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Abstract

Since increasing attention has been given to predictive maintenance (PdM) of industrial
equipment, in order to enhance operational efficiency, improve reliability, and reduce down-
time, this powerful strategy offers significant benefits, holds clearly great promises, and is
now regarded as a key for future perspective in Industry 4.0. There are various approaches
to PdM, each offering its own set of advantages and disadvantages which are single and
hybrid approaches to carrying out diagnostics and prognostics in PAM. In this paper we
will compare these approaches according to different aspects such as complexity of data
and interpretability of results. Moreover, we also discuss the barriers to successful adoption,
such as data quality, system complexity, and the need for workforce training. Finally, this
paper concludes by identifying future research directions in response to scientific problems,
which will drive the next wave of innovation in predictive maintenance solutions.

Keywords: predictive maintenance; diagnostic; prognostic; single approaches; hybrid
approaches; deep learning; machine learning

1. Introduction

Industry 4.0 is revolutionized by the digitalization of industrial processes through
new technologies such as Artificial Intelligence (Al), the Internet of Things (IoT), cloud
computing and big data into industrial processes. These technologies have significantly
transformed manufacturing and especially industrial maintenance practices. Predictive
maintenance (PdM) is not a new field; indeed, some of its practices can be traced back to the
1940s, according ref. [1]. The past 30 years have seen a steady rise in PdM research interest;
however, maintenance organizations across industries are at different stages of maturity.
According to Zhu [2], some use reactive maintenance (RM), which fixes problems after they
occur at the cost of unscheduled downtime, while others use preventive maintenance (PM),
scheduled checks at regular intervals based on estimates and statistics recommendations,
which could lead to unnecessary maintenance or missed opportunities for intervention, so
organizations run the risk of performing too much maintenance or not enough. Advanced
ones are already employing predictive maintenance (PdM), which tracks equipment health
to anticipate failures before the asset breaks down, thereby minimizing unplanned down-
time, avoiding costly repairs, and optimizing the performance of valuable assets. Thus,
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PdM can be defined as a strategy that aims to determine when maintenance operations
should be performed [3].

To estimate precisely when maintenance should occur, PdM focuses on the current
health state of the equipment using different models to carry out diagnostics and prognos-
tics. Though not entirely exclusive, these two scopes are complementary: it is necessary to
carry out the diagnosis first to make a prognosis.

The first task of Pdm is data-acquisition, where real-time data from various sources are
collected and pre-processed; then, diagnostic analyses are performed on the acquired data
to identify the failure mode; and finally, prognostic forecasts are performed to determine
the health state of equipment by predicting when a component is likely to fail, thereby
estimating its remaining useful life (RUL) and determining its future condition by analyzing
degradation patterns of the monitored system.

This paper aims to perform a review of the different approaches used for diagnostics
and prognostics in PAM which are single approaches and hybrid approaches. In Section 1,
we present briefly the research methodology employed in this review. Section 2 discusses
the different models used according to this classification and, provides a look at their
applications over the last 5 years. Section 3 addresses the comparison between models and
highlights challenges and limitations of PdAM.

In this context, we analyze articles from renowned bibliographic databases such as
Scopus, Web of Science and others. We have only selected studies between 2019 and 2024
on predictive maintenance and algorithms most commonly used in the approaches studied
in this review in order to build our work on the most current data, relying on the latest
developments and findings in this field.

To structure our approach and select the most relevant articles, we did not limit
our search to a specific field of application, given that all industries are concerned by
maintenance. However, we relied on the diversity of the algorithms used in the different
studies in question to conclude with a complete comparison of the use of each of them.
Hence, we establish the following research questions to evaluate the contributions of
previous studies and capitalize on their results: What are the existing studies, approaches,
and models applied in the context of predictive maintenance? What are the unresolved
challenges and limitations in these studies? How do they choose the right algorithm for the
right application? What are the advantages and disadvantages of using each of them?

These questions guided our literature review, whose purpose is to analyze and com-
pare the different approaches used in PAM and highlight the advantages and limitations of
these models.

