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Abstract: Nowadays, companies want to give a quick answer in order to face their market competitors. These
quick responses must be reflected in the quality of the products; to this be possible, it is necessary to manage a
number of factors that will bring benefits in its market positioning. As technology grows, there is the possibility, at
a computational level, to create a combination of mathematical and technological tools that were not implemented
in the past due to the lack of resources, since they have high robustness about their analytical resolution.
This paper presents mathematical and computer tools that have potential great benefits when applied to industrial
problems solving, such as operation management.
Along the paper it is made a temporal location of all tools with their main objectives about optimizing indus
trial processes, focusing on maintenance costs, contributing directly to the rationalization of global costs of the
processes.
Analytical and technological methods that have had great success regarding to the reduction costs of production
in industries are presented. The approaches of this paper bring a literary review of process optimization, namely
about Neural Networks and multivariate analysis for prediction.

KeyWords: Optimization; Production; Forecast; Neural Networks; Multivariate Analysis; Industrial
Maintenance
Received: March 8, 2020. Revised: July 10, 2020. Accepted: July 31, 2020. Published: August 18, 2020.

1 Introduction
The research on maintenance optimization has been
a priority [1], also having been a big trend in the
area of optimization based on maintenance simula
tion [2], [3]. The research in this context has as its
main objective to find the best maintenance plans that
minimize the general maintenance cost or maximize
a system performance measure bringing cost reduc
tions [4]. Maintenance plays an important role in the
industry, being responsible for improving the avail
ability of assets, thus reducing the downtime in in
dustrial plants. The cost of maintenance can vary be
tween the values of 15% and 70% of the production
costs [5]. With the technological evolution of indus
trial processes, maintenance has increased its com
plexity [5], [6]. This is mostly due to modern manu
facturing systems that involve numerous interactions
and dependencies among components [7]. Corrective
and preventive maintenance aim to take the systems
”as good as new”. Regarding the predictive substitu
tion model policy, under some assumptions, the one
that fits most practical situations, has proved to have
a limit control policy [8].
J. Khalil [9] Predicting the failure rate of each ma
chine part is possible. Because of this, the following
actions must be executable, spending the minimum
effort:

• get a clear view of the industrial domain (usu
ally vast, confusing and complicated) in an indus

try, in terms of its most basic units (the machine
parts);

• obtain an economical and scientifically calcu
lated service life for each machine part in the in
dustrial domain;

• to adapt preventive actions as opportunities;

• to be able to refine restricted production, subject
to the relationship between recent and historical
trends in machine part failures; and

• to obtain a mathematical formulation of the costs
and the probabilities of survival of each part of
the machine throughout its useful life, in order to
be able to change the availability of that part with
full knowledge of the financial consequences.

The structure of maintenance cycles in the preventive
strategy makes the objective function of the decision
making problem discontinuous. Therefore, it is sug
gested to solve the problem with the use of dynamic
programming methods.
In the development of a dedicated computer program,
it was possible to highlight possible resolutions for
decisionmaking problems in relation to: manner,
scope and schedules of replacements, repairs and reg
ular maintenance of elements of technical objects,
mode and schedules of diagnosis and preventive re
placement of elements and problems of supplying
spare parts to the maintenance subsystem [10].
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Based on the inspiration of [11], three slightly differ
ent decision dimensions are proposed: ”product di
mension”; ”risk dimension”; and ”resource dimen
sion”. This research concludes that these decision di
mensions must be considered simultaneously, at the
same time, in which they optimize maintenance in an
integrated way. The structure of this paper is the fol
lowing:

• The first section presents the introduction of the
theme;

• The second section presents the state of the art,
namely a global approach about optimization;

• The third section presents proposals for possible
resolution of the problems in this area;

• The fourth section presents a discussion based on
the results of the research;

• Finally, they are presented the conclusions.

