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Abstract

The purpose of this article is to choose a maintenance procedure for the critical equipment of a forging production line with five
machines. The research method is quantitative modelling and simulation. The main research technique includes retrieving time
between failure and time to repair data and find the most likely distribution that has produced the data. The most likely failure rate
function helps to define the maintenance strategy. The study includes two kinds of maintenance policies, reactive and anticipatory.
Reactive policies include emergency and corrective procedures. Anticipatory policies include predictive and preventive ones combined
with a total productive maintenance management approach. The most suitable combination for the first three machines is emergency
and corrective choice. For the other machines, a combination of total productive maintenance and a predictive approach is optimal.
The study encompasses the case of a serial production manufacturing line and maximum likelihood estimation. The failure rate
function defines a combination of strategies for each machine. In addition, the study calculates the individual and systemic mean
time to failure, mean time to repair, availability, and the most likely number of failures per production order, which follows a Poisson

process. The main contribution of the article is a structured method to help define maintenance choices for critical equipment based

on empirical data.
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1 Introduction

In the past, competition has forced manufacturing opera-
tions to achieve at the same time high dependability and
low cost (Ward et al., 1996). More recently, also flexibility
has been recognised as an essential target for manufac-
turing (Kanovska and Doubravsky, 2021). Such stringent
requirements have increased the relevance of the strategic
management of industrial maintenance, as low availabil-
ity of critical shop floor equipment or excessive stoppage
can undermine the three objectives (Patil et al., 2017).
Therefore, if one is to meet at the same time high avail-
ability, low cost, and flexibility requirements, formulating
a maintenance strategy for critical equipment is essential
(Alaswad and Xiang, 2017).

Scheduling maintenance activities may require esti-
mating reliability parameters (Chakherloo et al., 2017,
2016).
between failures may compromise the availability, while

Chemweno et al., Overestimation of time

underestimation may increase the cost (Leoni et al., 2021).
Reliability-centred maintenance (RCM) is a management
technique that uses reliability models (Gharahasanlou
et al., 2017) to support decisions on maintenance strate-
gies aiming at increase availability without increase cost
(Deshpande and Modak, 2002). However, adopting RCM
for supporting strategic choice may require investment and
their desired effects may take many years to materialise
(Rausand, 1998). Computational methods may be useful in
evaluating maintenance strategies derived from empirical
data under different scenarios (Sellitto, 2020).

A search in SCOPUS and Web of Science databases with
the keywords "maintenance strategy" and "strategic deci-
sion" between 2016 and 2020 identified articles consistent
with our study. The search was limited to peer-reviewed
articles in journals, written in English, already cited by
other peer-reviewed articles. Seecharan et al. (2018) define
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the maintenance strategy according to the downtime and
failure frequency. To identify the maintenance strategy,
Han et al. (2020) use ageing models and failure modes,
while Liu et al. (2020) and Gao and Xie (2018) use respec-
tively game models and simulation in maintenance strategy
decision-making processes. A larger number of articles use
multicriteria methods, mainly AHP and ANP (Alrabghi
et al., 2017; Antosz et al., 2020; Azadeh and Zadeh, 2015;
Borjalilu and Ghambari 2018; Dachyar et al., 2018; Emovon
et al., 2018; Firouz and Ghadimi, 2016; Ge et al., 2017,
Jeang et al., 2019; Karthik et al., 2017; Kurian et al., 2019;
Ozcan et al., 2017). The search retrieved only one article
employing time to failure data in the decision-making pro-
cess (Gharahasanlou et al., 2017).

This study merges quantitative and qualitative concerns.
It evaluates quantitatively the failure risk behaviour and
classifies it according to qualitative criteria. To the best of
our knowledge, no recent, peer-reviewed, cited article pres-
ents a purely quantitative approach based only on the fail-
ure risk function to help to decide on maintenance choices
in manufacturing according to qualitative prescriptions.
This is the research gap this study aims to bridge.

The research question is how to choose a maintenance
procedure for critical equipment in a manufacturing plant.
The purpose of this article is to choose a maintenance pro-
cedure for the critical equipment of a forging production
line, comprising five machines. The research method is
quantitative modelling and simulation. The main research
techniques are the probabilistic modelling of time between
failures (TBF) and time to repair (77R) of machines as
well as simulation of the entire system for the calculation
of necessary reliability parameters. The use of field data
and failure-based decision models can reduce the inher-
ent risks and uncertainties in decision-making on main-
tenance strategies (Ge et al., 2017; Panchal et al., 2017;
Seiti et al., 2017; Seiti et al., 2018a; Seiti et al., 2018b). The
study employs the failure rate function, which can be con-
sidered as an indication of the equipment's reliability over
its entire lifecycle (Jonas et al., 2018). The main novelty is
a suitable structure to help to choose a maintenance strat-
egy for critical equipment based only on empirical data.
The method relies on the behaviour of the failure rate
function. The study calculates individual and overall mean
times to failure (MTBF), mean times to repair (MTTR),
availability, and the most likely number of failures per
production order, which follows a Poisson process.

The main products of the manufacturing line are forged

components for electrical construction. The machines are
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an induction furnace (FI-FO-008) that heats the raw mate-
rial, a hydraulic hammer (MH-FO-001) that forges the
workpiece, two eccentric presses (PE-FO-051 and PF-FO-
052), that deburrs and drills the pieces, respectively, and
a friction press (PF-FO-016) that calibrates the final parts.
Currently, the company adopts preventive maintenance,
replacing critical items according to a previously defined
timetable, and breakdown maintenance, repairing unex-
pected faults.

