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ABSTRACT

Industry data representing the time to recovery of loss of
ofr-site power at nuclear power plants for 63 incidents caused by
plant-centered losses, grid losses, or severe weather losses are
fit with exponential, lognormal, gamma and Weibull probability
models. A Bayesian analysis is used to compare the adequacy of
each of these models and to provide uncertainty bounds on each of
the fitted models. A composite model that combines the prob-
ability models fitted to each of the three sources of data is
presented as a method for predicting the time to recovery of loss
of off-site power. The composite model is very general and can
be made site specific by making adjustments on the models used,
such as might occur due to the type of switchyard configuration
or type of grid, and by adjusting the weights on the individual
models, such as might occur with weather conditions existing at a
particular plant. Adjustments in the composite model are shown
for different models used for switchyard configuration and for
different weights due to weather. Bayesian approachcs are also
presented for modeling the frequency of initiating eveits leading
to loss of off-site power. One Bayesian model assume. that all
plants share a common incidence rate for loss of off-site power,
while the other Bayesian approach models the incidence rate for
each plant relative to the incidence rates of all other plants.
Combining the Bayesian models for the frequency of the initiating
events with the composite Bayesian model for recovery provides
the necessary vehicle for a complete model that incorporates
uncertainty into a probabilistic risk assessment.
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1. INTRODUCTION

Industry data representing the time to recovery of loss of
off-site power (LOSP) at niclear power plants are presented in
Appendix A of the Nuclear Regulatory Commission Report NUREG-
1032. The loss of off-site power as defined in that NRC report
is

“... the interruption of the preferred power suoply to the
essential and nonessential switchgear buses necessitating or
resulting in the use of emergency AC power supplies.”

NUREG-1032 further states

“... total loss of offsite power is a relatively infrequent
occurrence at nuclear power plants ... Historically, a loss
of offsite power has occurred with a frequency of about once
per 10 site ye*~s. The typical duration of these events has
been on the order of one-half hour."

The data reported in NUREG-1032 were obtained from the Licensee
Event Report System and are classified as being plant-centered

(PC), grid (G), or caused by severe weather (W). Again citing
from NUREG-1032,

"Plant-centered events are those in which the design and
operational characteristics of the plant itself play a role
in the likelihood or duration of the loss-of-offsite-power
event, Area or weather effects include the reliability of
the grid and external influences on the grid or at the site
(such as severe weather) that have an effect on the likeli-
hood and duration of the loss of offsite power."

The data reported in NUREG-1032 consist of the time (in
hours) to recovery of loss of off-site power for 59 reported
incidents through 1985. Since that time, four additional inci-
dents have been reported. A1l data are shown in Table 1, with
the most recent values identified with an asterisk. The data are

current through June 1987. Summary statistics for the LOSP are
shown in Table 2.

The LOSP uata are displayed by each categary in Figure 1 as
“true” boxplots. The actual box portion of the plot is formed by
the Tower and upper quartiles of the sample data, with the median
indicated by a vertical line within the box. The left-hand
endpoint of the boxplot is located at the maximum of

X.ZS - 1.5 x (interquartile range) and X

min’
For example, consider the first boxplot in Figure 1, which is

for the plant-centered data. Since xmin = ,002 for the plant-

centered data, the left-hand endpoint of the boxplot for the
plant-centered data is found as




Table 1. Time to Recovery (in hours) for 63 Recorded Incidents
of Loss of Off-Site Power at Nuclear Power Plants

Plant Centered (n=43)

0.002 0.067 0.200 0.400 0.767* 1.750
0.003 0.070 0.250 0.430 0.900 2.750
0.003 0.080 0.250 0.480 0.900 7.467*
0.004 0.083 0.250 0.500 0.930
0.013 0.130 0.270 0.500 1.030
0.015 0.150 0.280 0.500 1.150
0.017 0.167 0.330 0.570 1.480
0.020 0.183 0.334 0.670 1.667*
Grid (n=13)

0.130 0.300 0.330 0.920 1.500 2.083
0.180 0.330 0.550 1.030 2.000 6.470
0.250

Severe Weather (n=7)
1.750 4.000 4.317* 5.000 5.500 8.900
2.667

Table 2. Summary Statistics ftor the LOSP Data in Table 1

Plant  Grid Weather All Data

Lower quartile (X.ZS): 0.080 0.275 2.667 0.167
Median (X.SO): 0.280 0.550 4.317 0.430
Upr . quartile (X_75): 0.767 1.750 5.500 1.480
Sample mean (X): 0.651 1.236 4.59] 1.210

max(0.080 - 1.5(0.767 - 0.080) = -0.951, .002) = .002.

