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Abstract

The main goal of this paper is to investigate, in the field of maintenance optimization, the performances of a new gamma
process with random effect and bathtub-shaped degradation rate function. Maintenance costs are determined by applying an
adaptive hybrid age-/condition-based policy recently proposed in the literature, which consists in measuring the degradation
level of the unit at a first (age-based) inspection time and using a condition-based rule to decide whether to immediately
replace the unit or to postpone its replacement to a future time. The policy is denominated adaptive, since the future
replacement time is decided, unit by unit, based on the outcome of the inspection. The optimal maintenance policy is defined
by minimizing the long-run average maintenance cost rate. After each replacement the unit is considered as good as new. The
lifetime of the unit is defined by using a failure threshold model. Maintenance costs are computed by accounting for
preventive replacement cost, corrective replacement cost, inspection cost, logistic cost, and downtime cost (which depends on
the time spent in a failed state). An example of application demonstrates the affordability of the approach. A study is aso
performed, by using simulated data generated under the model with bathtub-shaped degradation rate function, to investigate
the effect on maintenance costs of fitting the data by using a gamma process with random effect where the age function has a
classical power law shape.

Keywords: gamma process, random effect, bathtub-shaped degradation rate function, age based and condition based maintenance, average
long run maintenance cost rate

1. Introduction

In the literature, it is often observed that the degradation rate (here intended as the derivative of the mean
function) of real-world technologica units shows three phases: a first (early) phase where the degradation rate
decreases, a second one where it is constant, and a final third (catastrophic or degenerative) phase where it
increases; e.g., see (Gertshakh and Kordonskiy, 1969). Nonetheless, the vast mgority of degradation models
proposed in the literature are not able to describe this kind of behavior, a circumstance that could limit their
effectiveness in the case of degrading units whose operational life shows all the mentioned three phases.

To fill this gap, (Giorgio et a., 2023) and (Piscopo et a., 2023) have recently proposed degradation
processes (a Wiener and a gamma process, respectively) that can be used to describe degradation phenomena
characterized by a bathtub-shaped degradation rate function.

In (Giorgio et a., 2023) and (Piscopo et a., 2023) the utility and affordability of these models is shown by
applying them to the MOSFETSs data presented in (Lu et al., 1997). In these papers, the performances of the
proposed models were evaluated in terms of their ability to fit the available data and predict the remaining useful
life of the considered degrading units. Here, we propose a new gamma process with bathtub-shaped degradation
rate and random effect inspired by the one suggested in (Piscopo et al., 2023) and apply it to maintenance
optimization.
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Specifically, here we adopt a customized version of the gamma process with random effect firstly proposed
by (Lawless and Crowder, 2004), where, given the values of the random shape parameter, the gamma processes
have a bathtub-shaped degradation rate. Then, we compute maintenance costs by using the maintenance policy
proposed in (Esposito et al., 2022), which consists in performing a single inspection at a predetermined time and,
based on its outcome, immediately replacing the unit or postponing its replacement to a future time. In case of
postponement, the replacement time will be determined adaptively based on the measured degradation level. At
this future replacement time, the unit will be replaced regardless of its degradation level, without any additional
inspections. According to the failure threshold model, it is assumed that a unit fails when its degradation level
passes an assigned failure threshold.

When the degradation rate function is bathtub-shaped, the mean function has an inverse S-shaped behavior,
which implies the presence of an inflection point where the degradation rate changes from decreasing to
increasing. When the scale parameter of the gamma process is treated as a random variable (as we have assumed
in this paper), degradation processes of different units evolve at different speeds. In particular, weak units (i.e.,
units whose degradation progresses relatively fast) tend to fail earlier with respect to strong ones (i.e., units
whose degradation progresses relatively slow). Thus, understanding if a unit is weak or strong could be very
useful information making effective maintenance decisions.

In fact, the key idea behind the proposed maintenance policy is to exploit the inspection to timely assessif a
unit is weak or strong and hence to define for it an ad hoc (unit-specific) replacement time which accounts for
the rapidity with which its degradation evolves over time. Obviously, the objective is to timely carry out the
replacement of the weak units and to postpone at |ater times the replacement of the stronger ones.

The affordability of the approach is demonstrated by developing a realistic applicative example. Moreover, a
short Monte Carlo study is also performed, by using smulated data generated under the model with bathtub-
shaped degradation rate function, to investigate the effect on maintenance costs of misspecifying the true model
with a gamma process with random effect and power law age function.