The study has delimitations. The first concerns the use
of Weibull and exponential distributions. If the shape factor
of the Weibull distribution equals one, the model turns into
the exponential model. For this study, these two models
suffice. Recently, the omega distribution has been demon-
strated to be a powerful tool to model the failure rate func-
tion. Specifically, the asymptotic omega distribution is just
the Weibull distribution (Dombi et al., 2019). Despite there
being other models besides the omega distribution, such as
gamma (parallel), g-Weibull (Jia, 2021; Xu et al., 2021), or
Marshall-Olkin extended uniform (Jonas et al., 2018), esti-
mating the shape factor of the Weibull model is still widely
used to directly reveal the position in the bathtub curve
(Jia, 2021). The second limitation concerns to scarcity of
data in one of the machines. Due to the large MTBF, the
machine failed only eight times. Finally, if data does not fit,
two possibilities arise:

» mixture of data retrieved from more than one break-

down process; or

» data are contaminated with shortages not owing to

failures.

The rest of the article comprises a theoretical back-
ground, methodology, results, discussion, and conclusions.

2 Background
The study focuses on emergency, corrective, preventive,
and predictive maintenance strategies and total produc-
tive maintenance (TPM) approaches for shop floor man-
agement. Emergency and corrective strategies support
reactive policies that apply after breakdown (run-to-fail-
ure policies). Preventive and predictive strategies and TPM
approaches support anticipatory policies that apply to avoid
or at least reduce breakdown intensity (Alsyouf, 2007).
Emergency maintenance requires immediate actions to
restore a unit in a failure state. Emergency maintenance
cannot be scheduled either because there is no redundancy
or no inventory enough to ensure deliveries (De Faria et al.,
2015; Shafiee, 2015; Tee and Ekpiwhre, 2019).
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Corrective maintenance fits when the repair of an
unexpected fault can be scheduled. A repair can be post-
poned due to equipment redundancy or inventory exists to
avoid a shortage. The maintenance staff has the chance to
remove the root cause and correct the defect that caused
the failure. Preventing recidivism, the overall failure rate
decreases over time (Higgins and Mobley, 2001).

Preventive maintenance requires systematic activities
that prevent or delay failures, such as cleaning, lubrication,
calibration, detection of incipient defects, and replacement
of fragile parts. Procedures occur before breakdowns
(Higgins and Mobley, 2001; Tee and Ekpiwhre, 2019).
Preventive maintenance may take place at predetermined
intervals, or according to performance criteria, such as
the number of deliveries, kilometres, or machine cycles
(Carnero and Gémez, 2017).

While preventive strategies execute the planned activi-
ties unconditionally, that is, regardless of the machine con-
dition, predictive strategy actions occur only upon a prog-
nostic review indicating a failure in progress. Without
such an indication, no further action applies (De Faria
et al., 2015; Carnero and Gémez, 2017). The prognostic
review can rely on physical inspection based on checklists,
mathematical models based on the physics of the degra-
dation process (Do et al., 2015), or probabilistic models
based on failure data (Lim and Mba, 2015). A TPM man-
agement approach for the shop floor may also be useful.
The application of TPM principles at the shop floor usually
reduces unexpected incidents that cause random failures
(Ahmad et al., 2018; Habidin et al., 2018). Therefore, TPM
can also contribute to reducing the failure rate.

Fig. 1 shows the typical behavior of the strategies regard-
ing time-to-failure (Alrabghi and Tiwari, 2015). Given a
certain failure effect pattern (for instance, a vibration level),
run-to-failure policies (corrective or emergency strategies),
react when the effect reaches the breakdown threshold, caus-
ing a failure. Predictive strategies employ an alert threshold
that ensures a period Az to plan and execute a repair action,
anticipating the failure. Finally, the preventive strategy does
not require information on ongoing failure processes, rely-
ing on other methods to schedule repairs and anticipate fail-
ures. If the forecast fails, a failure occurs.

Feedback life data can be useful in defining or at least
optimizing maintenance policies. This study relies on
a prognostic review technique based on two functions,
R(?) and A(f). The reliability function R(¢) is the probabil-
ity that a part or system will perform its intended mission
free of failures until time ¢, under specified conditions.
The hazard function A(f) is the conditional probability
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strategy strategy strategy
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Breakdown
Threshold™ ~
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Fig. 1 Expected behaviour of the maintenance strategies (Alrabghi and
Tiwari, 2015)

that, given that a failure does not occur until time ¢, it will
occur within the interval [¢; ¢ + Af] when At approaches 0
(Gharahasanlou et al., 2017).

Recently, authors have proposed advanced tools and
methods to deal with empirical failure data and the failure
rate function. Among others, we focus on the g-Weibull
distribution, the omega distribution (both related to the
Weibull distribution), and fuzzy methods to forecast a fail-
ure rate function. Failure rates are time-dependent and can
be managed as time series retrieved from empirical obser-
vations (Jonas et al., 2018).

