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ABSTRACT

To reach a Net Zero Emission scenario, on 1st January 2022 the European Union (EU) declared nuclear and gas as transitional activities under strict safety conditions.
A central challenge is that many nuclear reactors in operation are close to or have reached their design life, so that, it is required to demonstrate the influence of
equipment ageing on plant reliability will be kept under control in the plan extended lifetime. In this work a three-step methodology is proposed to obtain the time
instants at which the failure rate behaviour changes (break points) and the most appropriate age-dependant reliability model to explicitly include the effects of ageing
and maintenance. The methodology requires the reliability parameters estimation at each phase of the plant equipment lifetime, what is carried out by using the
available Nuclear Power Plant (NPP) historical data, which is quite scarce. The methodology is applied to a motor operated valve of a NPP safety system. The results
demonstrate the capability of the approach proposed to estimate and predict the component reliability in the plant extended lifetime depending on the maintenance
policy implemented, being necessary to estimate an accurate age-dependant reliability model to support the decision-making process on equipment ageing

management.

1. Introduction

On 1st January 2022, European Union (EU) declared nuclear and gas
as transitional activities under strict conditions in order to achieve a Net
Zero Emission scenario. These stringent conditions for nuclear energy
imply that it has to fulfil with the highest standards of nuclear reliability
and safety and also with the environmental safety requirements [1].

According to the IAEA’s data, in the EU countries there are 104
nuclear reactors in operation, providing a total gross capacity of 149.53
GW(e). Most of the nuclear reactors in operation nowadays in EU, 95 out
of 104, are Pressurized Light Water Reactor (PWR), which is the most
widespread design around the world, is a robust and reliable technology
which design follows the nuclear safety highest standards. However, as
nuclear energy is present in Europe from the 1960, some of the plants are
near of have already reach their lifetime. Thus, Fig. 1, shows the number
of operational reactors in the EU by age, and it can be observed that most
of them have been in operation 30 years or even more [2]. More spe-
cifically, 68.27% of the reactors are operating for more than 30 years,
and 30.8% are in of the reactors are over 40 years old, what means that
they have been approved an extended life to operate the plant beyond its
design life, so they are in the Long-Term Operation (LTO).

Although, the operating performance of reactors between 30 and 40
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years old is kept in an adequate level [3], the effect of ageing could affect
the plant safety standards, as both may affect the plant risk level. So, it is
necessary to re-evaluate the plant safety studies considering ageing ef-
fect in order to assure that the current operational reactors accomplish
with all the nuclear safety requirements. That is, the plant risk level has
to be re-evaluated to assure that is high enough to assure a safe plant
operation.

In this context, the general objective of this paper is to develop a
methodology that makes use of the available Nuclear Power Plants
(NPP) historical data for the determination of the most appropriate age-
dependant reliability model and parameters for each phase of the
equipment lifetime considering ageing and imperfect maintenance. In
particular this methodology provides (1) the determination of the time
instants at which the component failure rate behaviour changes (break
points), (2) the reliability parameters estimation at each phase of the
plant equipment lifetime and (3) the possibility of forecast the compo-
nent failure rate behaviour beyond the plant design life. So, the meth-
odology developed can help in the diagnosis and prognosis of the ageing
and maintenance effectiveness effect on the NPP active component’s
reliability. Thus, the novelty of this paper is the simultaneous estimation
of the reliability model parameters considering the effect of imperfect
maintenance, and the time at which the component reliability behaviour
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changes along its lifetime.

The paper is structured as follows. Section 2 makes an overview of
the context of physical ageing management and reliability modelling
and application. Section 3 introduces the material and methods, i.e. the
fundamentals and models considered, the MLE technique and the esti-
mation procedure. Section 4 presents the case of application of the
methodology facing the estimation of the reliability parameters of a
safety related component of a NPP. In Section 5 the results obtained in
the application case are presented. Finally, section 6 exposes the
concluding remarks of the study.

