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Development Procedure of Generic Component Reliability
Data Base in PSA and Its Application
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ABSTRACT

This paper presents the development procedure and application of the generic component
reliability data base considering the dependency among dependent generic compendia in NPPs
(Nuclear Power Plants) PSA (Probabilistic Safety Assessment) under construction or without
operating history. We use MPRDP (Multi-Purpose Reliability Data Processor) code' ? developed
in KAERI (Korea Atomic Energy Research Institute) based on a PEB (Parametric Empirical
Bayesian) procedure to estimate the reliability. The employed model in this study accounts for
the relative credibility as well as the dependency among generic estimates. Numerical examples
and the part of summarized reliability data table are provided as the application.
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1. INTRODUCTION

In NPPs PSA, the component reliability
data are the most basic information. However,
in assessing the safety of the plant under
construction or without operating history, it is
essential to develop a GDB (Generic Data
Base) for component reliability since the
generic distributions should be used directly
to quantify the system logic models.

The component reliability data of NPPs can
be classified into plant-specific data and
generic data from similar plants. The generic
data can further be divided into generic plant
data (E}) and generic book data (E»). The
generic data from various industry compendia
are usually provided in the set of parameter
estimates. We postulate that the generic esti-
mates are statistics of raw failure data from
several plants. While most generic plant data
are confidential, a lot of book type data are
available to get them, so maximum use of
such data is desired However, dependency
may occur among the estimates when the
failure data referred in two or more sources
are overlapped or when the same expert joins
two or more projects for developing generic
data bases.

The employed estimation procedure® s
based on the PEB framework. Each generic
estimate is converted into a set of location
and dispersion parameters of the PVD (Po-
pulation Variability Distribution). The under-
lying distribution for the failure rate was as-
sumed to be log-normal according to PSA
convention. The credibility of the generic
estimate is appraised by the number of plant
data referred by the source, and the depen-
dency between two sources is measured by
the relative number of plant data overlapped.
By this approach, we can model the inherent
dependency between the sub-populations con-
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sidered by the generic sources. First, we de-
rive a simple formula for deriving the PEB
estimate utilizing the whole set of generic
data under independence assumption. Then we
induce an efficient estimate in weighted ave-
rage of functions of generic estimates, which
can be used for dependent data.

The data sources were screened and the
necessary data used in this study were re-
corded in the forms of the generic reliability
data collection sheets as shown in section 5.
The MPRDP code which is based on the
‘three-stage’ Bayesian procedure automati-
cally calculated the resulting estimates.

2. CONSTRUCTION OF GDB

Based on the literature survey performed so
far, we constructed the GDB. This data base
is much more enhanced than the previcus
ones, in that it includes bigger population of
sources especially from those of the western
countries outside the U.S. In case of using
the diverse data sources, however, it needs to
consider the dependency among the referred
sources for the dependency may occur among
the estimates.

In this study, we estimated the component
reliability for about 100 of components in-
cluding most of the major components con-
sidered in NPPs PSA. The total number of
sources referred in this study is 31 as shown
in Table 1, which include most of the reli-
ability data bases considered by PSA studies
performed so far. The 8 generic plant data
from ALWR URD D/B” were also included as
a set of book data. More plant data will be
utilized whenever they are available.

Comparing with other previous GDBs, our
GDB is developed by an automatic procedure,
and reflects the dependency among the data
sources employed. It provides the information
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of the updated distribution in the form of
point estimates and confidence limits. The
resulting distribution may not be log-normal,
but they have similar shapes in most cases.
The input data of system quantification are
provided in the form of the mean and the
error factor of the fitted log-normal distri-
bution.

