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Abstract

Several representative new technologies being introduced for monitoring and diagnosis in nuclear power plants (NPP) are
presented in this paper. In Sec. 2, the Kalman filtering is briefly described and its relevance to conventional time series
analysis methods are emphasised. In this respect, its NPP monitoring and fault diagnosis implementations are given and
the important features are pointed out. In Sec. 3, the NN technology is briefly described and the scope is focused on the
NPP monitoring and fault diagnosis implementations. In Sec. 4, the wavelet technology is briefly described and the
utilization of this technology in Nuclear Technology is exemplified. In this respect, also the prospective role of this
technology for real-time monitoring and fault diagnosis is revealed.

1 Introduction

Several representative new technologies being introduced for monitoring and diagnosis in nuclear power plants
(NPP) are presented in this paper. The new technologies can process information from sensors in the form of
fluctuating component, inherently observed in the process signals as well as the gross behaviour of the signals
themselves. Due to the developments in the computer technology, new technologies commonly make use of
computers for information processing in real-time. Hence, the classical off-line time-series analysis methods
are desirably implemented in the form of recursive estimation. An important approach for a unified real-time
time-domain sensory information processing for the purpose of monitoring or failure detection and isolation
(FDI) is Kalman filtering methodology. By means of this, reliable state estimation and fast response for
appropriate preventive and protective actions are realised. Therefore the scope is focused on Kalman filtering
based applications concerning FDI. Among the conventional time-domain parametric signal modelling
methods are the autoregressive univariate (UAR) and multivariate (MAR) models, single-input-single-output
SISO models and multiple-path models (MIMO/MISO). The main improvement by Kalman methodology is
due to modelling of measurement errors together with the process noise sources in the form of a stochastic
modelling of a dynamic system.

The classical frequency-domain non-parametric monitoring and diagnosis methods are based on fast Fourier
transform (FFT) methods which use blockwise global frequency information. A unified approach for
conventional time and frequency domain approaches has newly appeared to be multiresolution decomposition
and the associated technology is coined as wavelet technology. The other new technology started to be used in
NPPs is - artificial intelligence type known as neural networks (NN) which is a generic name for a number of
functional structures with a capability of knowledge acquisition. Due to this, it can respond to the environment
within the limitations of the knowledge accumulated, independently so that it has very appealing properties
with respect to monitoring and diagnostic utilizations in NPPs apart from various other utilizations.

The content of the present paper is as follows. In Sec. 2, the Kalman filtering is briefly described and its
relevance to conventional time series analysis methods are emphasised. In this respect, its NPP monitoring and
fault diagnosis implementations are given and the important features are pointed out. In Sec. 3. the NN
technology is briefly described and the scope is focused on the NPP monitoring and fault diagnosis
implementations. The potentialities of this technology are pointed out. In See. 4, the wavelet technology is
briefly described and the utilization of this technology in Nuclear Technology is exemplified. In this respect,
also the prospective role of this technology for real-time monitoring and fault diagnosis is revealed. Finally,
the assessment of the new technologies from reliable and cost effective plant operation viewpoint is discussed.

This work is partly funded by he EU for the CEC - Accident Management Support project.
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2 Real-time Recursive Estimation in Plant Monitoring: Kalman Filtering

By means of Kalman filtering, optimal state estimation for a linear dynamic system is performed. Derivation of Kalman
equations are widely available in the literature [1-4]. A brief description of Kalman equations by means of which neural
network parameters are computed adaptively, are presented below.

Consider a linear discrete system and assume that modelling technique has produced an adequate description in the form of a
linear stochastic system to describe the propagation in time of a state vector X£k)

£(*) = ±(k, k - 1 )£(* - 1) + g(k) U_(k) + g(k)W&) (1)

K*) = £(*)£(*)+ £(*) (2)

Here, £{k) is a n-vector state process; 4>{k, it — 1) the non-singular n x n system dynamics matrix; £(*) the n x r input
matrix; C/(Jt) the r-vector deterministic Input; g(Jfc) the n x p noise input matrix; VV(*) the p-vector white Gaussian noise
process; £(*) the m-vector measurement process; and C(Jfc) the n x m measurement matrix; V_(k) the m-vector white Gaussian
measurement noise process. The statistics of the noiseprocess Wjik) and V.(Jt) are assumed to be

E[W(k)] = 0 (3)

i)W(*2)r]=JV: (4)

E[V(k)] = 0 (5)

r (6)

where S is the Kronecker delta, Q(k) and &(k) are p x p symmetric positive-semidcfinite and positive-definite matrices,
respectively. The system noise W[k) includes the effect of variability in the natural system as well as model structure errors.
The measurement noise V_(k) represents the uncertainty associated with the measurement process. The initial condition 2C(0)
is assumed to be Gaussian with statistics:

(7)

£ { [ 2 C ( 0 ) - £ ( 0 ) ] £ [ £ ( 0 ) - i ( 0 ) ] r } = £(0) (8)

where £.(0) is the n x n symmetric positive-definite matrix.