The rest of the paper is structured as follows. Section 2 illustrates the adopted gamma process with bathtub-
shaped degradation rate and random effect. Section 3 describes the adopted maintenance policy. Section 4 deals
with the formulation of the long-run average maintenance cost rate. Section 5 presents the results of an example
of application of the proposed approach. Section 6 gives some concluding remarks.

2. The degradation process

In this paper, the degradation process {W(t),t = 0} is a non-homogeneous gamma process with age
function:

n(t) = a; - t" + a, - P2, (h)

where the scale parameter A is assumed to vary from unit to unit according to a gamma random variable with
scale parameter ¢ and shape parameter d.
To remark that the scale parameter is random, hereinafter we will indicate it by A and itsrealization by A.

Under this setting, the probability density function (pdf) of the generic degradation increment
AW (ty, t,) = W(t,) — W(ty), given the value A of the random scale parameter A, and the pdf of A can be
respectively expressed as:

AAn(t1,t2) sAN(E1,t2)—1

faw (e en)a(812) = Tt e 520, 2
and:

dgd-1
fA(/l)=Cr(d) -e Cl. A,c,d>0. (3)

where I'(+) denotes the complete gamma function, and An(ty, t,) = n(t;) —n(ty)

The resulting model is Markovian, hence (1)-(3), together with an initial condition (here W (0) = 0), fully
define the model.

Under this setting, the marginal pdf of W (t) can be expressed as:

cdyn(®-1 >0
fW(t)(W) - B(Y](t),d)'(w+c)’7(t)+d' w=0,

and the corresponding margina cumulative distribution function (cdf) resultsin:
FuW) = B(Z=3n(0),d), w20,

where:
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dx
B(a,p)

is the regularized beta function and B(r,s) = I['(r) - ['(s)/T'(r +s) is the beta function. In addition, the
conditional pdf of the increment AW (t,, t,), given W (t,) = w;, can be formulated as:

B(z;a,B) = fozx“‘l L(1=x)B-t.

, a,p >0,

1 (wy+c)1tD+d sAn(t1,t2)~1

Jawertiwe(Elwy) = T L §=0 4
while the corresponding (conditional) cdf can be expressed as:

S5
Faw(ereiween (Blwi) = B (m:AU(tLtz):n(h) + d), §=0. ®)

As aready mentioned above, we assume that a unit fails when its degradation level passes an assigned failure
threshold, hereinafter indicated by w,,. Thus, given that the hidden process {W(t),t = 0} is monotone
increasing, the useful life X of theunit (i.e., itstime to failure):

X = inf{x: W(x) > wy}

can be defined as the first and sole passage time of {W (t), t = 0} to the failure threshold wy, .

In the rest of this section, we provide some results that involve the lifetime X which have been used to
formulate the expression of the long-run average maintenance cost rate reported in Section 4.
From the conditional cdf (5), it is possible to readily formulate the following conditional cdf of X given W (z) =
w, in the cases where w, < wy, :

Fawm&lwy) = PX < x|W(7) = wy)

0, w,Swy, X<T

=PW@) > wy|W (@) =w) = !1 - B(%; An(z,x),n(7) + d), wy<wy, X>T )

where T should be intended as a generic assigned reference time. Indeed, the first equality can be explained by
observing that, since the process {W (¢),t = 0} is monotone increasing, the event {X < x} is equivalent to the
event {W(x) > wy}.

Differently, in the case where w, > wy,; the conditional cdf of X given W(t) = w, can be expressed asin (7):

FXlW(r)(xlwr) =PX <x|W() = wr)

1-B(; n(0), An(x,7) |, >wy, x<
=PW(E) > wylWE) =w,) = { <W‘r n(x), An(x T)) Wy > Wy, X T. )
1, Wy > Wy, X>T

Note that, for the sake of economy of notation, the cdfs in (6) and (7) have been indicated by using the same
symbol. However, as it is explicitly specified in the text, the (6) should be used if and only if w, < wy, and (7)
if and only if w; > wy,.

From (7), when w, > w,,, the conditional mean of X, given W (7) = w;, can be expressed as:

E(XIW (D) = wi} = [ x - fqweo (xIwe) - dx = [TB (j—“ n(x), A, r)) - dx.

