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ABSTRACT 

Detection of failure in the operational status of a NPP is 
described. The method uses lattice fora of the signal modelling 
established by means of Kalman filtering methodology. 
In this approach each lattice parameter is considered to be a 
state and the minimum variance estimate of the states is perfor
med adaptively by optimal parameter estimation together with fast 
convergence and favourable statistical properties. In particular, 
the state covariance is also the covariance of the error com
mitted by that estimate of the state value and the Mahrlanobis 
distance formed for pattern comparison takes x distribution for 
normally distributed signals. 

The failure detection is performed after a decision making pro
cess by probabilistic assessments based on the statistical in* 
formation provided. The failure detection system is implemented 
in multi-channel signal environment of Borssele NPP and the its 
favourable features are demonstrated. 

1. INTRODUCTION 

The problem of detecting charges in system dynamics have been receiving growing 
attention in the last decade. Although the reason for this can vary the case 
being dependent on the nature of the application of concern, in particular, in 
nuclear power plant (NPP) the case is closely related to the plants operational 
safety. This is simply because the operational status in determined by the sy
stem dynamics and any non-stationary behaviour has to be assessed correctly in 
order to be able to take appropriate actions in time. The work presents a novel 
implementation methodology for signal modelling which concerns the process 
which is an output of a finite-order discrete-time linear system driven by whi
te noise. Such processes can be represented inform of a linear predictor which 
is actually a finite impulse response (FIR) filter acting on the data. Such 
filters can be realized in different ways such as direct realization, i.e., 
tapped-delay line or cascade form, a particular form of which is called lattice 
(or ladder) structure. Lattice realization of signal modelling has several des
irable features. Among these features mentioned may be made of its individual 
structure which is suitable for adaptive filtering since the recursive solution 
of the least-squares estimators naturally produces a lattice filter structure. 
As a filter, it has special parameters as filter coefficients which magnitude 
less than unity providing an easy mean for checking the stability of the 
filter. 

Studies on the lattice filtering theory took place extensively in literature in 
the last decade [1-5] and a number of applications concerning adaptive techni
ques together with estimating filter parameters are reported [1-10]. Least 
squares solution in a recursive manner is the most common approach performed 
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due to fast convergence properties. Up to date, it seems no Kalman methodology 
approach, for the same problem, is reported. However with its stability, fast 
convergence and robustness properties, such an approach exibits several favou
rable features which make the method very much appealing. The problem, however, 
requires the through understanding both lattice and Kalman filtering me
thodologies in order to combine them in adaptive form efficiently for the solu
tion the adaptivity being of particular concern due to real-time applications 
in mind. As both lattice and Kalman estimators essentially rely on an auto-
regressive model of the signal generation process, it is rather instructive to 
carry out the lattice forming by FIR-Wiener approach in the second place. As it 
is well-known from the linear filtering theory, both Wiener and Kalman filte
ring methologies are optimal in the least mean square sense the essential dif
ference being the way of computation. 

Since the original papers by Wiener [11] and Kalman [12] and Kalman and Bucy 
[13] a considerable amount of literature has become available on the theory and 
applications of Wiener and Kalman filters. Here, in order to describe the work, 
the emphasis is laid on the novel implementation based on the equivalence of 
both Wiener and Kalman filtering approaches as they are both optimal in the 
same sense. Optimality and the above-stated equivalence is central to this stu
dy and the combination both optimal filters in an efficient way forms a robust 
adaptive algorithm which has favourable features of Kalman filtering me
thodology including optimal operation on the state-space basis, stability and 
fast convergence with variable and in the least mean square sense optimal con
vergence gain. 