2. Single and Hybrid Approaches

Numerous research studies have investigated various model architectures to perform
diagnostics, and prognostics. Two main approaches, illustrated in Figure 1, can be extracted
from the systematic review carried out by the following [3]:

e  Single-model approach: This approach can be classified into three distinct categories:
physics-based (utilizes the physical model of the system for prediction), knowledge-
based (uses historical data for prediction of imminent faults), and data-driven (uses
collected data from the installed sensors in the machinery).

e  Multi-model approach: Called the hybrid approach, it leverages two or three of the
previously mentioned models (different configurations are possible).
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Figure 1. Classification of the different approaches of PAM.
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In this section, we report an overview of these categories. The structure of this section
is summarized in Figure 1.

2.1. Physics-Based Models

Physics-based models employ mathematical and physical principles to assess system
degradation, calculate its RUL, and describe quantitatively the behavior of failure mode [4]
through physics modeled computational simulations [3,5,6]. Ref [7] develops an empirical
degradation model for predicting lithium-ion battery RUL to enhance the reliability and
safety of battery-operated systems. In [8], Tiwari introduces an application of three Gaus-
sian Process Regression (GPR) models for monitoring bearing degradation features and
evaluating their RUL.

Physical models do not require a large dataset and offer a precise description of degra-
dation behavior and an optimal RUL prediction accuracy. However, they are challenging
to implement in real-world scenarios and infeasible in practical applications, particularly
when degradation patterns are unclear and unobservable.

2.2. Knowledge-Based Models

A knowledge-based model relies on knowledge and experience, typically rules, cases,
or facts gathered over years of industrial system maintenance tasks. These empirical data
can be incorporated into a computational model to facilitate decision-making by evaluating
the correspondence between new operational data and the database from previous recorded
situations [9,10], which enables fault detection, degradation description, and system failure
prediction. In other words, this type of model predicts future failures based on past events
by comparing the current situation and the previously recorded failures database.

The knowledge-based models can be categorized into rule-based, case-based and
fuzzy knowledge-based models.
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2.2.1. Rule-Based Systems

This model uses a combination of knowledge-based housing rules and the training
data to create a series of iterative “IF-THEN" rules. It mainly consists of the following two
kinds of rules: (1) “IF”: features in this part of the rules are used as inputs here, called
active rules; they are based on expertise and provide reactive behavior. (2) “THEN": this
part of the rules populates the results as outputs called deductive rules. They are compared
with existing rules or stored data and generate new information to solve the problem.
In a practical case study [11], Antomarioni carried out an experimental application in
an oil refinery, using maintenance-based models to reduce equipment failure risk. They
associated a data mining tool for failure prediction and an integer programming model
designed to enhance system reliability under time and cost constraints.

2.2.2. Case-Based Systems—Knowledge Graphs and Ontologies

There are two main topics in this model, which are synonymous knowledge graph
and ontology. The system here learns from previous equipment behavior and compares the
current situation with the past cases stored in a database to find similarities and identify
potential future failures.

Many publications about ontology-based knowledge are [12-15]. Liang proposed
an ontology-based solution for many automotive systems to enable them to connect and
exchange information without any restriction in order to enhance decision-making and
knowledge management [12]. Polenghi [13], for his part, adopts the ORMA (Ontology
for Reliability-centered MAintenance) approach. Canito explores existing ontologies and
semantic integration of data for both the description of sensors and the predictive mainte-
nance and proposes an extension that bridges the gap with machine learning algorithms
to train data mining models [14]. This study [15] highlights the use of case-based systems
to facilitate knowledge management in aerospace production. Cho [16], uses semantic
technology to manage and integrate data in Industry 4.0 applications (PdM) in combination
with Digital Twin.

2.2.3. Fuzzy Knowledge-Based Systems

Fuzzy logic is a mathematical system, that uses a similar conditional structure of
IF-THEN like rule-based models and that allows flexible decision-making, like a human
perception, rather than relying on binary logic in which a statement can only be true or
false. In this context, fuzzy systems are developed to provide an intermediate value to
quantify the degree of truth or falsity of a statement.

Fuzzy knowledge-based systems are used in predictive maintenance because they
can assure a better description of vague data, imprecise knowledge, and fuzzy situations.
Baban [17] implemented a fuzzy-logic approach combined with vibration monitoring for
failure detection in textile machines. Alexandrino [18] utilizes a fuzzy decision-making
approach to determine the optimal solution among multiple genetic algorithms. Research
studies [19,20] build a model for predictive maintenance by implementing fuzzy logic
systems to assess rotating machinery efficiency.