The g-Weibull model is a generalization of the Weibull
model (Jia, 2021), obtained by multiplying the original
expression of the Weibull density function by (¢ — 2),
q <2. When g — 1, the g-model converges to the Weibull
model (De Assis et al., 2020). The g-model is especially
useful in modeling failure rates in a series system formed
by dependent components (Xu et al., 2021). This is not the
case of our study, as the involved equipment is composed
of independent, autonomous machines. Assis et al. (2021)
compared results obtained with the Weibull and q-Weibull
models for the same field data. The q-Weibull model allows
new formats for the bath-tube curve, such as the unimodal
and U-shaped formats.

The omega distribution overcomes a weakness of the
Weibull distribution, as it can model non-monotonic func-
tions, such as a complete bath-tube-shaped failure rate.
While the Weibull distribution requires three models, one
for each phase, the omega distribution provides a unique
model. Dombi et al. (2018) call it all-in-one model. The
omega distribution requires three parameters, o, £, and d.
While a and S are similar to the shape and scale parameters
of the two-parameter Weibull model, d delimits the range
of the omega function (0, d). In practice, the omega proba-
bility distribution with parameters a, f, and d can replace
the two-parameter Weibull model with parameters a, £.

Finally, Jonas et al. (2018) developed a method based on
historical time series of failure rates, analytic curve fitting,
and soft computing techniques to provide standard failure



rates. The next step is to classify, by a fuzzy clustering pro-
cess, a target failure rate series according to one of the stan-
dardized functions, which may be considered a prediction
for the reliability of an item. The method requires field data
comprising the entire life cycle of items, which implies
in a wide time lapse or a high failure rate. This is not the
case of our study. None of the five machines completed the
entire life cycle. Moreover, two machines have high MTBF,
offering a small number of failures for a complete analysis.
Even recognising the value of the above- mentioned
tools, this study focuses only on the negative exponential
and the three parameters Weibull models, represented,
respectively, by Egs. (1) and (2) (Choudhary et al., 2019):

R(t) =, )
R()=e7), @
where:

A = constant failure rate;

t, = time free of failure or shelf-life period;

y = shape factor, and

6 = scale factor.

The negative exponential model can be considered
a particular case of the Weibull model when y = 1, which
implies 4 = 1/6 (Xie et al., 2000). If both succeed in fitting
life data, the exponential model is preferable by parsimony
(Hashemian, 2011). Egs. (3) and (4) represent respectively
the MTBEF for the exponential and Weibull models (T is the
gamma function).

1
MTBF = — 3
: ©)
MTBF:z0+9r[1+lJ )
Y

The hazard function /A(f) has a homologous behaviour
as the failure rate function A(f), the failure rate observed in
the stochastic failure process of a repairable item (Rausand
and Hoyland, 2004). The higher the function, the more
imminent an equipment failure is. The function can follow
three patterns: decreasing, constant, and increasing. From
now on, we use the failure rate function A(f) rather than 4 ().

A decreasing A(f) indicates that the equipment is in the
infant mortality period, subject to early failures. Most fail-
ures relate to early design deficiencies, fragile components,
and installation errors. Any failure must be addressed by
a corrective maintenance strategy that requires deter-
mining the root cause of the failure. Emergency mainte-
nance can also be helpful in the case of components with
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manufacturing failures that should be replaced with per-
fect parts. Nonetheless, design or installation errors will
not be corrected by an emergency, predictive, or preven-
tive maintenance strategy, only by a corrective strategy.

A constant A(t) is associated with the maturity period,
in which random failures occur, following a homogeneous
Poisson process. Failures are due to external causes, such
as operating errors, accidents with extraordinary power
release, or misuse of the equipment. Design and instal-
lation errors have already been amended in the infant
mortality phase and wear-out failure processes are not in
progress yet. In this phase, TPM-based management pol-
icies are especially helpful. Organising the shop floor can
reduce the incidence of random failures or accidents and
reduce the constant failure rate. A predictive maintenance
strategy that monitors key equipment signals is also help-
ful by detecting if the maturity phase approaches the end.
A corrective maintenance strategy is unnecessary, as there
are no more design or installation errors to correct. A pre-
ventive maintenance strategy is contraindicated. Such
a strategy replaces strong, reliable parts that have not yet
failed and will not fail in the short term as design or instal-
lation errors no longer exist.

Finally, an increasing A(t) indicates the wear-out or
degradation phase. As the risk increases, the intervals
between failures become smaller due to the wear or end
of materials' useful life. A good choice is preventive main-
tenance. Since failures are inevitable, even if the t¢f'is not
known, scheduled, opportunistic replacement may bring
equipment back to the maturity period (Hashemian, 2011).
A predictive maintenance strategy can be partially help-
ful. As failure processes are now in progress, monitor-
ing of key equipment signals can improve predicting ##f,
which extends component usage by efficient replacement.
Corrective maintenance strategies are useless as design or
installation errors no longer exist. An emergency strategy
is still necessary as the preventive strategy reduces but not
eliminates breakdowns.

The next step is to associate the most likely A(r) and
the shape factor y of the Weibull distribution (Pandey et al.,
2018). Given that a Weibull model fits life data if y < 1,
A(®) 1s decreasing, the equipment is in the infant mortal-
ity phase, and a combination of corrective and emergency
maintenance strategies applies. If y = 1, A(f) is constant, the
equipment is in the maturity phase and a combination of
TPM policy with predictive maintenance strategy applies.
Finally, if A(7) is increasing, y >1 and a preventive mainte-
nance strategy combined with a predictive strategy should
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be chosen (Hashemian, 2011; Chakherloo et al., 2017).

