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Abstract

Predictive maintenance has been considered fundamental in
industrial applications over the last few years. It contributes to
improving reliability, availability, and maintainability of the
systems and decreasing production efficiency in manufacturing
plants. This article aims to explore the integration of predictive
maintenance into production scheduling through a systematic
review of literature. The review includes 165 research articles
published in international journals indexed in the Scopus database.
Press articles, conference papers, and non-English papers are not
considered in this study. After carefully evaluating each study for
its purpose and scope, 50 research articles are selected for this
review, following the 2020 Preferred Reporting Items for
Systematic Review and Meta-Analysis Protocols (PRISMA)
statement. Benchmarking of predictive maintenance methods was
used to understand the parameters contributing to improved
production scheduling. The results of our comparative analysis,
which assessed various methods for prediction, underscore the
promising potential of artificial intelligence in anticipating
breakdowns. An additional insight from this study is that each
equipment has its own parameters that must be collected,
monitored, and analyzed.
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1. Introduction

In contemporary times, the primary goal of every
production plant is to achieve and sustain prosperity
and success. The maintenance department, an integral
component of any thriving business enterprise, plays a
pivotal role in the overall operation. While it may not
directly contribute to the productive output, its
significance cannot be overstated. It stands as one of
the most vital departments within the production plant,
responsible for maximizing equipment and machinery
availability and operational efficiency.

The maintenance department's primary objective
is to ensure continuous machine and equipment
operation, minimizing failures and production
interruptions. Achieving this goal necessitates the
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department's prompt resolution of problems to
minimize losses due to equipment shutdowns and
prevent future occurrences.

Fundamentally, maintenance aims to uphold

optimal equipment and machinery condition
throughout their operational cycles, ensuring
functionality.  Properly defining, meticulously

planning, and gaining acceptance for maintenance
activities are key principles. These activities
encompass aspects such as product quality, equipment
usability, cost reduction, safety, and environmental
protection. Adhering to these activities guarantees that
machines and equipment remain in optimal condition,
facilitating safe, efficient, and reliable operation.

This research aims to explore the benefits of
predictive maintenance in the context of production
scheduling. The systematic literature review
conducted for this research identifies, evaluates, and
synthesizes existing knowledge and evidence on
predictive maintenance's application in production
scheduling.

This paper is organized into five sections, starting
with an introduction. In section 2, the paper explores
foundational aspects of production scheduling and
predictive maintenance. The third section outlines the
materials and methods employed in this research.
Section 4 presents the findings and outcomes of the
systematic literature review. Finally, section 5
concludes the study by summarizing key findings and
suggesting future research directions.

2. Fundamentals of production scheduling
and predictive maintenance

Industrial systems have experienced significant
transformations in recent years, necessitating a
corresponding evolution in maintenance strategies
toward increased efficiency and sophistication. These
advancements, however, come with challenges,
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particularly in managing the usage time of
increasingly expensive machines. The extensive
utilization of resources can accelerate their health
deterioration, ultimately resulting in breakdowns.
Consequently, there is a pressing need to develop
decision support tools that facilitate the optimized
management of machine usage. In this section, we
provide clear definitions of production scheduling and
predictive maintenance, elucidating the potential
impact of predictive maintenance on production
scheduling.

2.1 Production Scheduling

Production scheduling is a crucial decision-
making process that facilitates the efficient
organization of production resources within a
company. Positioned as a key step in the planning
process, it integrates essential factors in the production
system, including customer demands, production
planning, and resource allocation (refer to Figure 1).
Scheduling, widely applicable in various industries,
particularly in manufacturing and services, involves
allocating existing production resources, such as
machines, to execute a sequence of tasks or jobs
within a specified timeframe. The primary objective is
to meet performance criteria, encompassing both
customer satisfaction and production efficiency [2].
In today's production systems, the pursuit of increased
productivity and optimized average costs requires the
development of flexible scheduling systems capable
of adapting to changes and minimizing downtime.
Production systems encounter challenges such as
unpredictable  customer  demands,  machine
breakdowns, and delivery delays, imposing significant
constraints. As a result, production management
extends beyond its core objective of goods production
to address secondary objectives, categorized as
external objectives related to customer satisfaction
and internal objectives linked to optimizing the
production system's use.

Effective scheduling plays a pivotal role in
improving both external and internal objectives,
positioning production scheduling as a extensively
researched topic in operations research, management
science, and artificial intelligence, all aimed at
enhancing production efficiency.
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Fig. 1. A summary of production planning and
control activities in a company [1].

A

Procurement

Order
fulfillement

There are various types of production scheduling,
each suited to different manufacturing scenarios.
These include production within a single machine,
parallel machines, and job production scheduling,
further categorized into flow shop, open shop, and job
shop [3]. In flow shop scheduling, jobs follow a
predetermined sequence of operations, ideal for highly
standardized assembly line production [1]. Open shop
scheduling is similar, but with no specific ordering
constraints on operations. Job shop scheduling (JSS)
deals with jobs having ordered lists of operations, and
it's a challenging problem in combinatorial
optimization, often considered NP-hard [4]. Job shops,
prevalent in businesses with complete customization,
pose complexity due to varied production processes
for each job, resulting in unique finished products [1].
JSS can be classified based on job information
availability, distinguishing between static (classical)
JSS and dynamic JSS [5]. Additionally, depending on
whether a job can be processed on more than one
machine, JSS is categorized into flexible JSS and non-
flexible JSS [6].