T?e right-hand endpoint of the boxplot is located at the imum
0

x'75 + 1.5 x (interquartile range) and xmax'

Since xmax = 7.467 for the plant-centered data, the right-hand

endpoint of the boxplot for the plant-centered data is found as
min{0.767 + 1.5(0.767 - 0.080) = 1.793, 7.467) = 1.798.
2
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Figure 1. Boxplots of Data for the Time to Recovery LOSP

Any data values beyond the right-hand endpoint (or below the
left-hand endpoint) indicate a high degree of skewness, and for
symmetric distributions, would be considered as outliers. The
bisis for the identification of outliers is a boxplot for normal
populations, where 1.5 x (interquartile range) subtracted from
the lower quartile and added to the upper quartile will cover
99.3% of the distribution. 1In Figure 1 the symbol “x" is used to
identify the outliers. For the pilant-centered data, the two
largest observations, 2.750 and 7.467 are identified as outliers.
More importantly, the general form of each of the boxplots
(except for severe weather, which has only seven observations) is
consistent with data that are highly skewed.

Another approach to displaying the LOSP data is to use an
empirical distribution function (e.d.f.) such as shown in Figures
2 to 4 (the weather data are not shown since there are only seven
observations). The steps in the e.d.f. occur at each of the data
values in the sample, and the step heights used in graphing the
e.d.f.s are equal to 1/n, where n is the number of sample obser-
vations being plotted. One immediate advantage of the e.d.f.
representation over an approach based on grouping the data in a

histogram or boxplot display is that each data value is dis-
played.

In addition, the e.d.f. r~emoves the subjectivity associated
with grouping the data in a histogram, thus its construction is
not analyst dependent. Moreover, the distribution function of a
candidate probability model can be plotted Jointly with the
e.d.f., and a goodness-of-fit test designed for use with distri-
bution functions can be used to determine the adeoguacy of fit,
Like the boxplots, the e.d.f.s show the PC data to consist of
mostly small values and the overall data to be more spread out.
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Figure 2. E.D.F. for Time to Recover LOSP (Plant Centered)
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EXPONENTIAL AND LOGNORMAL PROBABILITY MODELS
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Figure 5. Exponential Probability Model for PC LOSP Data
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Figure 6. Exponential Probability Model for Grid LOSP Data
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Figure 9.
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The maximum likelihood estimates of the location and sEa1e param-
A A
eters, u and o, are u = % In ti/n and az =2 (In ti - p)z/n.

The fitted lognormal probability models are shown in Ficures
8 to 10 in a manner analogous to the exponential models in
Figures 5 to 7. Bias in the lognormal model is also apparent in
Figures 8 and 10, but the bias is just opposite of that shown in
Figures 5 and 7. In Figure 9 it could be argued that the lognor-
mal model provides an adequate fit for the data just as the
exponential model did in Figure 6. Again this result is due to
the small sample size.

3. FITTING THE GAMMA PROBABILITY MODEL

Another candidate for modeling time to recover LOSP is the
gamma distribution, which is skewed to the right, and is indexed
by a shape parameter (a) and a scale parameter (8). This distri-
bution has positive probability on the interval [0,«) and has the
flexibility to represent many different shapes of probability
distributions for fitting data. The probability density func.ion
for the two-parameter gamma distribution is given as follows:

fF(t) = 8%(r(a)] ! to-1 o8t t 20, a>0, 850 (3)

where r'(a) is the gamma function and t is the recovery time. The
discussion in the following paragraph concerns the procedure for
estimating the parameters a and 3.

Lawless (1982, pages 204-206) provides a discussion of the
maximum likelihood procedure used for estimating the parameters a
and 8 in the density function given ‘n Equation (3). His
procedure can be surmarized using the following steps.

l. Find the arithmeii. mean (t) and tie geometric mean (%) for
the sample data.

2. Calculate s = log(t 7/ ©).
3. Compute a = s 1(17.79728 + 11.968477 s + s2)° !
(8.898919 + 9.059950 s + .9775373 s2) if .5772 < s < 17
or a = s '(.5000876 + .1648852 s - .0544274 s°)
if 0 < s < .5772.

4. Compute ; e / t.

The results of the calculations used to find the estimates of the
parameters a and g for each of the plant-centered, grid, and
entire data sets are given in Table 3.




Table 3. Maximum Likelihood Estimates for the Parameters
a and g in a Gamma Distribution
Plant Centered Grid Entire Data Set
i 0.6514 1.2364 1.2099
i 0.1978 0.6543 0.3547
5: 1.1917 0.6364 1.2270
o 0.5197 0.9161 0.5057
B 0.7977 0.7409 0.4180

Graphs of the three fi.ted probability models appear 1in
Figures 11 to 13. Figure 11 makes it clear that the gamma prob-
ability model provides a very good model for the time to recovery
of LOSP for the plant-centered data and does not show the bias of
the exponential and lognormal probability models. Kolomogrov
goodness-of-fit tests (Conover, 198C) support this conclusion.
For the grid data in Figure 12 the result of the small sample
size is again apparent, as the gamma probability model provides
about the same fit as the previous models. Figure 13 shows that
the gamma probability model provides a better fit than the
exponential model for the overall dati. The gamma probability
model for the overall data fits the small and large times better
than the lognormal probability model, but is not as good in the
middle of the distribution.