2. LATTICE STRUCTURE AND OPTIMAL FILTERING 

2.1. Lattice structure and the Lattice Realization of FIR Wiener Filter 

The basic structure of the filter can effectively be formed by means of Le-
vinson recursion algorithm which provides the essential lattice parameters 
known as reflection coefficients and the basic considerations are described 
elsewhere [1*1]. One stage of a lattice structure is shown in Fig. 1 where p is 
the model order; 

Fig, 1: One stage of Lattice structure. 
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where y is the data sequence; a, AR (autoregressive) coefficient. 
In the z-domain counterpart, the above equations take the for* 
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Integrating this expression over the unit circle, we obtain 
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which shows that, the reverse coefficient vectors A (z) are mutually 
orthogonal. Above 6 is the Kronecker's delta. As the result of 
orthogonalization, thi^lower sections of the lattice structure remain the same 
while the model order of the lattice increases. 

The signal estimation problem concerns the estimate a random signal x on the 
basis of available observations of a related signal y . In case, only the fi
nite number of observations are considered for estimation of the form 

n 
x * 
n I h(n,i)Y * I h(n.-«)yn . 
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the processing scheme being known to be finite impulse response (FIR) Wiener 
filter. In the stationary case, the filter weights become 

h(n, i) = h(n-i), and the estimate x is obtained by 
n 

x » I h(n-l)Y. - h(0)Y • h(l)y , • . . . • h(p)y (12) 
n . x n n-1 n-p 

i=n-p 
where p*l optimal filter weights h(») are obtained by the Wiener-Hopf normal 
equations of matrix equation form 

R h « r 
-yy - -xy 

where 

Byy " E[y(n) v(n)1] 

rxy ' E^n ï(n)l 

(13) 

(11) 

(15) 

auto- and - cross correlation functions respectively. 

In matrix equation form. Eq. 3 is given by 

e (n) * A v(n) 

where 

all 1 
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0 .. 0 
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and Eq. 12 is given by 

T 
x « h y(n) 
n - 4 

Substituting Eq. 16 into Eq. 12, we optain 

T -1 -
x * h A e (n) . 

(16) 

(17) 

(18) 

(19) 

Defining the rector K as 

K - A_T h . 
— • — 

We obtain the FIR-Wiener filter of the form 

(20) 

x - KT e"(n) • I K e" (n) 
i-0 X 1 

which may be expressed recursively as 

xp(n) - ̂ ^ ( n ) • K p O
n ) * P"0.1. 

where 

x(n) * I K e"(n) 
p i«0 

(21) 

(22) 

(23) 
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and the inital value being x , (n) = O.The p-th estimate x (n) is the projection 

of x on the subspace spanned by ewhich, in view of the lower triangular 

nature of the matrix A, is the same space as that spanned by the data vector v. 

Therefore, x (n) represents the optimal estimate of x based on a p-th order 

filter. This implies, x , (n) represents the optimal estimate of x based on 

the (p-l)-th order filter; namely, based on the data vector v with the samples 

y . y y ,. These two subspaced differ by y . The corresponding 
Jn n ~ l n-p*l r J Jn-p 
term e (n) i s , by construction, the best prediction error of estimating yn__ 
from the samples y . y , y , . This implies e (n) i s the orthogonal 

n n-1 n-p*l p _ 
complement of y _. projected on that subspace. Therefore, the form K e (n) in 
Eq. l8 provides the improvement in the estimate of x and it is determined by 

n 

the help of the additional post value y _ ; that is, it represents that part of 

x that cannot be estimated in terms of the subspace y ,. — • v _ +i-

The estimate x (n) is the improved estimation compared to the estimation yiel

ding a smaller mean-squared estimation error. 
2.2. PARCOR Prediction Filter. 

Optimal filtering conditions having been estiblished in the proceeding section, 
now we aim to form a linear prediction error filter using the lattice filtering 
parameters. To this end, first, we compute the coefficients K, in terms of the 
signal parameters, i.e.; x , e (n), o. From Eq. 16, we write 

T T -1 

K = h1 A x (24) 

and from Eq. 131 substitution of h into Eq. 23 yields 

KT = E [xn v
T(n)] E [ï(n)y(n)

T]'1A"1 (25) 

in view of Eqs. 14 en 15. Noting that e"(n) • A y(n) in Eq. 16, we subs t i tu te 
y(n) into Eq.25, that i t y ie lds 

