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ABSTRACT

The human operator models have been reviewed. Those
include the continuous and discrete performance and learning
models. Appropriate relationships are derived to tailor the
models for the use of the Kalman filter in prediction of
future data on operator error rate. Detailed presentation
is made of the Kalman filter methodology. This is applied
to both the performance and learning models. The observa-
bility and controllability problems are discussed. A general
review of the least square error fitting and the impulse
moment updating methods is also given. A comparison is made
between the methods discussed here and the Bayes estimation
technique. The data of operator errors in BWR's and PWR's
are collected. The proper collapsing and smoothing of the
data taking into account the plants availability is made.
The effect of age, power and the type of the reactor on the
operator error rate is studied. The problems with the
available data are discussed and certain suggestions are
made. A simple statistical code is developed to treat the
problem.

It is found that for Pressurized Water Reactors there
is a direct correlation between operator error rate and
facility size; the larger the PWR, the greater the number of

errors committed. While for Boiling Water Reactors, reactor
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size does not seem to have any direct affect upon the
operator error rate, though the overall error rate for

BWR's was larger and considerably more scattered with respect
to facility age than similar effects for PWR's. Also, the
assumption of constant parameter in the learning function

for both BWR's and PWR's can not be satisfied, so a time
variant learning parameters are estimated for both BWR's

and PWR's.



I. INTRODUCTION

There is always the question, "Why bother to devise a
model to fit the data? Why not just use the data?" If we
are only interested in frequent historical events and in
one set of results, this would be reasonable. If, on the
other hand, we wish to forecast future performance from past
data, not only is a model (however crude) essential for
describing the trend, but also some effective predictive
method, such as the Kalman filter, is essential. Further-
more, we must mathematically model the data, especially when
the data available is scarce and when dealing with rela-
tively rare events. In other instances, we may wish to
compare historically the performance of different operators,
different groups of operators, different shifts, even
similar functions under the control of different plant
managers. Under those circumstances, a model is the most
compact way of describing the trend. Vast quantities of
data may thus be compressed into lists of parameters which
may be easily interpreted. Where the scatter varies
statistically from one case to another, statistical proper-
ties such as variance may also be used to advantage to
condense the data.

In the case of nuclear power plants, the data base



under consideration are the operator errors extracted from
Licensee Event Reports (LER's). The data are random in
nature, and in order to facilitate retrieval of useful
information, predictive modeling is necessary.

The nuclear industry and power generation companies
in specific, are very concerned about the safe and
economical operation of nuclear power plants. The data
base has shown that operator error directly effects these
goals. Operator errors have caused plant shutdown, delays
and reductions in electrical generation, and in a few
cases low level radiation release. The object then is to
determine first, if an unacceptable level of operator
errors now exists, and if so, the determination of
methods that can reduce the error rate to an acceptable
level. Data modeling techniques are extremely useful for
this purpose.

The reduction of operator errors to an acceptable
level necessitates the proper design of nuclear power
plants from the viewpoint of Human-Factor-Engineering to
ease the operation, and a proper choice of training
periods. The comparison of estimated learning models
for different designs can provide certain guidelines for
better design, and the period of training can be chosen

from the estimated model for some initial acceptable



number of operator errors. In system availability analysis
in nuclear power plants, human reliability is one of the
most important factors, so a model for human error is
necessary for such an analysis.

An attempt has been made in this thesis to construct
a model for operator error rate for two different types of
LWR's (PWR's and BWR's) with respect to power rate and
time. If learning parameters are time variant, a time
variant learning model parameter has been estimated.

To construct an operator error rate model the following
major steps have been taken:

a. Smoothing the data extracted from LER's;

b. Estimating a static model (time invariant model) ;
and

c. Estimating a dynamic model (time variant model) .

To smooth the data two methods have been introduced; window
and integral smoothing. Only integral smoothing was used
in this study. Least-square-method and Impulse-moment-
updating were used for static estimation and Kalman filter-
ing was used for dynamic estimation.

The only reference found similar to this study for
dynamic estimation of operator performance using Kalman
filtering was written by H. Sriyananda and D. R. Towill in
1974 (7). 1In this study only forward Kalman filter had been

used and the main object was prediction of human operator



performance in industry, which can be considered as a
primary study of human dynamic modeling.

The operator error rate model and its theoretical
justification is discussed in Chapter II. The static and
dynamic estimation theory is explained in Chapter III
and Chapter IV respectively. Data collection and
smoothing techniques are discussed in Chapter V and
Chapter VI. The explanation of (OPEXM-K) code and the

results can be found in Chapter VII and Chapter VIII.



II. OPERATOR PERFORMANCE MODELS

A. Exponential Model

The human operator performance model may be repre-

sented by

y(t) =y  + yp(1-e"¥T) (1)

where
Yo ™ initial performance
+,yf = final performance

T = learning time constant.

The model is illustrated in Figure 1. The first data point
is considered at t = 0, and t = 1 implies that y = ¥ +
0+:63 Ye- Therefore, if 1 = 6 weeks the y = L 49 + 0.63 Y¢
is at the 7th week. Scatter from the original curve can
be random (white noise), periodic, or indicate a false
ceiling by virtue of a plateau effect (8).

Determination of the model parameters is done through
estimation of 4 and Ye by inspection of historical data.
By changing the form of Equation (1) into a logarithmic

form

C

(t/T)loglOe = —loglo(l -
f

) (2)

which is a straight line. Tt can be estimated from the
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Figure 1. The human performance exponential model



slope of the graph shown in Figure 2.

The impulse response can be derived in the form,

hie) = X = (y /e 7. (3)

The Laplace transformation of h(t) gives the system transfer

function, H(s), as,

* -st
f h(t)e °F dt
0

H(s)

Y¢
il (4)

Thus, the block diagram shown in Figure 3 can be used to
describe the observed-improvement by a constant parameter

exponential model of the type given by Equation (1).

1. Theoretical justification

The validity of the exponential model given in Equation
(1) has been verified in practice by successful application
to many case studies (7, 3). However, some theoretical
justification is obtained by considering the speed-skill
acquisition hypothesis of Crossman, in which the improvement
curve 1is explained in terms of the operator's experimenting
with alternate methods, rejecting the less successful ones
and retaining the better ones (3).

Crossman developed this argument further by considering
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a task with r alternate methods with performance times
stepped from 1 to r units. After assuming an initial equal
probability for choosing any of the r methods, it is
assumed that for task (n+l), the probability of choosing
method (i) is reduced by an amount proportional to the
difference between the task time using method i and the
average task time at task n multiplied by the probability

of choosing method i for task n.

2. Time conservative operator

Using the interpretation given by Crossman (3), the
exponential model holds everywhere except at the origin.
The theory necessitates a second order transfer function
for good matching, but may be approximated by an exponential
model with time delay as shown in Figure 4. The operator
improvement rate in a selective process may be represented

analytically by

] t<8;

t-9
¥o * yf[l exp(T)]. E = @3

where 6 is the time at which the exponential curve starts

to rise. The learning lage transfer function becomes
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Figure 4. Crossman operator improvement curve
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yfe—es
His) = Toer— 2]

and the block diagram of the learning lag is also as shown
in Figure 3. The details of the block diagram is illustrated

in Figure 5, where

n = old task number,

n+l = new task number,

i = method index, i = 1,2,..+,X,

ti = execution times, i = 1,2,...,r,

k = human operator selective constant,

T(n) = old task average time,

T(n+l) = new task average time,

Pi(n) = o0ld probability of using method 1i,
Pi(n+l) = new probability of using method i,
dPi(n) = change in probability of using method i.

3. Modification to permit time-varying parameters

Assume that

a = ~-1/1, (7)

c (yc * yf)/T. (8)

Thus, Equation (1) can be written in the differential

form,

d
S =ay +c, (9)
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- Qe _
% =3¢ = 0 (10)

The changes in o and c¢ during the estimation procedure can
be covered by noise parameters which can be included in

the formulation of the model.
B. Linear Discrete Model

The advantages of discretizing the exponential model
are:

1. 1in practice, data are available only at discrete
intervals, and

2. the computation for a discrete model is very much
simpler than for a continuous model.

The model is approximated by the discrete form

it ™ Py + utytAt + ctAt (11)
trat T % (12)
Cesat - St (13)

These equations are nonlinear. To linearize Equation (11)
we may expand the parameters about the estimated values

of Yer Of and Cy in a Taylor's series, that is

Yiihe ™ Yt(l-HIyAt) + at(ytAt) + ctAt - athAt (14)

where (") is used to designate estimated values.

Equations (12), (13) and (14) can then be represented
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in the matrix form

Y +8At gAt At % -GyAt
o = 0 1 0 o + 0 . (15)
o E+AL 0 0 1 o] & 0 £

Cis Instantaneous Error Rate Model

1. Continuous learning model

The instantaneous operator error rate may be repre-
sented by a model similar to the performance model which
represents an increase in learning or a decrease in error
rate. The dynamic learning model can take either of the

two forms

\ = a(libe &1y (16)

= —(ab/t)e E/T (17)

QIQ
>

The differential form given in Equation (17) may be written

in the form of Equation (9) by defining

o = =1/t (18)
2 = .alt (19)

Thus,
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a(1+b)

Figure 6. Learning model
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dix _

a‘t—:'—(l)\'FC (20)
and

da _ dc _

g " ae - ©? teL)

These equations can be represented by the matrix form

A [@a 0 1 A
&l = 0 0 O a (22)
1&] 0 0 O &

where (°) is used to indicate the time differential.

2. Linear discrete learning model

Equation (20) may be rewritten in the discretized

form

At = Aesat ~ g = (ady + cl)it (23)
then

At+At = lt + atAtAt + ctAt (24)
and similarly

“trnt - %t (233
and

Ceeat - S - L

The nonlinear relationship of Equation (24) can be
linearized by the same method as that used in Equations

(11) and (14), thus, Equation (22) becomes
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A 1+8At iAt At A alAt
o = 0 E 0 al +| O (27)
Clisnt 0 0 1] lely 0 &

The same procedure can be used to discretize and linearize

the form given by Equation (17).
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III. ESTIMATION TECHNIQUES

Once a model is developed to describe a given phenomenon
or behavior and is justified by using field data, then by
means of different estimation techniques the parameters
of the model can be determined. Modern estimation tech-
nigues can be divided into two categories:

1. Static estimation

2. Dynamic estimation

The "least square error" fitting and "impulse moment"
updating are considered static estimators and they will be
discussed in this chapter. The Kalman filter which is
considered as dynamic estimator, will be discussed in the
next chapter. To use the model parameters in Kalman filter
process as initial conditions, one can filter the data and
estimates the time dependence of model parameters. By
means of Kalman filter, the false ceiling or plateau can
be detected. Kalman filter can be used as a predictor as

well.

A. Static Estimation Techniques

1. Least square estimation

The static least square method which is used as one
of the a priori estimation, is based upon Taylor series

expansion of learning or performance function at points of
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estimation. Assuming Z = % and the estimated value of (y)

at time (Ti)as (?i), one can write

Ty = B e Fgr Bo Ty (28)

with the first order expansion as

of of of

Y; * E(¥ 0 Yer Z, Ty 4 ov; M * 52 Az + 5y by, (29)
in which
% = 4 (30)
C
%5; = [l—exp(-Tif)] (31)
%5 = ¥ T; exp(-T,Z). (32)

Substituting Equations (30, 31, and 32) in Equation (29)

results in Equation (33)

Y5 - ycr

ir + Yfr(l-exp(-TiZ)) + Ay, #+ [1-~exp(—Tiz)]Ayf

B [Ti-yfr-exp(-TiZ)Az] (33)

where subscript "r" is the number of iterations.
The estimation can be done in the sense of the
least square method by minimizing the sum of error squared

values as follows
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N
2 — —_ —* —_— — —
= iil{yi Yor yfr[l exp(-T;Z.)] AYq
- - - 2
-[1-exp(-T;Z )]Aye - Yg X T, X exp(—Tin)AZ} .
Assuming (34)
by, = yi—ycr—yfr[l—exp(-Tin)] (35)

and substituting Equation (35) into Equation (34) the
simplified error squared value can be obtained as;
2 N

E = I

lml{&.yi—.ﬂyc—[l-exp(-—tizr)IAYf

_ _ 2
- ye tiexp(-t 2 )AzZ}". (36)

To get the local minimum of the sum of errors squared, the

following constraints have to be met;

2
oFE
= (37)
BAYC
2
E
=0 (38)
BAyf
2
JE° _
=i = 0. (39)

The above constraints will result into the following set

of simultaneous equations;

)]
Il

RlAyc + QlAyf + PlAZ (40)

S, = R2Ayc + Qszf + P2AZ (41)

S, = R3Ayc - Q3Ayf + PBAZ (42)
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where the parameters are defined as;

N
§; = I Ayi (43)
i=1
N —
S, = I Ay;[l-exp(-T,2 )] (44)
i=1
Ja— N —
S3 = Yew .E Ayi X Ti X exp(—Ter) (45)
i=1
Ry = N (46)
N —
R2 = .E [lﬂexp(~Tin)] (47)
i=1
— N —_—
R3 = Yo _E Ti exp(-Tin) (48)
i=1
N —
Ql = _E [1—exp(—Tin)] (49)
i=1
i I
Q, = _E (1-exp(-T;Z )] (50)
i=1
N — —_—
Q3 = Yy iil[l-—exp(—-Tin)]Ti ' exp(-Tin) (51)
R N ool
P1 = Yo ‘E [Ti 5 exp(-Tin)] (52)
i=1
N _ p—
P2 = iEl[l-exp(—Tin)]Ti . exp(-Tin) (53}
P, = y. ° ?[T -1.7.)1° 4
3= ¥ge© I Ty exe(-1;E)1° (54)
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The new iterated parameters can be obtained by

yc(r+1) = ycr + Ayc (55)
Ye(re1) ~ Yer ¥ BYg (56)
il = zr + AZ, (57)

The number of necessary iteration can be determined by

putting an accuracy condition on the estimated parameters.