An important point with respect to probability models used to
fit the overall data is that the overall data represents a mix-
ture of distributions; and as such, probability models that are
appropriate for the plant-centered or grid portions of the data
will usually not be appropriate for the overall data. Thus if
the plant-centered data and the grid data are both appropriately
modeled with gamma distributions, thenm the overall data would
represent a mixture of gamma distributions, and as such are not
properly modeled with a gamma distribution. In addition, the
overall data also contains the weather data for which a prob-
ability model has not yet been specified.

4. FITTING THE WEIBULL PROBABILITY MODEL

An alternative formulation for modeling time to recovery of
LOSP employs the Weibull distribution, which is skewed to the
right and is indexed by a shape parameter () and a scale param-
eter (1). This distribution has Rositive probability on the
interval ([0,«) and has found widespread use in life testin
studies because it offers more flexibility than the traditiona
exponential model. Like the gamma model, the Weibull model has
the flexibility to represent many different shapes of probability
distributions for fitting data. The Weibul) probability model is

9
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related to the exponential mcdel in the following manner. If T

is a Weibull random variable, then ™ is an exponential random
variable,

The probability density function for the two-parameter Wei-
bull distribution is given as follows:

F(t) = 285t8° 1 exp(-at)? t >0 (4)

where >0, #>0, and t is the recovery time. The discussion in
the following paragraph concerns the procedure for estimating the
parameters 1 and 5.

Lawless (1982, pages 142-143) provides a discussion of the
maximum likelihood procedure used for estimating the parameters i
and 5 in the density function given 1in Equation (4). His
procedure requires numerical methods to solve the following

equations for : and 8.

A l n ; 'l/ﬂ

» s | 2 3 tF (%)
[ " ep ! }

n ; n E A n

gL 1og t, /] £ ¢ - 1/p - = £ logt, =0 6)

i1 R " el | (

The results of the calculations used to find the estimates of
the parameters i and g8 for each of the plant-centered, grid, and
entire data sets are given in Table 4.

Table 4. Maximum Likelihood Estimates for the Parametars
A and 5 in a Weibull Distribution

Plant Centered Grid Entire Data Set
\: 2.1125 0.8662 1.1576
8: 0.6544 0.889] 0.6396

-

The estimates of the parameters i and 5 are used to obtain
the Weibull probability model for LOSP as was done for *he gamma
probability model. Figures 14 to 16 show the. analogors results
for the Weibull distribution as Figures 11 to 13 showed for gamma
distribution, The interpretation of the graphs is similar to
that for the gamma model with the exception that the Weibul)
appears to provide a better fit to the overall data.

11
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A BAYESIAN COMPARISON OF ALTERNATIVE PROBABILITY MODELS




SIAN ANALYSIS OF THE UNCERTAINTY ASSOCIATED WITH P(T
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Interpreting the Uncertainty Bounds

The Bayesian method of generating the wuncertainty bounds
shown in Figures 17 to 19 lends itself to an empirical inter-
pretation. The process of generating pairs of values of a and ¢
may be viewed as one that generates compiementary cumulative
probability functions or curves for the time to recovery of LOSP,
Each pair of values, (a, B), is mapped into a distinct curve.
Thus a Monte Carlo simulation of N pairs of values of o and 5 is
a Monte Carlo simulation of N recovery curves.

No single curve generated in the simulation forms an uncer-
tainty bound, rather the wuncertainty tound is found from an
envelope of curves,. For example, the 90% uncertainty bound is
found by identifying the .05xNth smallest curve and the .95xNth
largest curve at each value of the time variable. Thus it s
possible that one curve could provide part of the upper un-
certainty bound at one value of the time variable and part of the
1o7er uncertainty bound at a differert value of the time vari-
able.

This method of constructini uncertainty bounds is based on
the axioms of probability and thus has a strong foundation. The
gamma probability model was used here because the data are fit
better by gamma than by either the exponential or lognormal
models. Bounds based on the Weibull model are now considered.

Bounds for the Weibull Probability Model

Bayesian analysis of the uncertainty associated with the Wei-
bull probability model proceeds in the same way as the analysis
just presented for the gamma probability model. Again, a dif-
fuse joint prior distribution is employed for the two uncertain
parameters. In this case the joint prior is 1/(2g8). The likeli-
hood function analogous to that given in Equation (11} for a
sample of n observations given by tl,....tn is

B
Lityeeeaaty) o (aPg) 0 1g 278, (19)

where § = 2 tf and P =1 ti‘ Multiplying the joint prior distri-

bution by the likelihood function and a normalizing constant, k,
yields the posterior distribution for A and # given by

nelegel. 2®
gl ooity) = ka8 ighlpflema’s, (20)

Equation (20) can be factored into the unconditional or marginal
density function of 3, hﬁ(ﬁ). and the conditional density ?unc-

tion of A given 3, hxlp(*)' These densities are

hy(8) = kr(n)a" 1pfol g (21)
20



and

3
NWOE \MB-1gng=ATS (). (22)

The uncertainty bounds for the Weibull probability model are
generated using the same Monte Carlo scheme that was used to
generate the uncertainty bounds for the gamma probability model.
Sampling 1is done first from ha(p) using acceptance-rejection

methods. The generated value of g is used to specify the condi-
tional distribution of A, and a value of A is selected using the
inverse functior method of random deviate generation.

