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Nonparametric Bayesian Estimation of Reliabilities
in a Class of Coherent Systems

Adriano Polpo, Member, IEEE, Debajyoti Sinha, and Carlos A. de B. Pereira

Abstract—Usually, methods evaluating system reliability re-
quire engineers to quantify the reliability of each of the system
components. For series and parallel systems, there are limited op-
tions to handle the estimation of each component’s reliability. This
study examines the reliability estimation of complex problems of
two classes of coherent systems: series-parallel, and parallel-se-
ries. In both of the cases, the component reliabilities may be
unknown. We developed estimators for reliability functions at
all levels of the system (component and system reliabilities). The
main assumption required is that, for all the distributions of the
components of a particular system, the sets of discontinuity points
have to be disjoint. Nonparametric Bayesian estimators of all
sub-distribution and distribution functions are derived, and a
Dirichlet multivariate process as a prior distribution is considered
for the nonparametric Bayesian estimation of all distributions.
For illustration, two simulated numerical examples are presented.
The estimators are s-consistent, and one may observe from the
examples that they have good performance. Our estimator can
accommodate continuous failure distributions, as well as distribu-
tions with mass points.

Index Terms—Coherent systems, Dirichlet multivariate pro-
cesses, reliability theory, series-parallel systems.

ACRONYMS
CHR cumulative hazard rate
CRHR cumulative reversed hazard rate
DF distribution function
HR hazard rate
MAE mean absolute error
RHR reversed hazard rate
PSS parallel-series system
SD standard deviation
SDF sub-distribution function
SPS series-parallel system
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NOTATION
distribution Beta with parameters a and b.

Dirichlet multivariate (k-variate) process

with parameters «, . .., .

Dirichlet multivariate distribution with

parameters a, . . . , Q.

the last component to fail (that is, if
& = 7, then the system has failed because
of the j-th component, X ;).

=3, (T = T(‘L,),(Sg = j).
distribution function of the system.

= Pr(X; < t), the distribution function
of the j-th component.

= Pr(T < t,6 = j7), the sub-distribution
function of the j-th component.

= (1/71) Z?:l U(TI <té= .7)’] =
1,...,k, the empirical sub-distribution
function of the j-th component.

= Z,l;:l F?,(t), the empirical
distribution function of the system

unit function: I(TRUE) = 1,
I(FALSE) = 0.

product-integral.

integration over disjoint open intervals
that do not include the jump points of

9().

of F(-) is any point ¢ such that
F(t) < F(t), where F(-) is a
distribution function.

hazard rate.

cumulative hazard rate.
reversed hazard rate.
cumulative reversed hazard rate.

= MAE(F,, )= (1/n) X, |Fu(t:) -
Ep(t:)].

maximum between a and b.

minimum between « and b.
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n number of systems in the sample.
N; = ?21 "(Tg < T(.t))
Pr(E) probability of event E.

I product over jump points of G(-).

Pj reliability of the j-th component.

set of jump points of F'(-) is an enumerate (discrete) set

of all jump points of the distribution

function F'.

support of a random variable T is the
sample space () of T, that is,
Qr ={t:0< F(t) < 1}, where I'(-) is
the distribution function of 7.

T the system failure or survival time.

(T, $é) = {(T;,6;) - i = 1,...,n}, random
sample to be observed.

T(;) i-th distinct order statistics.

X; j-th component failure time.

I. INTRODUCTION

YSTEM reliability of the coherent structure has been

studied by many authors [1]-[6], who either consider
the component’s reliability to be known, or the system to be
multi-stage [7]-[9]. In this study, we have developed a non-
parametric estimator for all the reliability functions involved in
the series-parallel system and parallel-series system under the
assumptions that the components’ reliabilities are unknown; the
only available information are the failure times of the system
and the component that produced the failure, and the notion
that two components cannot fail at same instant of time. It must
be noted that this is a very challenging problem because the
failure times of the components involved in a system are mostly
censored by the failure of other component. Moreover, here, we
are not limited to only the right-censor or left-censor, because in
a series-parallel system (SPS) or parallel-series system (PSS),
we can either observe the exact failure time of the component,
or the failure time can be right-censored or left-censored, which
makes the components’ reliability estimation problem of the
SPS (or the PSS) a very difficult task. It is very common to
have 80%—90% of the failure time data of the components be
censored. However, the system does not have censored data,
so it is not complicated to estimate the system’s reliability, and
hence, our main interest is in the estimation of the components’
reliabilities.

The reliability estimation problem when the distributions of
the components are unknown has received many contributions
in recent decades. Some important references in this subject
are as follows. Langberg et al. [10] presented one form to con-
vert s-dependent models into s-independent ones, using the as-
sumption that two components cannot fail at the same time. Pe-
terson [11], and Tsiats [12] developed some important results
with respect to nonparametric estimation of the series system
(competing risks), while Salinas-Torres et al. [13] developed
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Fig. 1. (a) SPS; (b) PSS representation for the SPS in Fig. 1(a).
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Fig. 2. (a) PSS; (b) SPS representation for the PSS in Fig. 2(a).

a Bayesian nonparametric estimator, which was corrected by
Polpo and Sinha [14]. Furthermore, Polpo and Pereira [15] re-
ported similar results for the problem of parallel systems (co-op-
erating system) to those presented in [11], and [13]. Also, for
Bayesian nonparametric analysis, in [16] the Dirichlet process
was reported, and in [17] the multivariate Dirichlet process has
been described.

