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competing degradation processes, piecewise-deterministic Markov process (PDMP), finite-
volume approach, residual heat removal system, nuclear power plant.

Abstract - Component importance measures (IMs) are widely used to rank the importance of
different component within a system and guide allocation of resources. The criticality of a
component may vary over time, under the influence of multiple dependent competing
degradation processes and maintenance tasks. Neglecting this may lead to inaccurate
estimation of the component IMs and inefficient related decisions (e.g. maintenance,
replacement, etc.). The work presented in this paper addresses the issue by extending the
mean absolute deviation IM by taking into account: (1) the dependency of multiple
degradation processes within one component and among different components; (2) discrete
and continuous degradation processes; (3) two types of maintenance tasks: condition-based
preventive maintenance via periodic inspections and corrective maintenance.Piecewise-
deterministic Markov processes are employed to describe the stochastic process of
degradation of the component under these factors. A method for the quantification of the
component IM is developed based on the finite-volume approach. A case study on one section
of the residual heat removal system of a nuclear power plant is considered as an example for
numerical quantification.
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IMs
PBMs
MSMs
GSA
BIM
MAD
MSSs
PM
CM
FV

RHRS

Acronyms

Importance measures
Physics-based models
Multi-state models

Global sensitivity analysis
Birnbaum IM

Mean absolute deviation
Multi-state systems
Preventive maintenance
Corrective maintenance
Finite-volume

Residual heat removal system

Notations

Number of components in the system
Group of degradation processes modeled by PBMs
Group of degradation processes modeled by MSMs

Degradation state of component 0,
Time-dependent continuous variables of degradation process L,,
Non-decreasing degradation variables vector

Physical variables vector
Set of failure states of degradation process L,,
State variable of degradation process K,

Finite state set of degradation process K,



Z, (t)

O

41X (6), 0k)
0,

fi(Z: (), t]6))
7Z'(t)

F

Clp, ()

Set of failure states of degradation process K,
Predefined state set of PM for degradation process i
Fixed period of PM for degradation process i
Degradation state of the system

Number of maintenance tasks experienced by the system
System mission time

Execution time of the k-th maintenance task
Degradation state of the system defined on [TX~1, TX]
Environmental and operational factors in K
Transition rate from state 7 to j

Environmental and operational factors in L
Deterministic physics equations in L

Stochastic process recording the failure of the system
System failure state set

Component IM of component O, at time ¢

FBazo (d@, Yx,) Probability distribution of Dy (t)

pr (d%,7|6) Probability distribution of processes Zj, (t)

P*(A,1)6)

()

—

Approximate value for ptZk(',' |0) on {i} x [(n + 1)At, (n + 2)At[x A
Set containing all the states that step to the state (4, 7) after the

(k — 1)-th maintenance task

4/ (%1, ¥x; ) Mesh by fixing D, (D)to (¥, Vic,):

1. INTRODUCTION
In reliability engineering, component importance measures (IMs) are used to quantify and

rank the importance of different components within a system. By determining the criticalities



of the components, limited resources can be allocated according to components prioritization
for reliability improvement during the system design and maintenance planning phases[1].

The criticality of a component changesover time,due totheevolutionof its underlying
degradationprocesses[2]. Also, in practice, components are often subject to multiple
competing degradation processes and any of them may individually lead to component
failure[3]. The dependency among the degradation processes within one component (e.g. in a
micro-engine, the shock process can enhance the wear process of rubbing surfaces and each
process can lead to failure [4]) and of different components (e.g. in a water treatment plant,
the decaying pre-filtrationsoften lower the performance of sand filter [5]) have to be
considered in the calculation of component IMs.Moreover,the degradation processes can be
interrupted by maintenance tasks(e.g.one componentcan be restored to its initial state by
preventive maintenance if any of itsdegradations exceed therespective critical level[6] and by
corrective maintenanceuponits failure[7]).

Neglecting the factors that influence the state of being of componentscan result in
inaccurate estimation ofcomponent IMs and, thus, mislead the system designers, operatorsand
managersinthe assignment of priorities to component criticalities.In this paper, we investigate
the criticality of components taking into account the influence of multiple dependent
competing degradation processes and maintenance tasks.