Tabie 1 Data source List

1. WASH-1400 17. IEEE Std 500

2. German-IAEA 18. Midland PSA

3. NUREG/CR-1205, RO 19. Oconee PRA

4. NUREG/CR-1331 20. NUREG/CR-1740

5. NUREG/CR-1362 2]. Swedish NPP DB

6. Zion PSS 22. NUREG/CR-3831

7. NUREG/CR-1205, R1 23. NUREG/CR-2815

8. EPRI-NP-2433 24. NUREG/CR-4550, V3
9. Sizewell B SR 25. NUREG/CR-4550, RO
10. NREP Guide D/B 26. HWR-IAEA

11. NUREG/CR-1363, R1 27. Old PWR-IAEA

12. NUREG/CR-2886 28. NUREG/CR-45%0, R1
13. NUREG/CR-2728 29. French-900 PSA

14. Shoreham PRA 30. NUREG/CR-4639

15. Mitlstone PSS 31. ALWR PSA KAG
16. Seabrook PSS

3. DESCRIPTION OF MPRDP CODE

3.1 Three-stage Bayesian Procedure”

The Bayes’ theorem is one of the most
convenient ways to incorporate currently
available pieces of information for updating
our prior knowledge about the quantity of
interest. The two-stage procedure, the first
systematic procedure for analyzing failure
data, was proposed by Kaplans) and frequently
is used in many PSA studies. However, the
‘two-stage’ procedure can not handle generic
book type data since it was mainly for pro—
cessing data from generic plants’ experience
and plant specific experience. Later, Mosleh
and Apostolakis™ modified the ‘two-stage’
Bayesian procedure to handle generic book
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data as well. However, there seems to be in-
consistency in their way of getting the joint
likelihood function for generic plant data in
the first stage, and the book data in the se-
cond stage. While the employed three-stage
procedure in this study is based on the above
two procedures, significant improvement were
made in the proposed procedure combining
generic plant experience and the generic book
data.

The two-stage Bayes equation can be re-
written as follows in the three-stage pro-
cedure.
flA | Eo BV Ep E3)=

RAIVE)) KE|Ey) Ey| 1,FE,)

Ji AN E) - By By, By | 4, Ep)da

where,
Eo=general engineering knowledge underlying
assumptions
Ei=past information data from operating ex-
perience at similar plants
E;=generic failure rate estimates or distri-
butions contained in various industry
compendia
Es;=plant specific performance data
The DPD (Discretized Probability Distri~
bution) version of the above formula would be
as follows.
P(AEC, | EoEy,EoFs) =
P(AEC: | Ey) - P(E\, B, E3| A, Ey)
SR P(AEC, | EY - P(E, By B3| Ay, By
................................................................... (2)
In the ‘three-stage’ Bayesian data update,
the first stage concentrates on the estimation
for the parameters of the posterior distribution
of A. The set of parameter estimates takes
the role of a generic compendium, E;. If other
estimates (generic book data) are not avai-
lable, the estimates from the first stage can
be directly used as a prior in the third stage.
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Likewise, even when information type E; is
not available, the second stage can be per-
formed with other estimates to determine a
prior generic failure rate distribution. In the
third stage, the prior thus obtained is updated
using equation (2). Fig.1 shows the concept
of “Three-stage’ Bayesian procedure.

(il ). ]
Knowledge —L SHED
E, : Generic Plant ——
Experiance

First Stage

S (AL Fy, Ey)
Represented by g

/F_, G«nncBookDm\ Y
{ : for the i
4 of the generic faire rate i Stage

SR B, B B2
Generic failure rat:

distribution

<E, : Plant dat} Third sma;e>
1

Fig. 1 The Flow Diagram of the ‘Three-Stage’
Bayesian Procedure

3.2 Aggregation

The generic procedure for combining ge-
neric plant data (E)) and generic book data
(E2) can be summarized as the following two
steps.

» Step 1: Aggregate E) based on the engine-
ering knowledge (E;) with Bayesian me-
thod to provide an estimation for the PVD.

P Step2: Regard the estimate in step 1 as
an item of generic book data, and combine
it with the other book data to compute the
final estimate for the PVD.