It is known that any coherent system can be written as a SPS
or a PSS (Barlow and Proschan [1]). Using their results, the SPS
(Fig. 1(a)) can be represented as a PSS (Fig. 1(b)), and the PSS
(Fig. 2(a)) can be represented as a SPS (Fig. 2(b)). However, it
is very common that, in the representation of the system, some
components appear in two different places within it. For ex-
ample, consider the component X in Fig. 1(b) (or Fig. 2(b)).
We have the reliabilities of four components to estimate. How-
ever, two of them are in fact the same component X, and will
fail at the same time, which violates our assumptions. For this
reason, it is important to have the estimators for both the SPS
and the PSS that give a wide variety of representations. If one
of these representations does not violate our assumptions, then
our proposed estimator can be used there.

In Section II, we have given the probability results necessary
for the development of the estimator. Section III is devoted to
the construction of the nonparametric Bayesian estimator for the
SPS and the PSS with three components (k£ = 3). In Section IV,
we have extended the results to a more general case of & >
4; and in Section V, we have shown how to use the proposed
estimator, and illustrated its qualities. Last, in Section VI, we
have presented some final comments and possible future works.
The proofs of the theorems are given in the Appendix.

II. PROBABILITY RELATIONS

In this section, we present the important results and properties
of the SPS and the PSS. We restrict ourselves to a system with
three components (k = 3), given in Fig. 1(a), and in Fig. 2(a).
It must be noted that, with two components (k = 2), it is only
possible to have a series or parallel system.

Let (X1, X, X3) be the lifetimes of three components of a
SPS (Fig. 1(a)) or a PSS (Fig. 2(a)), with marginal distribution
functions (DF) £y, F5, and F3, respectively. The indicator of
the component that produced the system failure is 6 = 1 when
T=X;,6 =2whenT = Xy,and 4 = 3 whenT = Xj.



POLPO et al.: NONPARAMETRIC BAYESIAN ESTIMATION OF RELIABILITIES IN A CLASS OF COHERENT SYSTEMS 457

The restriction here is that the three sets of jump points of £},
F5, and F3 must be disjoint. The following properties can be
proved.
Property 1: The sub-distribution functions (SDF) Fy, Fy,
and Fy determine the DF of the system,
EF()

= Fy(t) + F5(t) + F5(t). (6]

Property 2:

) =

2) F; (+’>O)

3) Fi(4+00) = Pr

4) Fi(+00) + F5(4+o0c) + Fy(+o00) = 1.

Property 3: The set of jump points ¥ and F} are the same,
where 7 = 1,2,3. Because F1, Fy, and F; have disjoint set of
jump points, so have I, I, and Y.

Property 4: If min(Fy(t), F»(t), F3(t)) < 1 for ¢t < t*, and
1 fort > t*, then ¢* is the largest support point of the system.

The lifetime of the system is T' = min(X;, max(Xs, X3)),
and the system reliability of s-independent components is

Rt)=[1 - Fi(t)][1 - F2(t)F3(2)] . 2
for the SPS, and
R)=1-FO){1-[1-FO]1-FO}, O

for the PSS.
Property 5: The SDF of the SPS can be expressed using the
marginal DF of the components by

t

W@=/ﬁ—&@&®wﬂw
0

Fy() = / [ = Fu ()] By(6)dF(t),

wa:/u—ﬂmuwmam,

0

“

and the SDF of the PSS can be expressed using the marginal DF
of the components by

mm:/LﬂfammfmmMEw

0
t

Ei(0) = [ 01 - B dpa),

(0= [ AOL - BOl4RQ.

0

(&)

Our interest is to obtain the inverse of (4) and (5); that is, to
express the DF F5 as a function of the SDF (FY', Fi, Fy). This
inverse is presented with the following definitions and theorems.

Definition 1: The functions ®,(Fy, Fy,Fy,t), and
O, (Fy,F3, Fy,t) based on sub-distributions Fj, Fy, and
F3 are

(DQ(FI*FZ*HF;f)

i
—1 dexp S[Ll(”) [ ) R

1- Z F*( ) |vse lf/glFl*(u )
(pp(Ff?F2>k7E3a) |
2 Fi(vT)

7 -am ) | | 7
=exp - H !
#éﬁ@”“ 5 P 0)

The functions ®, (for a series system), and ¢, (for a parallel
system) are the versions with three components for those pre-
sented in [14], and [15], respectively. First, Theorem 1 states
the relation between I} and FY', Iy, and Iy . The functions ®,,
and @, can be used to define the relations between the DF I
and the sub-distributions I}, F5', and F3 in a series system, or
in a parallel system, respectively.