Another function of interest in maintenance strategy
is the maintainability function M(¢), the probability that
a repair will be completed until time ¢#. Lognormal and
normal distributions fit well 77R when the same repair
strategy tackles the various failure mechanisms that affect
equipment. This is the case in our study. Otherwise, mix-
ture distributions may be used (Zaki et al., 2019). The
expected value for M(¢), the MTTR, is calculated analo-
gously to the MTBF. If no distribution fits, a reasonable
alternative is to use the 77R average value (Tsarouhas,
2018; Choudhary et al., 2019). MTBF and MTTR allow
calculating the long-run average availability AV, the aver-
age proportion of the period in which the item is avail-
able. Increasing AV requires increasing MTBF, decreasing
MTTR, or both. Equation (5) expresses AV under perfect
repair conditions (Rausand and Hoyland, 2004).

MTBF

AV =lim [ A()dr = —2TBE
MTBF + MTTR

t—>0 fJ0

®)

where A(?) is the probability that the item is functioning at
time ¢, also referred to as the point availability of the item.

3 Research

The research method adopted here is quantitative model-
ing combined with computer simulation. Modelling is the
use of mathematical techniques to describe the function-
ing of a production system or part of it. Computer simu-
lation is the use of computational techniques to simulate
the operation of a system according to a set of variables in
a given domain to investigate causal and quantitative rela-
tionships among variables (Jeang et al., 2019). The meth-
odology is:

1. retrieve failure and repair data (7BF and TTR) from
the maintenance management system of the company
during twelve months;

2. find distributions and parameters that better fit data
and calculate individual and systemic MTBF, MTTR,
and AV

3. choose the maintenance strategy for each machine; and

4. discuss implications and retrieve lessons from the
study.

The study considers only failures that provoked break-
downs, ruling out human failure, lack of scheduling, and
interruptions without loss of production such as utility
stoppage. Fig. 2 shows a block diagram of the studied

[ FI-FO-008 ]—[ MH-FO-001 H PE-FO-051 H PE-FO-OSZ]—[ PF-FO-OIG]

Fig. 2 Block diagram of the manufacturing line

manufacturing line.

The software package ProConf/ProSys (conceived for
single machines and systems analysis, respectively) sup-
ported the study, estimating parameters, confidence inter-
vals, expected values, and fitting functions. ProConf tests
the exponential, Weibull, gamma, lognormal, and nor-
mal models by maximum likelihood estimation (MLE),
verifying validities by the Chi-Square and Kolmogorov-
Smirnov (K-S) tests with a significance level greater than
5% (Villarreal et al., 2016; Gharahasanlou et al., 2017).
Minitab software provided the Anderson-Darling (AD)
test. ProSys provides systemic R(f) and generates random
life data according to the individual MLE.

The fitting process requires identifying the distribution
and parameters that are most likely to have produced the
data = (t,,...,t ). Goodness-of-fit tests determine if a distri-
bution fits or not data. The MLE finds the parameter vector
©® that most likely has generated the data. The MLE maxi-
mises the likelihood function L(,0)= H; f(t,0), that
is, the joint probability of the data, given by the product of
the probability density function evaluated at each 1= (z,,...
.t ). The exponential model requires a constant failure rate.
The normal and lognormal require the mean and standard
deviation or variance and the logarithm of the data, respec-
tively. The Weibull model requires shift, scale, and shape
factors. These distributions are sufficient for this study.

Usually, it is easier to maximize a log-likelihood func-
tion log L(2,0)= zi”:llogf (¢,,0) . Taking partial derivatives
OL(2,0)/06 of the log-likelihood function and equating
to zero produces a set of equations whose resolution yields
the maximum likelihood estimators for the parameters
(Usher and Hodgson, 1988). Leemis (1995, p.172—179) and
Rausand and Heyland (2004, p.587-590) provide a com-
prehensive explanation for MLE.

For the exponential, normal, and lognormal distribu-
tions, the procedure results in the well-known parameters
for mean and standard deviation. For the Weibull distri-
bution, the log-likelihood function requires an iterative
procedure to solve simultaneous Egs. (6) to (8) to find
0=,y 0]

oy
g=| Zunli=). ©)

n
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Maximising Eq. (9) by non-linear optimisation also
yields ©® = [z, y, 0].

logL(t,0) =nin(y)=nyIn(0)
#(r-1)3 log(ff—y)—Zfl(ti_Ttojy v

i=1

In the case of the exponential model, equating y = 1 in

Eq. (9) provides the well-known estimator MTBF = 1/4 for
the constant failure rate A.

4 Results

Table 1 shows respectively TBF and TTR (in hours) for
equipment, retrieved from the maintenance information
system of the company. Table 1 calculates 7, , 7 » and7, .
respectively the total time that the equipment operates, the
total time under repair, and their sum. Finally, the table
shows the availabilities calculated by the ratio 7 /T, .,
regardless of the distribution. The 7, , for PF-FO-052,
the fourth machine, is considerably lower than the other
total times. Approximately 85% of the orders require the
five machines, whereas 15% bypass the fourth machine.
Table 2 shows the parameters, most likely distributions,
and significance level provided by ProConf and Minitab.
The p-value was interpolated from reference bounding
values (Pettit, 1976).