2.3. Data-Driven Models

With the large amount of data volume and the complexity in data acquisition, many
advances have been made on data-driven models and approaches for PdM in the last
decade [21]. These models learn the behavior directly from machine operation data by
evaluating its condition in real time using advanced monitoring approaches. The machine
condition monitoring and maintenance decision-making process are the foundations of
the data-driven maintenance technique [17]. Information collected from data is used to
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identify the failure, perform a health perception of the system [21], and predict its RUL.
Despite all this performance, data-driven models depend on the dataset volume and its
training quality. To address this challenge and improve PdM predictions, Hallaji [22] has
used a new data augmentation solution, converting pump bearing fault signals to images,
then applying multiple image augmentation methods to generate a robust training model
with high accuracy.

Data-driven models can be classified into the following three categories: statistical
models, ML, and DL models. In the first subcategory, several models are developed to
monitor the degradation trajectory in a probabilistic way. Traditional machine learning
methods, such as support vector machines (SVMs), random forests (RFs), and artificial
neural networks (ANNSs), are often used to extract features for predicting machine remain-
ing useful life (RUL). As data complexity and volume increase, deep learning techniques,
with their ability to automatically learn features, have shown exceptional performance in
reliability estimation based on degradation data.

2.3.1. Statistical-Based Models

This approach analyzes random variable behavior compared with historical behaviors
represented by data series in order to establish a correlation with operational time or other
non-random lifecycle parameters. Such models enable simultaneous equipment condition
monitoring and RUL forecasting.

Several efforts have been performed to review this topic in the last 5 years; the common
models that can be deduced from these works are as follows: regression analysis [9]; autore-
gressive [23,24]; Bayesian [25]; stochastic filtering [26] (three processes are identified here;
the Gaussian processes [27,28], the Markov chains [29,30], and the Levy model [3]), particle
filters and their variants [31]; hidden Markov models [32]; and time series analysis [33].

2.3.2. Machine Learning Based Models

ML is a training model based on historical and real-time input data from different
sources and its output behavior, to identify potential failures and train predictive models by
shifting the model to create outputs that are closely aligned with the desired result. These
models can deal with the complex relationships within data that are difficult to obtain
using previous models [2].

ML methods can be categorized into three areas:

e  Supervised learning: Supervised ML algorithms rely usually on historical data with
known outcomes to make predictions by grouping a set of rules. The labeled data
would help forecast equipment failures [34]. In the context of PAM, common su-
pervised ML methods include classification (predict discrete outcomes to classify
equipment status) or regression (predict continuous outcomes, suitable for RUL pre-
diction with high accuracy). Here, some ML algorithms developed in PdM are as
follows: decision tree (DT) [35,36], random forests [37,38], support vector machine
(SVM) [39].

e  Unsupervised learning: Unsupervised learning models rely on unlabeled data, distin-
guishing categories and detecting deviations from normal behavior. To group similar
data points and identify outliers, clustering models, such as k-means are used [40].

e  Semi-supervised learning: This approach consists of training the model using labeled
data and then identifying patterns in the rest of the unlabeled data in order to improve
prediction. This combination is particularly used when there is a large amount of
unlabeled data and a limited amount of labeled data [41]. Zhang [42] introduces the
variational autoencoder, a semi-supervised learning approach for bearing diagnosis to
effectively leverage datasets with limited labeled data.
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2.3.3. Deep Learning-Based Models

Machine learning algorithms present some limitations when they deal with a large
amount of unstructured data and complex relationships between variables. To handle
this data complexity, deep learning algorithms are used in predictive maintenance tasks
to estimate RUL, detect anomalies, and enhance maintenance decisions. Wang in ref. [43]
addresses the need for integrated PdM planning models by combining data-driven RUL
prognostics and maintenance scheduling. The most common DL techniques related to
the field of PAM are ad follows: (1) convolutional neural networks (CNNs) used in [44]
for the extraction of high-level spatial inputs from sensor signal data; (2) recurrent neural
networks (RNNs) are more suitable with sequential data; for example long short-term
memory (LSTM) neural networks are predominantly used for the acquisition of temporal
information from sensor because they can identify long-term dependencies in time-series
data [45,46]; and (3) autoregressive integrated moving average (ARIMA) is employed
for error detection and PdM to model equipment performance and predict future health
statement from historical data by analyzing past observations and errors performance
trends [23].