2. Impulse moment updating

Impulse moment updating was first introduced by
Ba Hli (5) to estimate the coefficients of a transfer
function. This method is modified to estimate the
parameters of a learning curve model as follows;

Consider the exponential model for performance as
given in Equation (1), if we define y-y, as inspection

task, that is
=¥, = Yfll—exp(-t/'r)] (1)

then in the system shown in Figure 7 the input can be
defined as effort. Unit step may be assumed as a
normalized effort. The transfer function of the system

or the Laplace transform of the impulse response is
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EFFORT
R .. H(s) c -

Figure 7. Inspection task performance
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Ye
H(s) = i (58)
or
H(s) = J h(t) exp(-st)dt (59)
0
where
Y _
h(t) = —£ & E/T, (60)

T

Expanding Equation (58, 59) is the "s" domain, we get

@0 [eo] 2 o
H(s) = J h(t)dt - sJ th(t)dt + 5. J £2h(t)dt +...
0 0 " Jo
(61)
H(s) = y [l-1s + (18)° = (18)3 +...]
=3 yf(—l)“(Ts)“ . (62)

n=0

Equating Equation (61l) with Equation (62) term by

term results in

o]

¥ = Joh(t)dt (63)

FeT = J thit)dt . (64)
0

By using the "Ba H1li" approach (5), the left hand
side of Equation (63) and Equation (64) can be evaluated

as follows
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hla = 15,7 G

where {fo} is the output sequence set of the system, that

is

{fo} = {f 2 £ - P (66)

01’ “02" 03" °°

{f;} is the input sequence set to the system

{fi} = {£, £ } (67)

il* : o

and {h}A denotes the area under the impulse response curve
corresponding to the time sequence which is the unit
response. Using Equation (65, 64, 63) the model parameters

can be estimated, that is

- N
Ye = I {h} . (68)
£ 4= AL
and
N_
io i ay
T (69)
E {h}. .
i=1 Al

where Ei is a weighted time between two adjacent points
when data are sampled in different time intervals, which may

be assumed as
. . (70)

Another formula which is usually used instead of
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Equation (69) in the case of exponential models is
N-1 ti+ti+l

1
L Wimyy) = tih

T = ==
Y i=0

This formula resulted from impulse moment updating for
special case of the learning performance of operator.

A simpler approach than impulse moment updating can
be used to derive Equation (71). The shaded area in Figure

8, that is,

shaded area = J yf—yf(l~e-t/1)dt = Pt (72)
0
N—=1 Ati
shaded area = I (y., -Y.)t, + ——
i=0 L] <4 ™1 2
N-1 t.+t.
+
= L Wiy =g s LTe
l=

Equating Equation (72) with Equation (73) will be resulted
in Equation (71).

Impulse moment updating may result in wrong esti-
mation especially if there is too much scattering at

large intervals of time.
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<7

TIMES

Figure 8. Illustration of impulse moment updating
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IV. KALMAN FILTER

A. Definitions and Notations

1. A "consistent" estimate of a system vector Xx;
that is &, is one which converges to the true values of
x, as the number of measurements increases.

2. A minimum variance (unbiased) estimate has the
property that its error variance is less than or equal
to that of any other unbiased estimate.

3. A linear continuous dynamic system may be repre-

sented by the state vector and the observation vector

X = F(t) x(t) + L(t) u(t) + G(t) w(t) (74)

z H(t) x(t) + v(t) (75)

where w(t) is the system noise and v(t) is the observation
noise.
4. A linear discrete dynamic system is represented

by the state vector and the observation vector

Bieal = Pyt TpWy + Ay (76)

z, = H x (77)

Zy KXk *

where W, and v, are the system and the observation noise

vector respectively.
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5. The continuous controllability matrix is

9. = [LIFL: ... :FP71

1 FTTL] (78)

6. The discrete controllability matrix is
® G w3 Ji=1
6, = [AAp. ... ¢ Al (79)

7. The continuous observability matrix is

0. = [HY:FTHT:(FT)2y4T: >

5 i : )P 1aT) (80)

san o kF
8. The discrete observability matrix is

8, = [HTE¢THTE(¢T)2HT; coe TP 1g% (81)

9. The system error may be represented by

w
Il
| >

- x (82)
where the tilde is used to designate estimation errors.
10. The continuous system error covariance is
P = E[(x-E(x)) (x-E(x))T] = E[% % ] (83)
11. The discrete system error covariance is

P, = EL(X-E(x,)) (%, -E(x,)) 7] = E[% %] (84)
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12. The white nolse error covariance 1is
EL(G(8)w(t)) (G(T)w(T))T] = G(£)Q(£)G(t) "6 (t-1) (85)
where Q(t) is spectral density matrix.

13. The white sequence noise error covariance is

T
o K%k

- e
E[(Fkgk)(Fpgp) ] 5 s

(86)
for equivalent continuous system of the discrete system

of vice versa, it can be shown

t

T k+1 T 7
rQ Ty = Jt ¢ (t, 1 DG(TIQITIG(T) ¢(t, ,,T) AT
k

(87)

1l4. The continuous observation noise covariance is
- T
R = E[(2z-Hx) (Z-Hx) "] (88)

15. The discrete observation noise covariance is

_ - = T
R = El(z, -Hx) (2, -Hx, ) "] (89)
16. "A" is positive definite if
'F
z Az > 0 for all z # 0 (90)

and "A" is positive-semi-definite if

E?AE >0 for all z # 0 (91)
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For example, Q as below is positive definite

1 0

R = (93)
0 1

17. The notations (-) and (+) are used to denote

the time immediately before and immediately after a dis-

crete measurement, respectively.
B. Discrete Kalman Filtering

To use Kalman filter to study operator learning process,
we are more interested in discrete form, because of in-
herent recursive characteristics of discrete. The Kalman
filter would be easier to use computer programming con-

sidering a discrete system represented by

Kol = O ¥ Ty + AR (94)

Zp T Hex vV, (95)

The priori estimate of the system at time tk is

denoted %, (=) . We seek an update estimate x, (+) based on

the use of the measurement z, ; that is

&, (+) = KI& (=) + K 2z, (96)
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where Ki and Kk are time variant parameters, which can be

found later on. By definition,

R, (+) + gk(+) (97)

Il
| %
=

2 (=) = x, + & (-) (98)

substituting Equation (95), Equation (97) and Equation (98)

into Equation (96), we get

Ilx

%, (4) = [Kp+K H -T]x,

— '~ —
K HK H +kak()+KV (99)

k=k”*

To have unbiased estimates, the following conditions are

required for white noise sequences
=0 (100)
for unbiased estimate,

E[% (-)] = 0 (101)

|
o

E[%, (+)] (102)

By using the above conditions the expected value of Ki is

K! = I-K H (103)
Thus, the estimator take the form

R (1) = (I-K H )R (=) + Kz, (104)
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or

R (+) = & (<) + K (2, ~H & ()] (105)

and

gk(+) = (I- Kka)x (=) + K v, (106)

1. Error covariance update

The expression for the change in the error covariance
matrix, Pk’ when a measurement is employed can be derived

as follows, from Equation (107)
P (+) = E[% ()% (+)7] (107)
k b =k

Substituting Equation (106) into Equation (107)

P, (+) = E{(I-K H )% (-) [x, (1) (1=K H) T + v, "K ]
+ K v, (% (- )T (1- Ky ) + ngKkT]} (108)
By definition
El% (-)% (-)7) = P, (-). (109)
E[v = R (110)

vl = Ry
and, as a result of measurement errors being uncorrelated

T

El% (-)y, "] = EI .

vy X k( )71 =0 (111)
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Thus,

= " o _ i T
Pk(+) = (I Kka)Pk( ) (I Kka) + KkRkKk (112)

2. Optimum choice of the Kalman gain

The parameter K, shall be chosen such that a weighted

k
scalar sum of the diagonal elements of the error covariance
matrix Pk(+) is minimized thus, for the cost function we

choose

- wrE bt Lol
3, = E[%, (+) 8%, (+)] (113)

where "S" is positive-semi-definite matrix. The optimal
estimate is independent of "S", hence, we may as well

choose S = I, yielding
Jk = trace[Pk(+)] (114)

This is equivalent to minimize the length of the esti-
mation error vector. To find the value of Kk which pro-
vides a minimum, it is necessary to take the partial
derivative of Jk with respect to Kk and equate it to zero.
Use is made of the relation for the partial derivative of

the trace of the product of two matrices A and B (with B

symmetric). Thus,

g—i(trace(A B AT)] = 2 A B (115)
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and if S = I, then
33 SE[%, (+)TS%, (+)]1 9P, (+)
k _ ~k “k _ k
oK, 9K B oK (118
k k k
9y T
.gq = =2(I-K.H )P, (-)H = + 2K, Ry (117)
When
i
BKk
then
_ B T . T -1
K = P (=)H " [H P (=)H " + R, ] (118)
which is the Kalman gain. Thus,
_ NP . T - G : -1 "
Pk(+) = Pk( ) Pk( )Hk [HkPk( )Hk - Rk] HkPk( )
[I-Kka]Pk(—) (119)

The extrapolation of the above quantities between measure-

ments 1is,

R (=) = ¢ 1%, _1(#)+ A (120)

-1 Vi1
(=) = ¢, _1Pp_, (Db _," +Q (121)
k k-1"k-1 k=1 k-1

A timing diagram for linear discrete Kalman filter is

shown in Figure 9 and a summary of the parameters involved

is given in Table 1.
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H R
k-1, k-1 Hk’ Rk
x, () xe s (8 %1 Ul X () ]x (B P Q
— k-1 —k-1 [’:> —k K k k
Pre1 )Py (1) P (D[P (%)
S
TIME

Timing diagram for linear discrete Kalman

Figure 9.
Eilter (7)
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Table 1. Summary of the Kalman filter equations

System model X = bp_1¥poy t YWeopr Wy v N(0,Q)
Measurement model 2z, = HkEk + Vit vy n N(O,Rk)
Initial conditions E[x(0)] = R

J:N

E[(x(0)-%,) (x(0)-2(0))T] = P

Other assumptions E[gkva] = 0 for all j,k
State estimate £.0=) = ¢, % o {#) (120)
extrapolation =x k=1"k-1
. T
Error covariance Bel=) = b, B, 6) ¢, + Q, (121)
extrapolation . k=1"k-1 k=1 kel
State estimate update gk(+) = gk(—) + Kk[gk-Hk§ (=)1 (104)
Error covariance P. (+) [I=-K. H, P, (=) (117)
update K k'k™k
Kalman gain matrix K, =P, (-)H T[H P, (-)H ® + ]-l
k R L e N Ry
_ T, =1
= Pk(+)Hk Rk (125)
3. A simple form of the Kalman gain
If we get the inverse of Pk(+) we will have
=1 =1 T, =1
Pk(+) = Pk( ) + H "R THp (122)
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thus,
- =1 a . T =]
=1, . =1 T _ = T
Pk(+)[Pk{-) + Hk Rk Hk]Pk( )Hk [ Pk( )HkPk( )Hk
+ R 7L (124a)
k
K, = P, (+)H, T [I+R, ‘H B (=18 T e P, (-)H, T + R.1™Y (124b)
k k k k Ty k k k k k
or
_ Tg =]
K, = P (+)Hk K (125)
C. Propagation of Errors and Optimal
Propagation

Consider the problem of estimating the state of a
dynamic system in which the state vector x is shown at
some time tk with an uncertainty expressed by the error
covariance matrix

P (+) = E[X, (#)% (+)7] (104)

k =k =k :
The error in the estimate at tk+l is unbiased if
X1 () = X () = Tpwy Land

and the expected value of the error is

E[X, ()] = ¢, E[X (+)] - I Elw,1 =0 (127)
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By definition,

= E[% -7 (128)

Prs1 ) k+1 () a1

Thus,

i -~ ! . ~ A

s - - T
b % (F % () T0, T - b X (H)w Ty

w Lo Tw T
TeWeXe Pkt T Ty (123

Assuming a consequence of the fact that Fk!k is white

sequence

" T, _
E[(X, (+) (T)w )"] =0 (130)

Thus

T

a T
Pryp(7) = 0P ($) 6" + 0T, (131)

Optimal prediction can be thought of, quite simply,

in terms of optimal filtering in the absence of measure-

ment errors (thus, R_l + 0 and hence K + 0). Therefore,

if measurements are unavailable beyond some time, tyr the

optimal of x(t) for t > t, given x(t,) must be obtained from

0

R(t) =0y (t,tg)R(ty) + Au, (discrete system) (132)

and

A

X(t) = F(t)x(t) + L(t)u(t) (continuous system). (133)
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The corresponding equation for uncertainty in the

optimal predictions, given P(to), are
B (=) = 6P (+)¢ "~ + Q (134)
k+1 k' k k k

for single time stage in discrete system or

= FP + PFT + GOGT (135)

Q-IQ:
ct|rd

for continuous system.
D. Optimal Filter Smoothing

An optimal smoother can be thought of as a suitable
combination of two optimal filters, Figure 10. One of the
filters, called a "forward filter", operates on all the
data before time t and produces the estimate gf(t);
the other filter, called a "backward filter", operates on
all the data after time t and produces the estimate & (t).
Together these two filters utilize all the available in-
formation.

0 T
L i

S

<

forward filter backward filter

Figure 10. Forward and backward filters
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Three types of optimal smoothing are possible

1. Fixed internal smoothing: the initial and final

times (0 to T) are fixed and the estimate &(t/T) is sought
as T increases.