2.2 Predictive Maintenance

Predictive = Maintenance  (PdM)  employs
advanced tools to determine the optimal timing for
maintenance actions [7]. This approach relies on
continuous monitoring of machine or process integrity,
allowing for maintenance only when necessary [8]. It
also facilitates early failure detection through
predictive tools utilizing historical data (e.g., machine
learning techniques), integrity factors (e.g., visual
aspects, wear, discoloration differing from the
original), statistical inference methods, and
engineering approaches [8].

PdM revolves around real-time monitoring and
diagnosis of system components, processes, and
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production chains [9]. The core strategy involves
taking action when items or parts display behaviors
indicative of potential machine failure, degraded
performance, or a decline in product quality. Initially
driven by system checks at predetermined intervals,
preventive maintenance focused on analyzing the
health of equipment, machines, or components within
machinery [10]. In recent years, PAM has found
applications in various domains, including (cyber)
security issues, infrastructure management, energy
fabrication, power plants, maritime systems,
exploitation facilities, as well as in production chains
or in future factories [11].

Essentially, predictive maintenance 1is a
philosophy that optimizes total plant operation by
utilizing the actual operating condition of plant
equipment and systems. A comprehensive predictive
maintenance management program utilizes cost-
effective  tools (e.g., vibration monitoring,
thermography, tribology) to acquire real-time data and
schedules maintenance activities based on actual
needs [12]. The integration of predictive maintenance
in a comprehensive maintenance management
program optimizes process machinery availability,
significantly reduces maintenance costs, and enhances
product quality, productivity, and profitability in
manufacturing and production plants [12].

2.3 Predictive Maintenance Integrated into

Production Scheduling

In the management of production and
maintenance during disturbance conditions, three
distinct approaches are employed: predictive,
proactive, and reactive (refer to Figure 2) [13]. The
goal of the predictive approach is to formulate a
schedule capable of absorbing disturbances without
affecting planned external activities, all while
maintaining heightened system efficiency.

Production and
maintenance
scheduling approches

{ 1

Predictive
approach

G

Predictive-reactive

Reactive
approach

Proactive
approach

Proactive-reactive

Fig. 2. Classification of Production and Maintenance
Scheduling Approaches [13].

By foreseeing future machine conditions and
assessing the health states of machines before
executing a production schedule, plant decision-
makers can proactively prevent failures attributed to
machine degradation, subsequently enhancing the
overall cost-effectiveness of the manufacturing
system [14]. The joint optimization of job operations
and Predictive Maintenance (PdM) actions results in
improved planning and increased efficiency.

3. Literature Review of Predictive
Maintenance Integrated into
Production Scheduling

The Systematic Literature Review (SLR) is a
well-acknowledged approach utilized to discover,
evaluate, and interpret pertinent research on a
particular subject, domain, or phenomenon [15].
Functioning as a supplementary examination, SLR
strives to review studies with comparable objectives,
rigorously assess methodologies, and consolidate
results for statistical or meta-analysis when applicable
[8]. In order to improve reporting transparency and
consistency, the Quality Of Reporting Of Meta-
analyses (QUOROM) guidelines were initially created
and subsequently refined through the PRISMA
statement [16].

3.1 Literature Review According to PRISMA

Guidelines

The PRISMA 2020 statement is primarily crafted
for systematic reviews examining the effects of health
interventions, regardless of study design [17]. Despite
its health focus, the checklist items are versatile and
can be applied to systematic reviews evaluating
various interventions like social or educational
interventions. These guidelines are relevant not only
for reviews centered on intervention assessment but
also for those with broader objectives, such as
examining prevalence or prognosis [16]. PRISMA
2020 is suitable for systematic reviews with or without
synthesis, encompassing mixed-methods reviews that
integrate both quantitative and qualitative studies.
While it emphasizes original and updated systematic
reviews, PRISMA 2020 is also pertinent to
continuously updated ("living") systematic reviews
[17].
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This updated statement empowers academic authors to
efficiently construct comprehensive systematic
reviews with significant relevance to the research
community. It ensures a thorough understanding of the
research topic and facilitates the identification of new
questions for future investigation [16, 17, 19].

3.2 Literature Review Planning Protocol

This paper follows a systematic planning
protocol for the review, offering a comprehensive
framework that serves as a valuable guide for
researchers to gain a deeper understanding of the
research topic, recognize limitations, and explore
future directions for integrating maintenance methods
into production scheduling.

Research Questions: The paper addresses two main
questions: (1) How are predictive maintenance
methods utilized in production scheduling? and (2) In
which fields is predictive maintenance widely applied?
The selection of papers discussed in this work is based
on these key questions.

Databases for Literature Searching: The study
utilized Scopus, a reputable scientific literature
database. All chosen papers are scientific articles from
international journals indexed by Scopus, published in
English between 2011 and 2023.

Execution: For the execution of the Systematic
Literature Review (SLR), keywords for constructing
search strings were selected based on terms commonly
found in the literature and terms specific to this review
(i.e., Predictive maintenance applied to production
scheduling).

The search on Scopus used the formula:
TITLE-ABS-KEY(("predictive maintenance" OR
"PdM") AND ("production schedu*" OR "production
plan*"))

Identification of studies via
databases and registers

Records identified from
Databases (n —165)

— I
Records screened
(n=165)

!