Theorem 1: The SDF Fy, F;, and Fy determine
(uniquely) the DF F; of a SPS for ¢t < t* by Fi(l) =
O (F}, F3,F5.t), and the DF Fy of a PSS for ¢ < t* by
Fl(t) = (I)P(FF/F2>’<~F;7t)

The next definition gives the functions @, (for the SPS), and
® s (for the PSS) that are the inverses of (4), and (5), respec-
tively. These two functions are the ones that relate from what we
can observe from a sample (I}, I, and F') to what we want
to know (F3). Based on these functions, and on the Dirichlet
process, we have developed the Bayesian nonparametric esti-
mator for the components involved in the SPS (or the PSS).

Definition 2: The functions @g,(Fy,Fy, Fy.t), and
O, (F}, 5, F5.t), based on sub-distributions I}, FY,
and I}, are

O, (F, Fy,Fi 1)

o0
= exp §/

—dF;5(v)

3
to FX(v) — @, (FY, Py, F,0)
J=1
3
_Z F;F(Ui) - o, (FI*FZ*"F;ﬂui)
Fy| =1
XE 3 )
| 3 B = 8, (P S F o)

(I)PS(F1*7F2*=F37’)

t
. —dF(v)

exp 3
(I)p(Fl*vFQ*'/F‘;vv)_ Z

i=1

Fr0)
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3
O, (Ff, F. Fyot) = 3 (o)
B =1
X FP ) 3
v<t | @, (Fy, By Fyo) — Y Fr(o-)
i=1
Theorem 2: The SDF F}, Fy, and Fy determine

(uniquely) the DF F5 of a SPS for ¢ < t* by Fx(t) =
., (Fy, Fy, F5,t), and the DF F» of a PSS for ¢t < t* by
FQ(t) = (I)]JS(FF’ F2*7 F§7t)-

Note that Theorem 2 can be easily rewritten to obtain the
relation of DF F3 and the SDF. However, for the component
X1, we have a series system (or a parallel system). In this case,
we can use the result given in Theorem 1.

Theorem 2 provides an important relation between the SDF
and DF, for both the SPS and the PSS. Using this result, in the
next section, we have developed the nonparametric Bayesian
estimator for the DF of the system’s components.

III. BAYESIAN ANALYSIS

This section describes a Bayesian reliability approach
to the SPS and the PSS. We have derived a nonparametric
Bayesian estimator of the distribution function using the
multivariate Dirichlet process [15], [17]. From Property 1,
we have that the sub-distribution functions are related to
the system distribution function by a sum. Considering that
FY(ty+ F3(t)+ F5(t) + (1 — F(t)) = 1, we have the restric-
tion that these four quantities have a sum equal to 1, and that
the set of possible points for {Fy*(¢), F5 (1), F5(t),1 — F(t)}
is the four-dimensional simplex, or {Fy'(¢), Fi(t), F5(t)} for
the non-singular form. In this case, for a fixed ¢, we have that a
natural prior choice is the Dirichlet distribution, and for any ¢,
we have the Dirichlet multivariate process. The Dirichlet mul-
tivariate process can be viewed as a random distribution. Our
interest is to develop a nonparametric estimator for the distribu-
tion function of the components in a SPS or in a PSS, and using
the Dirichlet process, we have a complete distribution for the
set {F (1), F5(t), Fi3(t)}. In this case, our parameters are the
functions that we want to estimate, giving us a nonparametric
framework. For a better understanding regarding the properties
of the Dirichlet (univariate) process, see Ferguson [16]; for the
multivariate Dirichlet processes, see Salinas-Torres et al. [17];
and for a simplified version, see [15].

Consider © = (0, o), the prior for F* = (F}, F, F3), and
the vector of the components’ SDF is F* ~ Dy (aq, ag, as).
The induced prior for F7}' is given by

F(t) ~ Beta (a;(0,1; a(t,00)) , £ > 0. (6)

The following result gives the prior mean of the distribution
function F5 in terms of the prior mean of its associated cumula-
tive reversed hazard rate (CRHR) M, for the SPS, and cumu-
lative hazard rate (CHR) A for the PSS.

Lemma 1: Suppose that Iy, F5, and F3 have no common
discontinuities. Under the prior (6), for F5(-), the prior mean of
the distribution function F5, for each £ > 0, is given by

Foo(f) = B[R ()] = TT{(1) - dMa o(s).
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for the SPS, and
Foo(t) = B [Fo(t)] = 1-E[Ra(#)] = 1-TL (1) ~dAs0(s)),

for the PSS, where My o(s) := E[Ma(s)] is the prior mean
of M associated with the distribution function F5 for the SPS,
and Az o(s) := E[A2(s)] is the prior mean of A5 associated with
the distribution function F5 for the PSS.

The posterior distribution of F* is an updated
Dirichlet multivariate process where F*(¢)|nFi(t) ~
DM;s(ay (0, t]+nFy (), @2(0,4]  + nE5 (), a3(0,¢] +
nF3,(t)); see Salinas-Torres et al. [17]. The Bayesian
estimators (posterior means) of £ and [ are given by

Frw=pa—20 s pore, @
3 (0, 00)
=1
where po = (325_y (0, 00)) ffn + 25, (0, 00)), and
F(t) = Z Fr(b). (8)

These Bayesian estimators are strongly s-consistent. For in-
stance, using the Glivenko Cantelli Theorem (cf. Billingsley
[18, pp. 275]), it can be shown that F¥ converges to £ uni-
formly with probability 1.