Results for the Weibull Probability Model

Figures 20 to 22 show the 90% uncertainty bounds for the
Weibull probability model resulting from the acceptance-rejection
sampling procedure for plant-centered, grid, and overall data,
respectively, The results shown in Figures 20 and 21 are very
similar to those for the gamma probability model in Figures 17

and 18, respectively. The results shown in Figure 22 may be
slightly better than the corresponding results shown in Figure 19
for the overall data. This 1is consistent with the posterior

probabilities given earlier for the gamma and Weibull models for
the overall data.

7. A COMPOSITE MODEL FOR TIME TO RECOVERY OF LOSP

The analyses in the previous sections provide support for
modeling the plant-centered data and the grid data with either
gamma or Weibull probabi ity models. Thus, it is appropriate to
recall the last paragraph of Section 3, which indicated that
probability models appropriate for portions of the data wil)
usually not be appropriate for the :ntire composite data set,
That is, the composite data set represents a mixture of distribu-
tions. An alternative to modeling the entire data with a single
probability model, as has been done in the previous sections, 1is
to use a composite probability model that combines the various
entities of plant-centered, grid, and weather into a single model
in order to predict the time to recovery, given a LOSP. The
composite model is formed by pooling data from plant-centered,
grid-centered, and weather sources. The question that needs to
be addressed is how to construct a composite recovery curve from
modeis for each of these three types of power loss. A solutign
to this problem is to form a mixture distribution that is a
weighted average of each of the three types of failures. Such a
model can be expressed as

G(x) = plGl(') + pzcz(‘) + 9363(‘) (23)

where the G, (x) are complementary cumulative probability func-
tions representing the three types of failures, and the p, are
weights that reflect the occurrerce rates of the three typls of
power loss. Of course, Py + Py + Py = 1.

21



08
08 1

PITIME > 1)

024

0 2 . 6 8 0
TIME TO RECOVER LOSP

Figure 20. Ninety Percent Uncertainty Bounds for the Weibull
Model for PC

08’

04

PITIME > 1)

02 4

g .

0 : . " 8 0
TIME TO RECOVER LOSP

Figure 21. Ninety Percent Uncertainty Bounds for the Weibull
Model for Grid

1
08
o84\

04 4

PITIME > 1)

024

0 2 . . . 0
TIME TO RECOVER LOSP

Figure 22. Ninety Percent Uncertainty Bounds for the Weibull
Model for All







P(TIME > 1)

TIME TO RECOVER LOSP

Figure 23. Uncertainty Bounds for G(x) from Equation (23) Based
on Using A1l of the Plant-Centered Data

This process 1is repeated many times so that a collection of
curves 1is accumulated. The uncertainty bounds are derived at
various values of the recovery time in the identical manner that
was used for the individual curves calculated in the preceding
sections.

Sampling from the Dirichlet distribution is most easily

facilitated by the acceptance-rejection method. This case
requires the sampling of pairs of values of Py and p, rather than
a single parameter value. One pair of values of Py and P, is

formed by generating three uniformly distributed random numbers.
Two of the random numbers are the potential values of Py and Py

while the third number is compared to the height of the density
at Pys Py divided by the maximum value of the density. If the

third number is less than the density divided by the maximum
density, then the pair is accepted. Otherwise the pair is re-
jected and three new random numbers are created and the process
is repeated.

The uncertainty results obtained by Monte Carlo estimation of
G(x) are shown in Figure 23. The results shown in Figure 23 are
based on using all the PC data (nl-43), the grid data (n2-13).

and the weather data (n3-7). The three curves shown in Figure 23
represent the .05, .50%and .95 quantiles for G(x) at each value
of time.

24



8. MODIFYING THE COMPOSITE MODEL FOR SPECIFIC PLANTS

The composite model in Equation (23) is very general and
flexible and is easily modified to reflect conditions at specific
plants. There are several ways in which the model can be modifi-
ed:

1. The functions in Equation (23) are completely general and do
not all have to be the same. That is, one distribution such
as ths Weibull could be used to represent Gl(x) for the

plant-centered term, another distribution such as the gamma
could be used to represent Gz(x) for the grid term, while

yet another distribution could be used for the weather term
G,(x).
3

2. A specific G,(x) can be modified for a particular plant.
For example, it will be shown in this section that the
plant-centered data can be split into three separate groups
based on switchyard design with each switchyard design
having its own model.