There is little problem in performing step-
1. The likelihood function for the plant data
can be naturally constructed, for they are
mutually independent. However, performing
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step-2 requires much more consideration. First
each set of book data is a collection of plant
data, and the same plant data considered in
two different books can be overlapped. This
might cause significant dependency among
book data. Second, the way of aggregation
methods from raw data are not known, so we
need some consistent assumption for the
formulation of generic book data.

The dependency may stem from the overlap
of experts, but the more basic sources would
be duplicated use of the same raw data.
When we consider the scarcity of detailed
operating history, the minimum requirement
for estimating the dependency would be the
number of plants (N;) referred by each book
source and the number of overlapped plants
(N;) between two sources.

First we reduce the problem to estimating
parameters, by restricting the PVD to a
member of a parametric family such as log-
normal family.

The type of book estimates can also be
simplified into a closed form, provided we
restrict the aggregation method within the
type 1T maximum likelihood (ML-II) method.

MIL.-TI estimation method is a kind of PEB
method. The basic idea is to select the prior
7 maximizing the type II likelihood function
m(x | n). When a prior 7 is parametric dis-
tribution, the ML-II approach provides a set
of hyper-parameters maximizing the type II
likelihood function. The determination of an
ML-II prior is quite simple for many classes
of priors.

To aggregate the data, the following as-
sumptions are required.

1) The PVD estimates from the generic com-
pendia are based on ML-II method under
the log-normal model.

2) The estimation error of the individual plant
estimate Ym has the same variance.(7 ’n=
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Suppose that all the book data estimates
are independent. Then a basic way of aggre-
gating the book data to provide an estimate
for the PVD can be derive from the lemma.
[Lemma 1] Suppose assumption 1 and 2 hold,
and there is no overlap of plant data among
the book data. Then the aggregated ML-II
estimate (é ,&) can be derived from the book
data, {(&, %) i=1, B}, by the following eq-
uation.

>

= (M é) ................................. (3)

2\~ =
M=

ﬁ i(AO'zi—Q'(éifé)z} ............... (4)

The result is very useful, for equation (4)
does not require the estimate of variance G°
of individual plant data. Equatlon (3) and (4)
also imply that é‘ and ¥ are weighted sums
of &; s and {G;+(E;— &))" s, respectively.
The coefficient for the ith book data is
proportional to the sample size Ni. This wei-
ghting scheme minimizes the variance of the
estimators. Here we propose a minimum vari-
ance linear unbiased estimator for the case
when the book estimates are dependent.
[Lemma 2] Suppose assumption 1 and 2 hold,
and some plant data referred in some generic
compendia overlap. Then the minimum vari-
ance linear unbiased estimator for the location
parameter is given by estimation (5), and it's
variance reduces to equation (6).

EL=(17 S AT Z D, e (5)

where 1=(1,..,1)7, 5 (5.5 éB)T»
and

1/N\Ny/(N\N;)..Nyp/(N\Ng)
o= Nip/ (NyN)1/N. . Nyp/ (NoNp)
Nig/ (N Ng)N,yp/(NNg). .1/ Ny

Var(é,,):(oz+ ¢ AT Z ) e ®)

When there exist book I and j such that N;
=N;=Nj;, the matrix 2y turns out to be sin-
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gular. Since N;=N;=N;; implies perfect over-
lap between two sources, one of them should
be removed from the data set.

[Remark] Equation (5) of the above lemma is
identical with the generalized least square
eftimate of the following linear model.
E=&1+u, u~ O, 2o

Hence the Gauss~Markov theorem also im-
plies that the estimator given in equation (5)
is the best linear unbiased estimator.

In order to find similar type of estimator

for the scale parameter, let’s consider the
type of the estimator & to be linear com-
bination of {&;+F—3?}"s. Then we have
the following theorem.
[Theorem 1] Suppose assumption 1 and 2 hold,
and some plant data referred in some generic
compendia overlap. Suppose we restrict the
estimator of the scale parameter to be linear
combinations of w;=6:+F—%°"s. Then the
minimum variance estimator among them is
given by equation (7), and it’s variance re-
duces to equation (8).