If a;(0, 00) < o0, the Bayesian estimator of p; = Pr(8 = j)
is given by

~ (0, 00) 2 100=13)
p; = lim FX(t) = ]'C ’ = - .
tToc
! n4 > ap(0.00) n+ > @0, 00)
=1 i=1
©)

Let the m(< n) distinct order statistics of 7" be Ty <... <

T(.m)' Set N7 : /n:l I](T[ < T(.L)), and d]1 = 2:1 H(T/ =
T(.i),6g =7),i~=1,...,m. Define
t
1 —da (0,
I,(t)=cxp ”%( 3] (10)
> a(0,00)+n b 1= F(s)
j=1
3
j;l ()zj(T(.i),OC)‘l-’fL*Ni*dM
L= ] = (11)
eIy st 121%‘ (T(.,'):OO)+71—Ni
| [ —das(0,
I.sp(f>_exp 3 / F\ a2(ﬁ7 b] 9 (12)
> (0, 00)+n % ()= Fi(s)
j=1

3
> @i (0.1, v
j=1

'n—‘,-z o (0,00)
m,t= ] —— (13)
T >t Zaj (O,T('i>]+Ni+dgi ~
)

3
n—Q—Z a;(0,00)
5=1
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T —de (0, s]
L(t=expd — / ﬁ (14)
Z (0, 00)+n
=1
3
3 a; (0.78) |+
j=1
L= [ = . (15)
i:T(.z)>t Z <O T(.)i| +Ni+dli
j=1
/ 1
1 — 0, s
Ls(=exp{ — /ﬁ‘,”(ﬁf], (16)
> @ (0,00)+n 0 1(s) = F(s)
i=1
and 3
Z (0 T(u]"’_\ +dzi
B (13)) - =
IL+Z ;(0,00)
@ = 1] - (17)
i<t Z S (0T, ]+
B(1g) -
n+z a;(0,00)

=1

The main result of this study is given in the following
paragraph.

Theorem 3: Suppose that a1 (0, <), 2(0, -), 3(0, -) are con-
tinuous on (%, o0), for each ¢ > 0, and Fy, F5, and F3 have no
common discontinuities. Then, for ¢ < 7{,,, and the SPS, we
have that

Fi(t) = B[F: ()| data]
- o, (ﬁf,ﬁ;,ﬁ;,t) =1 L(OIL(), (18)
Fy(t) = E[Fy(t)|data)
=@, (F7 B3 B 1) = LylLo(: - (19)
and, for the PSS,
Fi(t) = E[Fy(t)|data]
=, (B, By Fy,t) = LT, (1), (20)
Fy(t) = E[Fy(t)|data]
=, (ﬁl*, By Fr, t) =1 L,(OIL.(t). (1)

Fi(t), and F5(t) are the nonparametric estimators of F,(t), and
Fy(t), respectively, based on posterior means.

As in Theorem 2, it is straightforward to express the nonpara-
metric estimator of F5(¢). In the next section, we extend the es-
timators to a general case of & > 4.

IV. BAYESIAN ESTIMATOR FOR k& > 4

The extension of the nonparametric Bayesian estimator for
the SPS and the PSS, given in Section III, is based on rewriting
the system representation in a proper simplified version of the
general case (k > 4) to the one given with & = 3, which has
a solution given in Theorem 3. Considering the SPS and the

UH
Oalin®
(@) (b)
Fig. 3. (a) SPS, (b) PSS.

DI
() (b)
Fig. 4. (a) SPS, (b) PSS.

Fig. 5. The SPS representation of the PSS in Fig. 3(b).

PSS presented in Fig. 3, we specify how to rewrite the system
representation and estimation of their components’ reliability in
the following.

We provided how to estimate Y7 (for the SPS), and Z; (for the
PSS), because the reliability estimation of the other components
are straightforward once these two are given. The idea of the
extension is to represent the systems in a simple version with
three components (Figs. 1(a) and 2(a)). In this case, to estimate
the reliability of Y7, we use the SPS solution considering X =
max(Ys, Y1), Xo = Y17, and X3 = Y> (Fig. 4(a)); and for the
estimation of 71, we use the PSS solution considering X1 =
min(Ys,Yy), Xo = Y1, and X3 = Y, (Fig. 4(b)). It must be
noted that other more complex systems can also be considered,
but the task is only to simplify the representation of the system
as one of either the SPS or the PSS given in Figs. 1(a) and 2(a).

Furthermore, both the classes (SPS and PSS) are important
so as to have a more general solution, because we have the re-
striction that two different components cannot have the same
failure time, which in turn would result in different representa-
tions giving more options to the reliability estimation problem.
Considering the PSS given in Fig. 3(b), we can write their SPS
representation as that presented in Fig. 5. The component’s reli-
ability of the original PSS (Fig. 3(b)) can be estimated using the
PSS result of Theorem 3, which has a simple solution. How-
ever, as the SPS representation (Fig. 5) has some components
repeated, the SPS result of Theorem 3 is not applicable. Thus,
the solutions for both the SPS and the PSS are important, and
can be used in different situations.