Table 2 presents parameters of distributions (Weibull,
exponential or lognormal) and 95% confidence intervals,
the expected values, and availabilities calculated after the
models. Considering the exponential as a particular case
of the Weibull distribution, the findings are consistent
with Saari et al. (2019), who reported a case in the mining
industry in which the Weibull and lognormal are the most
likely distributions to fit respectively 7BF and TTR. In our
case, when the Weibull model fits, the availability did not
differ from the previous, simpler calculation. When the
exponential model fits, a small difference exists.

As the production line is a serial system, Eq. (10) pro-
vides the systemic reliability Rs(f) of the entire line:

Rs (1) :HR (1), (10)

where n = 4 for approximately 15% of the orders and n =5
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for approximately 85% of the orders.

An analytical expression for Rs(f) cannot always be
obtained, which requires graphical and numerical solu-
tions provided by ProSys. We begin with the orders that
require the five machines. Equation (11) calculates the sys-
temic MTBEF. Applying Eq. (11) from 0 to 200 hours, with
increments of 0.1 hours, provides an empirical formula-
tion for the systemic reliability function Rs(f), formed by
a set of 2,000 pairs [¢, Rs(2)]:

MTBF :limAHOZn:R(ti)At, (11)
i=l

where At = [t(iﬂ) —t] is a fixed step for each execution of

Eq. (1) and ¢, €0, 1, 2, ..., 200] hours.

A [0-200] hours interval ensures that R(f) ranges
between 1 and 0.000. When Ar = 10 hours (and conse-
quently n = 200/10 = 20), MTBF = 22.52 hours. When
At = 1 hour (n = 200), MTBF = 16.92 hours. When
At = 0.5 hour (n = 400), MTBF = 16.65 hours. When
At = 0.1 hour (n =2,000), MTBF = 16.44 hours, evidencing
that the MTBF converges to some point near 16.4 hours.

To verify the calculation of the MTBF, we used data pro-
vided by ProSys to find a suitable model with the support
of the CurveExpert® software. The best-fitting model is the
Bleasdale model Rs(f) = (a + b?)"*. Although a high correla-
tion (> 0.999), there is no physical meaning in the param-
eters. Despite providing an accurate data description, it is
not an external validation for the MTBF. Therefore, a neg-
ative exponential model, whose mean may inform the sys-
temic MTBF, is required. CurveExpert® found a reason-
able model (correlation > 0.97) with A = 0.06065, whose
MTBF = 1/0.06065 = 16.49 hours is consistent with the
previous estimation. Fig. 3 shows the simulated and the
modelled systemic reliability function. The thin line rep-
resents the data provided by ProSys whereas the thick
line represents the model adjusted by the CurveExpert®
software.

We proceed to the analysis of systemic availability. The
systemic availability AVs is the probability that all five
machines will be available upon request, i.e., the inter-
section of the five AVi. Therefore, AVs = I1AVi = 92.4%.
Ribeiro et al. (2019) reported a case in which the overall
Av of a serial production line of an auto parts manufacturer
ranged between 94% and 98%. Saari et al. (2019) reported
a study in which the Av of five individual balling drums
in the mining industry ranged between [92% and 96%].
As the five machines form a parallel array, the systemic
Av overcomes 99%. In our case, assuming a systemic
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Table 1 TBF and TTR (in hours) and availability of equipment

Failure FI-FO-008 MH-FO-001 PE-FO-051 PF-FO-052 PF-FO-016
number TBF TTR TBF TTR TBF TTR TBF TTR TBF TTR
1 0.98 0.82 1.288 2.7 8.7 2.12 45 6.9 0.7 0.12
2 147 0.4 2772 146 9 0.52 54 0.5 54 0.18
3 7.27 2.53 4.802 424 18 0.4 531 34 27.0 1.62
4 11.51 7.4 5.95 0.64 18 0.57 1,243 0.7 324 0.14
5 18 0.38 6.86 5.66 213 0.4 288 0.6 324 0.14
6 18 0.45 7.882 12.06 45 0.23 820 1.0 432 0.18
7 18 235 8372 2.46 54 112 81 6.0 432 0.14
8 27 1.38 11.34 1.54 54 0.35 460 3.1 54.0 0.22
9 27 1.55 12.6 174 72 0.88 75.6 0.38
10 90 1.48 12.6 1.7 198 0.38 113 1.36
11 108 0.98 12.6 136 441 0.15 113 0.30
12 126 0.78 16.52 1.16 1,206 0.92 146 0.26
13 153 112 25.2 276 2,079 278 257 0.28
14 198 113 25.2 116 254 0.30
15 792 238 378 3.1 297 13.5
16 4.02 2.13 378 0.7 54 0.38
17 407 0.77 50.4 2.16 54 0.60
18 438 1.68 50.4 146 27.0 0.18
19 9 178 63 0.7 324 0.40
20 18 2.75 63 136 324 17.4
21 18 53 63 22 432 2.62
2 18 1.82 75.6 4.94 75.6 0.54
23 27 0.88 75.6 3.36 75.6 0.90
24 27 0.85 75.6 23 113 1.24
25 45 0.55 100.8 1.9 113 0.70
26 54 4.03 100.8 0.8 140 3.60
27 81 0.68 100.8 174 146 544
28 108 0.48 113.4 1.26 227 0.08
29 153 113 113.4 496 254 8.40
30 351 0.42 126 436 297 1.4
31 9 133 138.6 5.06 1.9 15.6
32 27 0.57 138.6 2 16.2 5.04
33 27 0.53 138.6 2.46 432 1.44
34 36 0.53 138.6 1.74 135 2.56
35 36 0.75 151.2 5.96 151 312
36 90 227 151.2 136 184 10.0
37 144 0.45 163.8 2 202 6.64
38 387 1.63 176.4 2.4
39 675 0.53 541.8 174
40 90 0.43 768.6 1.64
41 54 1.32
T,T, 4,092 60.72 3.908 104.14 4224 10.82 3.522 22.08 3.904 117.4
» 4153 4012 4234 3.544 4022
Av= 98.5% 97.4% 99.7% 99.4% 97.1%