3. The weights p. can be modified to reflect conditions at a
particular p1§nt. For example, it will be shown in this
section how the weather weight, Py might be modified for a
specific plant.

Modifying the Distribution for Plant-Centered LOSP

The composite model in Equation (23) is generic in the sense
that all data from all plants have been combined to form a single
model. That model may or may not be appropriate for a specific
plant. For example, the data previously given for time to recov-
ery of LOSP for plant-centered data was subdivided in NUREG-1032
into three plant switchyard design groups (see NUREG-1032 for a
detailed explanation of the design groups). The data are given
in Table 6 and the corresponding boxplots shown in Figure 24.

Based on the three switchyard groupings in Table 6, three
separate Weibull probability models as in Equation (4) have been
fit to the data. The parameter estimates for 1 and 5 determined
from Equations (5) and (6) are given in Table 7. The resulting
fitted probability models are shown in Figure 25 along with the
Weibull fit for the entire set of plant-centered data previously
shown in Figure 14, Figure 2?5 shows that Group 12 has the
closest agreement with the mode: based on the overall data set.
The three groupings given in N(L EG-1032 were made with respect to
what is physically valid for the plant under consideration. The
grouping of these data will now be examined by considering a
statistical analysis of the fitted models shown in Figure 25.
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Table 6. Plant-Centered Data from Table 1 Categorized by
Switchyard Configuration

0.002 0.003 0.013 0.017 0.080
0.150 0.167 0.183 0.250 0.270
0.330 0.430 0.480 0.500

0.003 0.020 0.070 0.083 0.130
0.250 0.2%0 0.280 0.334 0.500
0.670 1.030 1.480

0.104 0.015 0.067 0.200 0.400
0.500 0.570 0.767* 0.900 0.900
0.930 1.150 1.667* 1.750 2.750
7.467*

Table 7. Maximum Likelihood Estimates for the Parameters A\
and g for the Weibull Distributions Fit to the
Switchyard Type in Table 6

Group 11 Group 12 Group 13
v 5.2721 2.7897 0.9663
8:  0.8248 0.8331 0.7294
PC NRC GROUP I
-
PC NRC GROUP 12
H] ——

PC NRC GROUP 2

0 2 4

TIME TO RECOVER LOSP (Hours)

Figure 24. Boxplots of Three Groupings of the Plant Centered Data
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of the likelihood function without the constraints imposed by the
null hypothesis. A function of the ratio of these two maxima
forms the test statistic. Under some mild regularity conditions
about the parent distribution of the data, the probability
distribution of the test statistic is the chi-squared probability
distribution with » degrees of freedom where » is the number of
parameters constrained by the nul: hypothesis. For the null
hypothesis given in Equation (27), » = 4, since two of the values
of a, and two of the values of By are constrained by the null

hypothesis. Let T denote the test statistic and f(x|a,s8) repre-
sent the density function of the data. Then, for the three group
problem, T is given by:

3 n,
max = = log f(tijla.ﬂ)
a,f i=]1 j=1] (28)
LA 3 n,

£ max £ log f(tij|°i'ﬂj)

i=] Q‘oﬁj J'l

where tij is the jth observation among the n, observations from
the ith group of observations.

The GLRT test described above has the following practical
implications from the potential conclusions of the test. If the
null hypothesis is rejected, the analyst should conclude that the
distribution of the recovery time depends upon the type of elec-
trical switchyard. If the null hypothesis is not rejected, the
analyst should not conclude that the distribution of recovery
times is dependent upon the electrical switchyard configuration.

The GLRT requires that a family of probability distributions,
such as the gamma or Weibull distributions, be specified to
calculate the statistic T given in Equation (28). In order to
ameliorate this assumption, parallel analyses have been made
assuming gamma probability distributions and Weibul)l distri-
butions. For each family of distributions, tests of the follow-
ing hypotheses were performed:

1. A1l three groups are homogeneous.

2. The first and second groups are homogeneous.
3. The first and third groups are homogeneous.
4. The second and third groups are homogeneous.

The results of each test using both the gamma and Weibull family
of distributions are given in Table 8.




Table 8. Results of Hypotheses Tests for Pooling Data

Tests of Homogeneity

Question v T p-value
1 4 14.80 .0051
2 2 1.96 .3745
3 2 11.85 .0027
4 2 5.64 L0595

Tests of Homogeneity

Question v T p-value
1 4 12.22 .0158
2 2 1.75 4173
3 2 10.01 .00€7
4 2 4.78 .0916

The results obtained from the gamma and Weibull distributions
are very similar, indicating that the findings are not dependent
on the choice of the family for these two distributions. The p-
value associated with the test of Question 1 is small enough to
warrant rejection of the null hypothesis in Equation (27). ince
the null hypothesis of one model for all three switchyard con-
figurations has been rejected, the next step in the analysis is
to proceed with testing the hypotheses in questions 2 through 4.
Tests of questions 2 and 4 show that the groups 1 and 2 are not
significantly different, and that groups 2 and 3 are not signifi-
cantly different; however, groups 1 and 3 are significantly
different, This is one of the types of problems that can be
encountered when making comparisons of this type, in that it is
not clear whether to treat group two by itseif or to pool these
data with either group one or group three. Thus, this would be a
good place to supplement the statistical analysis with engineer-

ing judgment with respect to what is physically valid for the
plants under consideration.