V. NUMERICAL EXAMPLES

This section presents two examples to demonstrate the esti-
mation steps, and shows the quality of the Bayesian nonpara-
metric estimator. The estimation steps for the PSS are very sim-
ilar to those for the SPS, and for the sake of brevity, we have
omitted them. The estimation steps for the SPS are as follows.
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1) Defining priors: The prior measures (e, o, cv3) are prior
guesses of the SDF (Fy, F5, FY), but it is not simple to
elicit these measures. It is easier to elicit the priors for the
DF (Fy, F», F3), and use (4) for the SPS to evaluate the
prior measures (for the PSS we can use (5)). In our case,
we chose the exponential distribution (with mean 1) as the
prior guess for each of the three components’ DF. By eval-
uating the prior measures using (4), we have «;(0,v] =
(e 3Y—3e 2v+2)/3,and a2(0,v] = a3(0,v] = (2¢ 3¥ -
3e 2Y 4+ 1)/6. Note that this prior is not very informa-
tive because the measure of the whole parameter space
is only one (a1 (§2) + a2(2) + a3(2) = 1). Also, we
have that da; (0, 0] = 2¢2¥ — e *¥dw, and daa(0,v] =
daz(0,v] = e 2¥ — e 3vdu.

2) Obtaining Posteriors: The posterior processes for the
SDF functions are DM;s((e 3" — 3¢ 2" + 2)/3 +
nFE (1),(2¢ 73 — 372" + 1)/6 + nFy,(1).(2e 3 —
3e 2t +1)/6 + nF3,(t)); and from (7), we have

~, nFyL (1) + (e — 3e721 4+ 2)/3

Fl (t) = s
n+1

. nFy, (1) + (2¢ 73 — 3e 2 +1)/6

F2 (f) = ’
n+1

s nF.?;kn(t) + (2673]& B 3672t + 1)/6

F3 (f) = - >
n+1

which are the estimators of SDF.

3) Computing system s reliability: (8) provides the estimator
of the system distribution function. For the prior defined
earlier, we have

~ nFr(t)+e 3 -2 241
F(t)= g .

4) Computing components’ reliabilities: Theorem 3 gives the
estimators of the components’ DF. Using (18), we obtain
the estimate for component 1 DF; and from (19), we obtain
the estimate for component 2 DF. For component 3 DF,
we substitute da2(0, v] by des(0,v] (in the integral part
15p), and dy; by d3; (in the product part I1,) in (19). Also,
the integral part of the estimator can be solved by using a
numerical procedure, such as the Simpson’s rule. For more
details and other numerical integration methods, see Davis
and Rabinowitz [19].

Example 1: We obtained 100 observations of four simulated
processes, where all the components had gamma distributions,
and the first component (Y1) had a mean of 4 and a standard
deviation (SD) of 2.83, the second component (Y3 ) had a mean
of 6 and a SD of 4.9, the third component (Y3) had a mean of
8 and a SD of 5.67, and the fourth component () had a mean
of 3 and a SD of 2.45. Let us consider the SPS presented in
Fig. 3(a). The Bayesian estimators are based on 100 observa-
tions of (T, 6). The simulated values are listed in the Appendix.

To estimate components 1-4, we rewrote the representation
of the system as follows. For component 1, we considered that
)51 = nlaX(Y37Y4), X5 = Yy, and X3 = Y5; then F’y1 (t) =
F5(t), where F\yl is the DF estimate of component 1, and F5
is the proposed estimator for the SPS (19). In a similar way, for
component 2, we considered X1 = max(Y3,Ys), Xo = Y3, and
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Fig. 6. Estimates for the Example 1.

X3 = Yy, for component 3, we considered X; = max(Yy,Ys),
Xy =Y3,and X3 = Yy; and for component 4, we considered
X1 = max(¥1,Y3), X2 = Y4, and X3 = Y3 (see Section IV).
We found that the proportions of censored data for components
1-4 are 77%, 64%, 73%, and 86%, respectively.

Fig. 6(a) —6(e) present the estimates of the five distribution
functions associated with components 1-4, and the system. In
all plots, the true distribution functions (dashed lines) and the
prior mean (dashed-dot line) are also illustrated. The conditional
reliabilities of the components relative to the system are p; =
0.2294, 5> = 0.3581, p3 = 0.2690, and py = 0.1403.
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Fig. 6. (Continued.) Estimates for the Example 1.

