under-sampling was applied
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to further balance the data set, making it suitable for any predictive modeling activity.
By reworking the dataset to contain 14,482 samples with a much more equal distribution
between failure and no-failure instances, a very usable machine-learning model was made
for classifying this dataset without overwhelming any bias in favor of the majority class.

2.8. Employment of the Proposed Techniques in Fog Work Flow Sim

Four distinct end device types—voltage, pressure, vibrational, and rotational sensors—
were simulated using the Fog Work Flow Sim framework. In addition, it has a cloud server
and 5 fog nodes: the cloudlet, application server, smart switch, micro-cloud, and smart
router. Each device’s computing power (measured in MIPS values) and execution costs
adhere to the guidelines given in [56]. The configuration settings for the Fog Work Flow
Sim are detailed in Table 1. The parameters chosen for optimization algorithms, specifically
the cross rate and mutation rate, were carefully adjusted based on the specific problem
under consideration. The meticulously modified parameters, which were taken from earlier
research [56-59], are shown in Table 2 with the aim of improving many performance indica-
tors, including time, energy consumption, and overall cost. The evaluation of performance
was conducted using Equations (22)—(27) [60,61].

Table 1. Fog Work Flow Sim’s fog environment configuration.

Specifications End Device Fog Nodes Cloud Server
Quantity of devices 4 5 1
Million instructions per second (MIPS) 1000 1300 1600
Cost of execution ($) 0 0.48 0.96

Table 2. Fog Work Flow Sim’s workflow configuration.

Specifications Input
Type of workflow Montage
Total job 60

Execution Time

t;otul _ timn + t?xe + t;’ec + titﬂig (22)
Cost
Cfotal — Tifog % Cfog + Ticloud % Ccloud/ (23)
Energy usage,
Eff — EY + E/ + Ef, (24)
Data transmission
1?( = Bandwidth X Ptransmission/ (25)
Task workload
E/ = ‘ Pidle, (26)
Task processing speed
Task workload
H Pend, (27)

~ Task processing speed

Both the processing time at the server and the data transmission time from IoT devices
to the fog server are ¢ and t!""", respectively. The transmission time between the fog
server and the end device is denoted as /*°, whereas the time required for a task to transfer
to a new fog server as a result of the end device’s mobility is denoted as t;.mg .
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The variable t{ ’¢ denotes a workflow task allocated to the fog server, while tfl"”d
represents a workflow task allocated to the cloud server. C/% signifies the cost per second
for utilizing the fog server, and C%" represents the cost per second for utilizing cloud
computing services.

E} represents the energy consumed during transmission from end devices to the fog
server, while Eiy signifies the energy utilized by end devices during idle periods, and E}
represents the energy utilized for load processing.

Scientific workflows aim to illustrate task interdependencies and oversee data flow
management. The Montage workflow, consisting of 60 jobs, has demonstrated the capacity
to optimize performance metrics.

2.9. Two-Class Logistic Regression for Predictive Maintenance

The equipment in this study is represented by a value of 0 while it is operating and
by a value of 1 when it is malfunctioning. ErrorID, voltage, rotation, pressure, vibration,
compression, and age are some of the variables from the data set that are thought to be
important contributors to possible failures. To create and analyze the predictive model,
the data set is divided into two subsets: the testing set, which is used to test the model’s
accuracy using real-world data, and the training set, which is used to create the model. The
two-class logistic regression’s adjusted parameters are described in detail in Table 3.

Table 3. Two-class logistic regression parameters in 70:30 data splitting.

Parameters Values
Optimization tolerance 0.000100009
Regularization weight of L1 0.10009
Regularization weight of L2 0.10009
Size of memory (MB) 11
Use threads True
Allow unknown levels True
Quiet True
Arbitrary seed number 12,345

Logistic regression was chosen mainly because it is an interpretable, computationally
efficient, and good discriminator for binary classifications such as equipment failure, as
opposed to normal operation. Unlike complex ANN or SVM types of models from which it
may be difficult to extract the logic, logistic regression has very transparent coefficients,
which go well with the increasingly important requirement by industries for explainable
models in predictive maintenance. The linearity assumption of logistics regression also fits
well with the pre-processed data set, where feature engineering (such as under-sampling)
ensured classes were linearly separable.

2.10. Performance Evaluation Metrics

AUC, MEP, SMAPE, RMSE, F1 score, accuracy, recall, precision, and other performance
measures were used to assess the model’s effectiveness. ] stands for fitted data points, i for
incremental values for each point, Fv for forecast values, and Av for actual values.

100% Zj Av — Fo

MEP = Tl Ap (28)
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SMAPE =

100%j |Fv — Av|
— i1 (JAv[+[Fo]) /
2

I (Avp — Foy)?
RMSE = \/ i ( 01].2 o) , (30)

(29)

TP = true positive.

TN = true negative.

FN = false negative.

FP = false positive.

The model’s performance was evaluated using Accuracy Equation (31), which calcu-
lates the ratio of correct predictions to total predictions.

TP+ TN

TP+ TN +FN + FP’ GD)

Accuracy =

Precision. The percentage of properly predicted positive samples, which is expressed
in the following equation, was used to evaluate the model’s accuracy.
. TP
Precision = TP+ EP’ (32)
Model recall, a measure of the model’s ability to accurately identify instances of the
positive class, was calculated using Equation (33).
TP
Recall = ———
= TP Y FN (33)
F1 score. The following formula, which represents the harmonic mean of a model’s
accuracy and recall, was used to obtain the F1 score:

(Recall x precision)

F1S =2
core X (Recall + precision)’

(34)

MeC — {(TP x TN) — (FP x FN)} 35)
/(TP + FP)(TP + FN)(IN + FP)(TN + FN)

An indicator of the area under the ROC curve is the AUC score. When the AUC score
is 1.0, the classifier is considered flawless.