Physics-based models (PBMs) [8]and multi-state models (MSMs)[9]areused to
describethe component degradation processes considered in our work.The former
translatesphysics knowledge into mathematical equations thatdescribe the underlying
continuous degradation processes associated to a specific mechanism,e.g. wear, corrosion
andcracking [10]; the latter approximates the development ofcontinuous degradation by a
process of transitions between a finite number of discrete states[11]. Recently, the authors
have employedthe piecewise-deterministic Markov process (PDMP) modeling framework to
incorporate PBMs and MSMs and to treat the dependency of degradation processes[12].In the
present work, the authors introduce a set of PDMPs to incorporate alsomaintenance policies.

PBMs and MSMs are two widely used approaches, especially for highly reliable
components, whose degradation/failure data are insufficient to build their lifetime
distributions [12]. The effects of uncertain parameters in the MSMs have been considered in
[13]. Global Sensitivity Analysis (GSA) has been employed to produce indices that assess the
importance of the uncertain factors in the models, taking into account interactions among

them. Such paper focuses on the importanceindices of uncertain factors.



In this paper, we consider importance indices of components within multi-component
systems taking into account the influence of multiple competing degradation processes,
degradation dependency and maintenance tasks. GSA is not employed for such task, since it is
not the uncertainty in the parameters that is considered.A literature review on component IMs
is presented below, toposition our contribution within the existing works.Component IMs
were first introduced mathematically by Birnbaum [14] in 1969, in a binary setting (i.e. the
system and its components are either functioning or faulty). The Birnbaum IM (BIM) allows
ranking components by looking at what happens to the system reliability when the reliabilities
of the components are changed, one at a time. Afterwards, various IMs have been developed
for binary components, including reliability achievement worth (RAW), reliability reduction
worth (RRW), Fussel-Vesely and Barlow-Proschan 1IMs[15-17]. Other concepts of IMs have
been proposed with focus to different aspects of the system, such as structure IMs, lifetime
IMs, differential IMs and joint IMs [18].

For components whose description requires more than two states, e.g. to describe different
degrees of functionalities or levels of degradation, definition of the component IMs have been
extended in two directions: (1) metrics for components modeled by MSMs; (2) metrics for
components modeled by continuous processes.Forthe first type, Armstrong [19]proposed IMs
for multi-state systems (MSSs) with dual-mode failure components. For MSSs with multi-
state components,Griffith [20] formalized the concept of system performance based on
expected utility and generalized the BIM to evaluate the effect of component improvement on
system performance.Wu and Chan [21]improvedthe Griffith IM by proposinga new utility
importance of a state of a component to measure which componentor which state of a certain
component contributes the most to system performance.Si et al.[22] proposed the integrated
IM, based on Griffith IM, to incorporate the probability distributions and transition rates of
the component states, and the changes in system performance.Integrated IM can be used to
evaluate how the transition of component states affects the system performance from unit time
to different life stages, to system lifetime, and provide useful information for preventive
actions (such as monitoring enhancement, construction improvement etc.)[23, 24]. The multi-
state generalized forms of classically binary IMs have been proposedby Zio and
Podofillini[25]and Levitin et al.[26]:these IMsquantify the importance of a multi-state
componentfor achieving a given level of performance.Ramirez-Marquez and
Coit[27]developed two types of composite IMs: (1) the general composite IMsconsidering

only the possible component states; (2) the alternative composite IMs considering both the



possible component states and the associated probabilities.For the second type,
Gebraeel[28]proposed a prognostics-based ranking algorithm to rank theidentical components
based on their residual lives. Liu et al.[29]extended the BIM for components with multi-
dimensional degradation processes under dynamic environments.Note that no IM has been
developed for components whose (degradation) states are determined by both discrete and
continuous processes, and are dependent upon other components, as it is often the case in
practice [30].

To include dependency, lyer[31] extended the Barlow-Proschan IM for components
whose lifetimes are jointly absolutely continuous and possibly dependent, and Peng et
al.[2]adapted the mean absolute deviation (MAD) IM (one of the alternative composite IMs)
for statistically correlated (s-correlated) components subject to a one-dimension continuous
degradation process; this enables to measure the expected absolute deviation in the reliability
of a system with s-correlated degrading components, caused by different degrading
performance levels of a particular component and the associated probabilities. To the
knowledge of the authors, component IMs taking into account the dependency of multiple
degradation processes within one component and among different components, with the
inclusion of maintenance activities, have not been investigated in the literature(studies of IMs
for repairable systems with s-independent components can be found in [24, 32]).