TABLE I
SUMMARY STATISTICS FOR MAE OF 1000 s-INDEPENDENT COPIES OF A
SYSTEM WITH n = 30 units

[ Min. Ist Qu. Median  Mean  3rd Qu. Max.
ﬁyl 0.0330  0.0731  0.1004 0.1119  0.1385  0.3485
ﬁYz 0.0321  0.0802  0.1162  0.1326  0.1706  0.4537
ﬁy3 0.0337  0.0988  0.1505 0.1715  0.2264  0.5923
ﬁy4 0.0439  0.0903  0.1218  0.1350  0.1744  0.3327
Fy | 00182 00415  0.0558  0.0630  0.0768  0.2095

To better understand the performance of the estimator, we
did a simulation study of the system, shown in Example 1. For
each of the three sample sizes (n = 30, 100, and 1000), we
generated 1000 s-independent copies. Then, for each of these
1000 different copies (data sets), we evaluated the mean ab-
solute error (MAE) from the estimator to the true distribution.
Tables I through III present the summary statistics obtained. As
expected, if the sample size is large (n = 1000), then the es-
timator is better (that is, it has the smallest summary statistics
for MAE). With the small sample size (n = 30), we obtained
the worst (largest) summary statistics. For instance, the overall
worst mean of MAE was achieved at the component Y3 (around
0.17).

TABLE II
SUMMARY STATISTICS FOR MAE OF 1000 s-INDEPENDENT COPIES OF A
SYSTEM WITH . = 100 units

[ Min. Ist Qu. Median  Mean  3rd Qu. Max.

I/fyl 0.0172  0.0402 0.0523 0.0591 0.0714 0.1807

Fy, | 0.0149  0.0425  0.0613 00712  0.0923  0.2408

Fy, | 00194 0.0529  0.0786 00888 0.1155  0.3263

Fy, | 00223 0.0519  0.0670  0.0761  0.0929  0.2586

Fy | 00100 00217 00283 0.0316 0.0388  0.1024
TABLE III

SUMMARY STATISTICS FOR MAE OF 1000 s-INDEPENDENT COPIES OF A
SYSTEM WITH n = 1000 units

[ Min. Ist Qu.  Median  Mean  3rd Qu.  Max.
ﬁyl 0.0050  0.0128  0.0166  0.0184  0.0221  0.0614
Fy, | 0.0056 0.0136  0.0187  0.0220  0.0280  0.0708
Fy, | 0.0060 00157  0.0247 0.0277  0.0367  0.0933
Fy, | 0.0074 0.0161  0.0210  0.0232  0.0282  0.0663
Fy ] 00034  0.0069  0.0091 0.0102  0.0125  0.0307

Example 2: In this example, we considered a PSS with four
components; one of them had the distribution function of a mix-
ture of an exponential distribution and a discrete distribution,
with positive probability to fail at times 1 and 3, and is given by

0 if+ <0,
B 06(1 _ e—t/4)7 o<t < 1a
F) =190 0,61 — e /%) +0.25, i1 <r<s
0.6(1 —e */4) +0.4, ift> 3.

We obtained 100 observations of four simulated processes,
where the first component {7 ) had a gamma distribution with
a mean of 4 and a SD of 2.83, the second component (Z5) had
a Weibull distribution with a mean of 4.51 and a SD of 3.06,
the third component (Z3) had a mixture of an exponential and
a discrete distribution (22) with a mean of 3.1 and a SD of 3.34,
and the fourth component (Z4) had a log-normal distribution
with a mean of 4.59 and a SD of 2.45. Let us now consider the
PSS presented in Fig. 3(b). The Bayesian estimators are based
on 100 observations of (7', §). The simulated values are listed
in the Appendix.

To estimate the parameters for components 1 through 4, we
rewrote the representation of the system as follows. For compo-
nent 1, we consi(/l\ered that X; = min(Z;i., Z4), Xo = Z1, and
X3 = Zo; then, Fz, (t)\: ﬁg(t), where Fz, is the DF estimate
of component 1, and F% is the proposed estimator for the PSS
(21). In a similar way, for component 2, we considered X; =
min(Zs, Z4), Xo = Z3, and X3 = Zy; for component 3, we
considered X1 = min(Z;, Z3), X5 = Z3, and X3 = Z4; and
for component 4, we considered X1 = min(Zy, Zs), Xo = Z4,
and X3 = Z3 (see Section IV). We found that the proportion of
the censored data for components 1 through 3 is 71%, and that
for component 4 is 87%.

Figs. 7(a) through 7(e) present the estimates of the five dis-
tribution functions: components 1 through 4, and the system. In
all the plots, the true distribution functions (dashed lines) and
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Fig. 7. Estimates for the Example 2.

the prior mean (dashed-dot line) are also illustrated. The condi-
tional reliabilities of the components relative to the system are
p1 = 0.2887, pa = 0.2887, p3 = 0.2887, and py = 0.1303.

VI. CONCLUDING REMARKS, AND AREAS FOR

FURTHER RESEARCH

Salinas-Torres ef al. [13], and Polpo and Sinha [14] carried

out the nonparametric Bayesian estimation of components’
reliability in a series system, while Polpo and Pereira [15]
presented the estimation for the parallel system. In the present
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Fig. 7. (Continued.) Estimates for the Example 2.

Fig. 7. (Continued.) (f) A more complex system; (g) SPS representation of
system in (f).

study, we have extended both these earlier works to a more
general problem of estimating components’ reliabilities in a
SPS or a PSS. The product integral was necessary to prove the
Theorem 3, which provides the mean posterior estimator for a
component’s distribution function. The proposed estimator can
accommodate both continuous and discrete failure times (see
Example 2), and is s-consistent. In this case, the user of our
proposed estimator does not have to be worried if the unknown
reliability function to be estimated is continuous, discrete, or
a mixing of both because the estimator can accommodate all
these cases, giving a very general solution.