2. Fixed point smoothing: X(t/T) is sought as T

increases, with t considered constant.

3. Fixed-lag smoothing: &(T-A/T) is sought as T

increases, with A held fixed,
Assuming the estimate of & is a linear combination of

backward and forward estimates, thus

S(t/T) = AR (t) + A'R (t) (136)
and the estimation error is

X(t/T) = (A+A'-I)x(t) + Agf(t) ;- A'gb(t) . (137)

~

For unbiased filtering errors, gf(t) and Eb(t), we

wish to obtain as unbiased smoothing error, x(t/T), that is

E[x(t/T)] = 0. (138)
Thus,

A' = I-A (139)
Therefore,

x(t/T) = AXc(t) + (I-A)% (t). (140)

Computing the smoother error covariance, we find
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P(t/T) = E[X(t/T)%(t/T) ]

T T
APf(t)A + (I-A)Pb(t)(I-A)

and optimization of the smoother will give "A",

AP (t/T)

3A =0

or

2APf(t) + 2(I—A)Pb(t)(-1)

Then A is given by

3 -1
A =P (P+P, )
or
I-A = P_(P.+P, ) 1
£V £ D

Also,

P(t/T) = Pb(Pf+Pb)

+ Pf(Pf+

1

Pb)

= |

Pf(Pf+

Pb)

= 0.

1

Pb(I+Pb)

Py

1
Bs

thus

(141)

(142)

(143)

(144)

(145)

(146)

By systematically combining factors in each of the

two right-side terms of this equation, we arrive at a far

more compact result, that is

P(t/T) = Pb(Pf+Pb

- Pf(Pf+

1

) Pf(I+P

Pb)

i

P

b

(P

b

f

=ik

=1

P

P

£

b

)-l

+I)

1
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~ -1, -1, -1,-1
= Py (P +RL) (B4R T
-1,, =1,. -1
+ Pf(Pf+Pb) (Pf +Pb )
= (py T4p 1)L, (147)
Thus,
P(t/T) = (pf'1+pb‘1)'1 (148)
or
-1 _ -1 -1
(P(t/T)) "t =P + B (149)
Consequently,
~ - -1
RIL/T) = P (PeAP) " Re(t) + Po(Po4P) R (), (150)
g(e/m) = (e tee, TH e ey + e T tep Th TR TR (1),
(151)
or
" _ =1 -1
g(t/T) = P(t/T)[Pf (£} R(t) * Py (t)gb(t)]- {152)

E. The Choice of Initial Covariances'
Values
The steps which should be considered in applying the

Kalman filter into a problem are:

1. to construct a dynamic system model for the
problem,

2. to calculate the initial values of the system
covariance matrix, and



44

3. to find the behavior of the system covariance
matrix with respect to time.

A dynamic system model for both cases of discrete and
continuous situations was derived in Chapter II (pages 15
and 16). To calculate the initial values of the system
covariance matrix, the standard deviation of the data
from the static model should be estimated. Since the
model in hand which is represented by Equation (15) for
the discrete case or Equation (22) for the continuous
case is neither controllable nor observable (Appendix A),
it would not be possible to determine the standard devia-
tion for each element of covariance matrix. The lack of
observable data for o and c makes the calculation of the
initial values of those elements of the system covariance
matrix which are related to the standard deviation of
a and c, almost impossible. The lack of controllability
of the system may cause unstability of the parameters o
and c.

To overcome the above complications which are due to
the poor model, certain assumptions may be made. The
unstability of the Kalman filter can be prevented by
proper choice of initial covariance matrices' elements.
To find the proper initial values, one has to solve the
characteristic differential equation for a system co-

variance matrix of the form
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A

P = FP + PFY + GOGT. (153)

where Q is a constant symmetric matrix. The time dependence
of the system noise covariance matrix can be covered by
suitable choice of observation noise covariance matrix.

To simplify the problem one can assume very small values of

Q's element with respect to the values of P's elements.

Therefore;
Q(J) << P(i,d) if i=3
. i (154)
From Equation (27) it can be shown that,
G =1 (identity matrix) (155)
1
F= [0 0 0. (156)
0 0

To solve Equation (153) assuming a diagonal initial
system covariance matrix, the most important terms from

the viewpoint of stability can be found for large value of

t as follows:

0 0, @
P(1,1) = =23 £ + (p),(0) - 5L - 3320t (157)

20 4a

I

]

)
P(1,2) = P(2,1) = 921(0)e° = Py,(0)e (158)
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P(1,3) = P(3,1) = -0, § (159)
P(2,2) = Q22t + P22(0) (160)
P(2;3) = P(3,2) =0 (161)
P(3,3) = P ,(0) + Q 5t . (162)

To choose the proper initial values to stabilize the Kalman
filter; considering that we are interested in less devia-
tion, the following relations between the elements of "P"

and "Q" can be constructed

P__(0)
o illick . 2 1
Q33 = 5 20° . 3 (163)
max
P..(0)
_ Py
Q,, = —a —22— (164)
max
Q1 = Q33 (163)

where Tmax is the maximum time under consideration. The

initial values used in this study are

szyo2 0 0 T
_ 2
Py = 0 -as 0 # (166)
0 0 (uzszyoz)
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2 2 Pyp;(0)
§' o T 0 0
max
P..(0)
Q = 0 ~a ,%2— 0 (167)
max
2 2 Pyp(0)
0 0 g oL T
B max _|
and
R = g2¢? (168)

where R is the observation noise covariance and 52 is the
standard deviation of the data from static model. However,

the chosen values yielded satisfactory estimates.
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V. OPERATOR ERROR DATA COLLECTION

A. Definition of Operators Under Study

Data of operator error were extracted from "LER"
by the Iowa State University, Engineering Research Insti-
tute Nuclear Safety Research Group (ERI-NSRG). The data
were only extracted for those operators classified as

follows:

Senior control operator:

The duties of a senior control operator are to
instruct, train and assign work to personnel engaged in
controlling the operation of the reactor-generator unit

and associated equipments.

Control operator:

Control operators are responsible for the actual
control and operation of the reactor-turbine-generator

unit and associated equipments.

Equipment operators:

Equipment operators are responsible for the operation
and inspection of individual equipment throughout the plant
(assisting the control room operators), and the other
operations of radwaste system.

Other operation personnel were not included in this

study.
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B. Data Collapsing for BWR's

Data related to operator errors for 24 BWR's power
plants which are listed in Table 2 were available from the
year 1972 up to 1978. The calculated availability is
given in Table 3. Under the assumption that the avail-
ability of a plant in a month of a year is the same as
the availability of that plant in that year, the data
were collapsed for each 2 month of operation. The equiva-
lent number of operator errors versus the age of equiva-
lent plant is given in Table 4. However, the assumption
of uniform availability distribution through a year is not
rigorous, but is satisfactory due to lack of complete in-
formation about power plants availability.

The effect of the power level on operator errors can
be estimated by considering only those plants with the
same power. The data werecollapsed for seven BWR's with
power levels between (750 to 1000 MWe), and seven BWR's
with power levels between (500 to 750 MWe), the list of
power plants for each case and the collapsed data are

given in Tables 5 through 8.
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Table 2. The list of BWR's power plants

Name of Plants Code
Peach Bottom 3 126B
Pilgrim 1 136B
Quad Cities 2 143B
Quad Cities 1 142B
Vermont Yankee 1 180B
Edwin Hatch 1 58B
Humboldt Bay 81B
Lacrosse 92B
Millstone 1 104B
Monticello 1 109B
Nine Mile Point 1 110B
Oyster Creek 1 119B
Peach Bottom 2 125B
Big Rock Point 016B
Brown's Ferry 2 024B
Dresden 1 054B
Brown's Ferry 1 023B
Brown's Ferry 3 25B
Brunswick 1 26B
Brunswick 2 27B
Cooper 1 43B
Dresden 2 55B
Dresden 3 56B
Duane Arnold 57B

Fitzpatrick 1 62B




Table 3.

The availability of

BWR's from 1972 to 1977

Age

. b toda Ini1_:ia1. Comercial Availability at:

72 Criticality Criticality 72 73 74 75 76 77
Peach Bottom 3 1268 8,7,74 12,23,74 100.0 87.2 80.1 62.21
Pilgrim 1 1368 6,16,72 12,0,72 100.0 74.4 76.8 89.2 79.0 61.4
Quad cities 2 143B  4,26,72 3,10,73 65.0 87.7 84.9 52.3 83.8 87.9
Quad cities 1 1428 11,18,71 2,18,73 79.3 87.9 64.6 86.9 72.9 80.2
Vermont Yankee 1 180B  3,24,72 10,30,72 100.0 74.4 76.8 89.2 79.0 85.1
Edwin I Hatch 1 58B 9,12,74 12,31;75 3.9 76.2 88.0 66.3
Humboldt Bay 3 86.8 8B  2,16,63 8,0,63 83.0 89.3 84.4 84.7 46.8 0
LaCrosse 17.0 92B  7,11,67 9,13,69 70.6 58.0 89.4 71.7 49.8 33.7
Millstone 1 10.0 104B 11,26,70 3:0:71 60.0 46.4 80.9 78.1 83.5 89.6
Monticello 3.75 109B 12,10,70 6,30,71 83.9 71.3 79.6 73.6 93.7 79.9
Nine Mile Point 1 16.0 110B 9,5,69 12,0,69 72.0 80.0 72.9 77.8 94.4 55.1
Oyster Creek 1 20.5 119B 5,3,69 12,0,69 82.4 74.0 72.2 75.5 80.0 70.1
Peack Bottom 2 125B 9,16,73 7,5,74 92,7 774 '70.0 55.2
Big Rock Point 76.0 16B  9,27,62 3,29,63 8l1.8 80.5 70.8 60.3 51.4 73.4
Brown's Ferry 2 24B  7,20,74 3,1,75 95.2 72.6 100.0 79.5

18



Table 3 (Continued)

Age

- i IgiFial. Commercial Availability at:
72 Criticality Criticality 72 73 74 75 76 77

Dresden 1 104 54B 11,5,59 7,4,60 79.9 76.6  36.6 58.6 85.8 66.9
Brown's Ferry 1 23B 8,.17,73 8,1,74 88.2 94.3 22.1 62.9 66.4
Brown's Ferry 3 25B 8,8,76 P LT 88.5
Brunswick 1 26B 11,8,76 3,18,77 567
Brunswick 2 278 3;20:75 1G:3:75 95.5 59.9 55.7
Cooper 1 43B 2,21,74 7,1,74 61.2 85.4 76.9 71.9
Dresden 2 NA 55B 1,7,70 6,19,72 64.6 95.0 66.8 57.8 78.3 Tlw2
Dresden 3 2 56B 1;31,71 10,16,71 92.7 755 68.5 53.0 83.8 76.6
Duane Arnold 578 3,23,74 2:1475 64.0 83.0 79.7 78.9

Fitzpatrick 1 62B 10,17,74 7:28;75 74.0 74.3 68.4

Zs
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Table 4. The average number of operator errors versus ade
for BWR's power plants

Age of Average number Age of Average number
the of operator the of operator
power error power error
plant per 2 months plant per 2 months

0 i I 80 0.0
2 .69 82 0.0
4 .29 84 s D
6 « 52 86 0.0
8 776 88 0.0
10 .656 90 0.0
12 .83 92 1.0
14 .81 94 5
16 .65 96 0.0
18 N 98 i =
20 .85 100 «33
22 .39 102 0
24 . 104 . 33
26 «215 106 0.0
28 .416 108 0.0
30 « 34 110 1.0
32 .4 112 0.0
34 - 1 114 0.0
36 il 116 0.0
38 =18 118 1«5
40 0.0 120 1.
42 . 025 122 S
44 .114 124 0.0
46 « 285 126 0.0
48 + 285 128 0.0
50 + 5 130 1.
52 .05 132 0.0
54 <167 134 0.0
56 .143 136 0.0
58 1:3 138 1.
60 .83 140 0.0
62 +5 142 0.0
64 s 33 144 0.0
66 0.0
68 0.0
70 1.
72 0.
74 0.
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Table 5. The name and code of the BWR's with the power
levels from 750 to 1000 Mwe

Name of BWR's power

plants (750<P<1000 MWe) Code
Dresden 2 55B
Dresden 3 56B
Fitzpatrick 62B
Hatch 1 58B
Peack Bottom 2 125B
Quad Cities 1 142B
Quad Cities 2 143B

Table 6. The name and code of the BWR's with the power levels
from 500 to 750 Mwe

Name of BWR's power plants

with (500<P<750 MWe) e
Duane Arnold 57B
Millstone 1 104B
Monticello 109B
Nine Mile Point 1 110B
Oyster Creek 1 119B
Pilgrim 1 136B

Vermont Yankee 1 180B
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Table 7. The collapsed data for operator errors in BWR's
with the power levels from 750 to 1000 MWe

Average number

Age of plant of operator
in month failure per
2 month
0 0.8
2 0.38
4 0.24
6 0.56
8 0.975
10 0.38
12 0.5
14 0.87
16 1..56
18 0.56
20 1:16
22 0.97
24 0.54
26 0.17
28 0.0
30 0.43
32 0:.. 175
34 05
36 025
38 0.25
40 0.0
42 0.25
44 0.0
46 0.0
48 0.0
50 0.5
52 1.0
54 1.0
56 0.0
58 0.0
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Table 8. The collapsed data for operator errors in BWR's
with the power levels from 500 to 750 MWe

Average number of

Age 05 Pleave operator error in

in month

2 months
0 4.0
2 ) I 187
4 0.38
6 0.0
8 0.55
10 072
12 0.24
14 0.4
16 0.34
18 0.34
20 0.63
22 0.743
24 0.143
26 0.285
28 0.43
30 053
32 0..53
34 0.6
36 Q.17
38 0.0
40 0.34
42 0.17
44 0.0
46 0.04
48 02
50 0.25
52 0.0
54 0:15
56 0.36
58 0.25
60 0.0
62 0.0
64 0.0
66 0.0
68 0.0
70 0.0
72 0.0
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C. Data Collapsing for PWR's

Data related to operator errors for 30 PWR's power
plants which are listed in Table 9, are available from the
year 1972 up to 1978. The calculated availability of PWR's
power plants are given in Table 10. The availability was
considered to be uniformly distributed throughout the year.
The collapsed data of the average number of operator failure
are given in Table 11.