One impact of modeling the plant-centered data based on
switchyard configuration is to increase the width of the uncer-
tainty bounds because of the decreased sample size used to fit
the probability mode' for the plant-centered term in Equation
(23). The results shown in Figure 26 are based on using only the
PC data from Group 12. As one might suspect, the bounds in
Figure 26 based on the smaller sample size are wider than those
in Figure 23 for the larger sample size. Note that the models
shown in Figures 23 and 26 both use a point value of Py = 43/63
for the plant-centered component,
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6 0 0
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Figure 26. Uncertainty Bounds for G(x) from Equation (23) Based
on Using Only the Plant Centered Data in Group 12

Modifying the Weight for the Weather Term in the Composite Model

The weights p. appearirg in the composite model are used to
determine the rel)tive influence of each ot the three sources of
LOSP. Based on the 63 incidents of LOSP, the weights are 43/63
for plant-centered losses, 13/63 for grid losses, and 7/63 for
weather-related losses. Thus, if any one weight is adjusted, the
remaining weights must also be adjusted, since the weights sum to
1.0. In this subsection the influence of weather is modified by

adjusting the weight p,. This modification is intended to show
Mnmmmm_wmuumuﬂ

to modify the weather weight for a specific plant.

In NUREG-1032, proportionality factors are presented that are
used in modeling the frequency of various types of weather such
as snow and ice, winds from 75 to 125 m.p.h., and tornados.
These proportionality factors can be combined in a linear fashion
with the weather conditions at a specific site to form a weather
hazard index for the site. Based on information supplied by the
NRC, these indexes range from .00020 to .14508 covering 79
plants. A1l but two of these indexes are .01310 or less. The
median of all indexes .s .00510, while the arithmetic mean for
the indexes, excluding the two largest observations, is .00566.

An index is simply a scele free measure tha* can be used to
compare the relative effect of weather at different sites. If
the weather hazard index is normalized by dividing each index by
either the median or truncated mean, the relative comparisons
remain unchanged. However, the div sion does provide a number
that can be used to illustrate how to modify the weight Py of the
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weather term in the composite model. Division by the truncated
mean gives weather hazard ratios ranging from .03531 to 2.31300
(excluding the two largest observations). This weather hazard
ratio (R) can then be used to modify the effective weight, p., in
the composite model. That is, the Py in (23) would be esti&ated

by py/(py + Py + "3R)y pp/(py + Py + P3R), and paR/(py + pp ¢
p.R) where p is the weight associated with the weather
cgnponcnt. Th%s. a value of R=1 would result in the composite
model as shown in Equation (23), while values of R > 1 have the

effect of 1ncrnasing the contribution attributable to weather,
and values of R < 1 have the opposite effect.

Figure 23 shows the composite model utilizing all plant-cen-

tered data and a weather hazard ratio of R=1l. Figure 26 shows
the composite model utilizing only the Group !2 plant-centered
data and a weather hazard ratio of R=1. Figures 27 and 28 show

two of the many variations possible with the composite model.
Figure 27 illustrates a "best case" situation in that an Il plant
configuration was wused (see Figure 25 for reference) with a
weather hazard ratio of R = .035. Figure 28 illustrates a "worst
case" situation with an I3 configuration and a value of R =
2.313.

Modifying the Grid Component in the Composite Model

The preceding discussion has shown how modifications could be
made to the composite model for plant-centered and weather-
related LOSP. The data base for grid-related LOSP consists of
only 13 values, and 7 of these values come from just one plant.
Thus, some plant specific modifications may be warranted. For
example, if the seven values from one plant are dropped from the
data (perhaps because the problem no lnanger exists), the basic
grid model would not be appreciably chanc~d, but there would be
greater uncertainty associated with the ?rid component. However,
the weight, Gy in the composite model would be lowered from
13/63 = ,206 to 6/56 = .107. If inforwation were available
similar to that used to split the plant-centered data based on
switchyard configuration, or similar to the weather hazard index,
then it could be used to modify the grid component of the com-
posite model in a manner similar to what has been demonstrated.
With such adjustments, the composite model would be used to
produce the uncertainty distribution for P(T > t) for a site-
specific probabilistic risk assessment.