The degree of adaptation of a competitive organiza
tion imply priorities in its primary decisions related
to structural and infrastructural investments, provid
ing the key to the progress of the full potential of their
operations as a competitive weapon. Figure 1 illus
trates a graphic model about the operations strategy
generally accepted [12].

Figure 1: Operations strategy model [12]

The paper is focused on the aggregation of knowledge
for future implementations of the tools covered in the
scope of operations management; in the second sec
tion it is made a retrospective of the premises of the
maintenance policies focused on production costs that
supports the paper case studies. In this same section,
the forecasting tools, based on multivariate analysis
and neural networks are addressed. In section three
the proposal for the next phase of the study is pre
sented and, in third section, the state of the art of these
tools is presented; in section five a conclusion of the
study is made.

2 State of the Art
2.1 Global approach
The poor maintenance of our car can lead its poor per
formance, causing malfunction at an inopportune mo
ment, even causing a bad flow on the road. An opera
tion’s manager does not want this happen on his man
ufacturing line. Therefore, it can be said that main
tenance is a fundamental pillar for the fluidity of the
production plant. This paper focuses on maintenance
management and in what it can prevent failure and in
crease equipment availability. Compared to the costs
associated with maintenance, the production system,
according to Dhillon [13] becomes increasingly im
portant, because, in many industrial plants, the main
tenance costs can exceed 30% of the operational costs
and, in the context of the service life cycle, mainte
nance and support of manufacturing systems, repre
sent 60 to 75% of the total cost of the life cycle. Ac
cording to Mobley [14], the production capacity of a
plant is partly demarcated by the availability of pro
duction systems and their auxiliary equipment, being
the main function of the maintenance organization to
ensure that all equipment and systems in the plant are
up to date, always “online” and in good operating con
ditions, without jeopardizing profitability and, always
possible using other tools such as optimization. Al
though it seems that optimization is an activity present
in people’s daily lives, according to Cua, McKone &
Schroeder [15], this is the best option to carry out a
task without compromising restrictions: a fast and ef
ficient task that companies use to improve and make
more profitable processes. The same authors say that,
the optimization techniques seek the best solution for
each problem (maximum or minimum of measurable
quantities in their domains of definition); they are
necessary tools in many areas of engineering, such as:

• Operational research  optimization of technical
and economic systems, stock control, production
planning, etc.;

• Process engineering  process sizing and opti
mization, parameter estimation, data grouping,
flexibility analysis, etc.;

• Process control  system identification, optimal
control, adaptive control, predictive control, state
estimators, etc.;

• Numerical analysis  approximations, regression,
solution of linear and nonlinear systems, etc.

Wang et al. [16] say that an optimization process is
needed to determine the optimal capabilities and op
erational strategy. There has been a great contribution
in making optimization in a dynamic way by combin
ing process simulators with metaheuristic techniques
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for simultaneous optimization of process flowcharts
with the corresponding operating conditions [17].
The Operations Management have applications into
strategic and tactically oriented applications, namely
in next areas: aggregate planning; forecasting; lo
cation decisions; scheduling; capacity planning; lay
out; process and product design; quality control; task
design; control inventory; maintenance and reliabil
ity [18].
In the industrial area, it is also possible to carry out
an adaptation of the optimization model, demonstrat
ing their efficiency for the solution of complex prob
lems; it can start with simpler problems, observing
what already exists in nature, for example, [19] re
transmitting a study that presents an overview of re
cent work on ant algorithms, i.e., algorithms for dis
crete optimization that were inspired by the observa
tion of ant colony forage behaviour and presenting the
ant colony optimization metaheuristic.
The field of metaheuristics for applying combinato
rial optimization problems is a rapidly growing field
of research. This is due to the importance of combi
natorial optimization problems for the scientific and
industrial world [20]. Alaswad & Xiang [21] present
a review of the Condition Based Maintenance (CBM)
literature with emphasis on mathematical modelling
and optimization approaches. They focused the re
view on important aspects of the CBM, such as opti
mization criteria, frequency of inspection, degree of
maintenance, solution methodology, etc.
Nocedal &Wright [22] refer that knowledge of the ca
pabilities and limitations of optimization algorithms
leads to a better understanding of their impact in var
ious applications and points the way for future re
search on algorithms and software for improvement
and extension. To encompass the optimization of a
digital industry, it is necessary to fulfil some require
ments such as the robustness of the database and the
reliability of the data/samples. According to Dekker
[1], there are several applications of maintenance op
timization models that generally cover four aspects:

