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Abstract: Predictive maintenance (PM) is the maintenance policy where the inefficient use of resources is reduced, 
due to unnecessary preventive or corrective actions, and the operations costs are optimized thanks to advanced 
monitoring and diagnosis of components. The growing spread of real-time control systems in manufacturing 
companies increases the amount of available data about the state of monitored components. This paper investigates 
the use of machine learning (ML) techniques in monitoring the global health-state of machineries and facilities in 
general. For ensuring the success of the ML predictive model it is important to select and extract the coherent set of 
features that describes asset operations. The literature analysis shows that a statistical approach for this feature selection 
is preferred. However, the practice suggests that it is necessary to know the asset engineering model and its failure 
mode for establishing the architecture of data collection. Furthermore, the development of maintenance strategy is 
constrained by quality and maturity of dataset. The aim of this paper is to introduce a framework that will guide 
maintenance engineers to choose and validate the correct set of features starting from the engineering model. An 
illustrative case study will show the application of this framework and its benefits. Since this research is at the 
preliminary stage, finally the future steps are proposed. 
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1.Introduction 

Maintenance, in the past, was considered a “necessary evil” 
for companies (Garg and Deshmukh, 2006; Barraza-
Barraza, Limón-Robles and Beruvides, 2014) and, still 
nowadays, it’s not easy to quantify the benefits due of it, 
often associated to great costs. Choosing the right 
maintenance policy plays a crucial role for achieving 
operating efficiency, costs reduction and environmental 
and health risks decrease. 

The most known maintenance approaches are preventive 
and corrective maintenance. In the first case, maintenance 
activities are scheduled in according to the manual or the 
estimation of mean time between failure (Cocconcelli et al., 
2018). In the second one, the intervention is the 
consequence of the breakdown. Both strategies entail an 
inefficient use of resources and a loser of productive 
capacity as they are consequently related to redundant 
and/or expensive activities. For this reason, predictive 
maintenance (PM), or condition-based maintenance 
(CBM), can be the most desirable strategy. It is based on 
condition monitoring of the systems and allows to maintain 
availability and reliability of the components as long as they 
are able to work in standard condition and to intervene if it 
is necessary, i.e. when the breakdown is approaching, with 
a saving in costs related to spare parts consumption, 
production time optimization and maintenance activities 
scheduling. 

The necessary steps for implementing a CBM strategy 
include, in order, the maintenance problem formulation 
and the machine or facility selection, the definition of 
operational model and the knowledge of the failure mode 
for establishing the goal of predictive model (Jardine, Lin 
and Banjevic, 2006; Accorsi et al., 2017). Consequently, 
there is the data manipulation phase (selection, analysis, 
processing, modelling and evaluation) for testing the 
feasibility of the model. The last stage is the 
implementation of decision support maintenance system 
that derives from it (Bousdekis et al., 2018). The first step is 
a fundamental and crucial phase for the final success of the 
model. In fact, it aims to carry out the main causes of 
maintenance issues, to restrict the field to analyse and to 
provide a useful decision support model (Zennaro et al., 
2018).   

The progress in information technology (IT) has 
encouraged the spread of real-time control systems in 
manufacturing companies, increasing the amount of 
available data about the state of monitored machines and 
components. Furthermore, technological development 
introduced tools able to collect and analyse big data, and to 
supply decision support capabilities for large data sets of 
time series data (Prajapati, Bechtel and Ganesan, 2012). In 
particular, industrial strategies, such as Industry 4.0, 
encouraged investments in smart machines and tools that 
work on online networks, making possible to share multiple 
kind of information in real time: operational,
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Figure 1: PM program - adapted from Jardine, Lin and Banjevic (2006)

 environmental and process data; Pozzi and Strozzi (2018) 
in their work presents the recent revolution of 
manufacturing systems due to digitalization of processes 
and machines. Nowadays in many companies, traditional 
and smart systems co-habitat in the same reality and the 
issue is to establish if it is useful and convenient to install 
sensors on the first ones, considering the trade-off between 
costs and benefits. In fact, there are several factors that 
interfere with a large diffusion of PM, first among all, the 
need of high investments in IT architecture and in 
intelligent systems that should support operators in 
maintenance decisions (Barraza-Barraza, Limón-Robles 
and Beruvides, 2014). 

These conditions are directly linked to the evolution of 
machine learning (ML) techniques, that could favour the 
development of CBM. In fact, recently the interest of 
research and industrial community around ML has deeply 
increased; it refers to a set of algorithms for analysing and 
process data for clusterization, classification or prediction 
purpose (Sala et al., 2018)). Sala et al. (2018) proposed a 
framework to select the most suitable ML algorithm based 
on input data, first and second layers and response type. 