2. Ageing management context

Periodic Safety Reviews (PSR) are carried out at NPP with an aim at
demonstrating that asset management programs are effective in con-
trolling equipment ageing, in particular, of those Structures, Systems
and Components (SSCs) critical for reactor safety [4]. This is of major
interest as some SSCs may have entered a period of significant wear-out
when they are close to or already within the long-term operation period.
In addition, it is important to make an in-depth analysis of the evolution
of wear-out and the role that equipment technical obsolescence can have
on critical SSCs ageing, in order to assess their impact on operational
safety. In this way it is possible to predict SSCs reliability behaviour and
plan all the necessary maintenance activities to ensure that operational
safety is kept under control in the long-term operation.

NPP safety assessment makes use of the Probabilistic Safety Analysis
(PSA) which is periodically improved by updating equipment reliability
models and data. In fact, such update consists of a new estimation of a
constant failure rate based on the available failure data in the review
period. This type of living PSA may not be sufficient to develop the
safety review in an LTO context, as the assumption of a constant failure
rate of safety equipment may not hold true, as equipment ageing or
major degradation could start at some point in the LTO or even earlier.
So, an advanced PSA is necessary to incorporate equipment reliability
models, capable of forecasting the reliability evolution by explicitly
considering ageing of components and testing and maintenance policies
to be applied throughout the plant extended operating life. In addition,
it is necessary to adapt the current parameter estimation methods to
make them consistent with the proposed new models based on the his-
torical failure and maintenance data available in the plant.
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In this context, since ageing of components may not always start at
its installation date, it is more convenient to estimate the parameters of
age-dependant reliability models, subjected to imperfect maintenance,
by considering a threshold for the starting point of equipment ageing. An
age-dependant reliability model consists of a baseline reliability model
that follows a certain probability distribution such as Weibull, expo-
nential, linear, etc., which, in addition, integrates an imperfect main-
tenance model to account for the effects of maintenance effectiveness
which should consider also ageing and obsolescence.

In the literature, there are many works that propose equipment
reliability models that consider not only the baseline reliability model,
but also the effect of ageing and maintenance and testing activities in an
explicit way [5-9]. In addition, some of them consider several failures
modes, being the most typical ones the by demand-caused failures and
the standby-related failures [10-12]. In particular, in Ref. [10], an
optimization of test and maintenance activities of a multi-component
system with individually repairable components is performed consid-
ering two different failure modes. In Ref. [11] a Markov model is used to
optimize a maintenance policy for components subjected to mutually
dependant competing failure modes, in which equipment degradation is
considered.

The most common models used to consider equipment ageing and
maintenance effect into reliability models are the imperfect mainte-
nance models, which consider age reduction according to the mainte-
nance effectiveness which ranges between 0 and 1. Two models, i.e.
Proportional Age Reduction (PAR) and Proportional Age Setback, are
proposed in Ref. [13] as an intermediate situation between two extreme
cases, the Good as New (GAN) model, in which the age of the equipment
after each maintenance is restored to the initial time, and the Bad as Old
(BAO) model, which assumes that the maintenance action has no effect
on the age of the equipment.

Different approaches are proposed in the literature for estimating
equipment reliability model parameters [14-19]. Some of them use a
Bayesian approach to combine a generic probability density function
with plant specific failure data [18,19]. Other studies obtain estimations
of maintenance effectiveness and the most appropriate imperfect
maintenance model using historical failure and maintenance data using
maximum likelihood estimation (MLE) [14,15]. In Ref. [14], two types
of failure modes are considered in the estimation process, failure by
demand-caused failure, associated with a demand failure probability,
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Fig. 1. Number of operational reactors by age in the EU (elaborated with data from PRIS [2]).
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and standby-related failure, associated with a standby hazard function,
and using a MLE approach the reliability model for both failure modes is
estimated for safety components exposed to degradation by demand
stress and ageing that undergo imperfect maintenance.

Others, for example, select the imperfect maintenance model (e.g.
PAS or PAR) before estimating the parameters [15]. However, assuming
a priori the maintenance model (BAO, GAN, PAS, PAR, etc.) before the
estimation of the model parameters is not always necessary nor conve-
nient for the decision-making process. An alternative option is to
consider not only the baseline reliability model but also the imperfect
maintenance model as part of the estimation process, what has been
assumed in the present work.