1. A description of a technical system (its function
and importance);

2. A model for the deterioration of the system over
time and possible consequences for the system;

3. A description of the information available on the
system and the actions available to management;

4. An objective function and an optimization tech
nique that helps to find the best balance.

These maintenance optimization models produce dif
ferent results. First, policies can be evaluated and
compared to the characteristics of costeffectiveness
and reliability.

Wang [23] presents an extensive review of mainte
nance optimization policies. Maintenance optimiza
tion studies prior to 2002 mainly considered time
based maintenance configurations. Syan & Ram
soobag [24] state that modern maintenance optimiza
tion decisions are complex problems that need to sat
isfy multiple and conflicting criteria. With the in
crease in applications and recent advances in Multi
Criteria Optimization (MCO) approaches, a review
is needed to group and categorize these advances in
the field of maintenance. Jonge & Scarf [25] says
that optimization applied to maintenance comprises
the development and analysis of mathematical models
that aim to improve or optimize maintenance policies.
A study on the substantial developments in the field
of maintenance optimization is fully demonstrated in
[23].
In order to validate the effectiveness of decision mod
els, Bousdekis et al. [26] prove that an eventdriven
proactive decision model is possible for joint predic
tive maintenance and optimization of the spare parts
inventory, which addresses the ”Detect” ”prevent
decideact” model phase that can be incorporated
into an EDA (Event Oriented Architecture) for pro
cessing time within the framework of the concept of
electronic maintenance. Zhou, Qi & Liu [27] show
some drawbacks that the ideal maintenance policy is,
in fact, a monotony of control limits, in which the
control limits decrease monotonously with the age
of the system; but, other studies expose some solu
tions like Zhao et al. [28], that propose a predictive
maintenance policy based on process data, demon
strating that, when compared to traditional preventive
maintenance strategies, their strategy have adaptabil
ity and effectiveness to the deterioration of the sys
tem. Among the techniques presented in [14], there
are five noninvasive techniques used for the man
agement of predictive maintenance such as monitor
ing vibrations, monitoring process parameters, ther
mography, tribology and visual inspection. Predictive
techniques can vary, as mentioned in [29]: lubricant
analysis; vibration analysis; thermography; penetrat
ing liquids; radiography; ultrasound; corrosion con
trol; etc.
There is a current concern in making predictive diag
nostics to avoid unwanted costs of maintenance and
production, having industries and researchers bet on
their resources to solve this dilemma. One of the main
focuses of multivariate analysis is the search for mod
els that best apply to a forecast or even explain the be
haviour of the variables studied. In this section, ap
plications of multivariate models are presented in the
scope of engineering, with a focus on asset manage
ment during the life cycle monitoring production and
maintenance management to reduce unwanted costs.
The reduction of expenses in the industrial sphere is
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a great challenge in which it involves a chain of re
sponsibility from the worker who is fully with the ma
chine passing through the managers and reaching the
researchers, who have as challenge theway to respond
effectively to these events unwanted. Vatn, Hokstad
& Bodsberg [30] present a global approach to main
tenance optimization that requires knowledge in sev
eral fields; for example, decision theory, risk analy
sis, reliability and maintenance modelling. The au
thors also refer that, in order to perform maintenance
optimization, it is generally not feasible to carry out
a complete risk analysis, and the effect of the cho
sen maintenance program on safety, that can be as
sessed by a somewhat simplified approach, consid
ering only a very limited number of scenario repre
sentatives. Besnard et al. [31] present an opportunis
tic maintenance optimization model for offshore wind
energy systems. The model takes advantage of wind
forecasts and corrective maintenance activities to per
form preventive low cost maintenance tasks. Pinto &
Nascif [32] refer that, sometimes, the increase in re
liability is done through the expense of availability.
This suggests a threefold restriction between quality,
availability, and reliability of maintenance, directly
influencing costs (Figure 2).