on” " total
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95% confidence

Expected value

Machine Data Model and p-value Parameters intervals (MTBF, MTTR) Availability
Weibull =0 0.50 <7< 0.82
FI-FO-008 TBE (2= 0.39, K-S =0.17, AD = 0.26) Z);(;fi 443<60<1203 MIBE=97.05
Lognormal ©=10.09 -0,13 <1 <0,32 B B o
TTR (x*=0.50, K-S = 0.19, AD = 0.28) ?=0.54 0.38 <5 <0.93 MTTR=1.44 Av=98.5%
MH-FO-001  TBF Weibull th (7)9 0.58 <7 <0.96 MTBF =972
e (7*=0.09, K-S = 0.16, AD = 0.25) 228‘4 i 542<60<129.4 or
Lognormal n=0.74 0.55<u<0.96 B B o
TTR (#*=0.27,K-S=0.22, AD = 0.27) = 0.40 0.26 <5< 0.68 MTTR =256 Av=974%
PE-FO-051  TBF Weibull t£<:) (5)0 0.28 <y <069 MTBF =322.8
o (*=0.13,K-S=0.12, AD = 0.15) r=o 327<0<553.8 B
0=158.6
Lognormal w=-0.52 -1.00 < <-0.03 B B o
TTR (2= 0.65, K-S = 0.26, AD = 0.21) > =0.64 0.36 <5< 1.90 MTTR=0.82 Av=997%
Exponential t,=0 B
PF-FO-052 TBF (7 = 034, K-8 - 0.23, AD = 0.13) 1= 0.0023 0.001 <1< 0.0041 MTBF = 440.3
Lognormal u=0.55 -0.26 <u<1.39 _ _ o
TR (*=0.19, K-S =0.21, AD = 0.10) 02 =100 0.20 <o <4.75 MTTR =291 Av=99.3%
Exponential t,=0
- - < =
PF-FO-016 TBF (= 012, K-S — 0,22, AD = 0.27) 1= 00095 0.0064 <1< 0.0125 MTBF =105.5
Lognormal 1=-0.09 -0.54<u<0.5 _ _ o
TR (*=0.11, K-S = 0.05, AD = 0.22) 0> =2.60 1.68 <5 <4.70 MTTR =359 Av=967%

Fig. 3 Simulated and modeled systemic reliability function

MTBF = 16.4 hours and Av = 92.4% implies an equivalent
overall MTTR = 1.34 hour.

A similar development is valid for orders that require four
machines (the fourth machine is deactivated). When Az= 10
hours (n = 20), MTBF = 23.46 hours. When Atz = 1 hour
(n=200), MTBF=17.88 hours. When At=0.5 hour (n=400),
MTBF = 17.61 hours. When At = 0.1 hour (n = 2,000),
MTBF = 17.4 hours. The sequence indicates that MTBF
converges to some point nearby 17.4 hours. CurveExpert®
also found a suitable model (correlation > 0.98) with
A =0.05812, whose MTBF = 1/0.05812 = 17.21 hours is
consistent with the previous estimation. Finally, systemic
Av =92.9%, which implies an MTTR = 1.33 hour.

i Unexpected breakdown stoppages influence order exe-
cution. As exponential models may fit both 7BF (five and
80% four machines), the expected number of interruptions
during an order follows a homogeneous Poisson process.
o The process intensity A = 1/MTBF and ¢ = lead time of the
40% - order. Equation (12) presents the model.
20% e[lg;jn;;ne).(lead —time jk
s _ PN(1)=k]= MIBE (12)
0 20 40 60 80 100 k!

where k=0, 1, 2, ..., n].

During this period, the manufacturing system executed
188 orders requiring five machines and 42 orders requir-
ing four machines. Applying Eq. (12) to each order and
selecting the most likely number of interruptions in the
order caused by machine breakdown produces Table 3.

5 Choice of maintenance intervention

The shape of A(f) indicates how an equipment age and can
help to choose the type of intervention in the equipment.
Preventive intervention, there is, unconditional replacement
of parts that still not failed after a calculated time interval,
is viable only in the wear-out phase when y > 1. This is
not the case in the current study. Nonetheless, in predictive
inspections, there are, inspections able to detect ongoing or
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imminent problems are due to useful life periods. Table 4
synthesises R(¢), the failure rate A(f) behaviour, the choices
for each machine, and the most likely time between inspec-
tions for a 90% safety, there is, a time ¢ so that R(¢) = 90%.
As each working shift lasts eight hours, the impact of sched-
uling inspections for the operation team is acceptable.