The estimation of more complex structures than those pre-
sented in Fig. 3(a) or Fig. 3(b) can be done by considering
sub-systems, and some adaptations on the initial problem. For
example, if our interest is the estimation of component Y5 in the
system given in Fig. 8(a), then we can build a new system by
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taking X1 = IIlE),X(}/l7 YQ), XQ = Y5, and X3 = HliIl(Yg, Y4),
where X1, X2, X3 are the components of the system given in
Fig. 1(a), and we can just estimate the system (1(a)) as earlier.
On the other hand, if our interest is in the estimation of compo-
nent ¥, and we have X7 = min(max(Y1, ¥2), max(Ys, ¥5)),
Xy =Yy, and X3 = Y5 (Fig. 8(b)), then, in this case, the jump
point sets of X7 and X3 cannot be disjoint, and this result vio-
lates the estimator assumptions. Hence, we can estimate Y7, Ya,
and Y5, and cannot estimate Y5, or Y. The estimator proposed
in the present study opens new possibilities in reliability estima-
tion; however, it is not the final solution for coherent systems.
As future research, one can think about how to solve the ques-
tion of the assumption of a disjoint jump point set, where it will
be possible to estimate the reliability of more complex systems,
such as the bridge system.

APPENDIX

Proof of Theorem 1: For the first part, see Peterson [11, The-
orem 2.1], and for the second part see Polpo and Pereira [15,
Theorem 2]. [ ]

Proof of Theorem 2: For the SPS, we have that, from the
reversed hazard rate (RHR) (see Polpo and Pereira [15], Block
et al. [20], and Li and Zuo [21]),

Fy(t) = exp —7{ L2 (p)do EFZ [ [Ld )] (23)

+ w>t

We can write the integration as
7{ 12 (v)dv = ;{ d;:?((:))
_ 57 L= F ()] Fy(0)dFo(v)
[1 — Fl(’l))} F3(Q))F2( )

o0

B dF5(v)
N 7{F — Fi(v)
_ 3{ dF3(v) ‘
Z:: *(v) — @, (Ff, Fy, Fy,v)
From (1), F(v) = Zj:

 Fi(0); from (), F(t) -

Fi(v) = [1 = Fi(v)]F3(v)Fz(v); from (4), dF5(v)

[1 — F1(v)]F3(v)dF2(v); and from Theorem 1, Fy(v) =

O (Fy, F5. Ff,v). Also, the product becomes
1yl

u>t

Tk e FelvT)

—E{Z _FQ(U“L)]

T e[ = FilvT)] Fs(v™ ) Fa(v™)
—m [1— Fi(vt) }

v>t -

- HF;_F(?)‘*‘) — Fy(vt

v>t

F(v7) = @ (FYF5 B 0)

3
& fi
=[5
e Z (o) — @, (B, Fy By oh)

Note that, from Property 3, Fi{v~) = Fi(v") and F3(v~) =
F3(v™), and the last equality holds. Because Fy is positive and
increasing, Fy(t;) = O implies Fy(t) = 0 for ¢t < t;, and
Fy(t,) = 1 implies Fz(t) = 1 fort > ¢,.

For the PSS, we have that, from the hazard rate (HR) (see
Peterson [11]), +

Fa(t)y =cxp< — }[)\f‘z (v)dv HF‘Z [1 — AP (U)} .29

0 v<t

We can write the integration as

i i

7{ A2 (p)do = y{
0 0
}Z’.
B ?{ sz

= ¢ Fo

dF3 (v)
/

@, (Ff, 5. o) = 30 F7(0)
P

—d[1 — F(v)]
1— Fs(v)

—Fy(0)[1 = Fy(v)]d[1 — Fa(s

v)]
Fi(v) [1 = Fs(v)] [1 = Fa(v)]

From (1), Fi(v) = Z i1 I (v); from (3), Fi(v) — F(v) =
R — B~ B fom (), dFi() =
—F(0)[1 — Fs(v)]d[L — Fs(v)]; and from Theorem 1,

Fi(v) = @,(F], Fy, F5, v). Also, the product becomes

FPFZ[ /\Fz ]
v<t
(1 — Fy(vt
()

=P~ [Fi(of) L= F(eH)][1 - FQ(W)]}

v<t

=1 7o —Fo

o<t -

e
o
¥
<
+
Sa—

) (I)P(Fva;7F§F77)+>_

I
=
|
i

e
<3
—~

<2
\.‘/

vt | O (FY PPy v) -

LoN
I
-

Again, from Property 3, Fi(v™) = Fi(vt) and F3(v™) =
F3(v™), and the last equality holds. Because F% is positive and
increasing, F5(t,) = 0 implies Fa(t) = 0 for ¢t < t;, and
Fs(t,) = 1 implies F>(t) = 1 fort > t,,. ]
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TABLE 1V
SIMULATED SAMPLE OF EXAMPLE 1