In this work, we extend the MAD to a more general settingof modeling by PDMP [33],t0
provide timely feedback on the criticality of a component with respect to the system reliability.
The extension considers: (1) the dependency of multiple degradation processes within one
component and different components; (2) discrete and continuous degradation processes; (3)
two types of maintenance tasks, condition-based preventive maintenance (PM) via periodic
inspections and corrective maintenance (CM).Then, a method forthe quantification of
component IM is designed based on the finite-volume (FV) approach[34].

The rest of this paper is organized as follows. Section 2 presents the assumptions and
degradation models under dependency and maintenance. Section 3 describes the proposed
component IM. Section 4 introduces the proposed quantificationmethod. Section 5 provides a
numerical example referredto one subsystem of the residual heat removal system (RHRS)[35],
to demonstrate the application of the proposed component IM and feasibility of the

quantification method. Finally, Section 6 concludes the work.



2.

MODELING DEGRDATION OF UNDER DEPENDENCY AND
MAINTENANCE PDMP

2.1. General assumptions

Consider a multi-component system,made of Q components coded in the vectorO =
{01, 0, ..., Oy}, each one with multiple degradation processes, possibly dependent.
The degradation processes can be separated into two groups: (1)L = {Lq, L,, ... ,
Ly}modeled by M PBMs;(2)K = {K;, K, ... , Ky}modeled by NMSMs, where
L,m=12,..,M and K,,n=1,2,..,N are the indicesof the degradation
processes.

The degradation state of a component 0, € 0,q = 1,2, ...,Q, is determined by its
degradation processes Do, <LV K and the component fails either when one of the
degradation processes evolves beyond a threshold of failure in the continuous state
stochastic processor reaches the discrete failure statein the multi-state stochastic
transition process.

A degradation process L, € Lin the first groupisdescribed byd, time-dependent
continuous variables m(t) = (@ (t),@(t)) € R%m : whose
evolutionsaredescribed by a set of first-order differential equations (physics equations)
in terms of: (1) the non-decreasing degradation variables vector@(t) (e.g. crack
length)representing the component degradation condition; (2) the physical variables

vectorg(t) (e.g. velocity) influencing @(t)and vice versa. Due to degradation

process L,, ,the component fails when any degradation variable xim (t) e m(t)
exceeds its corresponding failure threshold denoted by xim*. The set of failure states

of the degradation variablesm (t) is denoted by F; .

A degradation process K,, € K in the second group is described by the state
variableYy (t),which takes values from a finite state set Sy = {O0x ,1x ,..,dg, },
where ‘dy ’ is the perfect functioning state and ‘O’ is the complete failure state. All
intermediate states are functioning or partially functioning.The evolution of the
degradation process is characterized by the transition rates between states. The failure
state set of the multi-state stochastic transition process of degradation Yy (t) is

described by Fy = {0 }.



e Dependencies between degradation processes may existboth within and between
groupsLand K. The detailed formulations are given in egs. (1-3).

e For degradation process i € L U K the inspection task I;0f PM is performed with fixed
periodT; and bringsthe related component back to its initial statewheniis found in the
predefined state set H;.

e The component is restored to its initial state by CM, as soon as it fails.

e The inspection tasks and all maintenance actions are done instantaneously and without

errors.

An illustration of two components 0, and O, is shown in Fig. 1, whereD, = {L;}and

Dy, = {K1}. PM is performed for L, if )?D;(t) exceeds its threshold x, 7 at the time of

inspection and for K; if Y, (¢) is in state 1 at the time of inspection.

XP@) = x1.(0)
Failure
threshold
Xy |21 O (. _._._._.i e _i —— PM_

! / ‘threshold

ZTL1 3TLJ_ Tiniss

Ty,

X =X4©

— TL ZTL1 STLl T
Y, (t) ' . ‘
2 ! ! ! 3 Initial state

0, — 1k L,H S LQ 4. PMstate

. Failure state

1 miss

TK 2TK_1 3TK1 4TK1 T

miss

1

Fig. 1. An illustration of two components.