Reports assessed for
cligibility
(n=50)

il

Studies included in review

(m=50)

Identification

Screening

Included [

Fig. 3. Literature review according to PRISMA
guidelines

A total of 165 papers were initially found. After
completing the PRISMA process (Figure 3), 50 papers
were identified as relevant to this literature review and
selected for subsequent analysis. These papers offer
insights into predictive maintenance within the
context of production scheduling.

4. Results and Discussions

Adhering to the PRISMA guidelines, 50 research
papers were identified during the literature review,
primarily sourced from journals with an engineering
and manufacturing focus.

4.1 Distribution of publications over the year

In Figure 4, the publication trend from 2011 to
2023, complete with a trend line, is evident. This
analysis reveals that the incorporation of predictive
maintenance into production scheduling has gained
attention relatively recently in research. Up until 2017,
only four papers were published, indicating a growing
interest in this concept. However, there has been a
noticeable upswing in research activity post-2017.
Specifically, the average number of papers rose from
0.8 articles per year in the period of 2011-2016 to 7.6
articles per year in 2017-2023.
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Fig. 4. Publications evolution from 2011 to 2023.

The authors in [20] argue that the limited number
of works in the PdM domain is attributed to the
intricacy of implementing effective PAM strategies in
production settings.

4.2 Journal-wise Publication Distribution

The chosen papers, focusing on PDM applied to
production scheduling, are dispersed across a diverse
set of journals, encompassing a total of 28 journals.
Notably, the International Journal of Advanced
Manufacturing Technology holds the top position with
3 publications, followed by the Robotics and
Computer-Integrated Manufacturing journal with 2
publications. The remaining journals each feature 1
publication (See Figure 5).

Major Journals - Articles Distribution
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o
Integrated Manufacturing 2
I
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Materials 2
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Fig. 5. Journal-wise Article Distribution.

4.3 Overview of Highly Referenced Articles

Examining the topic in question, the most
referenced articles (refer to Figure 6) are succinctly
summarized. Leading the citation count is the research
paper titled "Digital Twin and Big Data Towards
Smart Manufacturing and Industry 4.0: 360 Degree
Comparison,”" boasting an impressive 939 citations.
Close behind is the article on "A Deep Learning Model
for Smart Manufacturing Using Convolutional LSTM
Neural Network Auto encoders" which has garnered
145 citations. Additionally, "Machine learning for
predictive scheduling and resource allocation in large
scale manufacturing systems" follows suit with 104
citations, while the remaining articles have each
accrued fewer than 100 citations. This analysis
highlights the prominence and impact of key
contributions within the realm of smart manufacturing
and Industry 4.0.

Highly Cited Articles

Integrated production and
maintenance scheduling for a
single degrading machine with 82
deterioration-based failures

retrofitted CNC milling machine

Tool wear monitoring of a
using artificial neural networks

Machine learning for predictive
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systems

A Deep Learning Model for Smart

Manufacturing Using Convolutional 145
LSTM Neural Network

Autoencoders
Digital Twin and Big Data Towards
Smart Manufacturing and Industry _ 939
4.0: 360 Degree Comparison
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Fig. 6. Highly Cited Articles
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4.4 Analysis of Research Methods

Table 1 presents our analyses of eligible articles,
offering an insight into the most recent papers on PAM
and production scheduling. Each line corresponds to a
specific paper, with the first three columns detailing
its reference, method employed, and equipment used.
The fourth column provides a description of the data
applied for prediction, while the fifth column, labeled
"Data type," indicates whether Real Data (RD) or
Synthetic Data (SD) was used in the study case. "N/A"
denotes not applicable.