To study the effect of power, seven PWR's which are given
in Table 12 with the power between 400 to 600 MWe, and 10
PWR's which are given in Table 13 with the power between 800
to 1200 MWe, were collapsed. The collapsed data of the two

cases are given in Tables 14 and 15, respectively.

D. Problems Related to Data

The data calculated according to the procedure ex-
plained in Chapter V, pages 49-57 for two types of LWR's
do not fit the exponential learning curve. The reasons for
lack of fitness may be explained as follows:
1. Different operators under different management
working with different power plants which are
constructed by different vendors, can make different

number of errors.
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Table 9. The list of PWR's power plants the data of which
were collapsed

Name of power Name of power

plant Code plant Code
San Onofre 1 150pP Turkey Point 4 177P
Haddam Neck 1 3P Zion 1 193P
H. B. Robinson 2 78P Zion 2 194P
Robert E. Ginna 147P Crystal River 3 44p
Indian Point 2 83P Arkansas 1 007P
Kewanee 89P Calvert Cliffs 1 32P
Main Yankee 7P Ft. Calhoun 1 64P
Millstone 2 105P Yankee—-Rowe 192p
Oconee 1 116P Calvert Cliffs 2 33P
Oconee 2 117P

Salem 1 148P

Surry 1 168P

Surry 2 169P

Three Mile Island 1 174P

Trojan 1 178P
Oconee 3 118P
Palisades 1 120P
Point Beach 2 139P
Prairie Island 1 140P
Prairie Island 2 141P

Rancho SeCo 144pP




Table 10. The age of PWR's power plants at 1972 and their availabilities from 1972 to 1977

Naiic cz:g Commercial a:g:2 Availability at:
Type Start-up in year 72 73 74 75 76 77

Arkansas 1 7P 12,19,74 68.3 80.8 59.9 76.8
Calvert Cliffs 1  32p 5,8,75 90.4 96.1 T2wk
Cook 1 48P 8,27,75 74.0 74.3 761
Crystal River 3 44p 3413, 77 83.8
Davis Besse 1 45p 11,20,77 81.2
Farely 1 87p 12:1:;77 68.8
Ft. Calhoun 1 64P 9,26,73 92.0 86.5 70.4 i I 79.4
Ginna 147p Tl 70 1.1 72.0 95.3 62.9 81.5 69.0 85.5
Hadam Neck 1 73pP 1,1,68 355 90.8 58.1 96.2 88.7 87.3 83.9
Indian Point 2 83p 8,1,73 52:8 162:6 77,6 37.0 75.17
Indian Point 3 84p 8,30,76 78.8 74.9
Kewaunee 89p 6,1,74 78.6 90.8 84.9 79.9
Main Yankee 97P 12,28,72 89.4 69.8 82.8 95.6 82.2

Millstone 2 105P 12,26,75 79.9 95.4 65.7

65



Table 10 (Continued)

i ngg Commercial a:g:Z Availability at:
Type Start-up ih yeur 72 73 74 75 76 77

Oconee 1 lle6pP 7+,15,73 92.0 62.2 79.6 60.8 62.3
Oconee 2 117p 9,9,74 71.1 75.5 64.5 60.7
Oconee 3 118p 12,16,74 47.9 79.5 Flai2 74.8
Palisades 120P 12,31;71 6l.1 47.6 7.6 66.8 59.0 91.4
Point Beach 1 138P 12,21,70 0.937 74.5 78.7 85.9 72.4 84.8 B8.6
Point Beach 2 139pP 10,1,72 14.6 94.8 82.7 96.8 91.8 86.0
Prairie Island 1 140P 12,16,73 48.9 89.8 79.5 85.1
Prairie Island 2 141P 12,21,74 97.3 78.5 89.2
Rancho SeCo 144p 4,17,75 48.6 57.8 77.1
Robinson 2 78P 3 T+ 71 0.384 88.7 79.1 86.2 74,5 87.5 8b.2
Salem 1 148p 6,30,77 42.9
San Onofre 1 150P 1,1,68 3.0 80.2 63.7 94.9 88.1 1.2 ©3.7
Surry 1 168P 12,22,72 49.2 79.1 59.2 65.9 69.0 76.1
Surry 2 169p 5, L+73 98.9 62.7 81.3 53.4 68.3

09



Table 10 (Continued)

Code

Age

e ang Cg'l?iifi;l At 72 72 7§vaila?fai;litj_$§: 76 77
Type in year
Three Mile Island 1 174P  9,2,74 88.9 84.8 73.4 80.9
Trojan 178p 5,20,76 92.6
Turkey Point 3 176p 12,14,74 73.3 82.8 77.7 80.4
Turkey Point 4 1777 9,7,73 83.7 76.7 73.4 69.4 63.7
Yankee Rowe 192p  7,1,61 8.5 §5.2 72.7 72.0 84.4 91.2 73.9
Zion 1 193 12,31,73 75.2 59.0 80.0 64.2 74.2
Zion 2 194p  9,17,74 36.2 88.9 63.3 75.9

T9
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Table 11. The age of PWR's power plants versus the average
number of operator errors per two months

Age of Average Age of Average
power number power number
plant of failures plant of failures
in months in months in months in 2 months
0 1.24 80 .0
2 .92 82 .0
4 5 84 «0
6 .627 86 +0
8 .49 88 20
10 .54 90 .0
12 B 92 «0
14 .24 94 «0
16 .53 96 .0
18 .47 98 .0
20 .68 100 .0
22 27 102 .5
24 .267 104 .0
26 1 106 .0
28 “a 108 .0
30 5 110 .0
32 U 112 .0
34 3. 114 +0
36 .46 116 .0
38 + 16T 118 .0
40 22 120 .0
42 . 122 «0
44 .0 124 .0
46 .0 126 .0
48 .0 128 .0
50 o I 130 « 0
) .0 132 a0
54 .285 134 .0
56 .143 136 .0
58 50 138 .0
60 .0 140 « 0
62 .0 142 =10
64 o167 144 w0
66 + 0 146 «0
68 si0) 148 1.0
70 ) 150 .0
72 .0 152 .0
74 +0 154 0
76 =0
78 «33
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Table 12. The names, power rates,
with power from 400 to 600 MWe

and the codes of PWR's

Electrical
Name power rate Code
MwWe
Ft. Calhoun 457 64P
Kewaunee 5358 89P
Point Beach 1 497 138P
Point Beach 2 497 139p
Prairie Island 1 530 140P
San Onofre 1 430 150P
Ginna 490 64P
Table 13. The names, power rates, and the codes of PWR's
with power levels from 800 to 1200 Mwe
Electrical
Name power rate Code
MWe
Oconee 1 887 11l6P
Oconee 2 887 117p
Oconee 3 887 118P
Salem 1 1090 148P
Palisades 1 805 120p
Millstone 2 830 105P
Zion 1 1040 193p
Zion 2 1040 194p
Surry 1 822 168P
Surry 2 822 169P
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Table 14. The average number of operator errors in 2 months
for PWR's with power levels from 4-0 to 600 MWe

Age of PWR's Average no. Age of PWR's Average no.
power plant with of operator power plant with of operator
power rates errors in power rates errors in
(400<P<600 MWe) 2 months (400<P<600 Mwe) 2 months
0 »3 78 .0
2 > 1D 80 .0
4 + 25 82 .0
6 +575 84 .0
8 i By 1. 86 o0
10 .0 88 «0
12 2% 90 «0
14 .3
16 +55
18 .28
20 i
22 o
24 33
26 .66
28 5
30 .66
32 50
34 .4
36 .8
38 2
40 o)
42 .0
44 .0
46 .0
48 » 0
50 25
52 .0
54 .0
56 .0
58 .0
60 .0
62 .0
64 -5
66 -0
68 .0
70 0
72 .0
74 «0
76 .0
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Table 15. The average number of operator errors in 2
months for PWR's with power levels from 800 to

1200 Mwe
Age of PWR's power plants Average number of
with power rates operator failures
(800<P<1200 Mwe) in 2 months
0 1.4
2 1.0
4 .7
6 1.0
8 .66
10 1.0
12 95
14 .5
16 .6
18 -]
20 5
22 -5
24 .48
26 :3
28 .28
30 72
32 .72
34 .34
36 i 2
38 .26
40 0.0
42 0.0
44 0.0

46 0.0
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2. Random delay in reporting the data, e.g., six
months period report or the data which are re-
ported one month or so after the event occurrence,
can accumulate in a point and make false peak
(the date of events is not given in LER).

3. The number of plants, the data of which were
collapsed, decreases by age. For the ages above
9 years in PWR's and 10.5 years in BWR's the
data is only available for one power plant. This
inherent characteristic of the data available
makes the number of collapsed data variable by
age, which along with (1) and (2) can cause lots
of fluctuation.

4. The availability calculated is for one year
while the availability for each month is not
known.

All the problems mentioned above can cause too much
scattering which may completely cover the learning charac-
teristic of the data. The only persuading factor among so
many problems was the decreasing trend of the average number
of operator errors by increasing the age of the power plants,
which strongly supported the idea of learning of operators.
To estimate learning model parameters special treatment

of the data is required.
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VI. SPECIAL SMOOTHING

A. Window Smoothing

One of the simple smoothing methods which can be used
in presence of scattered data is the "window smoothing".
If the slope of two adjacent points of the data is very
sharp, then by this method one can decrease this slope. The
shape of the window and the block diagram of window smoothing
method are given in Figures 11 and 12,respectively. To use

this method let us consider the following definitions:

8 = the discrete input time interval
T = the time delay for window sampling
W = the width of the window

TT = the total period of time, for which data is
available.

Those parameters are related by the following relationships

T = K'9
W = KT
TT = mT

where K', K and m are some arbitrary integers.
It would be easy to derive the output-input relation
from the block diagram given in Figure 10, that is,
iK'+K
UO(iK'G) = 1/K b3 f(no) (169)
n=ikK'

The task is how to determine K and K'. To obtain the
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Figure 12. The block diagram of "window smoothing"
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maximum number of smoothed data the value of K' can be chosen
as unity. To calculate K, we need to know the smoothing
factor which can be determined by natural slope of the

data itself, e.g., one can make the limitation that the

slope of two adjacent points shouldn't exceed a certain
limit, or the difference between the two slopes of three
adjacent points shouldn't exceed a certain limit.

However, by constructing a proper limitation the K
value for each point can be calculated. In modern data
smoothing, usually the value of K' is chosen as unity and
the value of K is chosen as 3 and it is constant for all
points. The process of forward and backward smoothing is
possible. More study is needed for this type of smoothing
and a computer code should be written which is beyond the

scope of this study.
B. Integral Smoothing

The integral smoothing is used in this study to smooth
the data because of simplicity. The idea behind it, is to
eliminate the sharp slopes of a curve by integration.
Considering a simple learning process as defined before in
Equation (16).

A = a(l+be /Ty (16)
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By an integration process we define y; as

ti =kt
¥; = j a(l+be )ydat! (170)
0
where "ti" is the length of time from "0" to the occurrence
of the "ith" point of data.

'ti/T
Yy = ati—abre + abrt (171)

or Zi can be defined as

—ti/T

Z, = y.—ati = abt(l-e ) s CL72)

The function Zi has the same form as the performance func-
tion defined in Equation (1) with the difference that Yo
is equal to zero.

The problem with this type of smoothing is that,
the value of "a" should be at least roughly estimated. Then
a set of new data can be calculated as follows:

m
ey = L A3%i407%
i=1l

- at for all m = 1,n. (173)
The new data has a formof the performance model with initial
performance equal to zero. The static and dynamic estimation
process can be used for the new set of data.

In the statistical code developed in this study, the

iteration on the value of "a" is considered. The initial

value of "a" is assumed as the final value of A,
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VII. STATISTICAL CODE DEVELOPMENT

An Operator Error Exponential Model (OPEXM-K) code
is developed for data smoothing, prediction and updating
using the Kalman filter technique. The OPEXM-K code is
especially developed for exponential operator error rates
or performance. The least error squares (LE) and the
impulse moment (IM) techniques are incorporated in the
code for data smoothing. The OPEXM-K code is a simple
statistical code developed to manipulate all types of
exponential data. Two types of static estimations and
Kalman dynamic filtering which were explained in Chapters
IIT and IV, are included in this computer programming. A
subroutine is developed to calculate the autocorrelation
function of observation noise and to modify the static esti-
mation in order to result in white noise process.

A brief discussion of each subroutine is given below.

The program listing is given in Appendix C.

A. L-E Subroutine

The L-E subroutine is based on the least square
estimation technique which was explained in Chapter III,
Section A.l. This subroutine can manipulate both learning

and performance or any type of exponential curve. The choice
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of initial values is of great importance. Testing this
subroutine showed that if the initial values of exponential
model is wrongly chosen or the data points are very
scattered, the convergence can never be obtained due to
oscillatory behavior of estimation. So, enough attention

should be given to initializing the parameters.

B. I-M Subroutine

The I-M subroutine is based on the impulse moment
updating technique which was explained in Chapter III,
Section A.2. Testing this subroutine showed that the
less scatter data for large values of time gives the
better estimation. The initial value for this subroutine

comes from the output of the L-E subroutine.