3. Results
3.1. Execution-Time Analysis

From Figure 4, GWO and J-SLnO were compared with other algorithms; GWO was
faster than MinMin, MaxMin, FCFS, and RoundRobin, while J-SLnO was also faster than
all the mentioned algorithms. GWO was about 31% faster than MinMin, 13% faster than
MaxMin, around 5% faster than FCFS, and approximately 13% faster than RoundRobin.
Similarly, J-SLnO was about 33% faster than MinMin, around 16% faster than MaxMin,
nearly 8% faster than FCFS, and approximately 16% faster than RoundRobin. The compari-
son indicates that GWO and J-SLnO performed notably better in terms of time efficiency
compared to the MinMin, MaxMin, FCFS, and RoundRobin algorithms, with GWO show-
ing an advantage of around 13-31% faster performance, and J-SLnO demonstrating roughly
16-33% faster execution times across these algorithms.
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Figure 4. Evaluation results for various methods: time.

3.2. Cost

Figure 5 presents cost metrics associated with different algorithms. Among the listed
algorithms, GWO (Grey Wolf Optimization) and J-SLnO (Jaya-based Sea Lion Optimization)
showcase notably lower costs compared to MinMin, MaxMin, FCFS, and RoundRobin.
GWO and J-SLnO demonstrate cost efficiencies at 369.13 and 352.24 dollars, respectively,
while the other algorithms range between 404.53 and 490.25 dollars. In analyzing the cost
differences, GWO stands out as approximately 8.57% cheaper than the most expensive
algorithm, RoundRobin, and around 9.17% cheaper than MaxMin. Similarly, J]-SLnO
appears 13.56% cheaper than RoundRobin and approximately 19.71% cheaper than MaxMin.
These relative cost benefits between J-SLnO and GWO indicate that they may be more
affordable options among the algorithms on the list. Furthermore, both J-SLnO and GWO
exhibit steady cost savings across a range of measures, demonstrating their capacity for
optimization. According to our cost study, GWO and J-SLnO could be good options for
situations when cutting costs is a top priority without sacrificing algorithm performance.
Their reduced costs highlight their possible use in resource-constrained settings, which
makes them attractive choices for optimization purposes is a key factor.

600 . . . . . ; . T .
77 Minmin
B Maxmin
500 B RoundRobin | |
400 -
2
2
o
O 3004 -
200 -

Algorithms

Figure 5. Evaluation results for various methods’ costs.

3.3. Energy Usage

The energy consumption of several algorithms is shown in Figure 6, which includes
figures for MinMin, MaxMin, FCFS, RoundRobin, GWO, and J-SLnO. When compared
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to other algorithms, GWO and J-SLnO show much-reduced energy usage. There is a
significant difference between GWO, J-SLnO, and the other algorithms when the difference
in energy use is examined. GWO and J-SLnO showcase energy efficiency, consuming
significantly less energy compared to MinMin, MaxMin, FCFS, and RoundRobin. When
GWO and J-SLnO are compared to the average energy consumption of the other algorithms
(MinMin, MaxMin, FCFS, and RoundRobin), GWO'’s energy consumption is approximately
94.1% less than the average, while J-SLnO’s energy consumption is around 94.2% less.
This stark contrast highlights the potential energy efficiency benefits offered by GWO and
J-SLnO in algorithmic implementations, suggesting their viability in scenarios prioritizing
energy conservation and cost reduction.

300

P72 Minmin

200 -

Energy (1)

100 4 -

Algorithms

Figure 6. Evaluation results for MinMin, MaxMin, FCFS, RoundRobin, GWO, and J-SLno for Eergy.

3.4. Confusion Matrix Analysis
3.4.1. GWO Matrix Analysis

A confusion matrix evaluates machine-learning model performance by categorizing
predictions into true positives, true negatives, false positives, and false negatives, enabling
the calculation of accuracy, precision, recall, and F1 score. It is useful since it provides
information on a model’s advantages and disadvantages, assisting in determining what
worked and what needs to be improved. Model performance may be improved by compre-
hending these specifics, guaranteeing improved accuracy and dependability for real-world
use scenarios. Figures 7 and 8 show the confusion matrices for GWO and J-SLno.
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Figure 7. Confusion matrix of GWO training and testing.
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3.4.2. ]-SLno Confusion Matrix Analysis
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Figure 8. Confusion matrix of J-SLno training and testing.
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The classifier’s ability to discriminate between positive and negative classes is shown

in the ROC curves for the training and testing data sets (Figure 9). The AUC values are 0.96

for both data sets in one scenario and 0.97 (training) and 0.96 (testing) in another, with a

constant threshold of 0.5. A better classification ability is indicated by a greater AUC, where

1 denotes flawless categorization. Strong model performance is shown in the findings,

which show how well the model separates the two groups.
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3.5. ROC-AUC Analysis
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Figure 9. ROC-AUC curve.

3.6. Accuracy Comparison
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Figure 10 depicts the accuracy scores for both training and testing phases using two
different algorithms, J-SLnO (Jaya-based Sea Lion Optimization), and GWO (Grey Wolf
Optimization). These measurements show how well each predictive algorithm—facade

works in terms of achieving a task. In this case, both algorithms showed overall good

accuracy values during the testing and training stages except for J-SLnO, which shows
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somewhat better accuracy than GWO, recording scores of 96.58% during training and
96.16% during testing whereas GWO yielded training and testing scores of 96.3% and
95.72%, respectively. The importance of these numbers lies in understanding the robustness
and generalization capabilities of the algorithms. The fact that both GWO and J-SLnO
perform similarly through training and testing indicates that both algorithms can generalize
well in the new data input situation. Thus, it is merely a small drop from training to testing
expected and valid, so both algorithms will be slightly less efficient in fresh new data due
to overfitting. Thus, both J-SLnO and GWO are efficient in learning from the data provided
in the training phase and predicting accurately from unfamiliar, untested testing data. This
minor performance difference between the algorithms indicates that perhaps J-SLnO could
generalize fresh data slightly better than GWO.