Figure 2: Triple maintenance constraint [32]

Maintenance plays a key role in reliability, availabil
ity, product quality, risk reduction, greater equipment
efficiency and safety [33]. According to Kershaw &
Robertson [34], predictive maintenance works with
periodic monitoring of component conditions, instead
of replacing them, which means better data, increas
ing plant productivity and preventing disastrous fail
ures. For example, Chang et al. [35] explore the opti
mization of maintenance, presenting a method that in
corporates information in real time about production
conditions and machine failure. Carnero [36] states
that Predictive Maintenance can provide an increase
in safety, quality and availability in industrial plants.
The graph shown in Figure 3 illustrates that contin
uous investments in preventive maintenance reduce
failure costs and, as a consequence, a decrease in the

total maintenance cost, in which preventive mainte
nance costs are added to the failure costs. However,
the graph also shows that, from the ideal point of
investment in preventive maintenance, more invest
ments bring few benefits to reduce the cost of failures
and end up increasing the total cost, which is what the
maintenance policy takes into account.

Figure 3: Graph of cost versus maintenance level [37]

However, the creation of a Predictive Maintenance
Program is a strategic decision that, until now, lacks
an analysis of the problems related to installation,
management and control. According to Shin & Jun
[38], when it is a highvalue asset, the Operation and
Maintenance (O&M) phase requires heavy charges
and more effort than in the installation (construction)
phase, as these assets have a useful life that any un
expected event of the asset during that period causes
catastrophic damage to the industry.

3 Some specific approaches
3.1 Opportunistic Maintenance
In order to fulfill themaintenance objectives, the com
pany needs management skills to integrate people,
policies, equipment and practices. It also needs ad
equate engineering and technology [39]. Colledani,
Magnanini & Tolio [40] state that Opportunistic
Maintenance (OM) is an effective strategy to reduce
interference betweenmaintenance and production op
erations in multistage manufacturing systems and its
application in the industry is still limited due to the
complexity of predicting its impact on system per
formance. The maintenance of opportunities is the
oretically adjusted automatically; if insufficient op
portunities arise, the average delay increases and fail
ures increase until a balance is reached, but there are
minimal conditions for a given age renewal sched
ule and the natural balance may not be economically
ideal [41]. Takahashi [42], thorough investigation of
these opportunities and their occurrences, comes to
next questions:
• When opportunities arise, which machines allow
for other simultaneous repairs?
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• What opportunities are needed, when do they
arise, and for how long?

For Takahashi [42], Maintenance Management must
consider some points to restructure a company and
prepare it for future challenges, always with the par
ticipation of all employees:

1. Restrict investments in unnecessary equipment;

2. Make the most of existing equipment;

3. Improve the rate of use of equipment for produc
tion;

4. Guarantee the quality of the product, through the
use of the equipment;

5. Reduce lowcost labour, improving equipment;

6. Reduce the cost of energy and material pur
chased, through innovations in equipment and
improvements in methods of use.

Iung, Levrat & Thomas [43] show that the numerical
results of the study presented in the paper, by prop
erly defining the parameters of opportunistic main
tenance actions, it is possible to obtain an effective
synchronization of preventive maintenance and pro
duction operations, preserving the conditions of the
machine and meeting the production goals. The supe
riority of Condition Based Maintenance remains un
certain in multicomponent systems, in which oppor
tunistic maintenance strategies can be applied [44].