TABLE 1. ANALYSIS OF RESEARCH ARTICLES
Reference Used Methods Equipment Descrlptlo‘n qf the d.ata applied for Data type
predictive maintenance
. . Braking force
[21] Machine Learning Wear on a brake system Brake pads thickness RD
N FDM (Fused Deposition | Data on the environment
[22] Ant colony optimization Molding) FDM machine generated data RD
[23] Attificial Intelligence Photovoltaic cells Electrical signals RD
[24] Mathematical Model Micro Gas Turbines Sensors measurement SD
. . . . Prognostics and Health management
[25] Hybrid metaheuristic Industrial equipment (PHM) Signals SD
[26] Artificial Intelligence Production chains Key Indicator Performance Results RD
[13] Ant colony optimization - Reliability characteristics SD
[27] Mathematical Model Electric steering gears Reliability characteristics RD
[28] Deep learning model Machine Speed Direction Historical data RD
[29] Big data and Machine learning - Manufacturmg Execution System & SD
Signals data
[30] Online measuring device Saxis CNC milling machine | Sensor’s data RD
[31] Genetic Algorithm - Design parameters SD
[32] Mathematical model Gas compression system Hlston,cal maintenance data RD
Sensor’s data
[33] Agglpmeratlve hierarchical clustering | CNC Computer Numerical Electrical power sD
algorithm Control
[34] A ) predictive ‘ association  rule-based Oil refinery Input parameters RD
maintenance policy
[35] Genetic Algorithm Hydraulic Pump Wear Health state transition p robability RD
Production parameters
[36] Artificial neural networks Elztcrﬁgteted CNC - milling Sensor Signal: Vibration data RD
[37] Monitoring Model Bearings Lubricating oil samples analysis RD
[38] Big data Smart manufacturing - NA
Enterprise Resource Planning (ERP)
[39] Deep digital maintenance Oil cooler Manufacturing Execution System RD
(MES)
[40] Nonlinear optimization Boring tool Parameters setting RD
-Deep learning and mathematical
[50] programming - Sensor’s data RD
-A long short-term memory model
[51] Maintenance driven scheduling cockpit - - N/A
- Deep neural networks (DNN) and recurrent
neural networks (RNN) models Sensor telemetry and operating
[52] - Regression random forest (RRF) - information RD
- Job Shop algorithms from Google's OR-
Tools
[53] Production-inventory model - - RD
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Multi-agent ~ system  called =~ SCEMP
[54] (Supervisor, ~ Customers,  Environment, ) ) SD
Maintainers and Producers)
[55] Markov decision model ) 10T sensors RD
- (Log)-location-scale (LLS) regression model o
[56] - Multivariate functional principal component ) Monitoring data RD
analysis (MFPCA)
- Real-time prognosis updating framework
[57] Advanced signal processing techniques -Inertial vibrator Signals of vibration RD
-Sieving screen
- Bearings
-Vibrating screen
- Accelerometers
Reference Used Methods Equipment Descrlptlo.n qf the d'ata applied for Data type
predictive maintenance
[59] - - - N/A
[60] Machine Learning Production line of Cement - RD
plant
[61] - - - N/A
[62] -Multilayer bidirectional long short-term - C-MAPSS dataset RD
memory (Bi-LSTM)
-Convolutional neural networks
-Fusion network
[63] Multi-perspective data-oriented services in - Cyber Physical Production Network. RD
Cyber-Physical Production Networks
[64] - Multiple linear regression RD
- GRU model - -
[65] Heuristic algorithm based on Tabu search. Photolithography machines - RD
used by a red electronics
manufacturer.
[66] - Prognostics and Health Management (PHM) - - N/A
module
- Predictive = maintenance  integrated
production scheduling (PdM-IPS) module
- Two-stage Genetic Algorithm (TSGA)
[67] Mathematical models - Reliability characteristics N/A
The  comprehensive  review  conducted specific equipment. This equipment spans various

underscores the widespread application of predictive
maintenance across diverse equipment and fields.
Notably, a significant observation is the predominant
use of real data over synthetic data in the analyzed
papers. This trend may stem from the specific
characteristics  inherent in each  predictive
maintenance application, where synthetic data might
not effectively represent real-world scenarios [8].
Furthermore, table 1 highlights a clear preference for
certain methods, with artificial intelligence,
particularly machine learning, being the most
frequently employed. Additionally, genetic algorithms
and ant colony algorithms emerge as the preferred
heuristic search algorithms.

The breakdown of PdM applications in Table 1
reveals a correlation between each application and

domains, including brake systems, molding machines,
photovoltaic cells, turbines, electric steering gears,
machine speed direction, CNC milling machines, gas
compression systems, CNC (Computer Numerical
Control), oil refineries, hydraulic pumps, bearings,
and oil coolers.

An interesting trend identified in Table 1 is the
prevalent use of sensor data to detect anomalies in
equipment. Beyond the papers cited in Table 1,
additional references [41-49] can be considered to
further enrich the categorization by field (See Figure
7).
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Fig. 7. Research Papers Addressing PDM and
Production Scheduling by subject area.

The identified papers underwent additional
scrutiny, considering their potential impact on specific
field categories. On average, Engineering
predominated, constituting the majority at 34.9% of
the papers, followed by Computer Science at 22%.
Papers centered on Material Science comprised 9.2%
of the research, while Mathematics Sciences
contributed 6.4%. The insights gleaned from the
characteristics of the most recent papers on Predictive
Maintenance (PdM) (refer to Table 1 and Figure 7)
significantly contribute to addressing the research
questions.

5. Conclusion

In conclusion, this paper thoroughly explored
existing literature, delving into crucial research on
Predictive Maintenance (PdM) and production
scheduling, addressing outlined research questions
following PRISMA 2020 guidelines. The findings
emphasized the specificity of each proposed approach
to particular equipment, making direct comparisons
with other techniques challenging. Notably, PdM
emerged as an innovative tool for -effectively
managing maintenance events, reflecting the evolving
landscape within the industrial field.

Within this review, certain efforts utilized standard
Machine Learning (ML) methodologies without
parameter tuning, relying on sensor-derived data for

predictive maintenance. This trend suggests the early
stage of PAM exploration in the industrial domain.

A key point is the significance of prior implementation
of PdM strategies within a facility's processes to
gather essential data for effective modeling. This data-
driven approach is crucial for designing and validating
a successful PdM strategy, contributing to improved
efficiency and reduced downtime.

However, acknowledging the study's limitations,
future research directions were identified. These
include the development of advanced sensing
technologies, integration of deep learning and Al,
holistic system optimization, quality impact
assessments, alignment with  Industry 4.0,
benchmarking, human-machine collaboration, cost-
benefit analyses, and cross-industry knowledge
transfer. Pursuing these avenues aims to propel the
ongoing evolution of predictive maintenance and
production scheduling, fostering smarter, more
resilient industrial processes.