T d T é T d T é T J
125 2 127 4 135 3 138 3 143 3
147 2 1.54 4 1.61 4 1.89 4 1.92 1
222 2 240 3 243 2 2.58 1 2.59 1
260 3 294 4 298 2 3.01 1 3.03 1
3.05 1 312 2 3.14 4 315 2 3.16 1
317 2 3.40 1 341 1 342 1 346 2
355 3 367 3 3.68 2 372 3 383 4
3.88 1 414 3 417 2 424 2 440 3
4.50 1 466 4 467 4 472 4 480 1
4.81 3 485 3 489 1 4.98 1 5.00 3
506 3 512 1 515 2 518 2 522 2
523 2 538 2 5.51 2 567 4 5.68 1
578 2 581 3 592 2 6.01 4 6.05 1
6.10 2 6.12 3 628 2 641 2 6.57 3
6.67 4 6.76 3 687 3 695 4 7.08 2
7.09 2 7.14 1 7.41 3 748 2 7.60 1
762 2 7797 1 838 2 844 3 848 2
869 2 874 2 9.02 3 936 2 | 1004 2

10.07 2 | 10.16 1 11.07 2| 1127 2 | 1138 3
11.74 3 | 11.89 3 | 1336 3 | 13.51 1 1527 3

Proof of Lemma 1: See Salinas-Torres et al. [13]. ]

Proofof Theorem 3: SPS part: for the proof of (18), see Polpo
and Sinha [14]. Replacing the Bayesian estimates of F}', Fy,
and Fy in (19), we have

N J
Fy| =1
o) & Ol Baraan o~ - < T
v>t Zl Jfk(q}“l‘)—(b& <Ff,F;,F;,U+)
=
(25)

Note that d F5 (v) = da (0, 'U]/(’IL-FZ?:l (0, 00)), and from
(1) and (18) the first term in (25) becomes /s (¢), and the second
factor in (25) is

3

Z aj([),v]-&-i W(T:<v™)

N - Fi(v)
N 71+Z a; (0,00)
| — =TTy (1).
v>t Z ay (0,'11]-}—2 WT; <vt)
R .
'n—i-z 271 (O,oo)
=1

On the other hand, proceeding as in Lemma 1,

o0

Bo(t) = BFa(t)ldata] = TC (1 - d/\?z(s)) . (6)

where dMy(s) = (esdF5 o (s)+ndF5 (s))/(csFo(s)+nF (s)),

and c3 = 23:1 (0, oc). With simple algebraic manipula-
tions, we obtain (25) from (26).
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TABLE V
SIMULATED SAMPLE OF EXAMPLE 2

T ) T 0 T ) T 0 T [
0.66 2 071 3 1.00 3 1.00 3 1.00 3
1.00 3 1.00 3 1.06 2 1.08 2 1.18 4
1.34 2 1.38 1 1.45 1 1.54 3 1.72 1
1.73 1 1.78 1 1.81 2 1.85 1 1.87 4
1.92 4 1.96 3 1.99 1 209 1 2,15 2
217 2 223 3 226 2 227 2 228 1
230 1 234 1 239 3 249 1 252 3
253 4 255 4 256 2 259 1 264 1
265 1 273 1 274 4 287 1 288 4
297 2 3.00 3 3.00 3 3.00 3 3.00 3
3.00 3 3.00 3 3.00 3 3.00 3 3.00 3
3.04 1 305 1 3.06 2 3.08 3 312 2
315 2 324 4 325 3 336 2 353 3
371 3 378 2 396 4 405 1 427 1
453 2 462 4 465 1 485 1 491 2
492 4 505 2 518 2 521 2 522 1
523 1 524 3 525 1 541 2 546 2
551 1 556 2 558 2 559 1 564 2
567 1 579 2 596 3 6.64 2 6.66 4
688 4 8.01 3 8.04 2 875 3 953 3

PSS part: for the proof of (20), see Polpo and Pereira [15].
Replacing the Bayesian estimates of I}, Iy, and Fy in (21),
we have

t ~
~ —dFy
Fg(t)zl— exp % 2 (77) 3
0 (I)P (ﬁfvﬁ;aﬁ;a”)_ ﬁf(?l)
5=1

T i=1
Xm — R 7L<T(n)
vSt | @, (Fl*sz*vF‘;?U—)_Zl ;‘(U—)
=
27)

Note that dF (v) = (dev; (0, 0])/(n + 22:1 az(0,00)), and
from (1) and (20) the first term in (27) becomes I, (%), and the
second factor in (27) is

3 n
> (04> (T <v™)
Fy(o) - =
n+Z a;(0,00)
[}

3 n
o<t Z o ((],v}—i-z I(T;<v—)

1 =1

= 1L,5(¢).

o~

F1 (‘U) — 1

3
n+Z o (0,00)
On the other hand, proceeding as in Lemma 1,
¢

By(t) = BIFa(D)|data) = 1 - TC (1 - dAQ(s)) . (28)
where dAs(s) = (csdFy o (s) +ndFs (s))/(csFo(s) +nF(s)),
and c3 = Z?Zl @;(0, oc). With simple algebraic manipula-
tions, we obtain (27) from (28). ]

The simulated samples of (T, 6);,4 = 1,...,100, used in the
examples, are described in Tables IV and V.
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