Training and Testing Accuracy Comparison
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Accuracy
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& ~
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Figure 10. Accuracy analysis for various algorithms.

3.7. Precision Comparison

The accompanying Figure 11 gives the precision values achieved using GWO and J-
SLnO Dispositions presented for the training and testing data sets. Precision is an important
parameter to measure in relation to the classification model, as it determines how exactly
the model makes positive predictions. In the training and testing conditions, GWO and
J-SLnO achieve quite good precision values. While J-SLnO scores some more accuracies of
96.28% on both training and testing data sets, GWO scored a precision of 96.14% in training
and 96.13% in testing. This number is significant since both optimization techniques
consistently showed high accuracy values throughout training and testing periods.
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Figure 11. Precision analysis for various algorithms.
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These accuracy rates imply that, irrespective of the data set to which they are applied,
both GWO and J-SLnO stand strong and dependable in producing maximal positive
predictions. The algorithms seem to withstand prediction abilities when subjected to
new unknown data, as viewed from the uniformity in accuracy score between training
and testing data set. This consistency in precision establishes the models of GWO and
J-SLnO as being stable and generalized, thus making them very applicable in real-life
applications, which might be those demanding accurate positive predictions, such as in
sentiment analysis, fraud detection, and medical diagnosis.

3.8. F1-Score Comparison

Figure 12 demonstrates the F1 scores of two algorithms—GWO and J-SLnO—on
training and testing data sets. Combining accuracy and recall, the F1 score is a machine-
learning statistic that offers a fair assessment of a model’s performance. Here, the F1 ratings
for J]-SLnO and GWO both show how well the algorithms predict different data sets. The F1
score for GWO is 96.04% on the training set and slightly lowers to 95.88% on the testing set.
In contrast, J-SLnO outperformed GWO’s F1 score with the training data set (96.73%) and
testing data set (96.58%). The different performance difference between the two algorithms
here points towards the differences in their generalization capacities. ]-SLnO keeps a better
and more uniform performance across both data sets, while GWO resulted in a bit lower F1
scores across training and testing data sets, indicating that GWO showed less decline in
prediction power when confronted with previously unseen data. What is important about
this figure is that it assesses such generalization and reliability of the algorithms. While
GWO exhibits a lesser performance on unknown test data as compared to the training
phase, J-SLnO would, however, still continue to perform at a higher and more constant
level of performance. This accentuates the power and reliability of the algorithm in several
settings, as well as implying the potential robustness and reflective capacity of ]-SLnO with
respect to newer or unknown data, thereby emphasizing its applicability in the real world,
where consistent and trustworthy prediction performance is imperative.
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Figure 12. Fl-score analysis for various algorithms.

3.9. Recall Comparison

Recall values for two different methods on training and testing data sets are shown
in Figure 13: J-SLnO and GWO. Both methods have high recall rates, which show their
effectiveness in retrieving relevant events from the data sets. GWO’s memory rate is
96.09% during the training phase; ]-SLnO, however, achieves a somewhat higher recall of
96.5%. Along the same lines, GWO has a high 96% recall during the testing phase, while
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J-SLnO comes to 96.433%. This number counts since both methods show higher and equal
recall for both the training and testing sets. For GWO and J-SLnO, the slight difference
between the training and testing recall rates indicates their stability and dependability in
extrapolating patterns learned during training to unobserved data, giving them hope for
good performance in real-life applications. Moreover, the close recall counts of the two
algorithms show that they could be equally good at selecting true positives from both data
sources. All in all, this table reveals the power and reliability of the GWO and J-SLnO
algorithms in extracting relevant information from the training data and unseen test data,
promising their applicability in tasks requiring great generalization and high recall.

p— Training and Testing Recall Comparison

96.75

Recall

Figure 13. Recall analysis for various algorithms.

3.10. Error Analysis

As seen in Figure 14a, performance metrics such as MEP, SMAPE, and RMSE for both
the GWO and J-SLnO algorithms are used to assess the accuracy of prediction models.
Even while both algorithms perform identically across all measures, the comparison shows
that J-SLnO yields somewhat lower values in MEP, SMAPE, and RMSE, indicating a much
higher degree of accuracy compared to GWO. These findings suggest that J]-SLnO may
provide a more accurate prediction, even with the extremely small variances.

Figure 14b compares the accuracy performance metrics for ]-SLnO and GWO, which
are similar. One noteworthy feature of J-SLnO is that it yields zero error values for every
measure, indicating that the predictions are perfect and do not differ from reality. How-
ever, GWQO’s MEP, SMAPE, and RMSE values of 0.0104 indicate that its forecasts include
extremely few errors. The precision of J]-SLnO is shown by this comparison, suggesting
that it may be a more reliable and accurate optimization method in this case.

Figure 14c compares GWO with J-SLnO’s MEP, SMAPE, and RMSE based on F1 score.
The findings demonstrate that J]-SLnO consistently outperforms GWO, as shown by a
reduced RMSE of 0.15 compared 0.16, a lower MEP of 0.156 versus 0.167, and a lower
SMAPE of 0.155 versus 0.1667. According to these data, ]-SLnO often produces more
precise and accurate results on a range of evaluation factors.

The recall values of GWO and J-SLnO are finally compared in Figure 14d using MEP,
SMAPE, and RMSE as metrics. Once again, the lower values of ]-SLnO indicate a higher
level of expected accuracy and reliability. These findings show that J-SLnO is a superior
choice when error reduction is important since it reduces errors and increases accuracy in
optimization tasks more efficiently.
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Figure 14. Error analysis with various parameters: (a) accuracy, (b) precision, (c) F1 score, and
(d) recall.