h im r i M

Without modifying the weights for the composite model in
Equation (23), the expected value of the time to recovery of LOSP
is 1.21 hours when the Gi(x) are modeled with gamma distribu-
tions, and 1.20 hours when Weibull distributions are used in the
model . When the Gi(x) are made plant specific, the respective
expected values for 11, 12, and I3 switchyard configurations are
0.90, 1.03 and 1.62 hours for the gamma model and 0.96, 1.03, and
1.63 hours for the Weibull model.
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Figure 27. Uncertainty Bounds From the Composite Mode) With an 11
Plant Configuration and a Weather Hazard Ratio of

R = 0,035,
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Figure 28. Uncertainty Bounds From the Composite Model With an I3
Plant Configuration and a Weather Hazard Ratio of
R = 2.313.
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9. A BAYESIAN ANALYSIS OF THE FREQUENCY OF THE INITIATING EVENTS

The modeling thus far in this report has concerned the time
to recovery of LOSP, given that a LOSP incident has occurred. In
this section the frequency of the initiating events leading to
LOSP is modeled under two different assumptions based on Bayesian
methods. The first model assumes that all nuclear power generat-
ing stations share a common incidence rate for LOSP. Under this
model, the data for incidents leading to LOSP are pooled together
and the posterior distribution is found for
rate for all plants. The second approach models the incidence
rate for each plant relative to the incidence rates of all other
plants, and the posterior distribution is found for the incidence
rate for each plant.

i nal

When all nuclear power generating stations are assumed to
share a common incidence rate, the procedures outlined in Martz
and Waller (1982, pages 254-5) can be followed. With these
procedures the number of LOSP incidents n, occurring in time t,
is modeled by a Poisson distribution.

f(n|r) = P(n occurrences in total time t|a)
« ¢ *at)"/al A >0, n=20,1,2, ... (29)

where the parameter 1 is the intensity of the process.

Martz and Waller (pages 286-7) show that a noninformative
prigr for 1 of l/xl/2 yields a posterior distribution for i given
n o

p(a) f(n|a)

é p(r) f(n|a) da

p(r|n) =

(1 7 218 2t ()" my

g (1 7 a8 o2t ("/nt da

nel/2 n-1/2 _-at
.. - . A >0 (30)

rin + 1/2)

Given n, 2:t follows a xz(Znol} distribution with

E(a]n) = (2n + 1)/2¢ (31)
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Table 9. Results of Using Equations 29 to 31 for Initiating
Event Frequencies
Weather 8 Grid Plant Centered

E(aln) 0284 .0864

Var(a]) 3.941E-5 1.717¢-4

Lower 5% Bound .0189 L0661

Upper 5% Bound .0394 .1090

Var(a|n) = (2n + 1)/2t2 (32)

A two-sided Bayes probability interval for 1 may be derived from
the xz(2n¢l) distribution as

(2 p(2ne1) /20, STPNELIVELY (33)

The data presented in Table 1 showed 43 incidents of LOSP
that were plant-centered, 13 incidents that were grid-related,

and 7 1incidents that were weather-related. For the analysis
presented in this section the grid and weather incidents are
pooled t.gether since they both influence the grid. Plant

operating data through December 1987 shows 43 plant-centered
incidents in 503.29 operating years, and 20 weather and grid
incidents in 721.26 calender years, Using these numbers with
Equations (31) to (33) gives the results shown in Table 9.

The total frequency of LOSP is the sum of the weather/grid
losses and the plant-centered losses. Thus, the uncertainty in
the initiating event frequency is modeled by finding the distri-
bution of the random variable 7 = Ay o+ Ay, where \ is the

failure rate for weather/grid losses, and P is the failure rate
for plant-centered losses. Since the random variable int has a

x2(2n01) distribution, it is necessary to make a change of vari-
able to find the distribution of Ay and then in turn to find the
distribution of 2.

The chi-squared distribution with o+ degrees of freedom has
the density

yu/Z-l e-y/l

f(y) =
rluy2) 2¥/2
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Table 10. Summary Statistics for the Monte Carlo Derivation
of the Distribution for Frequency of Loss of Off-
Site Power
X Xnin X 08 X 50 X 95 Xnax
1146 0684 .0929 1130 L1389 L1734
]
‘.
> 08 1
§
06
&
“
g 04
gozi
o T b | T 1
000 004 008 ui2 016 020

FREQUENCY OF INITIATING EVENT

Figure 29. Estimated Cumulative Distribution Function for the
Frequency of Initiating Events Leading to LOSP

Bayesian Analysis Assuming Individual Incidence Rates

An alternative to the model just presented, which assumes
that all power generating stations share a common incidence rate,
is to model the incidence rate for each plant individually,
Under this model the incidence rates for indiviaual plants ‘re
assumed to belong to a superpopulation of incidence rates, thus
the incidence rate for an individual plant is assumed to have
been randomly selected from this superpopulation of incidence
rates. This approach was used by Hora and Iman (1987) to mode)
the failure rate of the solid rocket boosters on the space shut-
tle. In that application the failure rate for predecessor solid
rocket systems, as well as the failure rate for the space shuttle
were assumed to belong to a superpopulation of failure rates.