A major problem in the customization the age-dependant reliability
models used in risk-based decision-making application is the lack of or
the little failure data available, due to the high equipment reliability and
availability to guarantee the safety margins, together with the
complexity of such models. Thus, age-dependant reliability models are
composed of a large number of parameters related to reliability model
(e.g. standby failure rate, per demand failure probability, e.g.) and
imperfect maintenance model, (e.g. ageing rate, maintenance effec-
tiveness, etc.). In some works machine learning approaches are used to
assess the system’s reliability, availability or remaining useful life in
order to manage the number of variables in these models and to forecast
the reliability evolution [20,21].

In addition, safety equipment at nuclear power plants has different
failure patterns depending on the type of equipment. For example, in
Ref. [22,23] six failure patterns of equipment reliability are identified,
which can be characterized by considering the general behaviour of the
bathtub curve for the h(t) (see Fig. 2, Pattern A), which represents the
failure rate throughout the equipment useful life showing three phases:
decreasing failure rate associated to infant failures, a constant failure
rate associated to random failures and an increasing failure rate asso-
ciated to ageing and degradation failures. Normally, this curve is asso-
ciated with the Weibull distribution [24]. Weibull distribution can be
approximated to a linear distribution to simplify the models when
ageing grows slowly [24]. In the literature different approaches, ex-
tensions, and modifications of the Weibull distribution have been
developed [25-28]. To reference a few works, in [25] and [26] use an
additive Chen-Weibull distributions. Ref. [27] proposed an additive
Weibull distribution by combining two Weibull distributions with cu-
mulative distribution function. Ref. [28] a complete Bayesian analysis of
new model named flexible additive Chen—-Gompertz distribution. for
censored and non-censored datasets and provide the Bayes estimators of
the model parameters.

Fig. 2, Pattern B represents an equipment with no infant failures,
with constant failure rate during most of its lifetime and with ageing-
related failures departing from an onset threshold. This is the sort of
equipment of interest in this paper. In addition, only the equipment
failure mode associated with standby-related failures will be considered
from now on.

Pattemn A: Bath curve

h(t)

t L t
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Therefore, the challenge is twofold, the scarce failure data available
must be used not only to estimate the large number of parameters
together with the most appropriates baseline reliability and imperfect
maintenance models for the particular phase, but also to determine the
break points of the different phases in the behaviour of the particular
equipment, i.e. the point at which the ageing period starts with an
increasing trend of its standby-related failure rate.

3. Material and methods
3.1. Age-dependant reliability models

The Weibull distribution allows to model different patterns, for
example, those shown in Fig. 2. In this figure, time t; and t; are the
points at which there is a change of trend in the failure rate is observed.
t; is the time at which the component changes from infant failure to
random failure phase. In the random failure phase and up to ty the
failure rate remains constant, normally modelled with an exponential
failure distribution. From tp onwards, the failure rate is increasing and
failures due to degradation or ageing begin. This last phase is usually
modelled with a Weibull distribution.

In these types of studies is difficult to determine the start and end
times of each phase. Sometimes, particularizations of the Weibull dis-
tribution are used, for example, Weibull can be approximated to a linear
distribution, simplifying the mathematical model.

3.2. Baseline reliability model

In this work the Weibull distribution is considered to model the
component reliability, as it is the most general one and, for this case of
study, the most suitable one to determine the break points, that is the
time at which the component reliability behaviour changes, and to
implement the maintainability model, to explicitly consider age and
imperfect maintenance. The functions that characterize the Weibull
distribution and the relationships between them are the probability
density function, the hazard function and the cumulative hazard func-
tion of the Weibull distribution given by Eqs. (1-3) respectively:

B N

1 =" exp<f () ) &)
f1

o =2 @

aw = (1) ®
n

where # > 0 and > 0, are the shape parameter and scale parameter,
respectively.

If the shape parameter of the Weibull distribution is equal to one, the
failure rate is reduced to h(t) = 1/5 i.e. constant, therefore Weibull

A Pattern B: Wear-out

Fig. 2. Failure pattern of equipment (adapted from [24]).
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distribution is simplified to an exponential distribution. If shape
parameter is equal to 2, failure rate is equal to h(t) = 2t /#?, being a
linear positive function depending of chronological time, t. If the density
probability function shape parameters take values equal to 1 or 2, it is
ensured that the distribution obtained is exponential and linear,
respectively.