C. C-M Subroutine

There is always the question that, the Kalman filter
equations obtained in Chapter IV are developed under the
assumption of white noise process. There is no assurance
that the deviation of data from the static model estimated
by either least square or impulse moment updating is a white
noise. So, the C-M subroutine modifies the static estima-
tion parameters in such a way that the deviation from real

data be almost a white noise process. Also, the auto-
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correlation of static error and the variance of the error

related to static estimation can be calculated by this sub-

routine.

D. KALM Subroutine

The KALM subroutine is based on the Kalman
and prediction technique which was explained in
This subroutine is three dimensional subroutine

for the case of exponential model.

The forward

filtering
Chapter 1IV.
written only

and back-

ward estimation, the covariance matrix related to forward

and backward estimation and the optimal smooth estimation

can be calculated in this subroutine.

E. R-M Subroutine

The R-M subroutine is an extra subroutine which is

included in this program to calculate the time between

failure from the failure rate.
operator can be defined as;

t
-J A(t)dt

thus
-J A(t)dt

The reliability of an

(175)

(176)
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The mean time between failure "MTBF" can be defined at any
time as the first moment of f(t) in the form of;
t:K
MTBF(tK) = J EE(E)dt . (177)
0

The time between failure at time tK can be defined as

TBF(t,) = (t, . MTBF(t, ) - t,_, . MTBF(t,_,))/(t -t ;).

(178)

The above procedure is written in discrete form in subroutine
R-M. The time between failure obtained from this subroutine

is much smoother than the real life time between failure

data.
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VIII. CONSTRUCTION OF OPERATOR ERROR RATE MODEL

A. Static Operator Error Rate Model

1. BWR's operator error rate model

The data points are smoothed by the integration
smoothing technigues for three cases of interest. The
smoothed data and related "A" value for each case are
given in Tables 16, 17, and 18, respectively.

The static estimations from impulse moment updating and
least square techniques are given in Table 19. 1In the
least square techniques result, the initial value for the
smoothed data can be used for calculation of the delay time
before the learning process. To do that, consider Equation
(5) and Figure 4. Thus, the integration smoothing can be

defined as

G £, o
z, =y, - at, = J a(l+b)dt' + J la(1+be St )atr' - at,
1 1 0 ) i
(179)
instead of Equation (172).
Therefore,
Z. = ab® + ab/c(e C? - &7¢T), (180)

1

Assuming cf << 1 or 6 << T we get

&8 w1 f em 2¢i

Z. = ab8 + ab/c(l-e T

i ) (181)
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Table 16. The smoothed data for all BWR's with A = .5
error/4 months
Time Z; Time Z;
0 0.0 76 6.86
4 1.69 80 6.36
8 2.0 84 6.36
12 2.93 88 5.86
16 4.19 92 6.86
20 5+9 96 7:36
24 5.7 100 7:19
28 5.65 104 7.02
32 5.9 108 1552
36 5.78 112 7.02
40 s T 116 652
44 5.2 120 8.5
48 B5:5 124 8.5
52 L 128 8.0
56 6.2 132 8.5
60 13 58 136 8.0
64 6.86 140 8.5
68 1436 144 8.0

72 6.86
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Table 17. The smoothed data for BWR's with power rate from

750 to 1000 MWe (initial value of A = .2 errors/
4 months)
Time zi
0.0 0.0
4.0 1.0
8.0 1.58
12.0D 2. 73
16.0 3=9
20.0 5.82
24.0 Tal5
28.0 8.26
32.0 8.49
36.0 8.96
40.0 5.285
44.0 9.3
48.0 9.1
52.0 9.4
56.0 11l.:2

60.0 11.0
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Table 18. The smoothed data for BWR's with power levels

from 500 to 750 MWe (A = .15 error/4 months)

Time Z;

0.0 0.0

4.0 5.02
8.0 5«25
12.0 6.37
16.0 6.86
20.0 7.39
24.0 8.61
28.0 8.89
32.0 9.7

36.0 10.7

40.0 1847

44.0 1l.1

48.0 10.9

52.0 11.3

56.0 1ds3

60.0 11.7

64.0 1l.6

68.0 11.4

72.0 113
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Table 19. The static learning parameters for BWR's for three
different cases

Title
of Techniques A B C 6 A.B
data
All Least
BWR's square
method O.l12 2.18 .0306 3.9 0.244
Impulse
moment
updating 0..125 1.96 .0306 0 0.245
Those Least
BWR's square
with method 0.004 206.8 O35 X5 0.827
power
500 to Impulse
750 MWe moment
updating 0:0377 22.00 + 0735 0 0.829
Those Least 0.0627 7.68 .0438 =13 0.4815
BWR's square
with method
power
750 to Impulse 0.0417 11.56 .0438 0 0.482
1000 Mwe moment
updating

To compare Equation (181) with the performance equation
defined in Equation (1), the value of 6 can be calculated

approximately from
V=5 » (182)

The static estimation model for each case is given in Table

20.
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Table 20. The smoothed data for all PWR's, the initial value
of "A" is chosen as 0.08 errors/4 months

Time Z; Time Zi
0.0 0.0 6.80 9.42
4.0 2.08 72,0 9.34
8.0 312 76.0 9.26

12.0 4.8 80.0 9.55

16.0 4.84 84.0 9.47

20.0 5.76 88.0 9.38

24.0 6.64 92.0 D.31

28.0 7:15 96.0 9.23

32.0 7.51 100.0 5.15

36.0 8.45 104.0 957

40.0 9.00 128.0 9-11

44.0 9.24 152.0 8.6]

48.0 9.16 156.0 9.57

52.0 9.19

56.0 9.38

60.0 9.46
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To explain the results given in Table 19 is better to

consider the expression

ct

A = a + abe + g(t) (183)

where €(t) is the scattering of the data and comparable to
aM,

For values of "t" not too large considering "b" much
larger than unity, the following approximation can be

made,

i = abe °F (184)

For the larger values of "t" the error rate equation

can be approximated as;
A =a+ e(t). (185)

Assuming that "a" is estimated from the final value of

"A", thus the expectation of "a" can deviate from the real

mean value of "a" by the expectation of "eg". Anyway, to
compare the different learning parameter estimations it is
sufficient to compare the product of "ab" and "c". The
following results can be obtained from Table 19.

a. In BWR's with power range between 500 to 750 Mwe,
more error is expected but, the operator learning speed is
faster than the other BWR's due to the larger value of "c".

The final error rate cannot be exactly determined due to high
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scattering for large values of "t".

b. In BWR's with power range between 750 to 1000 Mwe,
less error is expected, but the learning speed is slower
than in the case of 500 to 750 MWe BWR's. The final error
rate "a" can not be determined exactly due to high scattering
for large values of "t".

c. The estimation of all BWR's shows the least
number of errors but, the slowest speed in learning.

d. The expected range for the final error rate can be

estimated for all BWR's as

0.004 < A < 0.125 errors/month.

e. The assumption of delay time in learning process
leads to better estimation.

f. The negative value of delay time estimation for
BWR's power between 750 to 1000 MWe may be due to lack
of data at early stage of start-up experience which can

result in underestimating the age of the plant.

2. PWR's operator error rate model

The data are smoothed by the integration smoothing tech-
niques for three cases of interest. The smoothed data and
related "A" value are given in Tables 20, 21, and 22
respectively. The static estimation result from programming

for all the cases are given in Table 23. As the process
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Table 21. The final data for PWR's with power levels from
400 to 600 MWe (the initial wvalue of "A" is
chosen equal 0.0 errors/4 months)

Time % Time Z

i i

0 0.0 68.0 8.15
4 1«25 72.0 B.15
8 2.075 76.0 8.15
12 225 80.0 8.15

16 2.79 84.0 8.15
20 3.62 88.0 8.15
24 3.85 92.0

28 4.84

32 6.0

36 6.4

40 7.4

44 7.4

48 7.4

52 7.65

56 7.65

60 165

64 7.65
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Table 22. The final data for PWR's with power levels from
800 to 1200 MWe (the initial value of "A"
is 0.1 errors/4 months)

Time Zi
0.0 ' 0.0
4.0 2.3
8.0 3.9
12.0 5.46
16.0 6.89
20.0 7.81
24.0 8.71
28.0 8.39
32.0 9.29
36.0 10.25
40.0 10.6
44.0 10.5

48.0 10.4
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Table 23. The learning parameters for PWR's for three
cases of interest

Title
of Technigque A B c 0 A.B
data
All Least
PWR square
plants method 0.0231 21.13 951 0.1 0.4881
Impulse
moment

updating 0.0212 22.977 051 0.0 0.4871

Those PWR's Least
with power square

rate be- method 0.00243 140.6 .042 -.43 0.3416
tween 400
to 600 Impulse
MWe moment
updating - - - - -

Those PWR's Least
with power square

rate be- method 0.0224 34.0 .07324 .015 0.7616
tween 800

to 1200 Impulse

MWe moment

updating 0.0224 34.0 .07324 0.0 0.7616

explained in Chapter VIII, Section A.l, the comparison be-
tween different cases are as follows:

a. The PWR's with power between 400 to 600 MWe shows
much lower number of errors than other cases. The negative
delay time may be due to lack of data at early stages of
start-up experience, which can result in underestimating

the age of the plant. The very low value of "A" leads us to
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the conclusion that, the number of operator errors in this
case can decrease to one error in thirty-four years. The
impulse moment updating did not give an acceptable result
for "A" (A<0), thus it is not considered as a good esti-
mation.

b. The PWR's with power between 600 to 1200 MWe show
higher number of errors than any other case. The value
of "A" leads us to the conclusion that even for very old
plants we expect to see at least one error in each four
years.

c. The estimation for average PWR's; neglecting the
effect of power, gives us number of errors more than PWR's
with power between 400 to 600 MWe and less than PWR's with
power between 800 to 1200 MWe which is confidentially

acceptable.

B. Dynamic Operator Error Rate Model

1. BWR's operator error rate model

The initial value of parameters from static estimation
are used for Kalman filtering. The output of the Kalman
filter is the dynamic behavior of the model. 1In three cases
of BWR study, the values of A, B and C are given in Tables
24, 25 and 26. The graphs of real data and two dynamic
estimators are also given in Figures 13, 14 and 15,

respectively.
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Table 24. Two dynamic estimation for learning parameters of an
average BWR
Initial .
stat%c Sk ;Eiulse mogent updaélng Liast squgre methog
Time
0.0 .1248 1.963 0.03062 0.119 .9381 0.05325
4.0 .1248 3.352 0.03062 0.1119 1.268 0.05457
8.0 .1248 2.978 0.08709 0.1119 1.430 0.05443
12.0 .1248 3.038 0.0846 0.1119 1.798 0.05397
16.0 .1248 3.314 0.08153 0.1119 2.227 0.05097
20.0 .1248 3.665 0.07566 0.1119 2.576 0.04334
24.0 .1248 3.666 0.07232 0.1119 2.475 0.03742
28.0 .1248 3635 0.07119 0.1119 2.353 0.03482
32.0 .1248 3.631 0.07071 0:1119 2.287 0.03426
36.0 .1248 3.615 0.07132 00,1119 2,227 0.03536
40.0 .1248 3.58 0.07232 0.11)19 2.153 0.03675
44.0 .1248 3.492 0.07338 0.1119 2.032 0.03788
48.0 .1248 3.442 0.07341 2:1119 1.957 0.03804
52.0 .1248 3.472 0.03708 0.1119 1.972 0.03791
56.0 .1248 3.467 0.07293 0.1119 1.97¢ 0.0381
60.0 .1248 3.701 0.0732 0.1119 2.215 0.0384
64.0 .1248 4.053 0.07355 0.1119 2.548 0.0386
68.0 .1248 4.050 0.07325 0.1119 2.536 0.03826
72.0 .1248 4,153 0.07291 0.1119 2.622 0.03796
76.0 .1248 4.108 0.07291 0.1119 2.559 0.03790
80.0 .1248 4.098 0.07299 0.1119 2.533 0.03798
84.0 .1248 4.016 0.07325 0.1119 2.442 0.03813
88.0 .1248 3.991 0.07325 0.1119 2.418 0.03815
92.0 .1248 3.922 0.07315 0.1119 2.365 0.03816
96.0 .1248 4.092 0.07311 0.1119 2.543 0.03826
100.0 .1248 4.24 0.0732 0.1119 2.696 0.03843
104.0 .1248 4.279 0.03714 0.1119 2.745 0.03847
108.0 .1248 4,299 0.03707 011198 2.777 0.03848
112.0 .1248 4,404 0.07307 0.1119 2.883 0.03852
116.0 .1248 4,367 0.07293 0.1119 2.867 0.03848
120.0 .1248 4.344 0.07285 0:1119 2.871 0.03850
124.0 .1248 4.657 0.07301 0. 131)9 3.15%5 0.03837
128.0 .1248 4.747 0.0729 0.1119 3.228 0.03808
132.:0 .1248 4.740 0.0728 0.1119 3.216 0.03785
136.0 .1248 4.805 0.07263 0.1119 3.262 0.03747
140.0 .1248 4.776 0.07266 0.1119 3.229 0.03737
142.0 .1248 4.812 0.07249 0.1119 3.253 0.03701
144.0 .1248 4.781 0.07260 0.1119' .3.223 0.03704
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Table 25. Dynamic estimation for BWR's (500<P<740)
Initial
static Impulse moment updating Least square method
model A B c A B c
Time
0.0 .03766 21,97 .07354 .004068 106.9 0.1292
4.0 .03766 33.04 .07354 .004068 161.2 0.1169
8.0 .03766 31.74 .1732 . 004068 159.4 0.1142
12.0 .03766 32.52 .168 .004068 169.3 0.1098
16.0 .03766 33.59 -1659 . 004068 177.6 0.1076
20.0 .03766 34.96 .1636 .004068 189.0 0.1054
24.0 .03766 37.39 .1605 .004068 209.3 0.1027
28.0 .03766 38.74 .1585 .004068 219.5 0.1005
32.0 .03766 40.47 .1563 .004068 232.3 0.09786
36.0 .03766 42.24 .1536 .004068 244.6 0.0946
40.0 .03766 42.93 +1522 .004068 248.2 0.09279
44.0 .03766 43.63 .1508 .004068 252.2 0.09115
48.0 .03766 43.87 .1504 .004068 2533 0.0906
52.0 .03766 44.3 .1496 .004068 256.5 0.08961
56.0 .03766 44.51 .1493 .004068 2585 0.0890
60.0 .03766 44.98 .1484 .004068 262.8 0.08789
64.0 .03766 44.98 .1484 .004068 263.4 0.0877
68.0 .03766 44.89 .1485 .004068 263.2 0.08777
72.0 44.78 .1487 .004068 262.7 0.08789
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Table 26. Dynamic estimation for BWR's (750<P<1000)
Initial
static Impulse moment updating Least square method
mode 1l A B c A B G
Time
0.0 0.04171 11,56 0.04382 0.06268 1.229 0.03936
4.0 0.04171 6.324 0.04382 0.06268 1.856 0.05066
8.0 0.04171 3.286 0.05196 0.06268 2.066 0.05625
12.0 0.04171 5.303 0.05453 0.06268 3.534 0.06126
16.0 0.04171 6.957 0.05325 0.06268 4.743 0.06102
20.0 0.04171 8.784 0.0465 0.06268 6,115 0.05467
24.0 0.04171 9.362 0.03373 0.06268 6.544 0.0403
28.0 0.04171 8.517 0.0244 0.06268 5.956 0.02975
32.i0 0.04171 7.661 0.02059 0.06268 5.417 0.02618
36.0 0.04171 7.193 0.01938 0.06268 5.161 0.0256
40.0 0.04171 6.983 0.01973 0.06268 5.049 0.02664
44.0 0.04171 6.88 0.02073 0.06268 4.951 0.02808
48.0 0.04171 6.815 0.02167 0.06268 4.847 0.02915
52.0 0.04171 6.997 0.02186 0.06268 4.969 0.02918
56.0 0.04171 T=372 0.02193 0.06268 Ha3d 0.02894
60.0 0.04171 7.085 0.02274 0.06268 5.146 0.02950
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By comparison among dynamic estimation for three cases,
the following results can be obtained.