=T S5 W) /AT T 1), e (7)

where 1=(1,- 17, w=(w,ws,ws)".
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3.3 The Structure of MPRDP Code

MPRDP code was developed to provide wi-
de range of options, and so it is composed of
various subroutines. According to the input
options, only a part of these subroutines are
to be executed. The flow diagram of the
MPRDP is in Fig. 2. In Fig. 2, MLE is maxi-
mum likelihood estimates and BE is best esi-
mates.

4. APPLICATION

4.1 Motor Operated Valve (MOV) Demand on
Failure
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The generic data for the demand on failure
of the MOV from 2] compendium and 6
plants are summarized -n Table 2. The num-
ber of plant data used by each source and the
list of dependent sources estimated are given
in the table.

We provide the coefficient vector pi(l)
under assumption of independence as well as
pD) under dependence. For this case, the
parameter estimates do not change signifi~
cantly by considering dependency, because the
generic data are relatively homogeneous.

Real input Data

Calculate Statistics Discretize
the parameter Space

Determune MLE

Fig. 2 The Flow Diagram of MPRDP

42 Solenoid Operated Valve (SOV) Demand

on Failure

The generic data for the demand on failure
of the SOV from 14 compendium are summa-
rized in Table 3.

Some of the coefficient p;(D) became nega-
tive, which implies that the plant data in the
ith book are referred too much in other sou-
rces, so the impact should be removed. For
this case, by considering dependency, the par-
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ameter estimates for the EF change signifi-
cantly.

Table 2 MOV Demand on Failure Data

mean s 2 dent | P, | P
4 | TS Y D;eu:ces vl o
1 |BI0) 15 30691 |065] B 2641016 002 | 000

52830
20/ 61 (3052l 21 002 | 03
1162528,
6 18LI2] 16 | 47|68 | 08| B 031 003] 003
9 {806 067 | 60|-790(119] 5|1 002 | 00
016 | to |100]-780]|1%] 6 {113 006 | -004
10| 42 | 11{-547|000] 66 LBIGAT. 006 | 008
252831
13{sotl 30 [w00l-67] 19| 60 {10358 100605
15 (&8 26 | 87 (-68| 17| 50 [1173031 | 065|006

16| 812 ] 43 37| -577 | 0641 30 [16JL1731} 005 006
1783400 ) 40 ) 100] 6301 1% | 70 11252831 | 0.07 | 009
8B 70 30 | 518 (045 5 16528 0021 003
19 | 8406 | 40 95| 646 | L8| 2 1652, 0.02 | 002
3031
A1 & 72 58 | -530 | L.14| 8 |None 001 | 001
2|80 | 36 |158|-703]282] 6 [1331 006 | -0.15
% |89 30 |100]|-679] 1% 80 |83 007 | -005
%| 8 079 | 12]-715[001| 30 |NA 0.03 | 004
7|8 29 15| -587| 006 30 [NA 003 | 004
B 00| 30 |100|-67]|1%]| 90 |Most 008 013
2 19004] 30 |100]-909]19%| 4 |None 004 006
0 190%| 615 | 16| -513( 008 120 | Most 0.11] 016
6,11,16,19,
3L (9| 40 47| -5% | 088 | 100 5% 0.091 008
k2 37 | 19| -566 ) 0I5[ 6 001 | 001

Independence | 450 | 111] -648 | 214 1071
Dependence | 481 | 90 | 62 178

5. RESULT

The output form of the MPRDP code is
shown in Fig. 3. We evaluated mainly the sa-
fety-related components in this study. As the
result we get the mean value and the error
factor for about 100 the components. Table 4
is the part of the result of this study. The
full set of the result will be published for-
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ward. In this table, the reliability and the er-
ror factor is compared with that not consi-
dering the dependency among the referred
sources.