3.3. Imperfect maintenance model

As mentioned above, the effect of maintenance on the component
age will be considered using imperfect maintenance models. The Pro-
portional Age Reduction (PAR) and Proportional Age Set-back (PAS)
models are considered as they represent more adequately than the
traditional Bad As Old (BAO) and Good As New (GAN) models, the in-
fluence that maintenance has on the equipments ageing.

PAR Model [13] models the reduction in the increase in the age
acquired since the last maintenance, based on the expression:

W:r;—l =1 — €Ty (4)
Whereas PAS model [13] models the total reduction in the age of the

component by the following expression:

m—2

wi =t=Y (1—€)" €ty 5)

k=0

Where w;l is the age after (m-1)-maintenance, t is the chronological
time, 7; is the time which m-1 maintenance is performed and ¢ is the
effectiveness of preventive maintenance that is ranged between 0 and 1
and it is considered as a constant.

Substituting time for age in the expressions of failure cumulative
failure rate, Eqs. (2) and (3), age-dependant reliability models are ob-
tained which models include the effect of maintenance particularized for
Weibull distribution, following expressions are obtained.

Weibull-PAR model

s

_ p-1
h(t) = %(t —etu1) +ho (6)
1
H,(t) = %(t — et 1)) 4 Aot — €7, 1) )
Weibull-PAS model
B m=2 A=l
hm(t) _7]ﬁ<t2(1 78),( ngl) +AU (8)
k=0

m—2 4 m—2
H, (1) —ni/}<l‘— Z(l —g)k e 7,',,1|> + Ao <t— Z(l —g)k € Tml) (©)]

k=0 =0

-

being 1o the residual failure rate.
Egs. (6) to (9) can be simplified to a linear distribution considering
shape parameter equal to 2, obtaining the following expressions:
Linear-PAR model

h(t) = alt — et,1) + 2o (10)
a 2
H,(t) = E(I —€Ty) + Ao(t—€Tpy) (1D
Linear-PAS model
m—2
(1) = a<t— dl-efe rn,“) + 4o 12)
k=0
a m=2 2 m=2
Hyt)=5[t=> (1-e) et | +ao|t=> (1—8) et
2 k=0 k=0
13)
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being « the linear ageing rate.

3.4. Maximum likelihood estimation (MLE)

The simultaneous estimation of the parameters of the imperfect
maintenance models, considering ageing and imperfect maintenance
effect, is performed by the MLE. For a given model and a set of observed
data, the likelihood function, L, is defined as the product of occurrence
probabilities, p;, of the observed events, as a function of the vector of
model parameters, &.

L(&|lmodel, sample) = Hp,» 14)
event

This expression can be applied to reliability models with imperfect
maintenance by relating density functions with failure probabilities and
considering reliability functions to model probabilities after each
maintenance activity. Since the failures observed in each component are
dependant events, the density function to be used should be conditioned
to the interval in which each event is observed. Thus, the failure rate is
obtained and the general expression of the likelihood function in reli-
ability models is given by

L(&é|model, sample) = Hh(t) X H exp(—H(1)) (15)

Jailure maintenance

where the expressions corresponding to h(t) y H(t) are obtained using
Egs. (6) to (13).

MLE provides estimators of the parameters included in the reliability
models for repairable equipment with imperfect maintenance. The
maximum likelihood estimates of these parameters are the values that
maximize the likelihood function, i.e., maximize the probability of
occurrence of the observed events.