References

[1] F.Zhang, S. Nguyen, Y. Mei, M. Zhang, “Genetic Programming for
Production Scheduling: An Evolutionary Learning Approach”.
Springer Singapore. https://doi.org/10.1007/978-981-16-4859-5

[2] S. C. Graves, “A Review of Production Scheduling. Operations
Research”, 29(4), 646-675. 1981.
https://doi.org/10.1287/opre.29.4.646

[3] J. Blazewicz, K. H. Ecker, E. Pesch, G. Schmidt, M. Sterna, J.
Weglarz, “Handbook on Scheduling: From Theory to Practice”.
Springer International Publishing. 2009. https://doi.org/10.1007/978-
3-319-99849-7

[4] Y. Suppiah, T. Bhuvaneswari, P. Shen Yee, N. Wei Yue, C. Mun
Horng. “Scheduling Single Machine Problem to Minimize
Completion  Time”. TEM  Journal, 552-556. 2022.
https://doi.org/10.18421/TEM112-08

[51 S. Nguyen, M. Zhang, M. Johnston, K.C. Tan, “Automatic
programming via iterated local search for dynamic job shop
scheduling”. IEEE Transactions on Cybernetics, 45(1), 1-14. 2015.
https://doi.org/10.1109/TCYB.2014.2317488

[6] F. Zhang, Y. Mei, S. Nguyen, M. Zhang, “Evolving Scheduling
Heuristics via Genetic Programming With Feature Selection in
Dynamic Flexible Job-Shop Scheduling”. IEEE Transactions on
Cybernetics, 51(4), 1797-1811. 2021.
https://doi.org/10.1109/TCYB.2020.3024849

[7] N. Daneshjo, P. Malega, “Changing of the Maintenance System in
the Production Plant with the Application of Predictive Maintenance.
TEM Journal”, 434-441. 2020. https://doi.org/10.18421/TEM92-03

[8] T.P. Carvalho, F.A.A.M.N. Soares, R. Vita, R. da P. Francisco, J. P.
Basto, S.G.S. Alcala, “A systematic literature review of machine
learning methods applied to predictive maintenance”. Computers &
Industrial Engineering, 137, 106024. 2019.
https://doi.org/10.1016/j.cie.2019.106024

[9] V. Gunnerud, B. Foss, “Oil production optimization—A piecewise
linear model, solved with two decomposition strategies”. Computers




IJCSNS International Journal of Computer Science and Network Security, VOL.24 No.1, January 2024

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

(23]

& Chemical Engineering, 34, 1803-1812.
https://doi.org/10.1016/j.compchemeng.2009.10.019

K. Margellos, P.Goulart, P., & Lygeros, J. (2014). On the Road
Between Robust Optimization and the Scenario Approach for Chance
Constrained Optimization Problems. Automatic Control, IEEE
Transactions On, 59, 2258-2263.
https://doi.org/10.1109/TAC.2014.2303232

E. Lughofer, M. Sayed-Mouchaweh, “Predictive Maintenance in
Dynamic Systems: Advanced Methods, Decision Support Tools and
Real-World Applications”. Springer International Publishing. 2019.
https://doi.org/10.1007/978-3-030-05645-2

R.K. Mobley, “An introduction to predictive maintenance (2nd ed)*.
Butterworth-Heinemann. 2002.

I. Paprocka, D. Krenczyk, A. Burduk, “The Method of Production
Scheduling with Uncertainties Using the Ants Colony Optimisation”.
Applied Sciences, 11(1), 171. 2021.
https://doi.org/10.3390/app11010171

S. Zhai, M.G. Kandemir, G. Reinhart, “Predictive maintenance
integrated production scheduling by applying deep generative
prognostics models: Approach, formulation and solution”.
Production Engineering, 16(1), 65-88. 2022.
https://doi.org/10.1007/s11740-021-01064-0

B. Kitchenham, “Procedures for Performing Systematic Reviews”.
Keele, UK, Keele Univ., 33. 2004.

C. Sohrabi, T, Franchi, G. Mathew, A. Kerwan, M. Nicola, M. Griffin,
M. Agha, R. Agha, “PRISMA 2020 statement: What’s new and the
importance of reporting guidelines”. International Journal of Surgery,
88, 105918. 2021. https://doi.org/10.1016/j.ijsu.2021.105918

M.J. Page, J. E. McKenzie, P. M. Bossuyt, I. Boutron, T. C.
Hoffmann, C. D. Mulrow, L Shamseer, J. M. Tetzlaff, E. A. Akl, S.
E. Brennan, R. Chou, J. Glanville, J.M. Grimshaw, A. Hrobjartsson,
M. M. Lalu, T. Li, E. W. Loder, E. Mayo-Wilson, S. McDonald, D.
Mobher, “The PRISMA 2020 statement: An updated guideline for
reporting systematic reviews”. International Journal of Surgery, 88,
105906. 2021. https://doi.org/10.1016/].ijsu.2021.105906

P. Tugwell, D. Tovey, “PRISMA 2020. Journal of Clinical
Epidemiology”, 134, AS5-A6. 2021.
https://doi.org/10.1016/j.jclinepi.2021.04.008

B. Gundogan, N. Dowlut, S. Rajmohan, M. R. Borrelli, M. Millip, C.
losifidis, Y. Z. Udeaja, G. Mathew, A. Fowler, R. Agha, “Assessing
the compliance of systematic review articles published in leading
dermatology journals with the PRISMA statement guidelines: A
systematic review”. JAAD International, 1(2), 157-174. 2020.
https://doi.org/10.1016/j.jdin.2020.07.007