2.2. Degradation model of the system

The degradation state of the system is represented as



(ENEN
X, (t

Y, (®)

\ YKN'(t)

whereE is the space combining R (dy, = ¥)f_; d; )and S (S = [1)-1 Sk,)-

Z(t) = €EE=RUL XS Vt>0 (1)

=Y (¢t)

A setof PDMPsZ:(t), k = 1,2,...is employed to model the system degradation processes,
where a new PDMP is established once a maintenance task is performed.Let N,, denote the

total number of maintenance tasks (PM and CM) the system has experienced till the mission
timeTyes » then,Zp (¢),k = 1,2, ..., N,,, is defined on [TX~1 Tk], where TX k = 1,2,..,N,,
denotes the execution time of the k-th maintenance task andT,} = 0.Zy, 4+1(t)is defined on

[T,’,Ym,Tmiss].Fig. 2 shows this for the degradation processes in Fig. 1.

XW=XL,0y 7, 77, 7 Iz
R P Failure
threshold
xp Pt e PM
o Do threshold
it < t
0,4 — VT 2T, 3T, T
xf @®) =X (®) P L
t
OZ 9

Fig. 2. An illustration of two components, modeled byPDMPs.

The evolution of the elements Z, (¢),k = 1,2, ...,N,, + 1 ,0f the system state vector
Z(t)involves (1) the stochastic transition process ofY (t)and (2) the deterministic progression
of X (t), between successive transitions ofY (¢), given Y (t). The first process is governed by

the transition ratesof Y (¢):



Lim P(Y(t +A0) =j|Z,() = X (©,Y(©) =D, )
= 4(FIX (t), 0x)At, Vi, € 8,7+ J(2)
wherethe parameter vector @grepresents environmental and operational factorsinfluencing the

degradation processes inK, andﬂf(ﬂf(t),e,() is the transition rate from state 7 to j. The

second evolution processis described by the deterministic physics equations as follows:

. () (REode)\
X(t)z __) = L =fL (Zk(t)'tleL=(0L1'0L2""'0LM))(3)
X, (® fin (Zi (@), t|6,,,)

wherethe parameter vector 8, ,m = 1,2,...,M represents environmental and operational
factors influencing the degradation processes inL,,.Z, (TX~1)(the initial states of Z (t), k =
2, ..., N,, + 1)can be obtained according to H(T/,‘fl) and the (k-1)-th maintenance task.The
degradation states of the system till T,,,;;; can be represented by

2(6) = B Az (0 Ze(O + 10 Zy, 11 (D)
Since maintenance is performed instantaneously, the failure states of the system are infinitely
approachable byf (t), instead of being truly reached. We, then, use another stochastic process

Z'(t), which canrecord the failure of the system as follows:
ORI ORACE VLS ISP AGES (NI RN GIC)
Let F denote the system failure state set: then, the system reliability at T,,;,; can bedefined
as follows:
R(Tiss) = P[Z7(5) & F,Vs < Tyiss | = P[Ny24(Ze (TE) € F) 0 (Ziy, 11 (Tniss) €
F6)
Since the component is restored to its initial state by corrective maintenance as soon as it
fails, the failure states of the system can only be reached by Z (t) at the execution time of
the maintenance tasks T, k = 1,2, ..., N,, or at the mission time T,,;ss. Therefore, the event

Z'(s) & F,Vs < Ty, can be represented byN, ™ (Z, (T%) & F) 0 (Zy, 11(Tiss) & F).

3. COMPONENT IM

Ramirez-Marquez and Coit[27]proposed the MAD IM for MSSs with multi-state
components, which evaluates the components criticality taking into account allthe possible
states and associated probabilities. Peng et al.[2]adaptedit for binary systems with s-correlated

components subject to one continuous degradation process.
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For components whose (degradation) states are determined by both discrete and
continuous processes,we proposean extension of MAD to provide timely feedbacks of
thecriticality of component O, with multiple dependent competing degradation processes
modeled by MSMs and PBMs, and giving consideration toPM and CM. The formulation is
presentedas follows:

Clo,(t) = E||P(Z'(s) & F,¥s < t|D,, (1)) - ROV | ()

where Do, (£) = (X, () = (X, (D), ., X1, (D), Y, () = (Y, (©), ... Yy, (©)))and Dy, =

{L, ={Ly,, .. Lp, }, K, ={K,,, ..., K, }}.It accounts for the expected absolute deviation in

1

the system reliability caused by changes of all degradation processes of componentO, .Let

X

R = R%=1"»: and Sk, = I, Sk, denote the state space of E(t) and ﬁq’(t) ,

respectively;eq. (7) can, then, be expressed as

Clo, (8) = z—’eSKq —[ﬁ’em{de fm(t) (de”'YKq )
P

YKq
IP(Z'(s) & F,¥s < t|X (t) = Xz, Yg,(t) = Yk,) — R(D)| (8)
Wherefﬁo—q»(t) (dm E) is theprobability distributionofDT,q(t).