1. The value for "C" is decreasing for all three cases
of study which can be related to the inertia of learning.

In other words, the operator does not improve as fast as he
improved before. This can be due to operator negligence
after becoming confident on the job.

2. The product of "A.B" is increasing with time for
three cases of study but the effect of time (age) is more
dominant, so the number of operator errors per unit time
will tend to decrease. However, the increasing trend of
(A.B) products shows that, unfortunately, the expert operator
does not pay enough attention to the task, as he had paid
before.

3. The response of learning with respect to power in
BWR's is kind of a confusing issue due to different behavior
of learning parameters. The following behavior can be seen
in dynamic estimation of different power BWR's, even though
the number of operator errors is in the same range;

a. Learning in small power BWR's is faster than
large BWR's (the value of "C" for small BWR's is larger

than the value of "C" for large BWR's).
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b. The product (A.B) in large BWR's is smaller
than small power BWR's: This behavior can be explained
as the optimum stress on operator in the case of
BWR's with power between 750 MWe to 1000 MWe (the

operator is aware of the importance of operation).

2. PWR's operator error rate model

The initial value of the parameters from static esti-
mation 1is used for Kalman filtering. The output of Kalman
filter is the dynamic behavior of the model. 1In three
cases of the PWR study, the values of A, B, and C are given
in Tables 27, 28 and 29. The graphs of real data and two
dynamic estimations are also given in Figures 16, 17 and
18, respectively.

By comparison among dynamic estimation for three cases,

the following results can be obtained:

1. The average behavior data for PWR's, which is
obtained from collapsing the total PWR data, is not time de-
pendent. The only scattering in dynamic estimation of
parameters comes from random noise scattering with vari-
ances less than covariance matrix diagonal elements. There-
fore, the data can be best approximated by white noise
scattering, which is not time dependent. This allows the
construction of a constant parameter learning curve for
PWR's.

2. The effect of power in PWR's is very important.



9%

The PWR's with power between 400 MWe to 600 MWe have very
good learning characteristics. The operator has the ability
to reduce the number of errors to one error in 30 years.
Since the average value of "t" is 2 years for this PWR's,
it can be expected that constant error rate happens after
10 years.

To compare Figure 18 with Figure 17 and Table 29 with
Table 28, the effect of the increase of power can be
simply observed by the higher values of A, (A.B) and total
number of errors. Comparing the values of C for both cases
shows slightly faster learning in large PWR's than small

PWR's.



Table 27. Dynamic estimation for PWR's

stizizlzidel Impulse moment updating Least square method
: A B c A B o4
Time
0 .02118 23.01 0.05092 .02314 7.498 0.06964
4 .02118 24.46 0.05092 .02314 16.73 0.08645
8 .02118 20.00 0.08058 .02314 17.17 0.07919
12 .02118 22.14 0.07325 .02314 19.38 0.07224
16 .02118 21.80 0.07202 .02314 19.00 0.07076
20 .02118 22.82 0.07013 .02314 19.90 0.06880
24 .02118 24.21 0.06852 .02314 21,13 0.06711
28 .02118 25+21 0.06733 .02314 21.99 0.06584
32 .02118 26.43 0.0659 .02314 23.04 0.06429
36 .02118 27.28 0.06449 .02314 23.76 0.06277
40 .02118 27.93 0.06307 .02314 24.29 0.06125
e .02118 28.13 0.0622 .02314 24.41 0.06035
48 .02118 2795 0.06207 .02314 24.22 0.06024
52 .02118 27.83 0.06205 .02314 24.08 0.06025
56 .02118 27.87 0.06194 .02314 24.09 0.06016
60 .02118 27.83 0.06195 .02314 24.03 0.06019
64 .02118 27.65 0.06207 .02314 23.84 0.06033
68 .02118 27.56 0.06211 .02314 23.73 0.06039
72 .02118 2037 0.06219 .02314 23:53 0.06047
76 .02118 27.22 0.06223 .02314 23.37 0.06051
80 .02118 27.49 0.06214 .02314 23.6 0.06043
84 .02118 27.38 0.06217 .02314 23.48 0.06046
88 .02118 27.20 0.06221 .02314 23.28 0.06051
92 .02118 26.86 0.06227 .02314 22.91 0.06058
96 .02118 26.86 0.06227 .02314 22.91 0.06058
100 .02118 26.81 0.06228 .02314 22.84 0.06059
104 .02118 27.19 0.06221 .02314 23.17 0.06052
128 .02118 26.85 0.06226 .02314 22.84 0.06059
152 .02118 27.26 0.06226 .02314 23.16 0.06059
156 .02118 27 .27 0.06226 .02314 23.16 0.06059

86
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Table 28. Dynamic estimation for PWR's (400<P<600 MWe)

Initial
static Least square method
est;mation A B C
Time
0 0.002434 26.68 0.04733
0.002434 68.32 0.05934
0.002434 8l1.51 0.05617

12 0.002434 73.98 0.05685
16 0.002434 79.98 0.05728
20 0.002434 98.97 0.05835
24 0.002434 107.4 0.05844
28 0.002434 128.2 0.05852
32 0.002434 148.6 0.05664
36 0.002434 154.2 0.05304
40 0.002434 158.5 0.04819
44 0.002434 154.1 0.04558
48 0.002434 1503 0.04477
52 0.002434 148.6 0.04442
56 0.002434 146.6 0.04479
60 0.002434 145.0 0.04511
64 0.002434 144.0 0.04525
68 0.002434 146.4 0.04489
72 0.002434 146.4 0.04484
76 0.002434 146.0 0.04494
80 0.002434 145.4 0.04504
84 0.002434 144.8 0.04501
88 0.002434 144.3 0.04509

92 0.002434 144.1 0.04510
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Table 29. Dynamic estimation for PWR's (800<P<1200 Mwe)
Initial
estimation Impulse moment updating Least square method
me?hod A B C A B c
Time
0 «0229 33 26 .07324 .0224 11.94 .08187
4 .0229 25.4 .07324 .0224 25.98 .07324
8 «0229 21.62 .08117 .0224 22.1.2 .08113
12 .0229 23.26 . 07195 .0224 23.:19 +07191
16 «0.229 24.55 .06425 .0224 25411 .06422
20 0229 24.94 .05941 .0224 25 .51 .05938
24 - 0229 25.24 .05648 .0224 25.83 .05644
28 .0229 24.43 .05703 .0224 25.00 .05698
32 .0229 25.14 585 .0224 25.72 .05545
36 «+0229 26.22 «05377 .0224 26.83 .05371
40 .0229 26.5 .05300 .0224 27.12 .05295
44 .0229 26 .13 +05317 .0224 26.74 35311
48 .0229 25.79 .05341 .0224 26.40 .05334




v 12F
S
= 11E
&l A & | EAST SQUARE RESULT
f:%_ © o  JMPULSE MOMENT RESULT
= o 5 ——  REAL DATA
Lt
a 8+
o
s TF
& 6L
=
2 5r
= 4t
'._.
E 3 &
2...
]_
0 1 | | 1 1 1 1 | | I | |
0 4 8 12 16 20 24 28 32 36 40 44 48 52 56

Figure 18.

AGE IN MONTHS

Dynamic estimation for PWR's with power levels

from 800 to 1200

MWe

€01



104

IX. SUMMARY AND CONCLUSIONS

This study has attempted to give insight into the re-
lationship among nuclear reactor type, age and power rating
(size) with respect to operator error rates. It has shown,
in Chapter VIII, that for Pressurized Water Reactors there
is a direct correlation between operator error rate and
facility size; the larger the PWR, the greater the number of
errors committed. While for Boiling Water Reactors, reactor
size does not seem to have any direct affect upon the
operator error rate, though the overall error rate for BWR's
was larger and considerably more scattered with respect to
facility age than similar effects for PWR's. The effect of
size on the operator error rate for PWR's might be explained
because PWR system complexity increases with facility size
much more so than system complexity for BWR's. But since
comparable system complexities and the number of design
changes are greater for the BWR, the overall error rate is
larger for BWR's.

Accordingly, it can be concluded that a constant
operator error rate model is not an appropriate assumption
for real life operator data, and should not be used for
probabilistic analysis. The time varying operator error

rate developed here by the Kalman filtering dynamic
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estimation is more appropriate for this purpose. However,
if a time invariant model is to be used it has been shown
that a time invariant model with delay will describe the
operator learning process better than the classical

nondelay time invariant model.
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X. RECOMMENDATIONS FOR FURTHER WORK

Further work recommended to enhance the study completed
are as follows:

1. To collapse the data in an accurate manner, monthly
availability is more suitable than yearly availability. The
data should be collapsed according to the power, design, and
type of reactors with respect to availability of operation,
and age.

2. To smooth the data by the window smoothing method
explained in Chapter VI, Section A, a computer code should be
developed.

3. To estimate the static and dynamic estimation the
(OPEMX-K) computer code which have been developed here can
be used.

4. Once the learning parameters for different designs
are obtained then a comparison between different design
learning parameters can be made for recognization of an

optimum design.
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XIII. APPENDIX A
A. Stability of Linear Time Invariant System

Definition 1:

We say that the system x'(t) = Ax(t) is stable if
(Euclidean) norm ||x(t) || remains bounded as t-+= for every
solution x(t) of the system. We call the system strictly

stable if it is stable and if;

Lim ||x(t)||] = 0 for any solution of x(t) of the system

t >0

If there is a solution x(t) such that,

Lim ||%(£)]] = =

t—+oo

Then the system is unstable.

Definition 2:

The system X(t) = Ax(t) is stable if and only if real
points of all the eigenvalues of matrix A are negative or
zero. The system is strictly stable if and only if real

points of all the eigenvalues of matrix A are negative.

B. Linear Dynamic System

Definition:

A dynamic system is linear if it is of the form;

% (t)

I

A(t)x(t) + B(t)U(t) (A1)

y(t) = C(t)x(t) + D(t)U(t) (A2)
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where
%(t) is nxn matrix of valued function or constant
g(t) is mxn matrix of valued function or constant
c(t) is pxn matrix of valued function or constant
Q(t) is pxm matrix of valued function or constant
x(t), u(t) and y(t) are state variable, input and output
vector.
If the matrices A, B, C and D are constant, then the

system is called time invariant.
C. The Control Problem

Suppose initially x = X at t = t0 and we wish to

convert to x,;, at t = t, (51 is called the "target") with
a suitable choice of u. Control may be arbitrary or may

restraint to be in a set of values (e.g., |ui]<Mi for some

2 2

2 : . ,
M; or u, +u, +...+u "<M). Associated with the control is a

functional called cost function;

t

J(Eo'to’i’t’g) = K(El’tl) * J L(E'E;T)dl’ (A3)

o

where K is a function of the final state and L is a
function of x, u evaluated at t = 7.
The problem is called "optimal control" if we wish to

minimize or maximize J.
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D. Reachable State

Definition:
A state X, is reachable if there is an admissible
control u such that X5r ty can be converted to x, by

applying the control at some finite time tl > tO'
E. Controllability

Definition:

A system is said to be controllable if it is possible
to find a control vector v(t) which is specified finite

time t. will transfer the system between two arbitrarily

f

specified finite state x, and Ko

0

F. Observability

Definition:

A system is said to be observable if measurements of the
output y contains sufficient information to enable us to

completely identify the state Xx.