To apply ML for CBM it is necessary a-priori assessment 
of benefits about the development of this specific 
maintenance policy. Furthermore, for ensuring the success 
of the ML predictive model it is important to select and 
extract the coherent set of features that describes asset 
operations. In fact, ML model must be able to generalize 
the behaviour of the system, i.e. must be able to describe 
all the operating conditions. This means that a huge volume 
of data is needed and they must be sufficiently 
representative of the various states of the system 
(Santolamazza, Cesarotti and Introna, 2018), i.e. data must 
be consistent with the engineering model of the system: to 
respect the cause-effect relationships suggested by physic 
and by process. Hence, the practice suggests that it is 
appropriate to combine a statistical approach with a deep 
knowledge of the system for asses the quality of data 
available and to carry out an effective data extraction 
(Accorsi et al., 2017). 

Thus, the main research question of this study is how to 
link the asset engineering model and the different ML 
technique. A new methodological framework has been 
developed to support maintenance engineers to carry out a 
PM project based on ML techniques. Moreover, since the 
framework is a preliminary result of a more extensive 

research based on literature analysis and knowledge from 
experience made by the authors in several industrial 
projects, the future steps will be discussed as well as the 
future research questions. 

The paper is organized as follows: section 2 summarizes the 
review of CBM and ML for PM, focusing on the 
contributions in literature about the approach to main 
features selection and maintenance issue definition. Section 
3 proposes a methodological framework for establishing 
the data collection architecture, according to the goal of 
maintenance strategy; finally, last section presents results 
and proposed a future research agenda. 

2. Background 

The contributions in literature has been classified into two 
main groups:  Predictive Maintenance and Machine 
Learning. It is well known that their application allows to 
achieve economical saving and safety benefits. Since the 
both themes are deeply studied in literature, a summarized 
report is presented.  

2.1 Predictive maintenance 

PM concept was introduced in 1940s by the Rio Grande 
Railway Company (Prajapati, Bechtel and Ganesan, 2012). 
In the last decades, PM and CBM appear in literature such 
as synonyms (Hoppenstedt et al., 2018). Its goal is intercept 
in advance the symptoms of anomaly behaviours of a 
physical system for developing a just-in-time maintenance 
policy, in which availability, quality and safety of the 
facilities are preserved, failure risks decrease, and costs of 
unnecessary time-based maintenance activities are reduced. 

PM success depends on the quality and robustness of the 
condition monitoring system (CM). It is characterized by a 
different level of granularity, e.g., at low level, a single 
subcomponent can be monitored, or, at uppermost level, it 
can be controlled the whole asset. Depending on the signal 
acquisition technique, the monitoring system is classified as 
intrusive (vibration analysis, oil debris) or non-intrusive 
(power signal) (Stetco et al., 2019)  

The CBM process develops according to 3 key phases 
(Martin, 1994; Jardine, Lin and Banjevic, 2006): 

- data acquisition. data can be provided from different source 
and can have different nature: monitoring data, 
maintenance event data, process data. They are equally 
important and necessary for the implementation of the 

Data Acquisition

• Source (CM, event data, process 
data, ambient data)

• Techniques (intrusive, non-
intrusive)

• System (partial or completely 
observable)

• Automation Degree (automatic, 
semi-automatic, manual)

Data Processing

• Dataset cleaning
• Dataset analysis
• Features Extraction

Maintenance Decision 
Support Model

• Scope (diagnostic, 
prognostic)

• Approach (data-driven, 
model-based,  
knowledge-based 
methodology, 
combination model)

• Techniques (statistical, 
artificial intelligence 
(AI), ES)
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CBM. Usually, the first one is structured, and their 
collection is completely automated, the second one is 
unstructured, and their collection can be partially entrusted 
to the operator, therefore they need accurate validation.  

In this study, data will be evaluate in terms of quality and 
maturity, two main classes that include more characteristics 
exposed in Pipino, Lee and Wang, (2002): 

- quality, instead of: objectivity, relevancy, value-added. 
Depends on consistence with the engineering model. High 
data quality means that they are able to describe all past 
behaviours of system. 

- maturity, instead of: appropriate amount of data, 
completeness, believability, Free-of-Error, timeliness. 
Depends on the data collection architecture. High data 
maturity means that the condition monitoring system is 
robustness. 

- data processing. In this phase the following activities are 
carried out: the cleaning of the dataset, the analysis and 
interpretation of the data to verify its consistency with the 
physical phenomenon and, finally, the procedure for 
extracting features and information for the CBM objective. 