The estimate of the system state X(&) can be obtained by the help of the information provided by the system model and the
measurements Y_(k) obtained from the actual system. For the solution of this filtering problem the Bayesian approach is used
and the conditional probability density of the state X.(k), conditioned on the entire history of the measurements, is identified.
Once this density is explicitly described, an optimal estimate of the state X_(k) can be defined. Under the assumption of the
model given above, the conditional density is Gaussian and it is completely characterized by itsjnean and covariance matrix.
Hence, the estimate of X(*) based on the conditional density will results in the same estimated J£(k) and the same covariance
matrix of the estimation error P_(k). The optimal state estimate is propagated from measurement time A: — I to measurement
time k by the equations

X.(k\k - 1) = ±(k. k - 1 )£(* - 11* - 1) + mk)U_(k) (9)

g(k)g(k)g(k)T (10)

At measurement time k, the measurement £(*) becomes available. The estimate is updated by the equations:
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(11)

£(*!*) • LW - 1) - £(k)C(k)PiW - 1)

where

K(k) = £(*l* - D£(*)T • [£(k)£(k\k - l)C(*)r + £ - i

(12)

(13)

is the filter gain. In Eq. 11 [£(*) - £(*)#(*!* - 1)] is called the innovation. Extended versions of the Kalman algorithm
can be applied to non-linear dynamiciystems by linearizing the system around the current estimate of the parameters and this
is described elsewhere [5].

Kalman filter can be viewed as an information filter in the form of inverse covariance matrix [6] and it is directly related to the
Bayesian probabilistic information. The recursive estimation scheme provides step by step updated probabilistic information
accumulation. The covariance matrix provides the updated information on errors of the state estimates. This information
can be used in variety of ways for NPP monitoring and failure detection. In this respect, computation of the Mahallanobis
distance is one of the essential methods [7]. Powerful class of detection schemes for system and instrument failures perform
statistical tests on the innovations sequence of a Kalman filter [8-12] where the filter innovations are the difference between
the actual plant measurements and the measurement estimates. Fig. 1 describes the incore sensor surveillance application
[8] by Kalman filter system modeling where artificial sensor anomaly is virtually cannot be perceived at the estimated data
which is approximately equal to the variation of the measurent data since the sensor noise is rather low. However, innovation
sequence clearly expose the anomaly.
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Fig. 1: In- Core sensor measured signal used for failure detection. Kalman filter input is provided with
the measured signal which is formed by averaging signals from the redundant sensors (8).

3 NN Technology in NPP Monitoring and Diagnosis

Neural network (NN) is a data processing system consisting of a number of simple, highly interconnected processing elements
in an input/output architecture. A neural network is generally structured with a set of N elementary processing units arranged
in several layers. At the first neuronal layer which is called first bidden layer, each neuron receives at its inputs the outputs
coming from external information sources and at the subsequent layers which are called subsequent hidden layers, each neuron
receives at its inputs the outputs of the preceding layer. In particular, the last neuronal layer is called output layer. The very
first layer where no neuron exists is the input layer which contains the inputs or the external information. The hidden layers
receives the information provided by the immediate lower level neurons and send the processed information directly to the
upper layer. The output layer delivers the final processed information for use in the intended application.



There are several different kinds of learning commonly used with neural networks. Perhaps the most common is supervised
learning in which a stimulus is presented at the input layer of the network and the output from the output layer is sent to a
system that compares it with a desired output and then uses a corrective or learning algorithm to convert the error formed
by the difference into an adjustment of the weighting coefficients that control the inputs to the various processing elements.
In a typical situation, the initial weighting functions are set randomly and then subjected to incremental changes determined
by the learning algorithm. When an input is again applied to the input layer, it produces an output which is again compared
with the desired output to produce a second error signal. This iterative process continues until the output of the of the neural
network is virtually equal to the desired output. At that point the network is said to be 'trained*. Further, through the various
learning algorithms, the network gradually configures itself to achieve the desired input/output relationship called 'mapping*.