H. M. Hashemian, W. C. Bean, “State-of-the-Art Predictive
Maintenance Techniques”. IEEE Transactions on Instrumentation
and Measurement, 60(10), 3480-3492. 2011.
https://doi.org/10.1109/TIM.2009.2036347

T. Kiifner, F. Dopper, D. Miiller, A. G. Trenz, ‘“Predictive
Maintenance: Using Recurrent Neural Networks for Wear Prognosis
in Current Signatures of Production Plants”. International Journal of
Mechanical Engineering and Robotics Research, 583-591. 2021.
https://doi.org/10.18178/ijmerr.10.11.583-591

L. Paprocka, W. M. Kempa, “Model of Production System Evaluation
with the Influence of FDM Machine Reliability and Process-
Dependent Product Quality”. Materials, 14(19), 5806. 2021.
https://doi.org/10.3390/mal14195806

E. Arena, A. Corsini, R. Ferulano, D. A. Tuvara, E. S. Miele, L.
Ricciardi Celsi, N. A. Sulieman, M. Villari, “Anomaly Detection in
Photovoltaic Production Factories via Monte Carlo Pre-Processed

2010.

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

223

Principal Component Analysis”. Energies, 14(13), 3951. 2021.
https://doi.org/10.3390/en14133951

I.Aslanidou, M. Rahman, V. Zaccaria, K. G. Kyprianidis, “Micro Gas
Turbines in the Future Smart Energy System: Fleet Monitoring,
Diagnostics, and System Level Requirements”. Frontiers in
Mechanical Engineering, 7, S1. 2021.
https://doi.org/10.3389/fmech.2021.676853

A. Ladj, F. B.-S. Tayeb, C. Varnier, “Hybrid of metaheuristic
approaches and fuzzy logic for the integrated flowshop scheduling
with predictive maintenance problem under uncertainties”. European
Journal of Industrial Engineering. 2021.
https://www.inderscienceonline.com/doi/abs/10.1504/EJIE.2021.11
7325

Eppinger Thomas, Longwell Glenn, Mas Peter, Goodheart Kevin,
Badiali Umberto, & Aglave Ravindra, “Increase Food Production
Efficiency Using the Executable Digital Twin (xdt)”. Chemical
Engineering Transactions, 87, 37-42. 2021.
https://doi.org/10.3303/CET2187007

I. Paprocka, W. M. Kempa, G. Cwikla, “Predictive Maintenance
Scheduling with Failure Rate Described by Truncated Normal
Distribution”. Sensors, 20(23), 6787. 2020.
https://doi.org/10.3390/520236787

A. Essien, C. Giannetti, “A Deep Learning Model for Smart
Manufacturing Using Convolutional LSTM Neural Network
Autoencoders”. IEEE Transactions on Industrial Informatics, 16(9),
6069-6078. 2020. https://doi.org/10.1109/T11.2020.2967556

C. Morariu, O. Morariu, S. Raileanu, T. Borangiu, “Machine learning
for predictive scheduling and resource allocation in large scale
manufacturing systems”. Computers in Industry, 120, 103244. 2020.
https://doi.org/10.1016/j.compind.2020.103244

N. Daneshjo, P. Malega, “Changing of the Maintenance System in
the Production Plant with the Application of Predictive
Maintenance”. TEM Journal, 434-441. 2020.

https://doi.org/10.18421/TEM92-03

M. Ghaleb, S. Taghipour, M. Sharifi, H. Zolfagharinia, “Integrated
production and maintenance scheduling for a single degrading
machine with deterioration-based failures”. Computers & Industrial
Engineering, 143, 106432. 2020.
https://doi.org/10.1016/j.cie.2020.106432

F. C. M. Thom, J. R. B. Zoghbi, M. S. da R. Freitas, G. R. Sisquini,
“Dynamic risk calculation model applied to gas compressor”. REM
- International Engineering Journal, 73, 33-41. 2019.
https://doi.org/10.1590/0370-44672018730192

G. Herranz, A. Antolinez, J. Escartin, A. Arregi, J. Gerrikagoitia,
“Machine Tools Anomaly Detection Through Nearly Real-Time
Data Analysis”. Journal of Manufacturing and Materials Processing,
3(4), 97. 2019. https://doi.org/10.3390/jmmp3040097

S. Antomarioni, O. Pisacane, D. Potena, M. Bevilacqua, F. E.
Ciarapica, C. Diamantini, “A predictive association rule-based
maintenance policy to minimize the probability of breakages:
Application to an oil refinery”. The International Journal of
Advanced Manufacturing Technology, 105(9), 3661-3675. 2019.
https://doi.org/10.1007/s00170-019-03822-y

Q. Liu, M. Dong, F. F. Chen, W. Lv, C. Ye, “Single-machine-based
joint optimization of predictive maintenance planning and production
scheduling”. Robotics and Computer-Integrated Manufacturing, 55,
173-182. 2019. https://doi.org/10.1016/j.rcim.2018.09.007

D. F. Hesser, B. Markert, “Tool wear monitoring of a retrofitted CNC
milling machine using artificial neural networks”. Manufacturing
Letters, 19, 1-4. 2019. https://doi.org/10.1016/j.mfglet.2018.11.001



224

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

IJCSNS International Journal of Computer Science and Network Security, VOL.24 No.1, January 2024

S. S. Baliarsingh, “Wear particle analysis of an antifriction bearing”.
International Journal of Mechanical Engineering and Technology,
9(3), 684-699. 2018.