- maintenance decision-making. It is divided into two main 
categories, according to which different techniques are 
implemented: diagnostics (fault detection), in which the fault 
is identified real-time (Stetco et al., 2019) and prognostic (fault 
prediction), whose goal is to estimate the Remaining Useful 
Life (RUL) of the monitored component. Furthermore, the 
goodness of the fault detection model is a prerequisite to 
the fault prediction model from which it derives (Peng, 
Dong and Zuo, 2010; Cocconcelli et al., 2018). 

In the literature several methods for the realization of the 
models are reported (Peng, Dong and Zuo, 2010): 

- model-based: the reporting of system anomalies follows 
from the analysis of the residuals between the previously 
constructed mathematical model and the real behaviour. 
Small amount data are requested (Habrich, Wagner and 
Hellingrath, 2018) and allows to develop model robust to 
change (Luo et al., 2003), nevertheless an important effort 
is needed for its construction and, for complex systems, can 
become a prohibitive activity. 

- data-driven: the analysis is conducted starting from the data 
and the relationships between them, these relationships are 
identified with statistical techniques or artificial intelligence 
(AI). The quality and maturity of the data condition the 
feasibility of this approach. 

- knowledge-based: it involves the construction of expert 
systems (ES) that function according to rules imposed by 
human intelligence, it is therefore an in-depth knowledge 
of the phenomenon. Explosion of the number of rules 
necessary for a meaningful description of the behaviour of 
the system can limit application of this method. 

- combination model: combines the various methods to 
overcome the limitations of each of previous methodology 
and increase the overall effectiveness. 

Fig.1 summarizes the previously description of PM 
process. 

In this context ML techniques can play important rule both 
in data processing phase and in building model phase, 
diagnostic or prognostic. Next subsection provides a brief 
overview about ML approach and how it is applied in PM. 

2.2 Machine learning 

The ML techniques are based on the recognition of 
behaviour patterns within a dataset without the necessity of 
a mathematical model or a priori knowledge.  

In the ML applications for the PM, two different 
approaches are distinguished (Habrich, Wagner and 
Hellingrath, 2018): supervised learning, when in the training-
set the occurrences related to the faults are already labelled; 
unsupervised learning, if it is not possible to do so because 
maintenance information is missing.  

The issues that can be solved with a supervised approach 
can be of regression if the variable to be predicted is 
continuous, while if it is categorical, they are classification 
problems. The first one are adapt to prognostic models 
where RUL must be provided, while the second one are 
applicable to fault detection, where it is necessary to 
discriminate whether the system is healthy or not-healthy 
(Susto et al., 2015). The unsupervised approach, hence, is 
characterized by clustering problems. 

In accordance with the CBM process exposed before, 
Stetco et al. (2019) have identified the specific procedure 
linked to the ML for CBM, and provides: data cleaning and 
processing, features selection and extraction, model 
selection and validation. 

To ensure the accuracy of the PM model it is important to 
select only the most representative features of the system, 
otherwise the signal creates noise reducing the quality of 
the data, so the performance decrease (Yang et al., 2011). 
Techniques for features selection are wrapper methods, 
embedded methods and filter methods, however, these activities 
must be carried out under the supervision of a system 
expert (Peng, Dong and Zuo, 2010). Yang et al. propose a 
hybrid features selection for unsupervised models, 
specifying that the general approach of reducing the 
dimensionality of the dataset with techniques such as 
Principal Component Analysis (PCA) and Singular Value 
Decomposition (SVD), in addition to requiring an 
important computational effort, does not ensure the 
achievement of the goal. 

From the literature, it emerges that CBM is an opportunity 
to improve maintenance efficiency for companies but is 
closely linked to the maturity and quality of available data. 
Furthermore, there is no preliminary economic evaluation 
that must take into account the savings that can be obtained 
from its implementation on direct maintenance costs and 
indirect costs (lost production costs, low quality costs) and 
must also take into consideration the necessary investment 
for installation and maintenance of the CM system. 

The purpose of this study is to develop a methodological 
framework that will guides maintenance engineers to the 
creation of the ML-based CBM in relation to the maturity 
and quality of the data collected and linked to the physical 
model of the monitored system. In particular, with the 
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selection of the characteristics/variables using asset 
engineering modelling, the ones with physical meaning and 
statistical consistency will be identified. Then it is possible 
to pre-process the data and create a mature and high-quality 
dataset useful for effective and efficient modelling. Hence, 
we focus on the second step of the procedure, leaving the 
analysis of the subsequent phases to future work 

3. Methodological Framework 

CM and data processing tools give the possibility to control 
complex systems composed of numerous components. 
The first step is select the set of variables that describe the 
fault behaviour of the system. As reported in section 2, this 
phase cannot be carried out without knowing whether there 
is a connection between the data and the physical 
phenomenon to which the functioning of the system is 
linked. For giving a physical meaning to the collected data 
it is necessary to establish which parameters change, the 
changing mode and the entity of variation. That means 
establish, a-priori, the correlation between the variables. 