Figure 4: production / maintenance interface [20]

Compared to the static opportunistic maintenance
strategy and the strategy without considering oppor
tunistic maintenance, the total cost of maintenance
and inventory of the dynamic opportunistic main
tenance strategy shows a decline of 10.927% and
18.304%, respectively [45]. Vu et al. [46] mention
that the structure of the system, the maintenance op
portunity and its support, as well as the economic de
pendence, are important issues that must be consid
ered when making maintenance decisions.

In CBM, the opportunistic zone is defined as (part of)
the PF interval (Figure 5) that is part of the degra
dation curve. It starts at the point where a potential
failure can be detected (P) and ends at the moment
when the failure occurs (F) [47].

Figure 5: Opportunistic maintenance zone in CBM
policy [44]

In case of opportunistic maintenance, the mainte
nance activities can begin at an arbitrary point within
the opportunistic zone (which is equal to or less than
the PF interval). This opportunistic zone is the period
during which the degradation started, without leading
to a fatal shutdown of the component. Within the op
portunistic zone, Planned Maintenance (PM) activi
ties can be carried out against PM costs [44]. Rao [48]
demonstrates that policies with various opportunis
tic maintenance ages for each increasing failure rate
component are better with respect to policies with a
single opportunistic maintenance age for each compo
nent. Performing preventive maintenance, even when
there is no opportunity, can have a detrimental effect.
It can be said that opportunistic maintenance policies
of the type (n, ∞) are sufficient in the case of systems
with a large number of components [48]. Zhou, Xi
& Lee [49] studied a dynamic programming method
in which decisions are based on a combination of
OM cost savings and penalty costs and stated that an
ideal maintenance practice is determined bymaximiz
ing the savings of cumulative shortterm costs. Ding
& Tian [50] proposed a method for making oppor
tunistic maintenance decisions by comparing the age
of a given component with a limit defined by some
percentage of the Mean Time To Failure (MTTF).
Dekker [1] developed a model to determine the ideal
age for opportunistic maintenance when the oppor
tunity follows the Homogeneous Process of Poisson
(HPP) [51] with the adaptive opportunistic mainte
nance model, based on the forecast of the conditions
of a railroad, demonstrating that the adaptive oppor
tunistic maintenance strategy has a lower cost per
unit of time than systematic preventive maintenance.
Truong Ba et al. [52], in their results indicate that sig
nificant savings can be achieved considering OM. In
addition, it is shown that the new consideration of par
tial opportunities significantly increases the benefit of
OM.
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Among preventive maintenance control policies, op
portunistic maintenance is an effective strategy for
reducing the impact of maintenance operations on
multistage manufacturing systems [43]. Under the
scope of Operations Management, one of the great
challenges is to give them as occurrences of unex
pected failures, which is why numerous studies have
emerged with the main objective of avoiding these
unexpected events such as Multivariate Analysis and
Neural Networks, among others.

3.1.1 Multivariate Analysis
One of the main focuses of Multivariate Analysis is
the search for models that best apply to a forecast
or even explain the behaviour of the variables stud
ied. Multivariate data consists of observations about
several different variables for various individuals or
objects. Such data immerse in all branches of sci
ence, such as Psychology, Education, Geology, So
cial Sciences, Engineering, Ergonomics, etc. The
multivariate method has become an increasingly im
portant area of statistics. In fact, the vast majority of
the data is multivariate [53]. The multivariate model
also aims at data reduction or structural simplifica
tion, classifying, and grouping, investigating the de
pendency among variables, predicting, and formulat
ing hypotheses [54]. Simoglou, Martin &Morris [55]
extended the existing methodologies to monitor dy
namic processes; as it is multivariate, they considers
the effect of exogenous inputs, providing additional
monitoring methods and appropriate control limits
when the serial correlation is present in the data sys
tem. There are several techniques for analysing mul
tivariate data. Among them, factor analysis, multi
ple regression and multiple correlations, multiple dis
criminant analysis, multivariate analysis of variance
and covariance, joint analysis, canonical correlation,
cluster analysis, and scheduling. Barker & Newby
[56] presented a study focused on the problem of de
termining the inspection and maintenance strategy of
a system whose state is described by a multivariate
stochastic process.
Chatfield & Collins [53] show that the general point
that multivariate analyses tend to be concerned with
finding relationships, not only among variables but
also among individuals. Based on this, the opportu
nity arises to include computer technology as Internet
of Things (IoT).There is also an extremely important
tool, the multivariate control charts, which provides
powerful methods to detect out of control situations
and to diagnose causes; for example, Hotelling [57]
presents a multivariate control plot procedure that is
based on the most recent observation  it is insensi
tive to small and moderate changes in the mean vec
tor. The difficulty of interpreting an outofcontrol
signal on a multivariate control chart was widely dis