KT = E[xne"(n)T] A"T(E[e*(n)e"(n)T]A"T}"1A'1 

- E[xne"(n)T] E [ e ' f n j e ' f n ) 7 ] ' 1 

and f ina l l y 

T T -1 
K1 • h A E[yö ( n ) ] E[xneï(n):i E tVp{ n ) ] 

E- ' E, E 
0 1 p 

(26) 

On the other hand in the preceding section FIR-Wiener f i l t e r i n g i s considered. 
In the relevant deviations x i s replaced by y(n*l) i s taken, a one-step-ahead 
prediction f i l t e r i s formed. The implication of this can be seen as fo l lows: 
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Eq. 16 can be expressed in exp l i c i t form as: 

e 0 ( n ) = yn 

e l ( n ) = allyn * V l 

e2 ( n ) = *2?n * y n - l * yn-2 

e (n) « a y • a . y , • . . . • p* PP n pp- l J n- l 

Substitution Eq. 27 into Eq. 26 yields 

R. 

n-p 
(27) 

T 
Sl " E. 

a i l V R 2 
' g p * l 

8 e ( l )»a n B ,R(2). . .*R{p*l) 
= PP PP'i (28) 

so that the components of K turns out be the PARCOR (ref lect ion) coe f f i c i en t s 
for th i s particular case. In other words, the l a t t i c e real izat ion of the FIR-
Wiener f i l t e r turns out to be a one-step-ahead prediction f i l t e r with a sim
p l i f i ed form as shown in Fig. 2 . The presented form of the prediction error-
f i l t e r i s termed as PARCOR Prediction Fi l ter in th is context. 

«VK») 

<VI(") Fig. 2: Lattice Realization of one 
step ahead prediction 
(PARCOR Prediction Filter). 



2.3- Kalman Filtering Methodology 

Since the original papers by Kalman and Bucy [12,133» excellent textbooks be
come available on the theory and applications of Kalman filters [15*19]- The 
key assumption in discrete-time Kalman filtering is that the original signal 
process, given a covariance description, can be modelled by a first order li
near reactor dynamic system 

x(n-l) = A(n)x(n) • B(n)v(n) (29) 

y(n) = C(n)x(n) • w(n) (30) 

where y is the signal vector, x state vector of the system, v and w the input 
noise vector and observation noise vector respectively being uncorrelated with 
the signal and having the properties 

E[u{n)] = 0. Etuklvfn.) ] = I on (3D 
1 C V n ! n T 

E[w{n)] = 0. E[w(n,)w(nJ
T] = I 6n n (32) 

l c w n.n_ 
where 6 Kronecker delta function, the matrices A, B and C the system, drive 

nln2 
and observation matrices respectively. 
The filtering problem is to determine the estimate x(n), given the observation 
y(0), y(l) y(n). This results in the recursive filter equations 

x(n) - A x(n-l) • K(n)[y(n) - C A x(n-l)] , 

P^n) = P(n-l) • Iv(n-1) , 
m 

K(n) - P^n) CT[C P^n) C T • X w(n)f * . 

P(n) - P^n) - K(n) C P^n) . (33) 

where K(n) is the f i l t e r gain; P{n), error covariance matrix. 

The l a t t i c e - f i l t e r signal modelling can be implemented for one-step ahead pre
diction of the measured signal the estimate of which i s expressed by 

P-1 
y(n*l) - I g .+ 1 e.(n) (3<0 

i»0 

Note that in Eq. 3** the coefficients g. are exactly the same as the reflec
tion coefficients in the lattice structure in this special case. In the sta
te-space formulation of the lattice model, for the systems state 
representation, the reflection coefficients are designed to be the components 
of the state vector x(n) and the computed backward residuals e.(n) using the 
previously measured values y{n-l), y(n-2) y(n-p) are designed as the com
ponents of the observation matrix C(n) at time t. Thus 

x(n) * [gj, g2, .... g ] (35) 
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C = [eQ{n}. e ^ n ) . ... e'^fn)] {36) 

and setting the state transition matrix A to unity, the related state-space 
model aay be written as 

x(n*l) = x(n) • v(n) (37) 

y(n) = Cx(n) • w(n) (38) 

where v(n) and w(n) are assumed to be normal white with the covariance aa tri ces 
I , X . The fora given by Eq. 37 provides that the state vector x(n-l) is not 
tight to the preceding value x(n), but it has «ore freedom to follow possible 
variations of the system. Hence the Kalaan filtering equations yield 

x(n) = x(n-l) • K(n) [y(n) - C x(n-l)] (39) 