Furthermore, the a-priori knowledge of the variables to be 
monitored allows to carried-out a pre-analysis of the data 
collection architecture: - evaluating whether the necessary 
parameters are under control, - evaluating whether there are 
derived measures that allow to check the parameters not 
directly monitored, - evaluate the economic investment to 
complete the monitoring system. 

The follow framework is based on a framework proposed 
by Faccio et al. (2014), which is inspired by the procedure 
proposed by Waeyenbergh and Pintelon (2002). The main 
difference is that it integrates the steps closely related to the 
CBM process and related to the realization of a ML model, 
while Faccio et al. (2014) model is based on several cost 
models and aims to develop optimal maintenance policies 
in general. Consequently, it is more focused on the relation 
between dataset and physical model of the analysed system. 
Its development is based on the experience the authors has 
been doing in some industrial projects where ML in PM is 
applying. 

The proposed framework includes four macro-phases:  

1.equipment selection, output of this phase is the 
development of maintenance objective (preventive or 
predictive) and the definition of the resources necessary to 
reach it (Waeyenbergh and Pintelon, 2002). 

2.data selection and processing, if data quality is good, is 
carried out the elaboration data phase with the goal to 
extract a consistence dataset with maintenance objective. 

3.modeling, model could be a control model, detection 
model, diagnostic model or prognostic model. Depending 
on nature of model and on behaviours of the system a 
specific ML tools will be chosen. 

4.decision support model evaluation, depends on the 
nature of model and is linked with the maturity of data, e.g. 
high level of maturity allows to develop an on-line decision 
support system. 

 The first and the last one phase are generic for 
maintenance issues and are inspired by the approach 

proposed in Faccio et al., (2014). However, in CBM process 
the goal of maintenance model can be set with data 
analytics technique, depends on quality and maturity of 
data.  

Fig.2 summarizes the steps that will be explain below: 

1. Identification of the most important system (MIS) 

The identification of the MIS can be carried out with 
interviews or questionnaires to the maintenance managers, 
in order to identify the impact and the effect of the failures 
(Waeyenbergh and Pintelon, 2002; Faccio et al., 2014) 

2. Identification of the most critical component (MCCs) 

In relation to the quantity and quality of information 
available, for identification of which are the most critical 
components, we can carried-out Pareto analysis, FMEA or 
FMECA (Waeyenbergh and Pintelon, 2002; Faccio et al., 
2014). It is important to establish the potential failure 
modes of the various parts of the system and the effects 
that the failures could have on the system. The creation of 
a risk matrix helps to identify the part of the system to be 
prioritized to develop an effective maintenance policy. 

3. Identification of fault logical connections. 

For the purposes of CBM it is important to identify the 
links between failures, events and behaviour of the 
variables. With Fault Tree the "fault logical connections" 
are represented and with Fault Tree Analysis (FTA) the 
impact of these connections is measured. 

4. Check breakdowns in event data for MIS and MCC. 

To establish the feasibility of creating a PM model for PM 
and to justify its realization, it is necessary to identify the 
error messages within the event history data set, referable 
to the MCCs and MISs identified in steps 1 and 2. This step 
depends on implemented maintenance policy. In the case 
of preventive maintenance, there isn't a chronology of 
conditions before the failure, and CBM loses its 
optimization potential. 

5. Check variables/events links to faults 

Often there are a lot of data from many sources (output 
quality products, productivity, energy consumption, 
absorbed current, various malfunction logs) to which are 
added other data that can be acquired with external sensors 
(vibrations, temperature, parameters control of process). 
These data must be evaluated for density and significance, 
and they must be consistent with the model of operation 
studied. 

6. Definition of predictive model target 

Starting from the outputs of the previous steps it is possible 
to establish the objective of the model: prognostic, 
diagnostic or control. 

7. Features selection and extraction, 8. Dataset analysis 

According with the knowledge of the physical 
phenomenon developed previously, it be carried-out the 
feature selection and extraction, and the evaluation of the 
dataset obtained. The correlation individuated with step 3 
help the analyst to give significance to data and their 
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Figure 2: Methodological framework

behaviour. These steps follow themselves cyclically until to 
obtain a clean and coherent dataset with the operating 
model. 