cussed by Chua and Montgomery [58], Alt [59], Do
ganaksoy et al. [60], Lowry et al. [61] and Haq [62].
The procedures of the multivariate control chart are
often considered for use in cascadetype processes,
such as those found in the process industries [63].
Multivariate models are a family of several models
in which each one has its applicability depending on
the behaviour of the data to be analysed. Wang [64]
presents a design and an optimization of simulation
basedmultivariate Bayesian control graph for mainte
nance applications based on conditions. It combines
the use of the concept of delay time and Bayesian the
ory to develop the posterior probability function of the
underlying state, given the history of observed moni
toring information.

3.1.2 Neural Networks
Within the scope of the development of Artificial In
telligence, there was a promising development, with
a high degree of success, with regard to the applica
tions of neural networks in the detection of defects in
energy systems, as mentioned in [65], [66] and [67].
According to Lippmann [68], Artificial Neural Net
works have been widely used for pattern recognition
due to their ability to generalize and respond to un
expected patterns. The main strength of Neural Net
works is the ability to recognize patterns in incom
plete or ”noisy” data. Regarding the forecast, this
tool has presented satisfactory answers. Cadenas &
Rivera [69] present a study of wind speed forecast in
the region of La Venta, Oaxaca, Mexico, using var
ious techniques of Artificial Neural Networks, with
data resources collected, making possible to verify the
importance of this tool in relation to the precision.
Jolliffe [70] mentions in his work that the most com
mon application in Principal Component Analysis
(PCA) is to reduce, with minimal loss of information,
the dimensions of the data varieties. Generally, these
data sets constitute a large set of correlated variables
that are transformed into a new set of variables, called
Principal Components. Not everything is 100% ideal.
Crupi, Guglielmino & Milazzo [71] present one of
the disadvantages of the neural network that requires
training.
Bansal, Evans & Jones [72] exposed a predictive
maintenance system in realtime for machine systems
based on the neural network approach. The use of
simulated data, generated by an experimentally vali
dated simulation model, proved to be effective.
In the study of hydraulic pumps presented in [73],
there was a preference by the choice of MultiLayer
Perceptron (MLP) neural networks, with greater ca
pacity to be suitable for the classification of patterns.
The study provided by Ni & Wang [74] mentions
the effectiveness of the prediction of the Multilayer
Feedforward Neural Networks (MFNNs); the Neu
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ral Network models showed a high precision in their
results. Firat & Gungor [75] go in the same research
line reaching the results, indicating that the General
regression neural network can be successfully applied
to predict the depth of cleaning around the pillars of
the circular bridge.
AlGhazzawi & Lennox [76], in their study, exposed
that static PCA techniques were not suitable for the
development of a simple process monitoring system
that would allow process operators to quickly and
easily identify any sources of abnormalities in the
process. Zaranezhad, Mahabadi & Dehghani [77],
in a numerical analysis with respect to the result of
neural networks, present a comparison of the preci
sion model demonstrating that the perceptron neural
networks had a prediction accuracy of 90.9% with
a prediction accuracy rate of 96.19%; the neural
GA model obtained the highest forecast accuracy of
95.9% and an accuracy of 96.7%. In a forecasting
study presented in [78], it is said that its quality of
RNA prediction can be improved by expanding the
training data sets and optimizing the construction of
the network. Rao [79] also states that the results will
depend on the collection of highquality data.
Gilabert &Arnaiz [80] present a case study based on a
Neural Network, where it is possible to find a predic
tive maintenance solution for noncritical machines.
The results indicate the feasibility of partial solutions
in monitoring and diagnosis.
Fu et al. [81] present a form of identification and di
agnosis based on Artificial Neural Network (ANR)
in the electrohydraulic servomechanisms of a hydro
electric unit. Experimental tests show that the pro
posed strategy can guarantee optimal performance.
According to the study presented in [82], predictive
maintenance is already used or will be used by 83%
of production companies; it has been a valuable ap
plication of the Internet of Things (IoT) mainly on the
factory floor.
According to the CXP Group report, the Digital
Industrial Revolution with Predictive Maintenance
showed that the level of use of predictivemaintenance
is being used by 91% of manufacturers [83]; it can be
verified that the reduction in the repair time of 93% of
the companies pointed to the improvement of the old
industrial infrastructure as the main objective of their
predictive maintenance initiatives.
Javadpour & Knapp [84] present an implementation
of a predictive neural network for use as an opera
tor assistance fault diagnosis with high forecasting ac
curacy in an automated manufacturing environment.
The network was able to correctly classify three dif
ferent fault categories with a performance rate greater
than 99% in standards and 100% in failures. As a re
sult of implementing adequate tools, ans according to
a PWC report [85], predictive maintenance in facto