Let N}, = 1 denote the number of maintenance tasks that the system has experienced till ¢.

According to eq. (6), we can obtain that:
R(Tiss) = P [NV (ZE () € F)) 0 (Zy (0 € F)| 9)
and
P(Z'(s) & F,Vs < t|X, () = %, Vg (£) = Vi) =

Niy

dx o
——P[| | |(Z(Tx) & F) |n
ff)o*q’(t) (dep:YKq) k=1

DO ~ 1 P P _—
Zye ', (611, (O = %0, Y (0 = i) € PILIf fi o (43, 7;) # 0

( 0.f o0 (452, ;) = 0

(10)
DO _ e . _— _ N ——y
WhereZan(il-l (tlep (t) = prl YKq (t) = qu) = (XLl (t)l lXLp (t) = pr; IXLM (t)r YK1 (t)r

e g (O = T Yy O
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4. FV SCHEME FOR COMPONENT IM QUANTIFICATION

Let p?(df,ﬂ& =0,U0),Vx € R, T €S denote the probability distribution of
processes Z;(t). Due to the complex behavior of the PDMP, the analytical solution for
theprobability distribution is difficult to obtain [36]. TheFV approachdeveloped in [34]can be
used to obtain the approximated solution by discretizing the time space and the state space of

the continuous variables, achievingaccurate results within an admissible computing time,as
shown in [37].

4.1. FV scheme for PDMP
4.1.1. Assumptions

This approach can be applied under the following assumptions:

e 2:(j10k), Vi J € Sare continuous and bounded functions from R% to R™.

e £(6,),vi€Sare continuous functions from R% x Rt to R% and locally

Lipschitz continuous.
o fo(-, t|0.), V1 € S are sub-linear, i.e. there are some V; > 0 and V, > 0 such that

vi € R%, ¢ € RY |51 00| < Vil + [el) +

o div(fL?(-,-IBL)),vZe Sare almost everywhere bounded in absolute value by some

real value D > 0 (independent of 7).

4.1.2. Solution approach
The time space R*is divided into small intervals R™ = U,—¢ 1, . [nAt, (n + 1)At[by

setting the length of each intervalAt > Oand the state space R of X (¢) is divided into an
admissible mesh M which satisfies that:

(1) Userc A = R,

Q) VAALBEM,A+B=>ANB =0.

3)ymy = fAIc) > 0,VA € M, where my is the volume of grid A.

(4) supgepcdiam(A) < +oowhere diam(A) = supyz yealX — J|.

12



The numerical scheme aims at constructing an approximate value p; "(x |8)dx for
ptZ" (dx, @), such that pt"(x |@) is constant on each A x {i} X [nAt, (n + 1)At[,VA €
M,T € S, [nAt, (n + 1)At[€ [TE1, TX]:

% (%,118) = P (4,1]0),Vi € §,% € A t € [nAt, (n + DA¢[ (11)

P7¥(A,110), V1 € S, A € Mis defined as follows:

P (A110) = [, pi*(dz,110) /m, (12)
Then, Pn+1(A,Z|6),vZ €S,Ae M,n €N can be calculated considering the deterministic

evaluation of Y(t) and the stochastic evolution of 7(1:) based on Pni’:(]\/[,ﬂe) by the

Chapman-Kolmogorov forward equation[38], as follows:

n+1(A l|9)
1 o
- T 1+AtD "+1(A 716) +At2}€5 Atb] n+1(A j16) (13)
where
@ = [, (@, %10,)dx/my, Vi€ S, A € M 14)

is the average transition rate from state j to state 7 for grid A4,
bA—ZjilaA,VlESAEM (15)

is the average transition rate out of state 7 for grid A,

PZ (4,710) = Ypere miy PF(B,116)/my, Vi€ S, A € M (16)
is the approximate value of probability density function on {i} x [(n + 1)At, (n + 2)At[x A

according to the deterministic evaluation of X (v),

-

Mp4 :f

= dy,Vi€e S,A,BEM 17
eB gt Ao e 7 17

is the volume of the part of grid B which will enter grid A after time At according to the
deterministic evaluation of )7(1:), Where?(-,-): R x R — R%is the solution of
2 6'G.t16)) = £, (9°5.t16,),£] 0,)(18)
with
g(3,010,) = 3 (19)
?(ﬁ,AtwL)gives the state of the deterministic behavior of X (¢) after time At, starting from

the statej while the processes ¥ (¢)stay in state .