9. Identification of model/algorithm. Tuning and validation. 

The statistical properties of the variables and the way in 
which they are correlated drive to the choice of the training 
algorithm. In the tuning phase this choice is optimized and 
validated on test dataset. This focus will be covered in 
depth in future research. 

10. Maintenance cost estimation and economic evaluation 

Once the model has been created, it is possible to quantify 
the savings on the operations and maintenance costs that 
can be achieved against to actual maintenance policy. In the 
economic evaluation of the developed maintenance policy 
it is necessary to quantify the investment costs and the costs 
of maintaining the accuracy and validity of the model. 

4. Case study 

In this paper is showed an application example of the 
framework introduced. It is analysed a plant with 18 equal 
machines. Data available are: - historical monitoring data 
from 2014 to now (220 tags registered every 10 minutes), - 
maintenance event data and their duration, - list of logs. 

The results of event data analysis (equipment analysis) 
shows that the 40% of maintenance hours were spent to 
resolve four machine failures. For these systems, 
Component A, i.e. the generator, is the most critical 
component. In particular, the analysis of failures mode 
shows that slip-ring and bearing are the sub-components 
for which more hours of maintenance have been spent.  

In the data evaluation phase, the first step is to check 
dataset maturity before and after the failure events for 
guarantee the descriptive capacity of the evolution of the 
system. The knowledge of the system has allowed to carry 
out a first selection of the variables for check the data 
quality. For the slip-ring, unlike the bearing, there are data 
for the significant features of the system and their quality 
and maturity level allow to apply a ML model. 

Moreover, the replacement of the bearing was carried out 
in a preventive manner, hence, the probability that the data 
can describe system degradation is low.  

Model training was carried out with a feed-forward 
multilayer perceptron network with one hidden layer. The 
number of neurons was selected by iterating the training for 
several scenarios (1 to 40 neurons) and choosing the model 
with the lowest Mean Squared Error. The whole dataset 
was divided into training set (65%), validation set (15%) 

1. Identification of Most 
Important System (MISs)

2. Identification of Most 
Critical Component (MCCs)

3. Identification of Logical 
Failure Connections

4. Check breakdowns in event 
data for MISs and MCCs

5. Check variables/events 
links to faults

7. Features 
selection and 

extraction
8. Dataset 
analysis

9. Identification of 
model/algorithm. 

Tuning and validation

10. Maintenance 
cost estimation and 
economic evaluation
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Figure 3: Slip-ring model – residuals 

 
Figure 4: Bearing model - residuals 

and test set (20%).  

As an example, in this paper, performance control models 
are proposed, with the objective to investigate if the models 
are able to describe the degradation of the component 
before the failures. In future works this study will be 
extended detailing the steps closely linked to the ML 
applied to CBM (6, 7, 8, 9, 10). 

Control charts show the error between real output value 
and predict output value for choosing sub-components. 
The degradation of slip-ring (fig.3) is characterized by the 
increasing trend of residuals up to replacement. Once the 
intervention has been carried out, the average of the 
residuals changes and is negative, an indicator of a new and 
better state of the system. The slip-ring model has a good 
ability to detect anomalies. Otherwise, the bearing model 
(fig. 4) is not able to correctly estimate the output variable 
(non-descriptive input variables) and it is not possible to 
identify particular trends indicative of degradation or 
improvement of the system.  

5. Conclusions 

Recently the development of IT has made it easy to 
historicize large amounts of data related to the degradation 
and health of industrial systems. Furthermore, the ML 
techniques allow us to exploit these data to create decision 
models and to help the application of CBM widespread. 

However, there are important operational criticalities, such 
as: the availability of a functional dataset to the objective (in 
terms of volumes and in terms of statistical validity) and 
their link with the asset engineering model of the analysed 
system. 

This framework introduces a method to cover these gaps. 
The case study discussed in this paper has demonstrated 
the applicability of the framework. Equipment analysis has 
allowed to evaluate a-priori the feasibility of a ML model. 
In particular, the study of failure modes it has allowed to 
establish model inputs and to individuate which of them 

were missing. That means in real applications, a manager, is  

able to establish the convenience to sensorize the missing 
components according to the expected result. 

The next step of the research will be the validation of the 
whole framework with multiple case studies. 

Moreover, the future research questions will regard two 
specific parts of the framework: 

- Which ML technique are more suitable based on 
the maturity and quality of dataset and used asset 
engineering model? 

- When is the application of PM based on ML 
suitable from an economic point of view 
considering the different costs and savings? 

The first question will be answered trough a systematic 
literature analysis on ML in PM and a set of case studies, 
while for the second one a set of analytical mathematical 
models will be developed and validate with the data 
collected from the case studies. 
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