ries could:

• Reduce the cost by 12%;

• Improve uptime by 9%;

• Reduce safety, health, environment and quality
risks by 14%;

• Increase the useful life of an old asset by 20

4 Proposed approaches
The previous sections show that maintenance policies
play an essential role in the operations management.
One of the big challenges of Operations Management
science is to avoid several losses in the goods’ manu
facturing process, avoiding unwanted losses; most of
these failures are classified as random but, through the
reliability function and related tools, it is possible to
exploit the maintenance capacity through its policies;
for example, the predictive maintenance policy, sup
ported by the math tools referred in the past section,
can make predictions with results with a high degree
of rigour – but, it must be emphasized that these re
sults depends on the quality of the data available.
With these tools, the proposal is to improve the asset
monitoring system using the portfolios provided by
the asset management system; in this perspective, it
is possible to automate the maintenance system using
the concept that emerged in 1999, and whose main
objective is to make equipment autonomous and in
telligent enough, aiming they do not need human in
tervention: this concept is supported by the IoT [86].
Applying IoT in the industry, it becomes possible, for
maintenance stops, to converge to an optimal reduc
tion in intervention times and, consequently, in costs,
which implies making the process more profitable.
The purpose of future developments is to explore the
predictive maintenance policy in order to avoid bot
tleneck phenomena, making the production process
more versatile, regarding to capacity readjustment.
Neural Networks will be used to support the classi
fication of groups of variables in order to understand
them, and the multivariate analysis applied to fore
cast, with the main focus on Machine Learning (ML).
Since maintenance is an important branch in the pro
duction process, BigData analysis, Machine Learning
and the IoT, using realtime forecasting in the man
ufacturing equipment, will make possible to predict
failures at run time, aiming to launchWorking Orders
before the fault happens [87]. For a first test, the tech
nologies of Figure 6 will be applied.