For a shape factor y < 1, the number of failures per unit
time decreases over time. Initial failures due to equipment
design or installation errors, or critical part manufacturing
failures, have not yet been corrected. Initial failures may
still be hidden and may manifest in the future. If initial
failures still exist, a good choice is corrective maintenance.
A good decision is to take advantage of a failure to identify
the root cause and remove it. Usually, such an investigation
requires time and machine availability for testing and even-
tual refurbishment. If there is no equipment redundancy or
production inventory, the alternative is to adopt an emer-
gency approach by immediately replacing parts with iden-
tical ones, starting a maintenance engineering process to
identify the most likely root cause, and remove it as soon
as possible. A reactive maintenance policy combines cor-
rective and emergency maintenance procedures and is
suitable for the first three machines. Alrabghi et al. (2017)
and Carnero and Goémez (2017) report applications of this
type of strategy.

The lack of a combined corrective and emergency main-
tenance policy entails risks. By replacing parts without cor-
recting the failure, the equipment may take a longer time to
overcome the infant mortality phase, as the failures persist
and repeat over time. As industrial equipment can quickly
become obsolete due to technological advances, it may

never leave the infant mortality phase. A preventive policy
will unconditionally replace critical parts. As emergency
actions have already replaced the weak parts (the parts that
do not resist the service), the parts to replace are the strong
parts (those that resist). If the incoming part is equal to or
stronger than the replaced part, there will be no gain or loss.
However, if the incoming part is weaker, failure will appear
where it previously was not, causing the equipment to retreat
into the life cycle, extending the infant mortality phase.

For a shape factor y = 1, the average number of fail-
ures per unit of time is constant and owing to random,
external causes. No more initial failures exist and there
are no wear-out failures yet. In this case, a good choice is
a predictive maintenance approach combined with TPM
principles-based shop floor management. The predictive
approach monitors critical points to alert incoming wear-
out processes, which will require changing the strategy.
Monitoring can be done by techniques such as vibration
measurement, measurement of electrical parameters in
motors and drives, ferrography, thermography, or peri-
odic inspections based on checklists (Hashemian, 2011;
Carnero, 2005). Additionally, adopting shop floor manage-
ment practices, such as TPM, can reduce random failures
originating from inefficiencies in the shop floor. This choice
is suitable for the last two machines. De Faria et al. (2015),
Kirubakaran and Ilangkumaran (2016), and Carnero and
Gomez (2017) report similar applications.

For constant failure rates, a preventive maintenance
approach may entail risk. If a non-perfect part replaces
a part that did not fail yet, new defects may appear and
the equipment may return to the early failure phase. A

Table 3 Distribution of breakdowns per order

Number of breakdowns per order
Machines

Frequency of orders free of =~ Mean number of breakdowns

0 1 2 3 4 5 6 stoppage per order
1,2,3,4,5 142 44 24 11 5 2 0 75.5% 0.69
1,2,3,5 30 6 6 0 0 0 0 71.4% 0.43
Table 4 R(?), failure rate behavior, and strategic choices for the machines
Machine R(t) failure rate behavior Type of intervention and time between inspections
FI-FO-008 R( t) _ ei[ﬁ] Decreasing Corrective maintenance
MH-FO-001 R (t) — e_(“ 8] Decreasing Corrective maintenance
{;T *
PE-FO-051 R(t) — o \Is86 Decreasing Corrective maintenance
PF-FO-052 R(t) =020 Constant Predictive maintenance and TPM - 48 hours (one inspection every six shifts)
PF-FO-016 R(t)=e" Constant Predictive maintenance and TPM - 12 hours (two inspections each three shifts)
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preventive maintenance procedure is more suitable to an
increasing failure rate (y > 1), which was not observed *
in the system. With an increasing failure rate, a critical
part that has not already failed will fail in an unknown
moment, which may jeopardize the dependability of the
manufacturing. Therefore, the lack of a preventive option 2

in the wear-out phase implies an increase in unplanned &
shutdowns and an additional difficulty to meet orders' 0 1000 2000 3000 4000 5000

due dates. To avoid unexpected stoppages, optimization

. . (a) First machine: EF persists due to replacements
models can help choose the best time for an uncondi-

tional exchange of fragile or critical parts. Such models o

are beyond the current scope of this paper as they do not
apply to the case. 151
An analysis of how to predict the beginning of the 10 -

forthcoming phase of the bathtub curve can also be help-

ful. Usually, practitioners use the information provided by

. . .. .. R O
the failure rate to propose actions aiming to anticipate the L . t ' -
0 1000 2000 3000 4000 5000

transition from infant mortality to useful life and postpone
from useful life to wear-out. Indeed, if exist, the transitions (b) second machine: EF ends around t =1,000 hours
can sometimes be predicted by plotting the accumulated

number of failures by time intervals. Fig. 4 (a)—(e) respec-

-

tively depicts the function for the five machines. The num-
bers on the abscissa axis correspond to the final instant of
the interval. In machines two and three, the early failures
(EF) phase has finished during the study. The time dura-
tion for the phase could be established in 1,000 hours circa

o 1000 2000 3000 4000 5000

for both machines. The first machine seems to persist in
EF whereas the fourth and fifth do not yet enter the wear- (c) third machine: EF ends around t =1,000 hours
out phase, which means that the useful life (UL) persists.