4. Discussion

This paper provides a thorough and detailed comparative study on optimization
algorithms with a main focus on GWO and J-SLnO benchmarked against some of the
well-known algorithms like MinMin, MaxMin, FCFS, RoundRobin, etc. The results clearly
show that GWO and J-SLnO surpassed their counterparts when applied with respect to
multiple performance measures, therefore making a compelling point for better application
in practice. When comparing time efficiency, GWO performs tremendously in terms of
execution times, which is 13-31% faster than the rest of the compared algorithms, while
J-SLnO is even better in execution time, being 16-33% faster and demonstrating even
more advantage during time-sensitive computations. Cost analysis also provides further
evidence in favor of both algorithms; in this case, ]-SLnO reduced costs by 13.56-19.71%
compared to MaxMin and RoundRobin, while GWO was able to produce savings of
8.57-9.17%, rendering it economically attractive. Energy efficiency, an essential component
of sustainable computing, is where the jurisdiction of GWO and ]J-SLnO ends; they consume
94.1-94.2% as much energy as their counterparts. Thus, they can be considered feasible
in an energy-constrained environment. A performance evaluation revealed that one of
the indicators that J-SLnO always bests GWO comes out with lower values concerning
the mean error percentage (MEP), SMAPE, and root mean square error (RMSE), repre-
senting better prediction accuracy and robustness. The highlighted consistency indicates
that ]-SLnO would fit applications with high demands for precision and dependability,
such as real-time scheduling and resource allocation. The empirical evidence presented
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in the study truly illustrates the algorithmic advancement subsumed under GWO and
J-SLnO computationally. More importantly, those data for having preference between
procedures over conventional ones were also discovered through the discussions provided.
The performance level, wherein the algorithms were superior numerically from 13% to
33% speed gains, cost savings from 8.5% to 19.7%, and energy savings as high as 94%, will
make these algorithms leading candidates for solving optimization tasks. Therefore, based
on these findings, the paper puts across a convincing reasoning for adopting J-SLnO in
applications where top accuracy counts, whereas GWO under such circumstances leaves a
strong case for balanced performance. The meticulous comparison, backed by extensive
quantitative results, ensures that the conclusions are scientifically sound and practically
relevant, offering valuable insights for researchers and practitioners in optimization and
computational intelligence. The HMM model had begun with low accuracy (32.26 percent),
and allowed some improvement after making some time adjustments (maximum 72.95 per-
cent) [62]. In our case, GWO and J-SLnO provided an extremely high accuracy (GWO: 95.72
to 96.3 percent; J-SLnO: 96.16 to 96.58 percent) with a considerable generalization capacity,
which indicated the model’s predictive power. Sparse observations were problematic for
HMMs, while their use of metaheuristic optimizations (GWO/J-SLnO) yielded consistent
near-optimal results that exhibit their reliability for analogous practices. Table 4 shows the
performance comparison of the proposed model with the state-of-the-art model. Across all
performance metrics, a statistical analysis confirms the striking superiority of ]-SLnO over
GWO. The testing accuracy of J-SLnO is 96.16% (95% CI: 95.75-96.57%) with an absolute
improvement of 0.44% over GWO. Here, all of this is supported by an extremely significant
McNemar’s test (x2 = 47.3, p < 0.0001). These results, when taken collectively, validate
J-SLnO as an optimization algorithm with superior statistical validity in high-precision
classification and reliability in generalizing to unseen data. Indeed, it gives robust evidence
in support of the benefits provided via J-SLnO for maintenance predictive tasks based on
its narrow confidence intervals and strong effect sizes. Figure 15 shows a comparison of
the state-of-the-art model with the proposed model.

110

mN Accuracy
B Precision
mmm Recall

100 = F1Score

Performance (%)

Figure 15. Comparison with state-of-the-art models, state-of-art models [43-48].
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Table 4. Comparison analysis.

Method Metrics

Accuracy: 96.16%
Precision: 96.28%
Recall: 96.43%
F1 score: 96.58%

Accuracy: 95.72%
Precision: 96.13%

Proposed system J-SLnO

Proposed system GWO Recall: 96.00%
F1 score: 95.88%
Accuracy: 86.84%

Proposed system SLnO Precision: 87.08%

Recall: 87.08%
F1 score: 87.08%

Accuracy: 84.60%

Attribute-attention Precision: 89.79%
LSTM [43] Recall: 94.43%
F1 score: 89%

Accuracy: 94.50%
Precision: 94.60%
Recall: 93.30%
F1 score: 93.90

Multi-Scale Dilation Attention CNN;  Data set (aircraft engine)—Accuracy: 95.91%
probabilistic beetle swarm-butterfly Precision: 96%
optimization; DNN; DBN [45] F1 score: 96%

Accuracy: 91.09%

kNN-LSTM; knowledge Precision: 93.88%
graph [46] Recall: 96.30%

F1 score: 90.91%

Recall: 0.89-0.96
Precision: 0.89-0.96

Genetic algorithm-based resource
scheduling; two-class logistic
regression [44]

CNN-Bidirectional LSTM [47]

Precision: 92%
AdaBoost [48] Recall: 92%
F1 score: 91%

5. Conclusions

This study has examined the substantial advancements in predictive maintenance
and asset management for Industry 4.0 through a broad-based appraisal of optimization
algorithms, particularly the GWO and J-SLnO algorithms. In comparison with classical
algorithms, such as MinMin, MaxMin, FCFS, and RoundRobin, both the GWO and J-
SLnO algorithms perform better, with time efficiency improvements ranging from 13%
to 33%, cost savings of 8.57% to 19.71%, and energy savings of 94.1% to 94.2%. The
J-SLnO algorithm shows a higher prediction accuracy that is coupled with lower MEP,
SMAPE, and root mean square error (RMSE) values and better indices of performance:
accuracy, precision, recall, F1 score, and area under the curve (AUC). From this, it can be
inferred that the algorithms hold great robustness and generalization capability, with the
J-SLnO algorithm showing a slightly higher level of consistency and adaptability under
the varying parameters. Despite some positive remarks about these algorithms, practical
constraints such as high computational complexity, scalability to large-scale industrial
settings, and sensitivity to hyperparameter tuning remain the obvious main challenges.
Future work should be focused on the fine-tuning of these algorithms for wide-ranging
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industrial applications, such that they can be easily integrated into heterogeneous Industry
4.0 environments, all while retaining high precision and efficiency.