5 Discussion
The present article brings an overview of the linked
literature Optimizing production by maximizing the
availability of assets, when it comes to optimizing
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Figure 6: Support technologies.

production it is necessary to have accessibility than
that the trailer behind, for this reason our study brings
the reader a location of concepts that directly influ
ences the study presented on this topic.
What can be seen in many studies in this area about
a conflict between the investment limit and the return
that a prediction maintenance system can bring to an
entity? Regarding the prediction methods by multi
variate models, there are very few, and there is a gap
regarding the automation of prediction through this
model. Regarding neural networks, there is a wide
range of studies, this does not mean that it presents a
significant advantage over multivariate analysis, each
of which has particular advantages.
When it is possible to have a timely response to make
decisions that avoid making bad decisions in any de
partment of a company, the big challenge is to reduce
the time to act in the face of events such as failures.
Therefore, there are mathematical and computational
tools that, together, can bring a great benefit, such as
obtaining data through IoT technology and exploring
them for possible event prediction. Finally, we will
have an optimized process, as these failures can be
controlled and resolved within a restricted time win
dow. As the failure of a machine will depend onmany
variables to be extinguished, such as vibration, tem
perature and noise, among others; one variable may
be related to another or not, which makes multivariate
analysis an ideal tool for this study. Currently, some
“software” and their respective languages show that
many have limitations in terms of their programming.
Based on the tools presented in this paper, it is possi
ble to avoid unwanted events; if we work with prob
abilities, hence the great strength of the predictive
maintenance policy, that arises because it reduces the
probability of equipment failures; its domain is cov
ering the production system and the values associated
with the production is the availability of the equip
ment that is related with its faults. Since the total cost
is the sum of all costs related to production, this means

that the reduction in one of them reflecting the reduc
tion of the total cost. According to Yip, Fan & Chi
ang [88], the time series models General Regression
Neural Network (GRNN) and the BoxJenkins, usu
ally describe the behaviour and predict the costs asso
ciated with maintaining different categories of equip
ment at an acceptable level of precision. Mateus,
Margalho & Farinha [89] presented in their studies
the disadvantages that the ARMA time series model
presents in relation to the forecast when faced with
oscillatory data (dummy variables).
During this research, it was possible to verify that the
multivariate analyses showed promising results in the
researches done, solving problems that were previ
ously unthinkable because they had a solution or ap
proaches to solutions of a great result. With thismulti
variate analysis, these solutions are a good part of the
performance and versatility of the ”software” devel
oped for these purposes. During the problemsolving
process, it is necessary to go through several assump
tions. According Renwick [90] Most benefits the pre
dictive maintenance programs include not only evi
dent cost benefits, such as reducing machinery down
time and production losses, but also the more subtle
longterm cost benefits which can result from accu
rate maintenance scheduling.
The importance of Maintenance in a production sys
tem has been validated and a concern to respond in
a timely manner to unwanted stops on a manufactur
ing line. To solve problems, knowing the variables in
question must be one of the important factors, know
ing the right time for intervention, without forget the
life cycles of all parts that make up a complex system,
with complex problems joining simple problems.

6 Conclusions
The paper presents a global approach about the main
tenance in production results, and that it is possible
to validate the use and efficiency of several tools in
solving problems related to the increase maintenance
efficiency. In the Maintenance space, some studies
were applied to solutions in which it was possible
to detect and diagnose the failure based on this ap
proach, and also verifying how efficient the Neural
Networks and the Principal Component Analysis are.
The accumulated costs associated with factory fail
ure have a high level of significance. For this rea
son, maintenance approaches have evolved to respond
to these dilemmas, such as Predictive Maintenance
(PM), which has always shown the ability to evolve to
maintain integrity in companies, generating informa
tion about the conditions of the equipment; this data
allows maintenance to be effective.
The real cost of implementing and maintaining a pre
dictive maintenance program is not the initial cost of
the system. Instead, it is the annual labour costs and
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indirect costs associated with the acquisition, storage,
trends, and analysis of the data necessary to determine
the operational condition of the plant’s facilities. In
this area, predictive maintenance systems present a
greater variation in their capacity, automation in data
acquisition and storage, etc.; this will reduce operat
ing costs.
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