Let 1y, the number of failures observed in component p, during
maintenance interval m, failures occurring at times t, m,, tym,, ..., and let
p,m the instant at which maintenance m is performed on component p.
The likelihood function for P identical components of a repairable
equipment under imperfect preventive maintenance is be given by

L) = H{ 11 {Hh <>p( =Y Hylen) ~ Hie (r;))} }

p=1  m=1 m=

(16

where £ is the array of unknown parameters, and therefore the objective
of the estimation process, which in the case of a Weibull distribution will
be given by (B,n,€), the shape and scale parameters of the Weibull failure
distribution and the maintenance effectiveness, respectively. If a linear
model is considered the array of the parameters is simplified to (o, €),
being o the linear ageing rate. For each component p, M), is the number
of maintenance activities performed during the observation period z;,
being hy, (1), Hym(t) y Hpm(7) the induced failure rate and the cumu-
lative failure rate in period m, respectively, and Hy,1(z;) the cumula-

tive failure rate in the censoring time z;.

Since the natural logarithm is a monotonically increasing function,
the likelihood function and its logarithm will reach the maximum at the
same values of the parameters, so the function usually used in this
context is the logarithm of the likelihood function. By taking logarithms
in the Eq. (16) the expression of the logarithm of the likelihood function

for repairable equipment under imperfect maintenance is given by

P Myt tpm M,
IOgL(é) = Z{ Z Z 10g (hp,m (tp.m.j)) - Zflpm (Tp.m) - HM,,+1 (T;) }
Jj=1 m=1

p=1 m=1

a7

MLE method also provides information about the estimated param-
eter variability using the Fisher information matrix, which is defined as
the opposite of the matrix of second partial derivatives, so, for each
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model considered, the variance-covariance matrix as the inverse of the
Fisher information matrix is obtained. The Akaike Information Criterion
(AIC) or Bayesian Information Criterion (BIC) are considered to select
best estimation models. Ref. [29,30], propose the following models

AIC = —2log(L) + 2k (18)
BIC = —2log(L) + klog(n) 19)

where L is value of the likelihood function, k represents the number of
estimated parameters and n the sample size used for the estimation. A
more detailed description of AIC and BIC can be found in Ref. [31].

3.5. Estimation procedure

The methodology proposed for estimating the parameters of the
models are based on a 3-step approach, which is represented in Fig. 3. As
shown in this figure, the reliability and maintenance parameters esti-
mation in the ageing phase requires a previous determination of the time
instants where the random failure phase, t;, and the ageing phase, ts,
start, as well as the estimation of the residual failure rate in the random
failure period. The methodology is described in detail below considering
an equipment that follows Pattern B in Fig. 2, with no infant failures,
assuming constant failure rate during most of its lifetime and with
ageing-related failures departing from an onset threshold, which is the
sort of equipment of interest in this paper.

Step 1. Estimation of t; and tp

Based on the proposals made in studies in the literature [22,32], this
stage consists of identifying the time instants, i.e. t; and ty, in which a
change in the behaviour of h(t) occurs, in order to estimate the interval
of different phases (infant failures, random failures and ageing) of the
failure rate.

The identification t; and ty has been performed using the cumulative
hazard function by the Nelson-Aalen estimator.

Let X1,X>, .., X, the order statistics associated to Ty, T, ...Ty, then the
empirical hazard function is [32]:

A= (20)

gon—i +1

Once the failure rate is estimated, the instants of trend change are

Determination of interval
t;and t,

Estimate the residual failure rate
(Ro)
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estimated using joint point regression [33]. This model is a piecewise
linear regression model that characterizes the trend behaviour of data by
identifying the significant points where changes occur. This is carried
out by detecting the points and their locations in the data range.

Step 2. Estimation of the residual failure rate (4¢)

In this step the residual failure rate (19) corresponding to the expo-
nential distribution of random failures is determined. Thus, once t, has
been determined, the random failure phase ends, and A is estimated as
the inverse of t,. At this phase it is important to note that the estimated
value of A is calculated by considering implicitly both, linear ageing
rate (a) of the equipment and maintenance effectiveness (e).

Step 3. Estimation of the Weibull/lineal parameters in the wear-out
period considering the residual failure rate and a PAS/PAR imperfect
maintenance model.

Once the starting time of the ageing phase, to, and the residual failure
rate, Ao, have been identified in steps 1 and 2, the reliability and
maintenance parameters corresponding to the ageing period are esti-
mated. One aspect that differentiates the parameter estimation process
in the ageing phase, with respect to the phase of random failures, is that
in this phase it is absolutely necessary to consider explicitly the effect of
both ageing (a) and imperfect preventive maintenance (e and PAS/PAR
model).