G. Won Ham Theorem

Definition:

To move the poles of a system to any arbitary points with

a state variable feedback

U = -Kx (a4)



112

where K is constant, it is necessary and sufficient for the

system to be completely controllable.

H. Autocorrelation Function

Definition:

The autocorrelation function describes the general
dependence of the values of the data at one time on the
values at another time. Autocorrelation function can be

defined as;

T
R (1) = lim % J x(t)x(t+T1)dt (A5)
= T+ I -

The value of autocorrelation function for 1=0 is equal to
the second moment of probability function of x, so in the
case that the mean value of x is equal zero (white noise),

then

2

T = Byl0)
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XIV. APPENDIX B

A. Comparison Between Maximum Likelihood
and Least Square Estimation

Considering that the measurement, z and the real value

of the parameter, x are linearly related

(B1)

z = HX + Vv
where v is an 1lxl noise vector. If 1l>n, then the measure-

ment set contains redundant information.

In the least square sense of estimation, one chooses
as & that value which minimizes the sum of squares of the

deviations, z; - 2,, that is;

5 = (z-HR) T (z-HR) . (B2)

The resulting least-squares estimate is;

& = (uTH) laTz. (B3)

If we are interested in minimizing the weighted sum

of squares of deviations, then

§ = (z-88) TR™1 (z-ng) (B4)
where R'-1 is an 1lxl symmetric, positive definite weighting
matrix. The weighted least squares estimate is
- T._

1aTr 15 (B5)

& = (HTR 1w



114

This result doesn't make any sense, if we don't know the
logic behind the weighting matrix. From the probabilistic
point of view, one may use the maximum "likelihood"
philosophy, which is to take as X that value which maxi-
mizes the probability of the measurements z that actually
occurred, taking into account known statistical properties

of v. Assuming v is taken as a zero mean, Gaussian distribu-

ted observation with covariance matrix R, we have

L
P(z/x) =
== (2“)1/2

=7 exp[- %(z—nx)TR”l(z-Hx)l. (B6)
R

To maximize P(z/x) we should minimize the term between
the brackets.

Another approach is Bayesian estimation, where
statistical models are available for both x and z, and
one seeks the a posteriori condition density function,
P(x/z), since it contains all the statistical information
of interest. In general

P(z/x)P(x)

52) (B7)

P (x/2)

where P(X) is the a priori probability density function of
X, and P(z) is the probability density function of the
measurements. According to the criterion of optimality

one can compute X from P(x/z), for example, if the object

is to maximize the probability that & = x, the solution is
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& = mode of P(x/z). (B8)

When the apriori density function P(x) is uniform (which
implies no knowledge of x between its allowable limits),
this estimate is equal to the maximum likelihood estimate.
If the object is to find a generalized minimum variance
Bayes' estimate, that is, to minimize the cost function,

¥ = J J - J (2-x) 'S (2-%) P (x/2) dy,dx, ... dx_ (B9)

-— 0
where S is an arbitrary, positive semidefinite matrix, we

simply set

aJ _ 0 (B10)

3%

to find, independent of S, that

& = J#mj_w.-. J §P(§/£)dxldx2 o dxn = E(x/z) (B11)

-00

which is a conditional mean estimate. Thus

J = j [ R J L(&)P(x/z)dxldx2 X s dxn (B12)

-

where L(R) is a scalar "loss function" of the estimation

error
X = Rk (B13)

Then we can get the estimate for R as follows:

"1+ 578" 1m) " gy, (B14)

2= Py %
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which is similar to least square mean method with a dif-

ference in one term P which is the a priori covariance

OI

matrix.
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INITIATE THE VALUES
FOR X(1), X(2), X(3) & P,Q,R

CONSTRUCTION OF
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Figure C2. Flow chart for Kalman subroutine
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*ALI*+TIME=30+PAGES=30
DIMENSICN D(S0)+DELT(S0) + TTX(S50) +X0(3)+XN(3)sQO(34+43)+F0(343),
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3DD(50) +DDELT(50)

INTEGER D1.,D2,03
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sessesssevsesPRIDR] o ESTIMATE s +OF e eAse 154040 ERROR/4MONTH 0
READ(S#+1)NeD1s02+D34THE
FORMAT(4(12+1X)+F10s2+F10.5)
READ(E+2)(DCI)+DELT(I)sI=14sN)
FORMAT(3(F1045+sF10e5))

READ(E.,20z2)A

FORMAT(2X,F10.5)

TTX(1)=DELT(1)

001001=2.n

TTX(I)=TTIX(I-1)+DELT(I)

CONT I NUE

YFG=D(N)-C(1)

¥YCC=2(1)

A=A/4 .

AN=N®3

WRITE(6+,272)0(1+D( 1) «DELT(I)sI=14+N)
FCRMAT(SX+12+"DATA="4E15e3+"TIME INTERVAL='",E15.3)
IF(D1 «EGeC)GCTO3

CALL RM(D+DELT W N+TTX+sDINsDMTBF « TEBF +F)

IF (D2 «EQ.C)GATO4

o0 T0S

CALL IM(D+DELT+TTXeYCOWYFCsTOWN)

CALL CM(D+F « YCU+s YFOsTOWNe SIG«TTXDINLA)

J3=03+1

CALL KALM(D+DCLT +PNs X0+ XN+GCOsFOsPOsFMsGsPPsHsBsCaTeTTXsS1IG+02+03
IN+Dl+ Z+ZY+NN-YCO, YFO-TOOD+DDELTA)

D3=D3-1

IF (D3 .EQ.0)GATO6

GOTO7

CALL LE(D+TTX,YCO+YFOTC+E +N)

Je=1
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END

SUEROUT INE RM(D+DELTsNeTTDIN+DMTBFTBF+F)

DIMENSIGN D(N) «DELT(N) +DIN(N) +DMTBF(N) + TBF(N) +F(N)TT(N)
DINC1)=DC(1)*DELT(1)

DOB8I=2sN
DQINCI)I=CCU(OCI)-DCI-13)/2)+D(I~-1))*%DELT(I))+DIN(I-1)
CCATINUE
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CCNTINUE
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CONTINUE

2011K=1,N
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FIK)=F{K)/SUM

CONTI NUE

OMTBF (1 )=F(1)*(DELT(1)%%2)
TBF(1)=DMTBF (1)

JO12K=24N

OMTBF(K)=((((F(K)*TT(K) )-(F(K=1)*TT(K-1
DMTBF (K)=CMTBF (K ) *DELT(K) +DMTBF (K-1)
TBF(K)=(TT(K)*DOMTBF (K )=TT(K—-1 )*DMTBF (K~
CCANTINUE
WRITZ(E+12Z)(K+TBF(K)+DELT(K)4sK=14N)
FORMAT(SX."TME BETWEEN FAILURE(*+12,")=
D0200J=14sN

DELT(K)=TEF(K)

CCNTI NUE

RETURN

IND

SUBROUTINE LE(DsTTsYCCesYFOsTOWEWN)
DIMENSION D(N)+TT(N)
TO=1/T0

K=0

K=K+1

IF(K.GT.101G0LTO20

51=0e

52=0.

5P3=0.

R2=0.

RP3=0.

Q1=0.

22=0.

CP2=0.

PP1=0.

PRP3=0.

DULSI=14N
PEXP=EXP(~-TT(I)*TO)
FPEXP=]1 «~PEXP
DELY=C(I)=-(YCO+YFO*FPEXP)
S1=DELY+S1
52=DELY*FPEXP+S2
SP3=DELY*TT(I)*PEXP+SP3
Ql1=FPEXP+C1
J2=FPEXF*¥2+Q2
CP3=FPEXP*TT (I )*PEXP+CP3
PPLI=TT(I )*PEXP+PP]
PP3=(TT(I)®PEXP) *#2+PP3
RZ2=FPEXP+R2
RP3=TT(I)*PEXP+P3
CCNTI NUE

S3=YFO*sSP2

R3=YFO*RP2

QI=YFO*CP:Z

21 =YFO*PP1

IF (YFULE«0.)GOTO16
P3=(YFO#**Z.)*(PP3)
GCTO17
A3=((~-YFC)*%2)*PP3
P2=Q3

L =N

1)) /Z2)+F(K=-1)*TT(K-1))

1))¥/DELTI(K)

*JE1245+2Xs'D="4E1245)

JELYC=Q2*P3%S1+Q3%P1#S24Q1#%P2*53-P2%Q3%51-Q1*P3%S2-P1%0Q2%53
DELYF=R3*P2*S1+R1*P3%S2+R2*P1*53-R2*P3%51-R3I*P] #S2-R1 *P2%53
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109 JELTO=R2#*C3*S1+R3%+Q1*S2+R1%¥Q2*%S3-R3%¥Q2%*S1-R1*%03%52-R2%Q1%S53
110 JEL=R1*%02%P3+0Q1%P2*R3+P1*R2%0Q3-(R1*P2*Q3+Q1*R2*P3+P1*Q2%R3)
111 DELYF=DEL YF/DCL

112 DELYC=0ELYC/DEL

113 JELTO=DEL TO/DEL

114 E1=ABS(GCELYF)

115 E2=ABS(DELYC)

116 E3=A3S(CELTO)r/TO

117 WRITE(6.971)E2.E1.+E3

118 G71 FAORMAT(SX.+"LE.ERROR.IN ¥YCC ¥FO TO".3EB8.2)

119 IF(El .LE.E)GOTO18

120 YFC=YFC+DELYF

121 GOTO19

122 18 IF(E2.LE.E)GOTO21

123 YCC=YCO+DELYC

124 GOT022

128 21 IF(E3 .LE «.E )GOTO20

126 TO=TO+DELTO

127 19 IF(E2 «LE.E)GOTO22

128 YCO=YCO+DELYC

129 22 IF{(E3.LE.E)GOTOI1 4

13¢C YFO=YFO+4CELYF

131 GOTOl 4

132 20 TO=1/T70

X33 WRITE(6+232)YCO+YFO.TOsK

134 23 FURMAT(2X*YCO="sF10aS+"YFC="* sF10:5+4"TO="FLl0+5+"K="o[3,°LE OUT"*)
135 RE TURN

136 END

137 SUGROUTINE CM(OsF +YCOsYFOsTOsN+SIGeTT«DINsA)

138 DIMENSICN DIN) +FIN) +TTIN)+DININ)

139 K2=0

140 27 K3=K3+1

141 K1=0

142 K2=0

143 SUM=0 ,

144 DO24J=1.N

145 FLJ)=ADLII)=(YCO+YFO* (1-EXP(=TT(J)/TO))))/7ABS(YFC)
146 IF(F(J)«GT«0.)GOTO25

147 KZ2=K2+1

148 GOTOS500

146 25 K1l=K1+1

150 500 SUN=SUM+F(J)

151 24 CONTINUE

152 SUM=SUM/N

183 WRITE(6+26)K1sK2,5UM

154 26 FORMAT(SX+"NUMBEROF * +SXs*PSITIVE="4+12:5X+"NEG=*,412:,"MEW=",F10.5)
155 55=0.

156 DOB3I=1sN

157 SS=55+TT(1)

158 82 CONTINUE

159 EEE=SUMEN®*YF0O/SS

160 DOB51I=1N

1€1 O(I)=D(I)-EEE*TT(1)

162 85 COUNTINUE

163 A=A+SZEE

164 WRITE(6.84)EEE.A

1€5 B84 FORMAT(/+'DEVIATICN FROM A= *4E10434/+10Xs*A=" ,E103)
166 IF(K3 .EC.2)GOTO28

167 Gavaz27v
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169

170
171

172
173
174
175
176
177
178
179
180
181

182
183
184
1€5
186
187
188
189
150

191

162

193
154
195
196
167
168
199
200
201

202
203
204
205
20¢€
207
208
209
210
211
212
213
214
21S
216
217
218
219
220
221

222
223

26
29

159
31

271

166

167

163

38
40
41

43
42

44
45

47
4€

48
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KK=0

KK=KK+1

FF=0a

N1 =N-KK+1

I =KK~-1

D2030J=1sN1

FF=F(JI*F (J+I)+FF

CONTI NUE

DIN(KK) =FF /N1

IF(KK sECeN)IGOTO159
GaTOR29

WRITE (6, 21)(DIN(L).I=14N)
FORMAT(SX +" AUTOCORRELLATICN="4+E1243)
WRITE(6+.271)YCO,YFQ,TO
FURMAT(SX,*NEW VALUES OF YCC YFO TO'+3F10.2)
IF(DIN(1)+EQeCe)GOTOL16L
GOTO167

DIN(1)=0e1
SIS=DIN(1)*(YFO%*%2)
WRITE(6+,1€8)SIG
FOCRMAT(30X,"SIG="*":+F10.7)
RE TURN

END

SUSROUTINE KALM(DsDELT 4PNy XOsXNs COsFOsPUsFMeGiPPsHsBsCaT s TTHSIG
102403 eNsD1+Ze ZY s NN YCUoYFOLTU +DD+DDELT 4A)

OIMENSICN DUN) +DELTIN) oPNU3+3) s XO(3) o XN(3)+QO(3+3)4F0(3+3)+2Z(Nsb)
IPO(343)FMI343)4G(3)3PP(343)sHI342)+B(343)+C(3e3)sTTIN)sZY(NNO)»
20D(N) +DDELTI(N)

INTEGER D1+.D2+03

IF(D1 «EQ+1)G0TO38

WRITE(6,35)D1

FORMAT(5X +*KALMAN FILTER OQUTPUT"® 45X +*PERFCRMANCE® »2X+*D1=",12)
GCTOs1

WRITE(6,40)D1

FORMAT(SX+*"KALMAN FILTER OQUTPUT® +SX+"LEARNING® s 2X,*0D1=",12)

IF (D2 +EQ«1)GOTO42

WRITE(€E.42)D2

FORMAT(S5X.*"DATA FROM LEASTSGQUARE®*.5X."D2=",12)

[F(D3 EQ«.1)GOTO45

WRITE(6+44)D3

FORMAT(S5X+"DATA FROM IMPULSEMOMENT"',.5X.'D3=",12)

X0(1J)=YCO

X0(2)=-(1/70)

XO(3)=(YCC+YFO)/TO

JC461=1,3

DC47u=1.+3

PC(IyJ)=0.