The counterpart of the supervised learning is the unsupervised learning algorithm where only the input stimuli are applied to
the input layer of the network. The network then organizes itself internally so that each hidden processing element responds
strongly to a different set of input stimuli, These sets of input stimuli represent clusters in the input space.

The neural network may be designed so as to classify an input pattern as one of several predefined type of fault states of a
power plant for easy recognition of such a state in critical situations. These applications have demonstrated high performance.
A relevant application for accident management is described before [12]. Another desirable feature of neural networks is
their ability to respond in real-time to the changing system state descriptions provided by continuous sensor input. For a
NPP where many sensors are used the real-time response is a challenge to both human operators and expert systems. Neural
networks have the ability to recognize patterns, even the information making up these patterns is noisy or incomplete. This
makes adaptive neural networks ideally suited for fault diagnosis, control and risk evaluation in NPP environments.

The integration of neural networks with an expert system provides neural network utilization with a substantial potentiality for
fault diagnosis. In this case the monitoring system has the functionality of being an operating support system as the decisions
made are based on the NPP knowledge base, which is at the disposal of expert system. A real-time application of such system
is at the operating Borssele nuclear power plant [13, see Fig. 2] and described before [14]. The application is schematically
illustrated in Fig. 3. and Fig. 4. There are a number of favourable reported neural network applications in nuclear industry
and they are described in literature [15-25].

Fig. 2: The Borssele power plants: conventional (left), nuclear (right).
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Fig. 3: Diagram of Hybrid Al System [14]

BORSSELE NUCLEAR POWER PLANT
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Fig. 4: Monitoring display by real-rime neural network; Measured and NN estimated (light) values.
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4 Wavelet Technology

Traditionally, the reactor noise is represented by means of its spectrum or Fourier transform in frequency domain and by means
of time series modeling in time-domain. However both methods have their limitations as well as their merits. Especially
global information on the frequency domain do not reveal any time relevance to a frequency domain phenomenon. On the
other hand, time series analysis does not yield any frequency domain relevance before a frequency domain transformation,
i.e. z ** exp(jio), is performed, z bezing the ̂ -transform variable and a> represents frequency. With respect these limitations,
in sensory information processing in NPP these limitations are of particular nondesirable issues. Referring to this, a relatively
recent development appeared in applied mathematics as a new methodology the industrial applications of which lead to a new
technology coined as wavelet technology. It deals with the operation, known as wavelet transform which is a tool that cuts
up data or functions into different frequency components, and then studies each component with a resolution matched to its
scale. In the signal analysis framework, the wavelet transform of signal evolving in time depends on two variables: scale
which is related to frequency and translation which is related to time. Hence, wavelets provide a tool for time-frequency
localization. In contrast with convential approach alternatively, choosing a time-frequency approach for studying of non-
stationary signals the emphasis being mainly on time variations concerning spectral characteristics, in the wavelet approach
rather non-stationary signal is considered as a superposition of a number of elementary components which are more or less
localized. In this class of approach, the choice of frequency as auxiliary variable is not required and is replaced by that of
'scale*. Such a process is referred to as multiresolution signal decomposition. Wavelet transform finds applications in many
diverse areas. Potential utilization in nuclear power plant monitoring and sensory information processing have been recently
proposed [26-27]. A short introduction of wavelet transforms is given below to convey the ideas about its functionality and
outstanding potentialities in nuclear industry.

Given a time-varying signal f(t), wavelet transform provides coefficients, called 'wavelet coefficients', which are resulted
from the inner products of the signal and a family of 'wavelets'. Referring to the continuous wavelet transform, the wavelet
corresponding to a scale 'a' and time location 'b' is

(14)

where *JV*(f) is the wavelet which is an element of the space L 2 . Functions, / , in this space must satisfy

\f(x)\2dx<oo (15)

The wavelet is subject to the following additional constraints

1.
IV{x)dx=sQ (16)

2. Both ^ and its Fourier transforms 4* must be window functions, that is, they must have a well defined center and radius
so that they are localized in both the time and frequency domains within the limits imposed by the Uncertainty Principle
[3]. Hence wavelet can be thought of as a bandpass function so that it must decay rapidly and also exhibit some degree
of oscillation. Having pointed out these concepts, we can define the Integral Wavelet Transform (IWT)

* . - > \a\'l/2J fit) <!>..» ( ~ ~ ) dt (17)

where a, b € R and / € L 2 and the overbar denotes complex conjugation. Since * is by definition localisable in both
time and frequency scale, the IWT is also localised and gives us information in both domains within the bounds of the
Uncertainty Principle.