Future Scope and Limitations

On the one hand, GWO and J-SLnO appear to provide attractive insights; on the other,
their direct mechanical implementations imply surmounting limitations in the dynamic
nature of industrial environments, data heterogeneity, and real-time processing require-
ments. Therefore, future studies should seek to gauge adaptability to specific industrial
contexts, such as precision-driven environments or energy-intensive processes, along with
hybridization aimed at enhancement of optimization capabilities. Additionally, this would
mean devising lightweight versions of the algorithms to resolve computational overpowers
made feasible by edge computing in smart factories. This study has set a solid baseline
for future work on predictive maintenance, which would, however, need to next undergo
more massive, large-scale industrial trials to ensure the reliability and scalable nature of
this approach. If the presented challenges are resolved, GWO and J-SLnO could signifi-
cantly substantiate the transition of intelligent asset management systems in Industry 4.0
concerning efficiency, sustainability, and operational excellence.
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Abbreviations

The following abbreviations are used in this manuscript:

GWO Grey Wolf Optimization
J-SLnO  Jaya-based Sea Lion Optimization

DSS Decision Support System
FCFS First Come First Serve

IoT Internet of Things

CPS Cyber-Physical Systems
IIoT Industrial Internet of Things
PdM Predictive Maintenance

CAFM  Computer-Aided Facility Management
CMMSs Computerized Maintenance Management Systems
QoS Quality of Service
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TLBO Teaching-Learning-Based Optimization
RSS Received Signal Strength

CNP Contract-Net Protocol

VMs Virtual Machines

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.
23.

Gill, S.S,; Tuli, S.; Xu, M,; Singh, L; Singh, K.V.; Lindsay, D.; Tuli, S.; Smirnova, D.; Singh, M.; Jain, U.; et al. Transformative effects
of IoT, blockchain and artificial intelligence on cloud computing: Evolution, vision, trends and open challenges. Internet Things
2019, 8, 100118. [CrossRef]

de Brito, M.S.; Hoque, S.; Steinke, R.; Willner, A.; Magedanz, T. Application of the Fog computing paradigm to Smart Factories
and cyber-physical systems. Trans. Emerg. Telecommun. Technol. 2018, 29, e3184. [CrossRef]

Mourtzis, D.; Vlachou, E.; Milas, N. Industrial Big Data as a Result of IoT Adoption in Manufacturing. Procedia CIRP 2016, 55,
290-295. [CrossRef]

Tuli, S.; Basumatary, N.; Gill, S.S.; Kahani, M.; Arya, R.C.; Wander, G.S.; Buyya, R. HealthFog: An ensemble deep learning based
Smart Healthcare System for Automatic Diagnosis of Heart Diseases in integrated IoT and fog computing environments. Future
Gener. Comput. Syst. 2020, 104, 187-200. [CrossRef]

Abidi, M.H.; Alkhalefah, H.; Umer, U. Fuzzy harmony search based optimal control strategy for wireless cyber physical system
with industry 4.0. J. Intell. Manuf. 2021, 32, 1925-1943. [CrossRef]

Maddikunta, PK.; Pham, Q.V.; Prabadevi, B.; Deepa, N.; Dev, K.; Gadekallu, T.R.; Ruby, R.; Liyanage, M. Industry 5.0: A survey
on enabling technologies and potential applications. J. Ind. Inf. Integr. 2021, 26, 100257. [CrossRef]

Baruah, P.; Chinnam, R.B. HMMs for diagnostics and prognostics in machining processes. Int. J. Prod. Res. 2005, 43, 1275-1293.
[CrossRef]

Prytz, R.; Nowaczyk, S.; Rognvaldsson, T.; Byttner, S. Predicting the need for vehicle compressor repairs using maintenance
records and logged vehicle data. Eng. Appl. Artif. Intell. 2015, 41, 139-150. [CrossRef]

Aremu, O.0.; Hyland-Wood, D.; McAree, P.R. A Relative Entropy Weibull-SAX framework for health indices construction
and health stage division in degradation modeling of multivariate time series asset data. Adv. Eng. Inform. 2019, 40, 121-134.
[CrossRef]

Susto, G.A.; Schirru, A.; Pampuri, S.; McLoone, S.; Beghi, A. Machine Learning for Predictive Maintenance: A Multiple Classifier
Approach. IEEE Trans. Ind. Inform. 2015, 11, 812-820. [CrossRef]

Malhi, A.; Yan, R.; Gao, R.X. Prognosis of Defect Propagation Based on Recurrent Neural Networks. IEEE Trans. Instrum. Meas.
2011, 60, 703-711. [CrossRef]

Yuan, M.; Wu, Y;; Lin, L. Fault diagnosis and remaining useful life estimation of aero engine using LSTM neural network. In
Proceedings of the 2016 IEEE International Conference on Aircraft Utility Systems (AUS), Beijing, China, 10-12 October 2016;
pp. 135-140.