From the estimates obtained in the previous step and the failure rate
and cumulative failure rate equations Eqgs. (6) to (13) corresponding to
the PAR and PAS models considering a Weibull and lineal distribution
and the logarithm of the likelihood function (Eq. (17)), the parameters
of the failure distribution (maintenance effectiveness and the imperfect
maintenance model and its parameters) are estimated.

In the estimation process, the variance-covariance matrix corre-
sponding to the estimated parameters is obtained. This matrix allows the
construction of confidence intervals that will allow us to analyse
whether there are significant differences between the parameters of each
model. The selection of the final model amongst the different reliability
models, e.g., linear and Weibull, and maintenance models, PAR and
PAS, proposed is made from the Akaike Information Criterion (AIC) or
Bayesian Information Criterion (BIC) defined in Eqs. (18) and (19).

h(t) B<1 B=1 B>1

/

L.

ty t ot
Maintenance implicity

Estimate the Weibull or lineal

parameters in the wear-out period
considering the residual failure rate.

h (t) B<1 B=1 B>1

>
>

ty t; t
Maintenance explicity

Fig. 3. Methodology proposed for estimating the parameters of the failure distribution.



1. Martén et al.
4. Case study
4.1. Problem description

The study is focused on one type of safety equipment in a nuclear
power plant. Specifically, the type of equipment analysed is a motor-
operated safety valve. Historical failure and corrective and preventive
maintenance data has been collected from the nuclear power plant for
eight identical motor-operated safety valves. The dataset contains all
failures and preventive maintenance activities recorded during an
observation period of 17 years.

After studying the failure history data, only those failures related to
the failure mode of the equipment on standby were selected. A total of
56 standby-related failures were selected over the period analysed, with
a total of 138 maintenance activities having been carried out regularly
on the equipment considered in the same period. Fig. 4 is a graphical
representation of the failure times in the period considered, which al-
lows an approximate visualization of the periods corresponding to the
stages of infantile failures (up to t;), random failures (from t; to t3) and
ageing (after ty). Thus, a considerable accumulation of failures is
observed at the beginning of the observation time, then the failures start
to space out and become apparently evenly distributed, and finally, a
period is observed in which failures start to appear more frequently
towards the end of the observation time. However, it is not straight-
forward to precisely determine the times t; and ty in this way.

The following subsections follow the methodology proposed in the
second section to determine precisely both the breakpoints of the
different intervals and the best possible estimate of the age-dependant
reliability model for the type of moto-operated safety valve, differenti-
ating between the period of random failures and the period where the
effect of ageing and maintenance must be explicitly considered. These
reliability models will correspond to the standby-related failures of the
equipment.

4.2. Determination of the t; and t; breakpoints

Firstly, the estimation of t; and t; is obtained using the approach
described in the step 1 of the methodology. Fig. 5 shows a graphical
representation of the cumulative mean function plot (red dots) using the
Nelson-Allen method. From this distribution, it is possible to determine
t; and t; using a segmented regression method, which is also represented
in this Fig. 5, where it can be observed that the t; and tp breakpoints
corresponds to 458 days (1.25 years) and 5051 days (13.83 years)
respectively.

4.3. Determination of the Ay parameter of the exponential distribution of
random failures

Next, the residual failure rate of the standby-related failures corre-
sponding to the random distribution of failures in the period [tj, to] is
estimated according to the step 2 of the methodology. The most
important assumptions are the following. Only the failures included in
this period [t;, to] are considered, there is no an explicit ageing effect so,
there is no sense to account for imperfect maintenance models. There-
fore, only the baseline reliability function is considered in this period
assuming an exponential distribution of failures. The estimated value for

4

Reliability Engineering and System Safety 233 (2023) 109121

the residual failure rate of the standby-related failures, Ao, has been
1.98E-04 days~! (8.25E-06 hr1).