Data are availatle for n+l plants. The value a,, i = 0, 1.
«ovoy M is the "true” incidence rate/year for the ith %llnt. which
has operated for ti years with S incidents of LOSP. Thus, ’i/ti
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]
k 9‘0""50 [h(“) l(t‘,t‘|l‘)] (42)

«1 _~§2 s At
n 2% AT R @™ A )% e Y
et a ' LA L. (43)
Combining terms gives
p.(aoﬂoxoi---uln) -
(nel)a ats.~1 A, (A*t,) .5
I noA i e i L B
« X R . \ (44)
af (r(.))"*l "o "!

In order to obtain the posterior density of Ao Equarion (44)
must be integrated with respect to Al,....x".n.ﬁ. Noting that

e a+s. -1 _~a . (Ast,) .5 S

Sy (Aot )**%1 5.1

allows Equation (44) to be simplified to
D'(ﬂ.ﬂ-lo) -

(nella .8 atSa-1 _ca (Bety) s
] t,0 2,70 " e 70 0/ n Fats,) tJi

It remains to integrate p'(a.ﬂ.xo) numerically with respect to a

and 2 and to find k. The value k is found numerically by che
relation,

g. i. g. p'(a.o.xo) - 1 (47)

i8



(n+l)a -
1 .- = 8 n r(dl*S‘) si‘ P (‘.,

k . g £ l 1n0 +5
apr(a))™ 1TV (aet )" s

Thus, substituting the numerical value of k from Equation (48)
into Equation (46) and i.tegrating Equation (46) with respect to
a and 5 produces the posterior dersity of o

The posterior cumulative distribution function of g is

F(xo) *
" w ’(ﬂ"l)ﬁ n l"(a+s‘) t:i
k £ g F'(A°|aoso.p‘t°) n dadp (49)
as(r(a))"*! 10 (aet)®*% 5

where F_(igfa¢sy,s4ty) is the cumulative gamma distribution func-
tion, '

lo ya"o‘l (ﬁ“g)ﬂ“o .'(ﬂ‘to)y

',“o""o"“o’ . g dy. (50)

r(a¢s°)

The Bayesian analysis presented in the first part of this
section modeled the plant-centered and grid/weather data separ-
ately and used a Monte Carlo procedure to find the distribution
of the sum of the two posterior random variables. A similar
approach is applied here with respect to Equation (49). Three
typical cases have been selected to denonstrate the technique.
These cases are as follows.

Plant-Centered Grid/Weather

Case 5o ‘0 so to
1 0 11.00 0 13.51
2 0 2.27 0 4.00
3 1 9.81 0 13.09

Cases 1 and 2 have no recorded incidents of LOSP, with Case |
having & much longer operating history. In Case 3 the plant has
been in operation for a time similar to Case 1, however there was
been one occurrence of a plant-centered LOSP. The distribution
functions for these three cases are shown in Figures 30 to 32,
respectively, The distribution for the common incidence mode)
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Table 11, Summary Statistics for the Monte Carlo Derivation
| of the Distribution for Frequency of LOSP Using
| the Bayesian Analysis for Individua) Incidence
; Rates
| Previous Results Using a Common Incidence Rate

X Xnin X 08 ¢ s0 X 95 Xmax
L 147 L0684 0929 1136 .1389 1734
Case Results Using Individual Incidence Rates
091§ .0000 0207 .0800 . 1686 .3508
2 1093 0001 0276 .0974 2265 L5514
3 11 .0000 0453 L1010 2106 4514

given in Figure 29 is repeated in Figure 30 for ease of comparing
the differences in the two modeling approaches. Figure 30 makes
it clear that the model assuming individual incidence rates
produtes the greater uncertainty., Table 11 has bean constructed
to shown the summary statistics in comparison to the mean results
shown previously in Table 10. The results in Table 11 emphasize
the greater uncertainty for the individual distributions, com-
pared to the mean distribution given by the previous model. This
?rcltor uncertainty is due to the shorter operating history for
ndividual cases compared to combining all operating histories,
As shown in Figure 31, Case 2, with a shorter operating history
than Case 1, has a much longer tail in the upper part of the
distribution, indicating greater uncertainty than in Case 1, even
though both have no reported incidents of LOSP. Moreover, Table
11 shows the .95 quantile %o be .1686 for Case 1 and .2265 for
Case 2, The means in Cases ” und 2, however, are both lower than
the mean of .1147 given fér the mean model. Cases | and 3 are
shown jointly in Figure 32, In spite of the similar ope-ating
histories for these cases, the uncertainty in Case 3 is similar
tc that for Casc 2 becavse of the one recorded incident of LOSP.
:ddit:onally. this causes the mean to be higher in Case 3 than in
ase 1,
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