QO(Il+J)=0.

FO(I+sJ)=0.

CCNTINUE

CONTI NUE

PO(14+1)=SIG

PO(24+.2)=-(X0(2)*SIGI/YFO

PO(3+3)=SIG/(TO*=%x2)

CGO(1s1)=(2.%PC(1+1))/(3e%(TU®%2))

QD(2+2)=FC(2+2)7(TO*T)

Q2(3+2)=QC(1.1)

WRITE(6+48)((1+JsPOUCI+J)eCO(IwsJ)ed=14s30s1=1,3)
FORMAT(2Xs12¢2Xs12+"PO="+E12.3+°C0=*,E12.3)
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225
226
227
228
229
230

221

222
223
224
235
236
227
228
239
240
241
242
242
244
245
246
247
248
249
250
251

252
253
254
255
256
257
258
259
260
2¢€1
2€2
263
264
265
266
267
268
2€9
270
271

272
273
274
275
276
277
278
279
280
281

282
2€3

S 00

4s

S01

S03

902

911

52
51

S9
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RO=SIG*(XC(1)*=x2)
FC(2:1)=0.

FO(3+1)=0.

FO(3+2)=0,

FO(2s 2)=0.

FO(242)=1.

FO(3,3)=1.

DOSO0I=14sN

W) =D(1)
DDELT(I)=DELTCLI)
CONT I NUE

NN1=N-1

K1=0

Kl1=K1+1

IF(K]l «EQe2)GOTO901
3070902

DOS03J=1..ANN1
DD(J)=DI{N=-J+1)
DDELT(J#1)=DELTI(N-J+1)
CCNTINUE

OD(N)=D(1)
DDELT(1)=T-TT(N)
DOSOK=1+N
IF(K1.EGs2)GOTO910
FO(1+1)=1.+#X0(2) *DELTI(K)
FC(1+2)=XC(1)%DELTI(K)
FO(1+3)=DELT(K)
UOD=-XU(2)*XO(1)*%DELT(K)
GCTO911
FO(ls1)=1=-X0(2)*DDELT(K)
FO(1+2)=XC(1)*DDELT(K)
FO(1+2)=DDELTI(K)
JO=X0(2)*x0(1)*DDELT(K)
XN(1)=FOC(1+1)*X0C1)+FOC1+2)%X0(2)+F0(1,4+3)*X0(3)+00
XN(2)=X0(z2)

XN(3)=X0(2)

CALL MULTI(FO:POsFM:0.0)
CALL MULT(FMsFO.+P0s14)
DCS11=1,3

D052J=1+3

APN(I+ J)=PCI14+4)+Q0(14J)
COCNTINUE

CCNT [ NUE

AA=PN(1.+1)+RO
DOS9L=1.,3
GIL)=FN(Ls+1)/7AA
XO(L)=XN(L)+G(L)*®(DD(KI)=XN(11))
L1=L

IF(K]l eEGe2)L1=L+3
ZEKsL1)=XCLL)

CONTI NUE
RO=SIG*({(>x0U(1)/7YFO)*®%x2)
PP(1.2)=0
PP{1+1)0=1.-GI(1)
PP(1+3)=0.
PP(2s13=-C(2)
PPI{3s1)=-¢C(3)
PP(2+2)=1.

PP(2+.2)=0.

PP(3,3)=1.
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284 PP(3+2)=0.

285 CALL MULT(PP+PN,PDs0.)

28¢€ K2=3% (K1=-1)+1

287 K3=3%(K=1)+1

288 ZY(K3,K2)=PO(1.1)

283 ZY(K3.K2+1)=P0O(1 +2)

290 ZY(K3 K2+2)=20(1.,3)

291 ZY (K3 #]1 ,K2)=P0(2+1)

292 ZY(K3+#1lsKZ241)=P0(2s2)

293 ZY(K3+1  .,K2+2)=P0( 2 3)

294 ZY(K3+2+.K2)=230(3.1)

295 ZY(K3+2,,K2+1)=P0(3,.,2)

296 ZY (K3 +2,K2+2)=P0O( 3, 3)

257 S0 CONTINUE

298 IF(K1«EQ.1)G0TO904

299 +0T0905

300 904 XN(1)=FO(1+1)XO(1)+F0(1+2)%x0(2)+FOC1+3)2X0(3)+U0
301 XO(1)=XN(1)

302 XNL2)=X0(2)

303 XNC3) =X0(2)

304 WRITE(O.906)(XN(T)aI=143)8T

305 906 FIRMAT(SX"PEROICTICN' 33(2X+E12e3)4+F1045)

306 972 FORMAT(SX.*ERROR IN COV*,3510.2)

307 WRITE(O+ST2I(IPNI LI J=10302s01=1,3)

308 S0S5 [IF(K1 «EQez2)GOTOS3

309 GCTOa9

310 53 WRITE(6,.,70)KI

311 70 FUORMAT(SX+"FORWARD FILTER ESTIMATICN®,5X+"BACKWARD FILTER" «2Xs12)
312 WRITE(6,71)((2Z(1sd)ed=1s6)s]1=1sN)

313 71 FORMAT(SX+3E12e34+45X+3E1243)

214 IC72J4=1.N

315 N7=3%(J=1)+]

316 NB=NN+1-(Z2%))

317 POG1o1)=ZYINT+142)%ZYV(NT+2,3)-ZYI{NT+1,3)%2Y(N7+2.2)
318 PO(L1e2)=ZY(NT#242)8ZY(NT2 2 )—2ZY(NT.2)%2Y(NT7+2, 3]

319 PO(1+3)=LY(N7+2) % ZY(N7+143)=ZY(NT 2 I*ZY(N7+142)

320 PO(2, 1)=ZY(NT+2,1 )% ZY(NT#+1.3)=2Y(N7+1,1)%2Y(N7+2,3)
321 PO(2v2)=ZY(NT 2 1) % 2Y (NT#2,3)~2ZY(NT7#2+1)%ZY (N7 3)

322 PO(2+3)=ZY(N7#1 41 )*ZY(NTs3)-2ZY(N7+1)%2ZY(N7+1+3)

323 PO(3s1)=ZY(NT #1141 )*ZY(N7#2,2)=ZY(NT7+1+2)%ZY(NT+2+1)
324 PO(3+2)=ZY(NT+2+1 )% ZY(N7:2)=2Y(NT7+1)*ZY(NT7+2:2)

328 POC3+s3)=ZY(NT o 1) *ZY(N7#1+2)-ZY(NT7:2) % ZY(NT7+1.1)

326 DET=ZY(N7 41 )%PO(1 +1 ) +Z¥Y(NT7,2)%P0(2,1)+2Z¥(N7,3)%P0O(3,1)
327 PNALs 1)=ZY(NB+1+S )¢ ZY(NB+2,6)—2ZY(NB+1.+,6)%2Y(N8+2,5)
328 PN 1+2)=2ZY(NB+2:s5)*ZY(NB+B)-ZY(NB+S)*ZY(NB+2,.6)

329 PN({l1s3)=ZY(NB+S)I*ZY(NB+1,6)=ZY(NB+6)*ZY{NB+14+5)

320 PN(2+:1)=2ZY(NB+244 )% ZY(NB+1,6)—2Y(NB+1,4)%2Y(NB+2,6)
331 PNCZ2+2)=LY(NB 4 ) ® LY (NB+2,6)-ZY(NB+244)%2Y(NB,6)

332 AIN(2+s 3)=2ZY(NB+1+4)#%2ZY(NB+6)-2Y(NB+&)*ZY(NE+1,:6)

233 PN(3+s1)=2Y(NB+1+4)%ZY(NB+2:5)-ZY(NB+1,5)%2ZY(NB+2,4)
234 AN(322)=2Y(NB+2 44 J¥ZY(NB15)=2Y(NB, G )*ZY(NB+2,:5)

335 PN(3+3)=2Y(NB+4)*2Y(NB+1+5)-ZYINB«S)®ZY(NB+1,4)

33¢ SET=ZY(NS 4 )¥PN(L 41 )+ZY(NBS)I*¥PN(2,1)+ZY(NB,6)*PN(341)
337 WRITE(6.,2C1)DET.BET

338 201 FORMAT(SX+*'DETOFPF=",E10s4+5X+'DETOFPB=" ,E10.4)

339 IF(DET.EGe0.)GOTLT2

340 IF(BET.EQ.0.,)GOTO1000

3a1 JO734=1,3

342 J074L=14+3

343 PO(M.L)=PO(M,L)/DET
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344 ON(MsL)=PN(M,L)/BET

345 QO(MsL)I=FPC(MsL)I*PN(M,L)

346 74 CONTI NUE

387 T3 CONTI NUE

348 Fa(l+s1)=C0(2,2)%*Q0(3+3)-QC(2+3)%C0(3,+2)

349 FM(1.,2)=Q0(3,2)%Q0C1,3)-QO0(1,2)*G0(3.3)

350 FM(1,3)=CO(1.2)*20(2.,3)-00(1.3)*C0(2+2)

351 FM(2,1)=C0(3,1)*%Q0(2,+3)-QC(2+1)%CC(3,3)

382 FMI2+2)=CGC(1,1)*Q0(3,3)-Q0(3+1)%QGC(1,2)

353 FM(2+3)=Q0(2,+,1)%Q0(1+3)-Q0(1.+1)%Q0(2+3)

354 FM(3.,1)=C0(2.1)%00( 3.2)-QU(2-2)%0Q0(3.1)

355 FM(3+2)=CC(3,1)%Q0(1,+2)-Q0(1,1)%Q0C(3,2)

35¢ FM(3+,3)=Q0(1,12*%Q0(2+2)-CGC(1s2)*C0O(2+1)

357 DF=FM(1+1)%QO(Ls1)¢FM(1,2)%Q0(2,1)+FM(1,:,3)%QU0(3+1)

358 D075M=1.3

356 DO76L=1.3

€0 FM(My L)=FM{M.L)/0OF

361 7E CONTINUE

3€2  £-] CCNTI NUE

3€2 DO90I=1.3

364 LL=N=-J+1

365 GUIN=POCT 1) %Z(Js 1) +PO(T1+2)%Z2(J»2)+POCT1+3)%2(Js3)+PNIT 101 %*Z(LL.4)
14#PN(T +2) % Z2(LL +S)+PN(1+3)%2(LL«6)

366 90 CONTINUE

367 DO09301I=1,2

368 ZUJ+ I )=FM(I+1)%G(1)+FM(I,2)*G(2)+FM(I,3)%G(3)

365 930 CONTINUE

370 GoTOo72

3ri1 1C00 Z(Jel)=2Z(N*1-Js4)

372 Z(Js2)=2(N+1-0,+5)

373 ZUJs3)=2(N+1-J+6)

374 72 CONTINUE

375 ARITE(6.77)D1

376 77 FORMAT(SX+'"THZC SMOOTH KALMAN RESULT®,[2)

377 WRITE(O+7E)(DII) v (ZLLeJ)eJ=14+3)41=14N)

378 TE FCRMAT(S5X:"D=*,4E15+4)

379 DOA4S4I=1sN

380 BF=(Z(1+3)+201+1)%2(1.2))7A

3si CF==2(1.2)

382 WRITE(O6+4S6)ABFCFTT(I)

383 456 FURMAT(2X +"LEARNING PARAMETERS'"+2E10.4+*TIME="4,E10Q.4)

3E4 TNF=A*TT(I)+A*BF*(] «—EXP(-CF*TT(I1)))/CF

285 455 FORMAT(10X,*TOTAL NUMBER OF ERROK® +2X4E1044)

3sé WRITE(64+455) TNF

387 4€4 CONTINUE

388 RE TURN

389 END

390 SUSBROUTINE MULT(H.B+Cy21)

391 DIMENSICN H{3+3)+B(343)4C(3:32)

352 DOBGI=1.23

393 DO&7L=1.,3

394 SUNM=0 .

368 DO88J=1.3

3sé6 IF(Z1 «sEQe1+)GLTOBY

367 SUM=H(I » J)*B(J.L)+5uUmM

3s8 G0TL38

399 B9 SUM=H(I.J)*B(L.+J) +5UM

400 88 CCNTINUE

401 C(IsL )=SUM
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402 E7 CCNTINUE

403 B€ CONTINUE

404 RETURN

405 END

406 SUBROUT INE IM(DsDELT+TT +YCOWYFC«TOWN)
407 DIMENSICN CUN)DELTIN)TTI(N)

408 CC=0.

409 C1=TT(1)*C(1) /2.

410 D0100I=2.N

411 CO=Co+(C(I)-D(1-1))

412 C1=C1L+(DCD)-D(I-1 ) *((TT(I)+TT(I-1))r2)
412 100 CONTINUE

414 ToO=C1/,CO

415 YF=CO

416 WRITE(6,101)TO.YF

417 101 FORMAT(Z2X,"IM OUTPUT TO=*4E1243¢"IF(TOLED)ISCATTEE® »*YF=*,E1243)
416 ¥YC=D(1)

419 RETURN

42C IND