Finally, from (6), when w, < wy,, given W(r) = w,, the conditional mean of the variable g(X) defined by
the following transformation:

_(THAT—-X, X<t+A7
g(X)—{ 0, X>t+Atr

can be computed as:
E{g)IW (1) = w;}

= [T+ 7 = 2) - o (elw) - de = At = [T B (S22 () — n(2),n(2) +d) - dx.

T wy+c

3. The maintenance policy and the cost model

In this paper, we consider a single unit whose degradation evolution can be described by the process
presented in Section 2. The policy exploits the degradation information gathered by means of a single inspection
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performed at a predetermined time, which returns an exact measurement of the degradation level of the unit. This
piece of information is then exploited to decide whether to immediately replace the unit or to postpone its
replacement according to a condition-based rule. Moreover, it is assumed that:

e ingpections are instantaneous and non-destructive;

o failureis not self-announcing. Hence, failed units continue to operate, albeit with reduced performances
and/or additional costs;

e both corrective and preventive replacements restore the unit to an “as good as new” state. Hence,
replacements are renewal points of a renewal process and the time between two successive replacements
can be intended as the length of a cycle (i.e., the maintenance cycle).

Table 1 summarizes the condition-based rule, where L, < L, < -+ < L < wy.

Table 1. The condition-based rule.

Measurement at Decision

wy > Ly, Immediate replacement
Ly-y <w, <L, Postponereplacementtor + Aty

Li<w, <L, Postpone replacement to t + At,

w, <L Postpone replacement to t + Aty

All the variables 7, Ly <L, <-- <L, and Aty > At, > -+ > A7, should be intended as design
parameters. The set of design parameters is denoted by & = {r, L,, ... L, A1y, ..., ATy}, and the optimal set
& ={r*, L3, ... L}, Atg, ..., Aty } should be determined by the policy based on economic considerations.

As the parameter k is increased, the policy's effectiveness improves at the cost of escalating computational
demands. This paper addresses the determination of the optimal value for k by iteratively employing an
optimization procedure with progressively larger k values. The objective is to strike a balance between
simplicity and efficacy. The optimal maintenance policy is characterized as the one that, for the chosen k value,
minimizes the long-run average maintenance cost rate computed using the renewal/reward theorem.

All the possible scenarios, together with the corresponding maintenance actions, maintenance costs, and
cycle lengths, arelisted in Table 2, where W) denotes the state at T + At;, X denotes the unit lifetime, and ¢,

¢, ¢y, Cc, and cq denote the logistic, inspection, preventive replacement, corrective replacement, and downtime
cost rate, respectively.

The logistic cost is supposed to be sustained each time a maintenance action is carried out, whereas the
downtime cost is computed as the product of the fixed downtime cost rate c; and the time spent in a failed state
(the time elapsing between the failure of the units and its corrective replacement, i.e., the downtime).

It is worth mentioning that, despite the adopted notation not highlighting it, T (w,) and C(w,, X) functionally
depend on the vector of design parameters ¢. Moreover, coherently with the assumption of not self-announcing
failures, the lifetime X is always denoted with the capital letter to indicate that, even when w;, is known, X
should still be intended as a random variable.

Table 2. Possible scenarios and corresponding maintenance costs.

Scenario Maintenance action Cyclelength T (w,) Maintenance cost C (w,, X)
L, <w, Swy Preventive replacement at 7 T agtc+to
W > wy Corrective replacement at T T agt+ceteteg (T—X)
Ly—y <w; < L andweypp,, < Wy Preventivereplacement at 7 + Aty T+ Aty 2.ttt
Li—y <wg < Ly andwya, >wy  Corrective replacement at 7 + Aty T+ Aty 2-q+ctc.teg (THAT,—X)
w; < L, and WHA,] <wy Preventive replar;ement at+ At T +.A1-1 2-¢ +.cl +cp
W < Ly and weyp,, > wy Corrective replacement at T + Aty T+ Aty 2-q+cte.tceg (T4 At —X)

4. Formulation of the long-run aver age maintenance cost rate

The long-run average maintenance cost rate is computed by using the renewal/reward theorem (e.g., see
(Ross, 1983)) as:

E{c(W ().}

Cu(§) = W) )]
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where expectations have to be taken with respect to al the variables that are within the curly braces. The
expected values included in (8) are not available in closed form but can be efficiently computed via (9) and (10).
Specificaly, E{T(W (r))} can be computed as:

E{T(W(T))} = f0°° T(W‘r) 'fW(r)(Wr) ) th

= E?:l le;.j_l T(Wr) N fW(r) (W‘r) : dw‘r + f:: T(W‘r) : fW(‘r) (W‘r) . dw‘r

L)

j o
= Z (T + AT]') 'fW(T)(Wr) ~dw; + J. T fW(r)(Wr) - dw,
j=1 ki Ly
=1+ 21 A1 [Fue (L) = Fwe (Li-1)]- ©)

Similarly, E{C(W (z), X)} can be computed as:

{cw@, 03 =[] [} Cow, ) - frgwen ®lwe) - freny (W) - dx - dw,

=S )7 LT C ) - Frawo Gelwe) - fivcy () - dx - dw

Fer L} e, €O ) Frwo CIWe)  firey Owe) - dox - dw

+ L‘:M 7 Cwe ) - fqwo (xIwe) - firgo (we) - dx - dw,

+ o Iy €O %) - frwe eI - furey (we) - dx - dwy,

which, from Table 2 (and a few cumbersome but simple manipulations) becomes:
E{cW@,X)} = ¢+ ¢+ ¢y + ¢ Fyey(Ly) + (cc = ¢p + ¢4 - T) * [1 = Fyery (W)
e —cp) - 2h, fLL].’;l[l — Fawzraniwe Wy — Wi lwo) - fw (wy) - dwy

—cq Xk, Lij_l f,ﬁmj Fawaowo Wy = welwy) - fwe W) - dx - dwy

+¢q - i1 AT - [Fwen (L) = Fwo (Lj-1)] = ca - f:M Js Fwcowe Walwe) - fw (we) - dx - dw,. (10)

5. Example of application and compar ative analysis
5.1. Example of application

In order to show the affordability of the proposed approach, in this section we present an example of
application, developed by considering a redlistic experimental scenario. The parameters of degradation and cost
models are set to the values reported in Tables 3 and 4, respectively. Units are assumed to fail when their
degradation level passes the threshold wy, = 30.

Table 3. Parameters of the degradation model.

a; by a, b, ¢ d

08 05 0.02 3 50 2125

Table 4. Parameters of the cost model.

¢ G & € Cg

02 05 1 6 02

As already remarked above, the parameter k (i.e., the number of classes) of the adaptive maintenance model
can be intended as a “hyperparameter” which, when increased, improves the performances of the policy at the
cost of a heavier computational burden. Figure 1 highlights this situation. Indeed, it reports (in blue, solid line,
left vertical axis) the optimal long-run average maintenance cost rate as a function of k. The same figure also
reports (in red, dashed line, right vertical axis), as a measure of the computational burden, the time (in seconds)
needed to find the optimum on our machine of reference.
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Figure 1 shows that, as expected, the optimal cost decreases with k. However, it plateaus after k = 10,
while the computational burden keepsincreasing. For thisreason, al subsequent analyses will be performed with
k set to 10.
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Fig. 1. Optimal long-run average maintenance cost rate (blue solid line, left axis)
and computational time (red dashed line, right axis) as afunction of the number of classes k.

Table 5 reports the optimal values of the design parameters that minimize the long-run average maintenance
cost rate in the case of k = 10 classes. The corresponding minimum long-run average maintenance cost rate is
0.0386. These values are used to develop the comparative analyses reported in the next subsection.

Table 5. Values of the optimal design parameters and corresponding optimal long-run average maintenance cost rate.

T Aty At, Aty Aty Atg Atg AT, Atg Atg Aty
36.42 4534 4073 3685 3336 29.83 2645 2295 1929 1550 11.69
Ct;o Ll LZ L3 L4 LS L6 L7 L8 L9 LlO

0.0386  4.98 6.86 855 10.05 11.57 13.07 14.64 1629 18.01 19.77

Figure 2 shows, via a step function, the optimal value of the replacement time At™ as a function of the
degradation level measured at 7, denoted by w; in the case of k = 10 classes. This illustrates how the policy
adaptively assigns high values of A7* to units which at 7 are barely degraded, and progressively smaller values
asw;, increases.

50 T T T T T T T T
45 bl
40

35

Fig. 2. Optimal replacement time as a function of the measured degradation level at T in the case of k = 10 classes.
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5.2. Compar ative analysis

In this section, we aim to assess the impact on the long-run average maintenance cost rate of neglecting the
circumstance that the degradation rate is bathtub-shaped. For the comparison, we suppose that the proposed
gamma process with random effect and bathtub-shaped degradation rate (which is assumed to be the true model)
is misspecified with a gamma process with random effect where the age function has the classical power-law
expressionn(t) = a - tP.