P^n) * P(n-l) • Iv(n-1) (40) 

K(n) = P (n) CT [C P. (n) CT • I In)] (41) 
-l ~ -i - w 

P(n) = [I - K(n) C] Pjfn) (42) 

Introduction of v(n) in Eq. 37 provides in a sense an exponential forgetting 
factor to the process. This can be seen as follows. 

From Eq. 40 

P^r.) - P(n-l) • Iv(n-1) P
_1(n-1) P(n-l) (43) 

ax 

-(1*6) P(n-l) (W) 

where 

S - Iv(n-1) P'
1 (n-1). (45) 

s 

Since both R and P are diagonal matrices in this particular implementation, 
I • £ can approximately be replaced by 1 • 6 (6<<i). so that 

1 • ó r ̂  * £ (46) 

and 

) 
'w 

. Z'^di-l) CTC P(n-l) 
P(n) : j- [P(n-l) - W * . " " ' =- ]. (47) 

A • lv
lC P (n-l)CT 

On the other hand, for ti ? same adaptive problem, the recursive least squares 
(RLS) algorithm yields [20-22] 

P (n) - J [PR(n-l) - -S - 3 3 m 
*R • Ï » PR{n-l) v(n) 

where A_<1 i s the exponential forgetting factor close to unity. 

Comparison of Eq.47 with Eq.46 indicates that A defined by Eq. 46 plays the 
role of exponential forgetting factor in the adaptive Kalman Algorithm and hen
ce in a sence so does I . Various interesting properties can be printed out in 
Eq. 47. - v 
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3. FAILURE DETECTION 

Adaptive signal modelling by lattice structure by Kalman filtering methodology 
(KFM) having been established, lattice filters parameters are determined in a 
vector fori» which is called pattern vector in the pattern recognition 
terminology. 
Averaging the pattern vector components in time under normal and well-defined 
conditions, reference pattern is obtained and the comparison between reference 
pattern and the pattern expressed as a function of time is carried out by means 
of time;dependent discriminatory information formed as squared (Mahalanobis) 
distance. Since the lattice parameters are determined stage-by-stage or-
thogonalization of the input signal, then the lattice structure is extended, 
the lower sections remain the same with the result that the parameters are in
dependent of the model order the case being a desirable feature for pattern 
comparison. 

By means of KFM the lattice parameters are determined adaptively by optimal 
parameter estimation together with fast convergence and stability properties. 
In particular, the state covariance is alsc the covariance of the error com
mitted by that estimate of the state value. 

The squared (Mahalanobis) distance D is defined by 

D » (g-iT) P"1(g-g) (19) 

where g is the mean vector; P. covariance matrix. As is known from statistics. 
if g., g,, .... g have multivariate normal distribution with the probability 
density function p 

f (6) - n/l .. exp [-D/2] (50) 

2 
when the random variable D has a x (p) distribution, p being the model order of 
the lattir? structure involved. In particular, in the present implementation we 
may assume that the components of g obey independent Gaussian statistics the 
normality being subject to mild stationary and regularity conditions and the 
asymptotic accuracy [20, 23]. Thus if we denote the mean and variance of com
ponent g; by g; and o., then the pdf of the state vector g is 

f(g) -75 exp (d(g)/2)} . (5D 
(2fl)p^±oi 

The Mahalanobis distance d(g) is defined as 

P (g.-L) 
d(f) - Ï * (52) 

i«l o* 
2 

so that the distribution of d i s an p-variate x . 