Q. Qi, F. Tao, “Digital Twin and Big Data Towards Smart
Manufacturing and Industry 4.0: 360 Degree Comparison”. IEEE
Access, 6, 3585-3593. 2018.
https://doi.org/10.1109/ACCESS.2018.2793265

H. Redseth, P. Schjelberg, A. Marhaug, “Deep digital maintenance”.
Advances in  Manufacturing,  5(4), 299-310.  2017.
https://doi.org/10.1007/s40436-017-0202-9

H. Peng, G.-J. van Houtum, “Joint optimization of condition-based
maintenance and production lot-sizing”. European Journal of
Operational Research, 253(1), 94-107. 2016.
https://doi.org/10.1016/j.ejor.2016.02.027

L. Waltersmann, S. Kiemel, J. Stuhlsatz, A. Sauer, R. Miche,
“Artificial Intelligence Applications for Increasing Resource
Efficiency in Manufacturing Companies—A Comprehensive
Review”. Sustainability, 13(12), 6689. 2021.
https://doi.org/10.3390/sul3126689

S. Dutta, N. S. K. Reddy, “Adaptive and noncyclic preventive
maintenance to augment production activities”. Journal of Quality in
Maintenance Engineering, 27(1), 92-106. 2020.
https://doi.org/10.1108/JQME-03-2018-0017

S. Martins, M. L. R. Varela, J. Machado, “Development of a System
for Supporting Industrial Management”. In V. Ivanov, J.
Trojanowska, J. Machado, O. Liaposhchenko, J. Zajac, I. Pavlenko,
M. Edl, & D. Perakovic (Eds.), Advances in Design, Simulation and
Manufacturing II (pp. 209-215). Springer International Publishing.
2020. https://doi.org/10.1007/978-3-030-22365-6_21

H. Yihai, G. Changchao, H. Xiao, C. Jiaming, C. Zhaoxiang,
“Mission reliability modeling for multi-station manufacturing system
based on  Quality  State  Task  Network”. 2017.
https://journals.sagepub.com/doi/10.1177/1748006X17728599

N. Do, “Integration of design and manufacturing data to support
personal manufacturing based on 3D printing services”. The
International Journal of Advanced Manufacturing Technology, 90(9),
3761-3773. 2017. https://doi.org/10.1007/s00170-016-9688-8

A. Legarretactxebarria, M. Quartulli, I. Olaizola, M. Serrano,
“Optimal scheduling of manufacturing processes across multiple
production lines by polynomial optimization and bagged bounded
binary knapsack”. International Journal on Interactive Design and
Manufacturing (IJTDeM), 11(1), 83-91. 2017.
https://doi.org/10.1007/s12008-016-0323-6

P. Ershun, L. Wenzhu, X. Lifeng, “A joint model of production
scheduling and predictive maintenance for minimizing job tardiness”.
SpringerLink. Retrieved October 31, 2021, from
https://link.springer.com/article/10.1007%2Fs00170-011-3652-4
J.-Y. Shiau, “Effectivity date analysis and scheduling”. International
Journal of Production Research, 49(10), 2771-2791. 2011.
https://doi.org/10.1080/00207541003713017

T. Schlegel, S. Thiel, M. Foursa, F. Meo, J. Larranaga, J. A. Ibarbia,
G. Haidegger, 1. Mezgar, 1. Paniti, A. H. Praturlon, J. Canou, “Smart
connected and interactive production control in a distributed
environment”. International Journal of Computer Aided Engineering
and Technology, 3(3/4), 322. 2011.
https://doi.org/10.1504/1IJCAET.2011.040051

H. Dehghan Shoorkand, M. Nourelfath, and A. Hajji, “A deep
learning approach for integrated production planning and predictive
maintenance,” International Journal of Production Research, vol. 61,

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

no. 23, pp. 7972-7991, Dec.
10.1080/00207543.2022.2162618

M. Arena, V. Di Pasquale, R. Iannone, S. Miranda, and S. Riemma,
“A maintenance driven scheduling cockpit for integrated production
and maintenance operation schedule,” Adv. Manuf., vol. 10, no. 2,
pp. 205-219, Jun. 2022, doi: 10.1007/s40436-021-00380-z.

T. Zonta, C. A. da Costa, F. A. Zeiser, G. de Oliveira Ramos, R.
Kunst, and R. da Rosa Righi, “A predictive maintenance model for
optimizing production schedule using deep neural networks,” Journal
of Manufacturing Systems, vol. 62, pp. 450-462, Jan. 2022, doi:
10.1016/j.jmsy.2021.12.013.

A. Salmasnia and S. Dehghani, “A production-inventory model
under quality-maintenance policy with rework process in the
presence of random failures and multiple assignable causes,”
International Journal of Modelling and Simulation, vol. 43, no. 6, pp.
832-848, Nov. 2023, doi: 10.1080/02286203.2022.2127053.

G. Bencheikh, A. Letouzey, and X. Desforges, “An approach for joint

2023, doi:

scheduling of production and predictive maintenance activities,”
Journal of Manufacturing Systems, vol. 64, pp. 546560, Jul. 2022,
doi: 10.1016/j.jmsy.2022.08.005.

V.K,S.S, V.P, S. R, and G. Di Bona, “Availability Analysis of the
Critical Production System in SMEs Using the Markov Decision
Model,” Mathematical Problems in Engineering, vol. 2022, p.
€6026984, Sep. 2022, doi: 10.1155/2022/6026984.