Table 3 SOV Demand Failure Data

No | date (;gii) EF| & | o N D;‘;‘:j:t 5) (;];,)
1[50 125 [ 30|69 05| 2 2_10'16'20’ 004 | 002
20 7] 13 |%0]-60]32| 2|1 004 | 005
10 18206 10 | 30(-713]045] 60 |111023233] 011 | 007
B30l 10 | 30|-713]045] 60 (161117 |0l | 05
16 |812] 24 | 95| -697|187] 0 |62 009 | 0.3
B8] 20 | 95| -697| 187 B |165 004 | 006
19 | 804 | 0013 | 127]-124 | 239} 2 |16% 004 005
08107 | 17 |191|-1® 32| 0 |15 012 | 017
A & | 0% |352|-8% 101 8 |None 001 | 002
B &R 072 | 35]|-783| 08| 6 134 011 |-02
AL 10 {30 ]-T3I0B] 15 130285 ] 003 00
% (8| 20 | 30]-64]05] & |Most 014 018
% & | 17 |23|-631(02%] 30 [NA 005 | 008
290904 | 023 | 27|-8%[03] H |None 008 | 0.12
Independence | 217 | 137 | -740 | 233 | 369

Dependence | 328 | 195| -7.3% | 3277

Component Name : MOTOR OPERATED VALVE

Code: MV
Boundary : Include the valve body, all its internal ...
Failure Mode : Failure to operate on demand
Code : O (Fail to Open), C (Fail to Close)
Type(*) : 0
Failure Data
No |Mean {EF |SIG |L-Mean |SIG-TR [WEIGHT |[SOURCE
1]1.25e-3}3.0 |.67 1-6.91 92 .00 WASH-1400
2(6.10e-3|3.0 |.67 {-5.32 125 .03 German-IAEA
6{1.60e-3{4.7 4.7 |-6.88 1.32 .03 Zion PSS
916.70e-4]6.0 16.0 |-7.90 4.02 .04 Sizewell B SR

Value Calculated : Mean=4.84e-3; EF=9.0, Correl. No.=

Rationale :

Fig. 3 MPRDP Code Output Form
6. CONCLUSIONS

The GDB developed in this study was con-
structed by updating the data provided by so-
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Table 4 Summary of Component Reliability Data Base

Dependent | Independent

Component Failure Mode Code
Mean |EF | Mean |EF.
Motor operated  |fail to open MVO [484e-3] 9.0|2.74e-3| 37
valve fail to close MVC [48%e-3| 9012.74e-3] 37
fail remain open MVT, [170e-7]109]1.05¢-7| 32

VP
catastrophic internal { MVL |5.36e-7|396 |851e-7(66.3

leakage

Solenoid fail to open LVO |211e-3{ 94]9.37c-4| 50
aperated fail to close LVC |2.11e-3] 94]9.37e-4| 50
Valve transfer closed LVT [594e-7{109(354e-7| 46
Air operated fail to open AVO [2.17¢-3] 50]|1.11e-3] 24
Valve fail to close AVC {217e-3} 50{1.11e-3| 24
transfer closed AVT |41le-7]105{30le-7} 6.0
Check valve fail to open CVO [650e-4112514.57-4] 84
(other than stop {fail to close CVC |630e-4{125[4.57e-4| 84
check) transfer closed CVT |380e-8| 84[9.44-8] 89
reverse leakage CVL [1.66e-6{19.412.00e-6[215

urces. The data updating work was perfor-
med by the MPRDP code.

The advantage of this database is that it
incorporates huge population of data sources
and 1t is based on systematic and consistent
procedure. Specially, we considered the depen-
dency among the data sources employed.

By applying the method to some set of
data, we can indicate when the generic esti-
mates are relatively homogeneous, dependency
does not affect the location or dispersion pa-
rameter estimates very much. However, when
there are heterogeneous generic estimates, de-
pendency affects the results very much espe-
cially on the dispersion parameter.

As the directions for further study, generic
data collection program for both foreign and
domestic data should be constructed. The de-
velopment of database system with appro—
priate data collection sheet would be major
part of this project.
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