Hereinafter, we will denote the model with bathtub-shaped degradation rate by M1 and the alternative model
by M2. It is worth mentioning that M2 can be obtained as a special case of M1 when a, is set to 0. Under both
the models the scale parameter is assumed to be gamma distributed with pdf (3).

To perform the analysis, we have generated 100 synthetic datasets under the model M1, with model
parameters set to the values reported in Table 1. Each data set conssts of 200 degradation measurements,
obtained by observing the degradation level of 8 units a 25 different equally spaced inspection times, t;; =
4,t;,=8,..,t,5 =100 Vi=1,..,8.

Hence, we have fitted both the models M1 and M2 to each synthetic dataset by means of the Maximum
Likelihood (ML) method, obtaining 200 “estimated” models, 100 estimates of the model M1 and 100 of the
model M2. Subsequently, we have optimized the considered maintenance policy by using al the estimated
models, obtaining 200 estimates of the optimal set of design parameters §* = {z*, L1, ... L}, A1y, ..., At} .

Thelikelihood isformulated asin (11):

L@;w) = [T, 113, fAW(tj_l,tj)|W(tj)(wi.j —Wij1|wi) (11)

where fAW(t)-_l,tj)|W(t)-)(Wi.j —w;j_1|w;;) isthe pdf in (4), W(t;;) is the degradation level of the unit i at the
measurement  epoch  t;;, w;; is its redization, AW(t;;_y,t;;) = W(t;;) = W(tij-1).
W ={Wy 1, e, Wy 25, e, W1, e, We 25} Wig = 0, o = 0, and n(t) is either the function in (L) or the power law
function a - t?, depending on the model used to fit the data (i.e., either M1 or M2, respectively).

The vector of model parameters is denoted by 9 and correspondsto 9 = {ay, by, a,, by, ¢, d} under the model
M1 andtod = {a, b, c,d} under model M2. The ML estimate 9 is the value of ¥ which maximizes (11), given
w.

Finally, under each estimated model we have determined the value of the set of design parameters which
minimizes maintenance costs computed as in (8). Obtained results have been used to compute the following
indices:

Coo(§3g,n)~Co0(6")

@ _ Zid
= T
MRD; =T(“ (12)
Ceol(E11)~Coo 6" :
Q\SM,h)” 40 (1)
€ M @ MR
SDRD,;” = — , (13)
100 Coo,m,n(Eh,1)~CooGia,n)
e
MRDP = ol (14)
C (&rn)-CooErrp) z
100 |“0,M,h\SM,n)"C0 B M p (@)
h T ey TMRDy
SDRD® = e . (15)
where:
e (Cy(+) isthe true value of the long-run average maintenance cost rate (i.e., the one computed by using
the true process);
e ¢ isthe true optimal value of the vector of design parameters ¢ (i.e., the value of ¢ that minimizes
Co (§));

o (y (&) isthe true minimum long-run average maintenance cost rate;

. ﬁw,M,h (+) is the long-run average maintenance cost rate computed by using the model M with model
parameters set at their MLESs obtained (under the model M) from the hth dataset (the hat ~ > indicates
that Co, 5 (+) can beintended as an estimate of Co, (+));

o &, isthe value of & that minimizes .,y ,(£) (the hat “~  indicates that &}, can be intended as an
estimate of &);
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o Comn(8yn) is the (estimated) minimum long-run average maintenance cost rate computed by using
the model M with model parameters set at their MLES obtained (under the model M) from the hth
dataset;

. Cw(?hh) is the true long-run average maintenance cost rate obtained by setting ¢ = ?;M (this cost is
evaluated by using the true process).

The cost Co, (&},,) differs from C,(§7) because &}, is obtained by minimizing Co, 41, () instead of Co, ().
(fw,M_h(») differs from C,,(-) because model parameters are estimated. In addition, when M = M2, the model
used to compute maintenance costsis not the right one.

In other words, if we suppose that C,,(-) is the “true” cost function, then C,,(§*) isthe true minimum, C,, (37‘4,11)
is the long-run average maintenance cost rate that is actually sustained when the design parameters of the policy
areset to &, ,, while Co, p 4 (5,1 isitsestimate.