T. Xia et al., “Collaborative production and predictive maintenance
scheduling for flexible flow shop with stochastic interruptions and
monitoring data,” Journal of Manufacturing Systems, vol. 65, pp.
640-652, Oct. 2022, doi: 10.1016/j.jmsy.2022.10.016.

J. Wodecki, P. Krot, A. Wroblewski, K. Chudy, and R. Zimroz,
“Condition Monitoring of Horizontal Sieving Screens—A Case
Study of Inertial Vibrator Bearing Failure in Calcium Carbonate
Production Plant,” Materials, vol. 16, no. 4, Art. no. 4, Jan. 2023, doi:
10.3390/mal16041533.

X. Li, D. Chang, and Y. Sun, “Data-driven predictive maintenance
method for digital welding machines,” Matéria (Rio J.), vol. 28, p.
€20230096, May 2023, doi: 10.1590/1517-7076-RMAT-2023-0096.
K. S. H. Ong, W. Wang, D. Niyato, and T. Friedrichs, “Deep-
Reinforcement-Learning-Based Predictive Maintenance Model for
Effective Resource Management in Industrial IoT,” IEEE Internet of
Things Journal, vol. 9, no. 7, pp. 5173-5188, Apr. 2022, doi:
10.1109/J10T.2021.3109955.

H. Zermane and A. Drardja, “Development of an efficient cement
production monitoring system based on the improved random forest
algorithm,” Int ] Adv Manuf Technol, vol. 120, no. 3, pp. 1853-1866,
May 2022, doi: 10.1007/s00170-022-08884-z.

L. Romano, M. Godio, P. Johannesson, F. Bruzelius, T. Ghandriz,
and B. Jacobson, “Development of the Vistra Gétaland Operating
Cycle for Long-Haul Heavy-Duty Vehicles,” IEEE Access, vol. 11,
pp. 73268-73302, 2023, doi: 10.1109/ACCESS.2023.3295989.

H. Gao, Y. Li, Y. Zhao, and Y. Song, “Dual Channel Feature
Attention-Based Approach for RUL Prediction Considering the
Spatiotemporal Difference of Multisensor Data,” IEEE Sensors
Journal, vol. 23, no. 8, pp. 8514-8525, Apr. 2023, doi:
10.1109/JSEN.2023.3246595.

A. Bagozi, D. Bianchini, and A. Rula, “Multi-perspective Data
Modelling in Cyber Physical Production Networks: Data, Services
and Actors,” Data Sci. Eng., vol. 7, no. 3, pp. 193-212, Sep. 2022,
doi: 10.1007/s41019-022-00194-4.

Y. Shin et al., “Multiple linear regression and GRU model for the
online prediction of catalyst activity and lifetime in counter-current



IJCSNS International Journal of Computer Science and Network Security, VOL.24 No.1, January 2024 225

[65]

[66]

[67]

continuous catalytic reforming,” Korean J. Chem. Eng., vol. 40, no.
6, pp. 1284-1296, Jun. 2023, doi: 10.1007/s11814-023-1378-2.
L.-C. Kung and Z.-Y. Liao, “Optimization for a Joint Predictive
Maintenance and Job Scheduling Problem With Endogenous Yield
Rates,” IEEE Transactions on Automation Science and Engineering,
vol. 19, mno. 3, pp. 1555-1566, Jul. 2022, doi:
10.1109/TASE.2022.3173822.

S. Zhai, M. G. Kandemir, and G. Reinhart, “Predictive maintenance
integrated production scheduling by applying deep generative
prognostics models: approach, formulation and solution,” Prod. Eng.
Res. Devel, vol. 16, no. 1, pp. 65-88, Feb. 2022, doi:
10.1007/s11740-021-01064-0.

M. M. Hamasha et al., “Strategical selection of maintenance type
under different conditions,” Sci Rep, vol. 13, no. 1, Art. no. 1, Sep.
2023, doi: 10.1038/s41598-023-42751-5.

Salma MAATAOUI is a research
scholar in Computer Science and
Information Science at Moulay Ismail
University of Meknes. She specializes in
production scheduling, maintenance,
quality, data science, and machine
learning. As a Six Sigma Black Belt, she
excels in process improvement and Core
Tools, holding certifications as an
internal auditor for IATF 16949:2016,
ISO 9001:2015, ISO 14001:2015, and
ISO  45001:2018. Salma's diverse

expertise highlights her dedication to academic excellence,
process optimization, and upholding global quality standards.

and

Dr. Ghita BENCHEIKH is teacher-
researcher faculty member at the Lineact
Laboratory within the Cesi School of
Engineering in Pau. Her research
focuses on optimization challenges
within  industrial ~ systems  and
distribution in the urban logistics sector.
Her research work has been centered
around developing mathematical models
innovative computer techniques to optimize resource

management, enhance operational efficiency, and reduce the
environmental footprint of industrial activities in these intricate
settings.

Ghizlane BENCHEIKH is a Professor
of computer science at the Faculty of
law, economics and socials of the
university of Moulay Ismail of Meknes.
Her  research  interests  include
Scheduling  Problems, Transport,
Combinatorial optimization and
metaheuristics. She is a member of the
laboratory  of  informatics  and
applications, and she is supervising a

number of PhD students working on multi agent systems,
production scheduling and maintenance.