4.4. Determination of age-dependant reliability distribution for the wear-
out period

The next step is the estimation of the parameters of the age-
dependant model of standby-related failures in the ageing phase
following step 3 of the methodology and using the results obtained in the
previous sections (see Fig. 3). The most important assumptions are the
following. Only the failures included in the wear-out period are
considered, i.e. [tp, oo[. In this phase, the effect of ageing and mainte-
nance activities are explicitly considered in the baseline reliability and
imperfect maintenance models. Thus, in this step, the most appropriate
models (PAR or PAS, and Weibull or Linear failure distribution) and
corresponding parameters (ageing, scale and shape factors, maintenance
effectiveness, ...) must be estimated. In this process, the value t, and the
estimated residual failure rate, Ao, of the random failure period are
considered.

Table (1) shows the estimated values of the different parameters. As
can be observed, all the results obtained are quite similar but, taking into
account that the number of parameters in each model is different, it is
more appropriate to use the AIC for model selection. Thus, the best
estimation result obtained considering AIC criterion corresponds to the
Weibull-PAS and Weibull-PAR models with maintenance effectiveness
equal to 1. Then, there is no difference between the parameter estima-
tion results of the reference Weibull reliability model with the imperfect
maintenance models PAS and PAR, which is justified because both
imperfect maintenance models provide the same results when the
maintenance effectiveness is equal to 1.

Therefore, it is not necessary to assume a priori an imperfect main-
tenance model PAS or PAR because the proposed procedure in step 3
allows to find the most appropriated model together with the estimation
of the parameters based on the AIC criterion. In this case, the a priori
selection of the imperfect maintenance model would not have any in-
fluence on the result of the best estimate of step 3. However, this
conclusion cannot be generalized, as when the maintenance effective-
ness is less than 1, the consideration of different models does not provide
the same results.

Table (1) also shows the confidence intervals (CI) of the parameter
estimates. In particular, the CI for maintenance effectiveness ranges in
the interval [0.90, 1]. For this reason, it has been considered interesting
to carry out a sensitivity study on the incidence of selecting a PAR or PAS
model in the parameter estimation when the effectiveness value is less
than 1. For this purpose, the MLE method in step 3 of the methodology
has been applied assuming a maintenance effectiveness equal to 0.9 and
that imperfect maintenance follows a PAR and PAS type model respec-
tively. Thus, the base reliability model and the associated parameters
that best fit the available data have been re-estimated. The results are
shown in Table (2), where it can be observed that the best estimation
based on the AIC criterion corresponds to the Weibull-PAS model with
maintenance effectiveness equal to 0.9. This result confirms that it not
necessary to assume a priori an imperfect maintenance model, moreover
it reveals that it is not convenient as it may lead to estimate an age-
dependant reliability model that does not fit the historical data.

Fig. 6 presents the evolution of the time-dependant evolution of the

OGN e o ¢ o —@ o @
0 1000 2000

3000

4000 5000 6000
days

Fig. 4. Failure distribution over the observation period (time in days).
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Table (1)
Results of the age-dependant standby-related failure rate for the wear-out period.
Reliability model o CI (o) B 95% CI(m) IM model e 95% AIC
(* E-06) e8] Cl (e)
Lineal 1.68 E-06 [1.65, 1.71] PAR 1 [0.90, 1] 100.62
Lineal 1.68 E-06 [1.65, 1.71] PAS 1 [0.90, 1] 100.62
Weibull 4.47 [4.21, 4.73] 806.75 [781.91, 831.59] PAR 1 [0.90, 1] 98.89
Weibull 4.47 [4.21, 4.73] 806.75 [781.91, 831.59] PAS 1 [0.90, 1] 98.89
Table (2)
Estimation of the parameters of the reliability models considered € equal to 0.90.
Reliability [ 95% i 95% n 95% IM model € AIC
model CI (o) CI(B) CI(n)
(* E-06)
Lineal 1.55 E-06 [1.52, 1.58] PAR 0.9 101.64
Lineal 1.59 E-06 [1.56, 1.62] PAS 0.9 101.28
Weibull 4.62 [4.30, 4.94] 825.14 [807.37, 842.91] PAR 0.9 100.22
Weibull 4.60 [4.32, 4.88] 822.51 [802.21, 842.81] PAS 0.9 99.85

standby-related failure rate for a motor-operated valve considering a
Weibull reliability model for different imperfect maintenance
considerations.