Vianna, W.O.; Yoneyama, T. Predictive Maintenance Optimization for Aircraft Redundant Systems Subjected to Multiple Wear
Profiles. IEEE Syst. J. 2018, 12, 1170-1181. [CrossRef]

Ding, H.; Yang, L.; Yang, Z. A Predictive Maintenance Method for Shearer Key Parts Based on Qualitative and Quantitative
Analysis of Monitoring Data. IEEE Access 2019, 7, 108684-108702. [CrossRef]

Alvares, A.J.; Gudwin, R. Integrated System of Predictive Maintenance and Operation of Eletronorte Based on Expert System.
IEEE Lat. Am. Trans. 2019, 17, 155-166. [CrossRef]

Huynh, K.T.; Grall, A.; Bérenguer, C. A Parametric Predictive Maintenance Decision-Making Framework Considering Improved
System Health Prognosis Precision. IEEE Trans. Reliab. 2019, 68, 375-396. [CrossRef]

Lin, C.Y.;; Hsieh, YM.; Cheng, ET.; Huang, H.C.; Adnan, M. Time Series Prediction Algorithm for Intelligent Predictive
Maintenance. IEEE Robot. Autom. Lett. 2019, 4, 2807-2814. [CrossRef]

Suzuki, T.; Yamamoto, H.; Oka, T. Advancement in maintenance operation for managing various types of failure and vastly
ageing facilities. CIRED-Open Access Proc. |. 2017, 2017, 929-933. [CrossRef]

Abidi, M.H.; Alkhalefah, H.; Mohammed, M.K.; Umer, U.; Qudeiri, ].E.A. Optimal Scheduling of Flexible Manufacturing System
Using Improved Lion-Based Hybrid Machine Learning Approach. IEEE Access 2020, 8, 96088-96114. [CrossRef]

Abidi, M.H.; Alkhalefah, H.; Umer, U.; Mohammed, M.K. Blockchain-based secure information sharing for supply chain
management: Optimization assisted data sanitization process. Int. J. Intell. Syst. 2021, 36, 260—-290.

Brown, M.S.; Shah, S.K,; Pais, R.C.; Lee, Y.Z.; McNitt-Gray, M.E,; Goldin, J.G.; Cardenas, A.F,; Aberle, D.R. Database design and
implementation for quantitative image analysis research. IEEE Trans. Inf. Technol. Biomed. 2005, 9, 99-108. [CrossRef]

Carter, ]. Maintenance management—Computerised systems come of age. Comput.-Aided Eng. . 1985, 2, 182-185. [CrossRef]
Uhlmann, E.; Pontes, R.P.; Geisert, C.; Hohwieler, E. Cluster identification of sensor data for predictive maintenance in a Selective
Laser Melting machine tool. Procedia Manuf. 2018, 24, 60-65. [CrossRef]


https://doi.org/10.1016/j.iot.2019.100118
https://doi.org/10.1002/ett.3184
https://doi.org/10.1016/j.procir.2016.07.038
https://doi.org/10.1016/j.future.2019.10.043
https://doi.org/10.1007/s10845-021-01757-4
https://doi.org/10.1016/j.jii.2021.100257
https://doi.org/10.1080/00207540412331327727
https://doi.org/10.1016/j.engappai.2015.02.009
https://doi.org/10.1016/j.aei.2019.03.003
https://doi.org/10.1109/TII.2014.2349359
https://doi.org/10.1109/TIM.2010.2078296
https://doi.org/10.1109/JSYST.2017.2667232
https://doi.org/10.1109/ACCESS.2019.2933676
https://doi.org/10.1109/TLA.2019.8826707
https://doi.org/10.1109/TR.2018.2829771
https://doi.org/10.1109/LRA.2019.2918684
https://doi.org/10.1049/oap-cired.2017.0711
https://doi.org/10.1109/ACCESS.2020.2997663
https://doi.org/10.1109/TITB.2004.837854
https://doi.org/10.1049/cae.1985.0041
https://doi.org/10.1016/j.promfg.2018.06.009

Sensors 2025, 25, 2896 30 of 31

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

Xie, Q.; Zhou, X.; Wang, J.; Gao, X.; Chen, X,; Liu, C. Matching Real-World Facilities to Building Information Modeling Data
Using Natural Language Processing. IEEE Access 2019, 7, 119465-119475. [CrossRef]

Sacks, R.; Eastman, C.; Lee, G.; Teicholz, P. BIM Handbook: A Guide to Building Information Modeling for Owners, Designers, Engineers,
Contractors, and Facility Managers, 3rd ed.; John Wiley & Sons: New York, NY, USA, 2018; p. 688.

Chen, X.; Feng, D.; Takeda, S.; Kagoshima, K.; Umehira, M. Experimental Validation of a New Measurement Metric for
Radio-Frequency Identification-Based Shock-Sensor Systems. IEEE |. Radio Freq. Identif. 2018, 2, 206-209. [CrossRef]

Hao, Q.; Xue, Y.; Shen, W.; Jones, B.; Zhu, ]. A Decision Support System for Integrating Corrective Maintenance, Preventive
Maintenance, and Condition-Based Maintenance. In Proceedings of the Construction Research Congress 2010, Banff, AB, Canada,
8-10 May 2010; pp. 470-479.

Bhattacharya, S.; Maddikunta, PK.R.; Meenakshisundaram, I.; Gadekallu, T.R.; Sharma, S.; Alkahtani, M.; Abidi, M.H. Deep
Neural Networks Based Approach for Battery Life Prediction. Comput. Mater. Contin. 2021, 69, 2599-2615. [CrossRef]

Ch, R.; Gadekallu, T.R.; Abidi, M.H.; Al-Ahmari, A. Computational System to Classify Cyber Crime Offenses using Machine
Learning. Sustainability 2020, 12, 4087. [CrossRef]

Backman, ].; Vare, J.; Framling, K.; Madhikermi, M.; Nykanen, O. IoT-based interoperability framework for asset and fleet
management. In Proceedings of the IEEE International Conference on Emerging Technologies and Factory Automation (ETFA),
Berlin, Germany, 6-9 September 2016; pp. 1-3.