There are several ways of discretizing time-scale parameters (b, a) so that each one yields a different type of wavelet
transform. Considering the continuous wavelet transforms, wavelet series coefficients are sample IWT coefficients. To ensure
computational efficiency time remain continuous but time (localisation)-(frequency) scale parameter (b, a) are sampled on a
'dyadic' grid in the time-scale plane of the form

.23*—



so that the wavelets take the form

which results in

* / . * ( / ) **2J/2*(2Jt- k) , J,k,eZ

.*j.k >m d[

(18)

(19)

(20)

Above <, > indicates the inner product defined by < f,g >«• / f(x)g(x)dx and the coefficients d{ are called wavelet
coefficients. For orthogonal wavelets for which

every / € L 3 has a unique series expansion:

for all j,k,l,p,Z (21)

(22)

This is the inverse transform formula by means of which we may recover our original function from sampling. In other words,
the formula relates the transform coefficients to the original function that it is called perfect reconstruction. The discrete
wavelet transform (DWT) is a wavelet transform for discrete-time signal where both time and scale parameters are discrete.
As far as the structure of computations is concerned, the DWT is seemingly the same as an octave-band filter bank.

A multiresolution signal decomposition [24] by wavelet transform is shown in Figs. 5 and 6. Fig. 5 indicates steamflow
variations representing the transient for two steam generator steamflows in a power plant. Fig. 6 shows the signal decomposition
by wavelet transform for steamflow 2 at nominal power (location I in Fig. 5).

Steam Flow (SQ1 (•) and SQ2 (..))
1400

2000 4000 0000 8000
Tlnw (x4«)

10000 12000 14000

Fig. 5: Steamflow variations representing the transient for two steam generator steamflows;
locations are indicated as I, II, and III for wavelet analysis.

5 Discussion and conclusion

The importance of the Kalman filtering in a dynamic system modeling like NPP, can be seen as follows. A dynamic system
whose state variables are the estimates of the state variables of another system is called an observer of the latter system. This is

. , . 2 3 / -



Signal and Decomposed Signals Fig. 6: Power spectral density (PSD) corresponding to
the signal decomposition by wavelet transform
forsteamflow 1 at nominal power for region I.

Signal: AC signal; 8 sA

toe ••• tt

A: decomposed signal for
B: decomposed signal for
C: decomposed signal for
D: decomposed signal for
E: decomposed signal for
F: decomposed signal for
G: decomposed signal for
H: decomposed signal for
I : decomposed signal for

4.
2.
1.
OJ
0.25
0.125
0.0625
0.03125
0.015625

to
to
to
to
to
to
to
to
to

8.
4.
2.
1.0
0J
0.25
0.125
0.0625
0.03125

Hz
Hz
Hz
Hz
Hz
Hz
Hz
Hz
Hz

introduced into linear system theory by D. Luenberger [28,29]. However, Kalman filter has the structure of a linear observer,
so in a sense a linear observer may be regarded as a suboptimum Kalman filter. Alternatively, a Kalman filter may be regarded
as an optimum observer. The optimality of recursive Kalman filter estimates with the equivalent recursive information update
form provides a modern approach to time series analysis for real-time information processing.

Among the artificial intelligence techniques, neural networks have been proposed to provide support for NPP operators. The
applications are spread over a wide range of support areas including plant parameter estimation [30,31], NPP transient event
classification [20], dynamic system identification [32], thermal performance evaluation of power plants [25, 33] which are
among many other applications. The reported high performances of these applications are very encouraging. Although in
these applications, the reliability of neural network estimations are not yet explicitly addressed, at the present stage, neural
networks can pragmatically be considered as rather robust and reliable auxiliary supporting tool for NPP operations. However,
the appropriate performance measures for robustness and reliability should be defined and related issues should be thoroughly
addressed before they replace the conventional methods.

Wavelet technology has already found firm implementations in other (non-nuclear) areas. Among these the area of commu-
nication can be articulated. However, the multiresolution signal decomposition in real-time implies that the signal is splitted
up into several orthogonal components so that each component signal can be treated effectively for enhanced information
processing in NNP operation. The enhancement is achieved by means of the decomposition process called mathematical
zooming. Therefore, wavelet technology surely will gain gravity in nuclear industry too while the wavelet-based signal anal-
ysis tools are commercially made available and/or the relatively difficult mathematical foundations of wavelet is satisfactorily
understood by the application engineer.
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