13



4.2. Quantification of component IM

Given the initial probability distributionpg_f(da‘c’,ﬂe) of the system, PF(A,HB),V?E
S,A € M, can be obtained as:
R7L(A,116) = [, L' (d%,118) /my (20)

—-»

[Tl/At] (A,710), V1 € S,A € Mcan, then, be calculated through the FV scheme.

t — D _ _ .,
To calculate eq.(9) and P[(nggl(zk(n’;) ¢ 7-")) n (ZN,;L (t|XLp () =, Y, () =
W) ¢ F)]in eq. (10), we are only interested in the situation that the system is functioning till

t; thus, pZx (A4,710),Vie S, A e M,k = 2,3,...N}, + 1is initiated as follows:

[Tk=1 /At
fk ll(A 7109) —|—Z( ) {(Ak—l’ik—l)} [Zk ll(A, 7 )
- B (a7 )er o
P[Zrl,éfll(“" 10) =\ if (4D & F) and (3B € M, ] € $: (4,1) € ((B*,jF-1)})(2D)
At 0,
Lif (4D €eF)or (EIB EM,jES: (47 € {(Bk—l,F)})

Where{(A"‘l, ik—l)},vf € S, A € M,is the set containing all the states that step to the state

(A, 7)caused by the (k — 1)-th maintenance task. Then, we can obtain that

P(MEZi(r) & 7)) 0 (Zy 1 (0 & 7)) = memﬁiﬁ“(:&l, 10)  (22)

P ﬂ(Zk(Tk) ¢ ?') < (thL (t) = XL, ,YK (t) = yg ) ¢ T) —

Y per i "*1(4,116) [ — dx(23)
(m'm)g(Av) [At] A/( )

whered / (x—Lp’ m) is the mesh by fixing Dy_ (t) to (%, Ji,)-
To calculate fﬁ(t) (d@ m) in eq. (8), (10), we are interested in the state of the systemat

tno matter whether the system is functioning tillt or not;thus, P[Tk Uae ](A, 110),Vie S, A€

M,k =2,3,..Nt + 1 isinitiated as follows:

14



(Pfkml}(A i10) +Z( P)ef(a-1 7)) fk 1}(14' 7 19),

At

1 U —_—
Prlzfn—l}(A, 7)) = < if ABeEM,jES: (A1) E {(Bk_l,jk—l)} (24)
At 0.
\ ifABEM,jES: (A1) E {(Bk—lle_‘f)}

We can obtain that

Foozo (0%, 76,) = 48 aesees ’j’"“(A 110 r-5) )

(ezy ymg)ean

Clp, (t)can, then, be obtainedbyusingegs. (8)-(10), (20)-(25).
The pseudo-code for the quantification of component IM Clp, (t)is presented as follows:

Set timet, length of each interval At and admissible mesh M

Set the initial probability distribution p?l(da_c’, 7109)

Initialize the probability distribution of Z; (0) by using eg. (20)

Forj = 1to N}, do
Calculate theprobability distribution on(T,{l)by using FV scheme
Calculate the initial probability distribution ofZ;, ; Zi 1 (T, ) by using eq. (21)

End

Calculate the probability distribution of M(t) by using FV scheme

Calculate the system reliability at time tby using eqg. (22)
Calculate the conditional system reliability at time tby using eq. (23)
Forj = 1to N}, do

Calculate the probability distribution on(T,{l) by using FV scheme

Calculate the initial probability distribution ofZ;, ; Z (T} ) by using eq. (24)

End
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Calculate the probability distribution of Zye 41(8) by using FV scheme
Calculate the probability distribution of Bo—q’(t) by using eq. (25)

Calculate the component IM Clp, (t) by using eq. (8)

5. ILLUSTRATIVE CASE

The system consists of a centrifugal pump and a pneumatic valve in series, and is
asubsystem of the residual heat removal system (RHRS) of a nuclear power plant of
Electricité de France (EDF). Given the series configuration, the failure of anyone of the
twocomponentscan lead the subsystem to failure. A dependency in the degradation
processesof the two components has been indicated by the experts: the pump vibrates due to
degradation[39]which, in turn, leads the valve to vibrate, aggravatingits own degradation

processes [40].