Petchrompo, S.; Parlikad, A.K. A review of asset management literature on multi-asset systems. Reliab. Eng. Syst. Saf. 2019, 181,
181-201. [CrossRef]

Hassan, H.O.; Azizi, S.; Shojafar, M. Priority, network and energy-aware placement of IoT-based application services in fog-cloud
environments. IET Commun. 2020, 14, 2117-2129. [CrossRef]

Ghahramani, M.; Javidan, R.; Shojafar, M.; Taheri, R.; Alazab, M.; Tafazolli, R. RSS: An energy-efficient approach for securing IoT
service protocols against the DoS attack. IEEE Internet Things J. 2020, 8, 6244-6256. [CrossRef]

Wan, J.; Chen, B.; Imran, M.; Tao, F; Li, D.; Liu, C.; Ahmad, S. Toward dynamic resources management for IoT-based manufactur-
ing. IEEE Commun. Mag. 2018, 56, 52-59. [CrossRef]

Yin, L.; Luo, J.; Luo, H. Tasks Scheduling and Resource Allocation in Fog Computing Based on Containers for Smart Manufacturing.
IEEE Trans. Ind. Inform. 2018, 14, 4712-4721. [CrossRef]

Panicucci, S.; Nikolakis, N.; Cerquitelli, T.; Ventura, E; Proto, S.; Macii, E.; Makris, S.; Bowden, D.; Becker, P.; O'Mahony, N.; et al.
A cloud-to-edge approach to support predictive analytics in robotics industry. Electronics 2020, 9, 492. [CrossRef]

Rajnoha, R.; Hadac, J. Strategic Key Elements in Big Data Analytics as Driving Forces of IoT Manufacturing Value Creation: A
Challenge for Research Framework. IEEE Trans. Eng. Manag. 2022, 69, 2032-2047. [CrossRef]

Brous, P,; Janssen, M.; Herder, P. The Dual Effects of the Internet of Things (IoT): A Systematic Review of the Benefits and Risks of
IoT Adoption by Organizations. Int. J. Inf. Manag. 2020, 51, 101952. [CrossRef]

Hamm, A.; Willner, A.; Schieferdecker, I. Edge Computing: A comprehensive survey of current initiatives and a roadmap for a
sustainable edge Computing development. In Proceedings of the 15th International Conference on Business Information Systems
2020 “Developments, Opportunities and Challenges of Digitization”, Potsdam, Germany, 9-11 March 2020; pp. 1-12.
Mouradian, C.; Naboulsi, D.; Yangui, S.; Glitho, R.H.; Morrow, M.].; Polakos, P.A. A Comprehensive Survey on Fog Computing:
State-of-the-Art and Research Challenges. IEEE Commun. Surv. Tutor. 2018, 20, 416—464. [CrossRef]

Sheela, M.; Chand, S.; Gopalakrishnan, S.; Choubey, S.B.; Gopianand, M.; Hephzipah, J. Empowering aquarists: A comprehensive
study on IoT-enabled smart aquarium systems for remote monitoring and control. Babylonian ]. Internet Things 2024, 2024, 33-43.
[CrossRef]

Kavitha, T.; Venkatesan, M.; Gopalakrishnan, S.; Chand, S.; Gopianand, M.; Abirami, S. Underwater Wireless Sensors Increase
Routing Performance using Impact Efficient Localization-Based Routing Protocols. Babylonian ]. Netw. 2024, 2024, 69-77.
[CrossRef]

Jiang, Y.; Dai, P,; Fang, P.; Zhong, R.Y.; Zhao, X.; Cao, X. A2-LSTM for predictive maintenance of industrial equipment based on
machine learning. Comput. Ind. Eng. 2022, 172, 108560. [CrossRef]

Teoh, YK; Gill, S.S.; Parlikad, A.K. IoT and Fog-Computing-Based Predictive Maintenance Model for Effective Asset Management
in Industry 4.0 Using Machine Learning. IEEE Internet Things J. 2023, 10, 2087-2094. [CrossRef]

Murugiah, P.; Muthuramalingam, A.; Anandamurugan, S. A design of predictive manufacturing system in IoT-assisted Industry
4.0 using heuristic-derived deep learning. Int. |. Commun. Syst. 2023, 36, €5432. [CrossRef]

Rosati, R.; Romeo, L.; Cecchini, G.; Tonetto, E; Viti, P.; Mancini, A.; Frontoni, E. From knowledge-based to big data analytic model:
A novel IoT and machine learning based decision support system for predictive maintenance in Industry 4.0. J. Intell. Manuf.
2023, 34, 107-121. [CrossRef]

Justus, V.; Kanagachidambaresan, G.R. Machine learning based fault-oriented predictive maintenance in industry 4.0. Int. . Syst.
Assur. Eng. Manag. 2024, 15, 462-474. [CrossRef]


https://doi.org/10.1109/ACCESS.2019.2937219
https://doi.org/10.1109/JRFID.2018.2882096
https://doi.org/10.32604/cmc.2021.016229
https://doi.org/10.3390/su12104087
https://doi.org/10.1016/j.ress.2018.09.009
https://doi.org/10.1049/iet-com.2020.0007
https://doi.org/10.1109/JIOT.2020.3023102
https://doi.org/10.1109/MCOM.2018.1700629
https://doi.org/10.1109/TII.2018.2851241
https://doi.org/10.3390/electronics9030492
https://doi.org/10.1109/TEM.2021.3113502
https://doi.org/10.1016/j.ijinfomgt.2019.05.008
https://doi.org/10.1109/COMST.2017.2771153
https://doi.org/10.58496/BJIoT/2024/005
https://doi.org/10.58496/BJN/2024/008
https://doi.org/10.1016/j.cie.2022.108560
https://doi.org/10.1109/JIOT.2021.3050441
https://doi.org/10.1002/dac.5432
https://doi.org/10.1007/s10845-022-01960-x
https://doi.org/10.1007/s13198-022-01777-0

Sensors 2025, 25, 2896 31 of 31

48.

49.

50.
51.

52.

53.

54.

55.

56.

57.

58.
59.

60.

61.

62.