The index MRD,E}) in (12) provides the mean of the relative difference between the long-run
average maintenance cost rate Cm(?;ly,,) computed under the true model by setting the design parameter
at the estimated optimal vaue ?;M (determined under the estimated model M), and the true minimum
long-run average maintenance cost rate C,(§*), computed under the true model by setting the design
parameters at the true optimal value &*. The index SDRDIE}) in (13) is the (empirica) standard deviation

of the relative difference (cw(ém) - cw(f*)) /Co(8) (i, SDRDY indicates how, as the dataset varies,
(CooBian) = C(§)) /Cua(§7) dleviates from its mea).

The index MRD,E,Z) in (14) provides the mean of the relative difference between the long-run average
maintenance cost rate Co, a1 (E31.,) computed under the estimated model M by setting the design parameter at

the estimated optimal value S?Xm (determined under the estimated model M), and the true long-run average
maintenance cost C,, (§*), computed under the true model by setting design parameters at their estimated optimal

value $*M,h, determined under the estimated model M. The index SDRD,E}) in (15) is the (empirical) standard
deviation of the relative difference (Coo s (E31n) = Coo Girn))/Coo Ean)-
Obtained results are reported in Table 6.

Table 6. Results of the study
MRDY’  SDRDY’  MRD{P  SDRDY
M1 00361 00454 —0.0496 0.1656
M2 00513 00685  0.0903  0.1683

The value of 0.0361 of MRD,E,” in the first row of the table shows that adopting the estimated model M1 in
place of the true model leads to a cost that, in mean, is 3.61% higher than the true optimum. On the other hand,
the value of MRD,(,,”i n the second row shows that adopting the estimated model M2 |eads to a cost increase that,
in mean, is 5.13% higher than the true optimum, with a cost increase that is amost twice the cost increase
caused by using the estimated model M1. The vaues of SDRD,(}) reported in the second column of Table 4
shows that, under the considered setting, these percent increases vary sensibly from dataset to dataset (i.e., the
ratio between the standard deviation of the relative difference (COO(E;M) - Cm(s*)) /Co(§*) and its mean,
under both models, is about 1.3).

Differently, the negative value of MRD,E,Z) reported in the first row of Table 6 indicates that the long-run
average maintenance cost rate Co, u 1 (&31.,) Computed under the estimated model M1, underestimates (in mean)
the true long-run average maintenance cost rate by 4.96%. Similarly, the positive value of MRD}Z) reported in
the second row of Table 6 indicates that the long-run average maintenance cost rate Co, y 5 (%5,,) computed
under the estimated model M2, overestimates (in mean) the true long-run average maintenance cost rate by
9.03%. The values of SDRD,ff) reported in the last column indicates that, under the considered setting, the
percent difference (Cooprn (&) = Coo Eirn) )/ Coo(E31.0) bOth under the model M1 and M2 vary from dataset to
dataset a bit more than the percent difference (Cw(f;‘w_h) —Co (f*)) /Co (&) (i.€., the ratio between the standard

deviation of the relative difference (Copn(Eirn) — Coo(Errn))/Coo Eir.n) and its mean is about is equal to 3.34
in the case of the model M1 and to 1.86 in the case of the model M2).
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Conclusions

In this paper, we have investigated the performances of a new gamma process with random effect and
bathtub-shaped degradation rate function in maintenance optimization. We adopted a maintenance policy that
consists in performing, at a predetermined (age-based) time, a single inspection aimed at measuring the
degradation level of the unit and in using a condition-based rule to decide whether to immediately replace the
unit or to postpone its replacement to a future time. The future replacement time is decided, unit by unit, based
on the outcome of the inspection. The optimal maintenance policy is defined by minimizing the long-run average
maintenance cost rate. A unit is considered failed when its degradation level passes an assigned failure threshold.
Each replacement is assumed to restore the unit to an as good as new condition. Maintenance costs are computed
by accounting for preventive replacement cost, corrective replacement cost, inspection cost, logistic cost, and
downtime cost (which depends on the time spent in a failed state). The affordability of the approach is
demonstrated via a realistic example of application. A Monte Carlo study is also performed, by using simulated
data generated under the model with a bathtub-shaped degradation rate function, to investigate the impact on
maintenance costs of fitting the data by using a gamma process with random effect where the age function has a
classical power law shape. Obtained results show that neglecting the circumstance that the degradation rate is
bathtub-shaped leads to, on average, higher maintenance costs. Moreover, it also leads to overestimating the true
cost.
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