Now, the failure detection problem can be stated as follows. The normal state 
of the system i s determined by a given stationary pdf of the state vector. A 
change in the system dynamics is reflected as a change in the pdf of the sfate 
vector so that decision about a change (indicating a possible failure) in the 
system dynamics becomes a test of hypothesis, i . e . , the hypothesis assuming the 
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Now, the failure detection problem can be stated as follows. The normal state 
of the system is determined by a given stationary pdf of the state vector. A 
change in the system dynamics is reflected as a change in the pdf of the stat3 
vector so that decision about a change (indicating a possible failure) in the 
system dynamics becomes a test of hypothesis, i.e., the hypothesis assuming the 
system is in the normal state is tested against the hypothesis that it is not 
in the normal state. Under the assumption of asymptotically normally dis
tributed random vector g, the critical size a having been given as the probabi
lity of false alarm probability, the desicion making process for failure is 
carried out by the comparison " '*"" ..-..-•.—*->- -̂--- .--̂ t. ̂ i._ ~ 

corresponding to a. 
of the Mahalanobis distance with the x value 

k. APPLICATION TO NUCLEAR POWER PLANT 

The failure detection by adaptive lattice modelling using Kalman filtering me
thodology introduced in this work is implemented using the Borssele NPP signals 
in real-time environment [23]. The on-line signal analysis system present at 
ECN is capable to process 32 signals from the NPP. For the real-time surveil
lance of the power plant Borssele (PWR) a large set of dynamic reactor signals 
has been linked since early 1982 through a special telephone line of about 200 
km to a minicomputer at ECN tc monitor signals. The signal monitoring system is 
schematically shown in Fig. 3. where the NPP is built by KWU and is operating 
since 197^ under the management of NV EPZ (Electricity Production Company, the 
Netherlands). The plant's electricity power is ^50 MW . 
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Fig. 3: The principles of ECN on-line signal analysis system used for Borssele 
NPP signals. 
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filter and final amplifier in sequence, all being remote controllable from £CN. 
The signal conditioning unit (SC) can digitize the analog signal with 14 bits 
accuracy- The SC comprise a microprocessor unit and the system is operated un
der the control of a down loading program run by the main computer of the dyna
mic signal analysis (DSA) system at ECN. The processing of signals is carried 
out blockwice in the main computer, the blocksize (BL) being dependent on the 
sampling rate and the number of channels selected (960 1BL< 1920) samples. 
The blockwice available reactor data (2.0 - 4.0 seconds) stored in the com
mon-block (CB) of the main computer together with the real time calculated time 
and frequency functions (FAST output) are made available to users commonly for 
the interpretations of various surveillance techniques [29]. In the context, 
the present application is performed in a VAX-Work-Station-3100, which is con
nected to the main frame computer system (VAX-11/750) through a local network 
ETHERNET. In the present applications algorithm each channel is individually 
selectable for real-time analysis. 

In order to demonstrate the role of reliability in decision making process, we 
have chosen steam generator signals of both loop, viz., steam flow rate (RA01. 
FOOI. RA02.F001) and feedwater flow rate (RL40.F001, RL50.F001) signals. The
se signals contains an energy band up to 2 Hz and analysis were carried out up 
to 4 Hz. The power spectrum of the signals given in Fig. 4. The spectrum of one 
signals indicates flow resonances at O.98 Hz and 1.04 Hz for steam flows (Ll 
and L2 respectively) and 2.04 Hz and 1.84 Hz for feedwater flows (Ll and L2). 
In the preceeding analysis; we have used the steam flow signal of the steam 
generator loop 1, i.e.. RA01.F001. 
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Fig. 4: 
Power Spectral Dansity 
(APSD) of FeedWater Flow 
and Steam Flow Signals 
of Loop 1 (SGI) and Loop 
2 (SG2). 