5.1. Centrifugal pump
The pump is modeled by a MSM, modified from the one originally supplied by EDFupon

discussion with the experts. It is a continuous-time homogeneous Markov chain as shown in

Fig.3:

Fig. 3. Degradation process of the pump.

S, = {0, 1, 2, 3}denotesits degradation states set, where 3 is the perfect functioning state
and 0 is the complete failure state. The parametersis,, 1,1 and 1;, are the transition rates
between the degradation states.Due to degradation,the pump vibrates when it reaches the
degradation states 2and 1. The intensity of the vibration of the pump on states2 and 1 is

evaluated as by the experts ‘smooth’ and ‘rough’, respectively.
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5.2. Pneumatic valve
The simplified scheme of the pneumatic valveis shown in Fig.4. It is a normally-closed,
gas-actuated valve with a linear cylinder actuator.

Top
" pneumatic port
Top chamber -----1 > ey Return Spring
e Piston
Bottom ., Do Bottom chamber

pneumatic port

Fluid —>

Fig. 4. Simplified scheme of the pneumatic valve [41].

The position of the piston is controlledby regulating the pressure of the pneumatic ports to
fill or evacuate the top and bottom chambers. The degradation mechanism of the valve is
considered as the external leak at the actuator connections to the bottom pneumatic port due to
corrosion, and is modeled by a PBM. It is much more significant than the other degradation
mechanisms according to the results shown in [41]. The valve is considered failed when the
size of the external leak exceeds a predefinedD,. The PBM is used by EDF experts for

degradation modeling, due to limited statistical degradation data on the valve behavior.

5.3. PDMP for the system

The degradation of the valve L = {L;} is described by PBM and the degradation of the
pump K = {K;} is described by MSM. The degradation processes of the whole system are
modeled by PDMP as follows:

7(t) = (1;;,((;)) € R* xS, (26)

whereY,, (t) denotes the degradation state of the pump at time ¢ and Dy, (t) denotes the area of

the leak hole at the bottom pneumatic port of the valve at time t.The space of the failure states
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of Z(t)is F = [0,40) x {0’} U [D}, +) x {1,2,3}. The development of the leak size is
described by:

Dy(t) = wp(1 + ,31/,, ®) (27)
wherewy, is the original wear coefficient and where By () is the relative increment of the
developing rate of the external leak caused by the vibration of the pump at the degradation
state ¥, = 2Zor 1. The parameter values related tothe systemdegradation processes under

accelerated aging conditionsand to the maintenance tasks are presented in Table I. For

confidentiality reasons, the values presented below are fictitious.

Table | Parameter values related to PDMP and the maintenance tasks

Parameter Value
W, 1e-8 m*/s
B, 10%

B1 20%

A3z 3e-3s-1
An 3e-3s-1
Ao 3e-3s-1
D; 1.06e-5 m?
T, 1000 s
Tk, 1000 s
Hy, [8e-6, D;) m?
Hy, {1, 2}

The system reliability at timet can be calculated as follows:
R(t) = P[(Dp(s) < Dp) N (Y, (s) # 0),Vs < t] (28)
The component IMs for the valve and the pump are given in eqg. (29) and eq. (30),
respectively, as follows:

Cly () = o foy00) | PL(D (s) < D) N (Y, (s) # 0),Vs < t[D, (t) = x)] -
Rt]dx(29)

18



Clp () = X PLY, (8) = i]|P[(Dy (s) < D) N (¥, (s) # 0),¥s < t]Y, (&) = )] = R(D)|
(30)
Then, by using the proposed numerical method introduced in section 4, the values of the

above equations can be calculated.

5.4. Results

The reliabilitiesof the whole system and the two components over a time horizon of
T,.iss =2000s,regarded as the mission time under accelerated conditions,are shown in Fig. 5.
We can see from the figure that before around 870s (point A), thesystem reliabilityis
basicallydetermined by the pump reliability, since the valve is highly reliable. After that, the
sharp decrease of the reliability of the valvedue to degradation drives that of the system
reliability,until the execution of the inspection tasks for the two components at 1000s.
Because of the preventive maintenance, the failures of the system, the valve and the pump are

mitigated.