2.4. Hybrid Approaches

Hybrid models combine two or three types of single algorithms often a mix between
physics-based, knowledge-based, and data-driven models to improve predictive accuracy
and performance in complex production systems where relying on single approaches might
not be effective and precise [47].

According to Jeminez [3], different types of multi-model approaches can be combined
and are described in detail in his review; Figure 2, summarizes this classification.

Knowledge

Physics
based

Driven

Figure 2. Combinations for multimodal PdM appoaches.

e  Multiple physical models: The physical laws incorporated into mathematical models
can enhance the precision of predictive maintenance tasks.

e  Multipl knowledge-based models: These models are not often used in recent PdM
research studies.

e  Multiple data-driven models: They are as precise as single models, but they continue
to face problems because of the difficulty of interpreting the results.

e Combination of data-driven models and knowledge-based models: Combine the
strengths of both knowledge and data-driven models to improve the accuracy of
decision-making systems. Human expert rules and established theories will help
data-driven models to extract patterns and insights using exploration techniques.
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e Combination of knowledge-based models and physics-based models: Works using
this model are limited due to the complexity of mixing expert’s knowledge and
mathematical laws despite the well-explicative results they can provide.

e Combination of data-driven models and physical- based models: This model is the
most frequently used in research due to the high performance of data-driven models
and their complementarity with the accuracy of physical model models.

e  Combination of three single model approaches: This model leverages not only the ad-
vantages of each model but also the complexity of combining their outputs and results.

Recent research trends show a growing preference for the use of hybrid approaches
especially, physical-based combined data-driven approaches, leveraging the strengths of
both the modeling efficiency and complementarity.

3. Discussion—Challenges and Limitations

Each approach has its advantages and limitations, and the choice between single and
hybrid models depends on the nature of the equipment, its specific requirements, the com-
plexity of the system, and the availability of expertise and resources. This literature review
provides a brief overview of the different approaches used in thepredictive maintenance
field. In this section, we present the comparative summary of this work and deduce the
following postulates:

Single approaches are easier to implement and more suitable for simpler systems
where resources are limited and results are easy to understand, but they may suffer from
underfitting, limited flexibility, or difficulty in handling complex data.

Knowledge-based approaches are easy to implement but less precise and flexible due
to their dependence on the availability of expert experience.

Physics-based approaches are useful when mathematics and physical behavior are
well understood, providing high precision but requiring significant expertise and data.

Data-driven approaches are highly flexible and can handle a large volume of complex
data, but they depend on data quality and result interpretability.

Hybrid approaches are flexible, more powerful, and more effective in complex systems
and changing environments. They combine the strengths of each model and provide a more
adaptable solution and better performance of prediction precision and robustness. However,
they require more resources, present more complexity, have difficulties in interpretation,
have longer deployment times, and even have higher costs.

There is a wide choice of existing models, but none of the publications cited in this
paper clearly discusses the criteria for choosing one model over another for a specific situa-
tion regarding some of its technical aspects, such as performance indicators or, operational
context of external influence or constraints; they only focus on its basic functional aspects.
In real-life complex systems face many failures at the same time and have to leverage
heterogeneous data from different sources, which can make their fusion and modeling very
difficult. Thus, there are still pertinent issues that need to be investigated and limitations
that need to be overcome before adopting a successful PdM strategy.

4. Conclusions

This work provides a review and comparative analysis of single and hybrid approaches
for PdM in Industry 4.0. Advantages and limitations of these approaches have been
identified, but there are still improvements to be made to develop a tailored PdM strategy.
Among the research directions that can be explored in the future are, firstly, developing
extrapolation of existing solutions to complex system applications, handling the complexity
of combining data from various sources, and managing the difficulty of incorporating
external influence data. Secondly, exploring other technologies such as AR (Augmented
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Reality), VR (Virtual Reality), or Digital Twins, and investigating the integration with IoT
and Edge Computing for a computational network closer to the data source. This can be a
promising avenue for future research which will improve the accuracy and efficiency of
PdM models and lead to reduced downtime, improved asset longevity, and minimized
operational costs.
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