2.5 
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The method of analysis described in the proceeding section is coded in the 
VAX-3100 workstation in FORTRAN and the block scheme of the algorithm is given 
in Fig. 5- In the program real-time reactor data are introduced to the program 
as input from the common block of the main computer and the program first de
termined the lattice parameters vector (g) dimension of lattice model order p, 

by the help of adaptive Kalman methodology, within a certain lerning period the 
duration of which is prescribed in advance as this is indicated by the learning 
block in Fig. 5-

Real time dato. 
y(t) 

Fig. 5: Schematic representation of the failure detection based on adaptive 
lattice modelling by Kalman filtering methodology. 

The lattice parameters calculated in real-time are used to form the Mahalanobis 
distance for discrimination, which is termed as feature selection in the pat: 
tern recognition terminology. As the Mahalanobis distance is assumed to be a x. 
random variable, classification is performed using a threshold value in the X 
probability distribution. The variation of the signal (RA01.F001) used for test 
in this study is presented in Fig. 6, where the signal is in AC form, having no 
DC component in. The AC signal is amplified by again of 200 and filtered with 
the cut-off frequency of 4Hz. The signal presented is in rormalized form, the 

14-1 
normalization factor being 2 During the observation the measured signal 
presented corresponding by all means to a normal operation. The following para
meters were kept constant for the operation of the failure detection system 
(FDS) based qn the de. ision reliability; namely the normalized (reduced) thres
hold value X "l* which corresponds to type I error <0.0005; lattice model order 
p»5; the variance of the systems input noise rv, i.e., the element of I which 

being associated with the Kalman gain, plays the role of a gain f actor irtncon-
vergence involved in the adaptation, was taken to be both rv*10 and 10 , in 
this particular implementation. It is noteworthy to mention that the smaller 
the rv is, the slower the adaptation, i.e., FDS is less alert to follow the 
system,dynamics. For the experimental conditions, indicated in Fig. 6, i.e., 
rv*10 , no failure indication is observed, as one should expect, since the 
data being processed originate from an exemplary failure-free signal of a nor
mally operating reactor. In other operational condition, viz., the power re
duction from lOOK to 90X with introducing known changes in the steam generator 
regulation, the failure detection system indicated failures shown in Fig. 7-
The same behaviour is observed in the analysis of feedwater flow signals. It is 
interesting to note that the FDS is quite able to follow even minute opera
tional manupu,1 ations swiftly but the decision making process [25] is ingenious 
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Fig. 6: the measured signal (8/9 Oct. Fig. 7. The Measured signal during the 
1990). discriminant during the secondary system power reduction 
steady operation and anomaly (30 Aug. 1990), discriminant and 
indication. anomaly indication. 

5. DISCUSSION AND CONCLUSIONS 

The effectiveness of the failure detection method introduced in this work is 
tested in both real-time and off-line [14] evironments. In addition to its sen
sitivity for failure detection, due to its recursive feature the method proved 
to be effective and convenient for real-time applications as well as off time 
applications. In particular, due to the orthogonality of the backward residuals 
the correlations in the error covariance matrix are minimal and hence the 
real time computation of the discriminatory information becomes relatively 
easier. On the other hand, adaptive implementation of Kalman filtering me
thodology provides certain favourable features over the adaptive methods in use 
such as recursive least squares (RLS) algorithm, for instance. Among these fea
tures mentioned may be made of fast convergence and stability. Concerning sta
bility in hi.S algorithm the forgetting factor A is less then unity, unexplained 
'explosions' in the algorithm have been noticed to occur under some circumstan
ces [26-28] as this is case with the present research involving real NPP 
signals. 

The Mahalanobis distance in essence is sensitive to the changes in the system 
dynamics through the change in the pdf of the multivariate normal distribution. 
This implies that the failure sensiti' ity analysis of the FDS presented can 
be carried out on the statistical base. Although different failure incidents 
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2 
results in the same effect on the X " distribution, by means of additional dis
criminatory information [24], diagnostic analysis can be performed. 
One other point noteworthy to mention is the following. Error in parameter 
estimation is determined in real-time as a function of time by means of the 
error covariance matrix during the optimal filtering process. Since the reflec
tion coefficients are expected to be smaller than unity, the non-stationary 
behaviour of time series data can be identified in case a reflection coeffi
cient is found to be negative. 
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