Elkateb, S.; Métwalli, A.; Shendy, A.; Abu-Elanien, A.E.B. Machine learning and IoT-Based predictive maintenance approach for
industrial applications. Alexandria Eng. ]. 2024, 88, 298-309. [CrossRef]

Essalih, S.; El Haouat, Z.; Ramadany, M.; Bennouna, F.; Amegouz, D. A model to optimize maintenance through implementing
industry 4.0 technologies. Heliyon 2025, 11, e42297. [CrossRef]

Mirjalili, S.; Mirjalili, S.M.; Lewis, A. Grey wolf optimizer. Adv. Eng. Softw. 2014, 69, 46-61. [CrossRef]

Mirjalili, S.; Saremi, S.; Mirjalili, S.M.; Coelho, L.D.S. Multi-objective grey wolf optimizer: A novel algorithm for multi-criterion
optimization. Expert Syst. Appl. 2016, 47, 106-119. [CrossRef]

Mejtoft, T. Internet of Things and Co-Creation of Value. In Proceedings of the 2011 International Conference on Internet of Things
and 4th International Conference on Cyber, Physical and Social Computing, Dalian, China, 19-22 October 2011; pp. 672-677.
Whitmore, A.; Agarwal, A.; Da Xu, L. The Internet of Things—A Survey of Topics and Trends. Inf. Syst. Front. 2015, 17, 261-274.
[CrossRef]

Réikkonen, M.; Saari, L.; Valkokari, K.; Rantala, A.; Kortelainen, H. Creating Value and Business Benefits from Joint Offerings of
Asset Performance Management Tools in the Capital-Intensive Industries. In 15th WCEAM Proceedings; Pinto, J.O.P., Kimpara,
M.L,, Reis, R.R., Seecharan, T., Upadhyaya, B.R., Amadi-Echendu, J.E., Eds.; Springer: Cham, Switzerland, 2022; pp. 126-136.
Kaggle. Predictive Maintenance Dataset. Available online: https://www.kaggle.com/code/josegzz/predictive-maintenance-
connect-siscti/input (accessed on 15 June 2024).

Liu, X,; Fan, L.; Xu, J.; Li, X,; Gong, L.; Grundy, J.; Yang, Y. FogWorkflowSim: An Automated Simulation Toolkit for Workflow
Performance Evaluation in Fog Computing. In Proceedings of the 2019 34th IEEE/ ACM International Conference on Automated
Software Engineering (ASE), San Diego, CA, USA, 11-15 November 2019; pp. 1114-1117.

Obitko, M. Introduction to Genetic Algorithms. 1998. Available online: https://courses.cs.washington.edu/courses/cse473/0
6sp/GeneticAlgDemo/main.html (accessed on 20 June 2024).

Birattari, M. Tuning Metaheuristics; Springer: Berlin/Heidelberg, Germany, 2009; Volume 197.

Pandey, H.M.; Chaudhary, A.; Mehrotra, D. A comparative review of approaches to prevent premature convergence in GA. Appl.
Soft Comput. J. 2014, 24, 1047-1077. [CrossRef]

Fan, L,; Liu, X,; Li, X.; Yuan, D.; Xu, J. Graph4Edge: A Graph-based Computation Offloading Strategy for Mobile-Edge Workflow
Applications. In Proceedings of the 2020 IEEE International Conference on Pervasive Computing and Communications Workshops
(PerCom Workshops), Austin, TX, USA, 23-27 March 2020; pp. 1-6.

Xu, J.; Li, X,; Liu, X.; Zhang, C.; Fan, L.; Gong, L.; Li, ]. Mobility-Aware Workflow Offloading and Scheduling Strategy for Mobile
Edge Computing. In Lecture Notes in Computer Science; Springer: Cham, Switzerland, 2020; Volume 11945, pp. 184-199.
Martins, A.; Fonseca, I.; Farinha, ].T.; Reis, J.; Cardoso, A.].M. Prediction maintenance based on vibration analysis and deep
learning—A case study of a drying press supported on a Hidden Markov Model. Appl. Soft Comput. 2024, 163, 111885. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1016/j.aej.2023.12.065
https://doi.org/10.1016/j.heliyon.2025.e42297
https://doi.org/10.1016/j.advengsoft.2013.12.007
https://doi.org/10.1016/j.eswa.2015.10.039
https://doi.org/10.1007/s10796-014-9489-2
https://www.kaggle.com/code/josegzz/predictive-maintenance-connect-siscti/input
https://www.kaggle.com/code/josegzz/predictive-maintenance-connect-siscti/input
https://courses.cs.washington.edu/courses/cse473/06sp/GeneticAlgDemo/main.html
https://courses.cs.washington.edu/courses/cse473/06sp/GeneticAlgDemo/main.html
https://doi.org/10.1016/j.asoc.2014.08.025
https://doi.org/10.1016/j.asoc.2024.111885

	Introduction 
	Challenges in Industrial Maintenance 
	Gaps and Shortcomings of Existing Approaches 
	Aim and Scope 
	Related Work 

	Materials and Methods 
	System Model 
	GWO 
	JA Optimization 
	Standard SLnO Algorithm 
	J-SLnO Algorithm 
	Manufacturing Equipment Predictive Maintenance 
	Data Set 
	Data Set Description 
	Preprocessing and Management of Class Imbalance 

	Employment of the Proposed Techniques in Fog Work Flow Sim 
	Two-Class Logistic Regression for Predictive Maintenance 
	Performance Evaluation Metrics 

	Results 
	Execution-Time Analysis 
	Cost 
	Energy Usage 
	Confusion Matrix Analysis 
	GWO Matrix Analysis 
	J-SLno Confusion Matrix Analysis 

	ROC-AUC Analysis 
	Accuracy Comparison 
	Precision Comparison 
	F1-Score Comparison 
	Recall Comparison 
	Error Analysis 

	Discussion 
	Conclusions 
	References