As shown in this figure, diagnosis phase comprises the time from the
component installation to tg = 17 years (7200 days) and the prognosis
phase considers the period from t3 to beyond. And, it can be observed
that the behaviour of the standby-related failure rate is different only for
the wear-out period depending on the imperfect maintenance model
selected. Thus, the red curve corresponds to a Weibull reliability model
with imperfect maintenance PAR/PAS and maintenance effectiveness
equal to one, PAS/PAR (1). The second and third cases correspond to a
Weibull reliability model with PAR and PAS imperfect maintenance
model, respectively, and maintenance effectiveness equal to 0.9 for both
(grey curve for PAR(0.9) and blue curve for PAS(0.9)).

From the analysis of Fig. 6 different conclusions can be drawn. In the
wear-out period [13.83, 17] years, where the three models have been

estimated, there is not much difference in the behaviour of the three
curves, although the PAR(0.9) model predicts the highest A(t) results. In
the prognosis phase, if one wants to analyse the failure rate up to the end
of the plant design life, t4 = 40 years, what corresponds to the period
[17, 40] years, the PAS/PAR(1) and PAS(0.9) models show very similar
predictions, however, the PAR(0.9) model predicts a very large increase
in A(t). In conclusion, it appears that PAS/PAR(1), provides a better
prediction of A(t) behaviour. A priori PAR(0.9) could have been
considered a good estimate in the diagnosis period, but this leads, in the
prognosis period, to a A(t) behaviour very far from PAS/PAR(1), which is
the best estimate found (see Table 2).

5. Concluding remarks

In order to help in achieving Net Zero Emission scenario, EU has
declared nuclear energy as transitional activity under strict safety
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Fig. 6. Time-dependant evolution of the standby-related failure rate of the motor-operated valve under several behaviours.

conditions. Most of nuclear reactors in operation in EU are close to or
have reached 30 or 40 years, what is their design life, so the effect of
ageing influence on equipment reliability has to be assessed to guarantee
the plant safety standards.

In the paper a 3-step approach methodology, based on MLE, to es-
timate the reliability parameters and maintenance models is proposed.
The first step of the methodology consists of determining the time at
which failure rate behaviour changes, and then the estimation of the
failure rate is undertaken. This methodology also provides the best
maintenance model to simulate the component behaviour.

This methodology has been applied to a motor operated valve, which
is a NPP safety system equipment. The application case has demon-
strated the capability of the approach proposed, no matter the scarce
failure data available, in particular, in the wear-out phase of the
equipment lifetime. Moreover, the methodology can cope with the
complexity and large number of parameters to be estimated in an inte-
grated way, and with the selection of the most appropriated baseline
reliability and imperfect maintenance model.

Once the model and parameters are estimated, based on the available
historical data, it is possible to perform a prognosis of the failure rate
behaviour to be used in the life extension decision making process. The
results demonstrate that maintenance is very effective (¢ = 1) and
perfectly controls the failure rate degradation. This conclusion should be
confirmed in the future with greater operational experience plant, for
example 30 to 40 years beyond its design life, by repeating the current
procedure for the wear-out stage. Furthermore, physical and non-
physical ageing problems may arise, leading to a reduction in mainte-
nance effectiveness and possible acceleration of equipment degradation,
which should be reflected in the re-estimation of the models and data
proposed. Therefore, it is highly recommended to carry out this study
periodically, in particular, for the wear-out period.

Finally, the case study has shown that, not only is it not necessary to
assume a priori an imperfect maintenance model, PAS or PAR, but it is
also not desirable, as it may lead to an inaccurate estimation of age-
dependant reliability model, unable to provide an adequate prognosis
of the motor-operated valve failure rate evolution to support accurate
and plant-specific decision-making process in the context of long-term
operation, even beyond the design life.

Thus, the methodology presented may be used by NPPs operators
and regulatory bodies in order to assist in the operation safety factors
self-assessment, to analyse aspects such as ageing and obsolescence, re-
planning the maintenance plans and surveillance requirements, and in

the risk impact evaluation.
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