In the fifth machine, despite the residual oscillation, the 3 1

exponential model fits, indicating a constant failure rate.
Regarding the second and third machines, the mainte-

nance policy may be adapted to encompass the transition

1 w

from early failures to useful life. A corrective choice may

apply before = 1,000 hours when a combined TPM with

[} T ¢ T T T 1

predictive procedure should start. Under this combination, o 1000 2000 3000 4000 5000

a time interval for inspection applies. For the second and

third machines, the new failure rate and the time inter- (@) Fourth machine: UL persists

val between inspections are, respectively, 2 = 0.005 fail-

10
ure per hour and Az = 8 hours (one inspection per shift), . +

and A = 0.000615 failure per hour and Az = 64 hours (one '

inspection every eight shifts). The unexpected oscillation

in the failure rate of the first and fifth machines is owing ]

to inappropriate preventive, unconditional replacement of 211

strong parts, currently performed by maintenance staff. o . . . . .

o 1000 2000 3000 4000 3000

Finally, another method for revealing the incoming end

of the useful life requires physical measurement, as vibra- (¢) Fifth machine: UL persists despite replacements

tion, oscillation in electric current, and metallic parts in Fig. 4 Accumulated number of failures per time intervals
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the oil, usually embedded in an widely predictive strategy.
As belonging to the next stage of the decision-making pro-
cess, details of specific measurements are outside the cur-
rent scope.

Table 5 summarizes the relationship between the main-
tenance choices involved in this study and the failure rate
behavior. The table synthesizes the main practical impli-
cations of the study, which may serve as a guideline to
practitioners on maintenance management.

6 Conclusion

The purpose of this article was to choose a maintenance
strategy for the critical equipment of a forging produc-
tion line comprising five machines. Three out of the five
machines were in the infant mortality period and two were
in their useful lifetime. In the first case, the study indicates
that a corrective maintenance strategy is appropriate; in
the second, a predictive maintenance strategy is needed.
The company currently adopts a preventive maintenance
strategy combined with emergency maintenance, in which
the crew immediately responds to unexpected failures,
and periodically and unconditionally replaces critical
parts and subsystems. The consequence of uncondition-
ally replacing critical parts is the unexpected behaviour
of the failure rate function observed in two out of the five
machines, the first and the fifth.

It is important to note that the first three machines
were outdated models, with more than thirty years of use,
which had been adapted for the current application. The
three machines had not yet surpassed the infant mortality

period, confirming the inadequacy of the current preven-
tive maintenance strategy. Generally, every six months, the
maintenance crew replaces unconditionally critical com-
ponents, which prevents more robust parts from having
a longer life by reaching wear-out. Their replacement time
is underestimated, which explains the partial restarting
of the early failures phase observed in Fig. 4(a) and 4(e).
In short, four out of the five machines, indicate some form
of anomaly in the failure rate function due to inadequacy
in the maintenance strategy.

Similarly, in emergency maintenance, there is no study
to identify if failed components are undersized or if there
is another cause for failure. Identical parts replace faulty
ones, not eliminating failure modes and preventing equip-
ment evolution throughout the life cycle. After a break-
down, corrective maintenance must require an engineer-
ing study to certify if a design or assembly error or if
another root cause exists. Confirmed the error, the com-
ponent must be replaced by a stronger one or the assembly
must be amended, which is not done in the current case.
The same is true for the root cause of failure.

The last two machines are in the useful life period.
Both are updated models based on advanced technol-
ogy, and specifically designed for the service. The pre-
ventive maintenance strategy is also useless, as wear-out
failures still do not exist. The consequences are a partial
recurrence of early failures introduced by useless inter-
ventions and a constant failure rate still high for the fifth
machine, more required than the fourth. Applying a TPM
policy could lower the failure rate and reduce the expected

Table 5 Relationships between failure rate and maintenance choices in manufacturing

Policies and choices )
Decreasing

Failure rate

Constant Increasing

Reactive policies Emergency

Very useful, as it finds and

Corrective  removes the root causes of early

failures.

Useless, as the main issues are
Anticipatory policies Predictive early failures, not wear-out
failures.

Useless, as the main issues
do not arise from shop floor
TPM inefficiency but design,
installation, or manufacturing
failures in parts

Very harmful, as unconditional
Preventive replacement focus on parts that
did not fail, i.e., the strong parts

Necessary. Unless there is redundancy or sufficient inventory, whenever there is an unexpected failure,
an emergency strategy is required for the immediate repair of critical equipment.

Useless, as early failures are no longer expected

Very useful, as it can alert on the ~ Useful, as it can help to define the
beginning of the wear-out process  time for exchanging critical parts

Very useful, as it prevents random
failures and consequently reduces
the constant failure rate by
organizing the shop floor

Useless, as the main issues are
due to internal wear-out, not from
the inefficiency of the shop floor.

Very useful, as it anticipates

Harmful, as unconditional the replacement of parts that
replacement focus on parts that did ~ will fail, preventing unexpected
not enter the wear-out phase yet stoppage and ensuring

dependability.




number of breakdowns during orders. A predictive main-
tenance strategy should regularly assess the current oper-
ational condition, generating data that will be helpful to
define the time to replace critical components. Currently,
replacement occurs unconditionally every six months.

In short, selecting an appropriate maintenance strategy
is a complex process that should rely on failure data to
capture changes in machine operating conditions.

Further research should overcome current limitations.
First, it would be important to employ advanced models,
such as the g-Weibull, the Gumpel, or the extreme-value
model. Although these would require more effort, they
might provide different perspectives supporting the for-
mulation of maintenance strategy. Second, the scarcity of
data is a recurrent problem when dealing with life-long
products or high MTBF equipment. Recent references
(Zhang et al., 2019; Leoni et al., 2021, Yousif et al., 2020)
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