— System
Valve
— Pump

o
©

o
o

Reliability
o
»

o
[N

0 500 1000 1500 2000
Time

Fig. 5. The reliabilities of the system, the valve and the pump

The components IMs are shown in Fig. 6.Before around 400s (point B), the IMs of the
two components are relatively close.Although the system reliability is dominated by the

reliability of the pump, theprobability of the pump at state Oover the time horizon is limited to
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a very small value due to the corrective maintenance shown in Fig. 7, which canlimitthe
component IM. After around 870s (point C), the pump IM experiences a sharp decrease while
that of the valve experiences a sharp increase until 1000s, due to the evolution shown in Fig.
5.After the preventive maintenance is implemented, the difference between the components
IMs begins to reduce. Then, one can conclude that attentionshould be focused onthe pump

before 1000s and on the valve afterwards, to achievehigher levels of system reliability.

0.25¢
Valve
— Pump
0.2 C
= 1
< 0.15¢
[¢B)
[
o
o
g 0.1 B
O
0.05¢
0 el I I " ) I ‘\
0 500 1000 1500 2000

Time

Fig. 6. The valve and pump IMs
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Fig. 7. The probability of the pump at state 0 (failure)

The reliabilities of the whole system and the two components over a time horizon of
T,.iss =2000s without maintenance are shown in Fig. 8.Before 1000s, the situationsare the
same as with maintenance (Fig. 5). The sharp decrease of the reliability of the valve,

thencontinues due to the lack of preventive maintenance, andthe valve reaches failure after

around 1060s, and the system fails too.
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— System
Valve
0.8r — Pump
20.6f
=
G
& 0.4}
0.2
O | | | |
0 500 1000 1500 2000

Time

21



Fig. 8. The reliabilities of the system, valve and pump without maintenance

The related component IMs are shown in Fig. 9. From the figure, we can see thatthe
criticality of the pump is higher than that of the valve most of the time until around 1015s
(point E). Due to the absence of preventive maintenance, the system reliability quickly
decreases to zero afterwards, which leads the components IMs toquickly decrease to zero. The
gap between the two curves isdue to the difference between the reliabilities of the two
components, andreaches its maximum value at around 875s (point D), when the valve starts to

contribute to the system failure.

Valve
— Pump

o o o
(N} w N
m

Component IM

©
[N

0 500 1000 1500 2000
Time

Fig. 9. The valve and pump IMs without maintenance

Finally, the reliabilities of the whole system and the two components over a time horizon
of T,,,;sc =2000s,without degradation dependency,are shown in Fig. 10.The system reliability
is determined by the reliability of the pump since the valve is highly reliable. The IMs of the
two components are shown in Fig. 11. The IM of the pump experiences a sudden change due

to the preventive maintenance at 1000s, while that of the valve is always equal to zero.
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Fig. 10. The reliabilities of the system, the valve and the pump without degradation
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Fig. 11. The valve and pump IMs without degradation dependency

To investigate the impacts of the periods of the inspection tasks, the IMs of the two

components with different inspection periods are shown in Fig. 12. We have tested two
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settings T;,, = Tx, = 500sand T;,, = Ty, = 250s. From the figure, we can see that the IM of

the valve is always equal to zero since it is highly reliable andthat the increase of the
inspection frequency can reduce the IM of the pump.

0.14,
— Valve (TL1 = TKl = 500s)
Pump (TLl = TKl = 500s)
0.12 — —Valve (T, =T, =250s)
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£ 0.08'
[}
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8
£ 0.067
o
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002 |
0 il ‘ ‘
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Fig. 12. The valve and pump IMs with different inspection periods

6. CONCLUSION

In this paper, we consider components with multiple competing degradation processes
modeled by PBMs and MSMs. The PDMP modeling framework is employed to incorporate
multiple dependent competing degradation processes and maintenance policies. To gquantify
the importance of different components within a system, MAD IM has been extended to
accommodate components whose (degradation) states are determined by both discrete and
continuous processes. The extended IM can provide timely feedbacks on the criticality of a
component with respect to the system reliability. The degradation dependencies within one
component and among different components, and two types of maintenance tasks (condition-

based preventive maintenance by periodic inspections and corrective maintenance) have been
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taken into account. A quantification method based on the FV approach has been developed
and illustrated in the application to a case study of a portion of an emergency system (the
RHRS) from real-world nuclear power plants. The illustrative example shows that the
extended IM can effectively estimate the criticality of different components under the
conditions of interest.

As future work, it would be interesting to study how the sensitivity indices of the
parameters of a component relate to the importance indices of that component, within a GSA

framework.
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