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1 Introduction

The data obtained from sensors in a nuclear power plant (NPP) provide the essential information source for control and
protective systems and operating personnel. The information processing is getting more and more sophisticated due to
increasing automation and implementation of modern technologies together with appropriate integration. By means of this,
variety of tasks are performed in accordance with their design requirements. The availability of large volume of sensors
is beneficial not only for providing a greater volume of information but also providing information in depth. However the
increase of number of sensors brings the problem of sensor management for effective information acquisition as well as
sensor/data fusion for effective information extraction. The role of computerized operator support systems in nuclear industry
is getting increasing gravity. In parallel with this gravity the high reliability of vast information being used in such support
systems must be maintained. An essential tool for this goal is data/sensor fusion and sensor management. Such an approach
is closely related to verification & validation process which is also a must as a panultimate approval before such systems being
put into operation as sharing the task of the nuclear power plant operator under his/her supervision.

The paper describes the implementation of the data-sensor fusion and sensor management technology for accident management
through simulated severe accident (S A) scenarios subjected to study. By means of accident management the appropriate prompt
actions to be taken to avoid nuclear accidents is meant, while such accidents are deemed to somehow be imminent during
plant operation. The organisation of the present paper is as follows. As the data-sensor fusion and sensor management is
an emerging technology which is not widely known, in Sec. 2, the definition and goals of data-sensor fusion and sensor
management technology is described. In Sec. 3 first, with reference to Kalman filtering as an information filter, statistical
data-sensor fusion technology is described. This is followed by deterministic data-sensor fusion technology using gross plant
state variables and neural networks (NN) and the implementation for severe accident management in NPPs. In Sec. 4, the
sensor management technology is described. Finally, the performance of the data-sensor fusion technology for NPP safety is
discussed.

2 Data-sensor Fusion and Sensor Management Technology

The data measured by the NPP sensors provide essential input for the control and protective systems and for the operating
personnel. By means of the modern advanced techniques in hardware and software the reliability of data acquisition and
processing is enhanced. These advanced techniques are applied during normal operation and they can avoid serious sensor
malfunctions of the data collection and processing systems and thereby reducing the incident frequency or mitigating the
consequences of incidents. By increasing the confidence in validity of the measured signals, a higher reliability can be
obtained so that the plant operating conditions comply with the safety standards. Also by the replacement of the incipiemly
failed sensors the unplanned trips could be avoided. Sensors can provide many kinds of information about the plant operation
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which can be used by autonomous mechanisms in variety of means in the performance of a variety of tasks.

The availability of multiple sensors is beneficial not only in providing a greater volume of information but also increasing
in breadth. The broad base of information provided by different sensing modalities and indirectly, from the synergistic
combination of two or more pieces of data. Increasing the breadth of information, however, is not the only benefit of
multiple sensing; a redundancy of information is also important. Redundant information ensues not only from multiplicity of
identical sensors but also from multiple sensors which differ in their method of operation which ultimately provide the same
information.

The availability of redundant information sources is beneficial in providing for choices among various sensing strategies
when information must be actively sought, as in the case accident conditions. In addition, if a sensor becomes defective,
failing completely, then management can continue if other means of acquiring information is available. Because sensor
measurements are seldom perfect, another advantage to the use of redundant information provided by multiple sensors is
that it allows measurement errors to be offset by comparing and combining measurements. If sensory information proves
inconsistence due to noise component in the measurement, then some form of averaging can be used to provide better
estimates. When a piece of data differs significantly from what was expected by other measurements, then sensor failure may
be indicated and that datum can be rejected.

The availability of multiple sensors can thus extend the capabilities of autonomous mechanisms in addition to allowing for
more reliable and cost effective plant operation and management. However, along with these benefits comes a great need
to coordinate the sensors and to organize the flow of information. This systematic coordination is called data/sensor fusion.
In the case the data are obtained from measurements which is the case under consideration in this paper, the sensors are
naturally associated with the measurement so that data-sensor fusion is considered together although the general treatment
requires the data fusion and sensor fusion separately. In relation to data and sensor fusion technologies, the following explicit
definitions can be stated. Data fusion is the process by which data from a multitude of sensors provide an optimal estimate of a
specified status in a nuclear power plant. This is achieved by synergistic combination of information from the information and
knowledge sources. Sensor fusion is the process of combining multiple measurements from sensors into a single measurement
for a reliable estimate. Sensor management is the selection of sensing strategics among other alternative strategies for effective
information acquisition.

3 Data-sensor Fusion

3.1 Statistical Data-sensor Fusion: Kalman Information Filter

To achieve goals of data-sensor fusion described in the preceding section, initial processing of sensory information and
accurate state estimation is imperative before further information processing takes place. The pre-information processing
requires probabilistic descriptions due to the randomness of the measurement errors as well as the noise sources driving the
process where the process is represented by a stochastic model. To begin with, let

* = [*i.*2 xn] (1)

be the state vector of the dynamic system. We assume that the observation vector is related to the state vector in the form of

Jt = /(z + v) (2)

where z denotes the measurement vector and v denotes the independent Gaussian random measurement errors which are
additive. By means of series expansion the above model is approximated as

Jv (3)

where J is the Jacobian matrix of the function / with respect to z. Hence the uncertainty involved becomes

JE[vvT)JT (4)
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where E[wT] is the covariance matrix of the noise v. The singular value decomposition of the J E[vvT) JT matrix is given
bv

J E[vvT]JT = [RDRT] (5)

where R is an orthonormal modal matrix the columns of which are the eigen vectors of the covariance matrix of x\ D is ihe
diagonal matrix containing the eigenvalues. They represent the scalar variance in each direction corresponding to each of the
components of x , the direction being determined by the unity eigen vectors in R. When all the directions are considered
for a given state x, the geometrical boundary is an ellipsoid with principal axes determined by the eigen vectors. This is
schematically represented in Fig. 1.

variance 2

variance 1

Fig. 1: Uncertainty ellipsoid for a 2-dimensional space. e\, ei are unit eigenvectors; X \, A 2 are eigenvalues

The aim of sensor-data fusion is to reduce the volume of the ellipsoid of uncertainty in the multidimensional space. To this
end, several measurements are taken over time. We consider the measurements are in discrete time denoted by k. The set of
observations up to time it is

(6)

(7)

(8)

(9)

z(k))

Hence the conditional probability density function of A: is given by Bayes's theorem

p(x\Zk) - p(Zk\x) p(x) / p(Zk)

which can be recursively calculated after each observation z(k), of the form

p(X\Zk) =
p(z(k)\Zk-\)

From above, the information update for a single sensor system, in terms of log-likelihood, is given by

ln[p(x(k)\Zk)] = ln[p(x(k)\Zk.i)] + ln[c p(z(k)\x(k))]

This is depicted in Fig. 2 where the sensor provides observations z(k), c ~ 1 /p(z(/c)|Z*_i). An observation model converts the
observation as likelihood information which is added to the prior information accumulated through all preceding observations.
Multi-sensor systems can be formed by combining above described single sensor systems.

The recursive state estimation by uncertain observations is given by Kalman filtering. The Kalman filter provides optimal
estimations in the statistical sense. The Kalman filter equations are derived using a variety way of approaches [1,2]. An
alternative formulation of Kalman filtering is in the form of information filter [3]. The information is related to the inverse of
the covariance matrix and it is directly related to the Bayesian probabilistic information given above.

A linear stochastic system can be expressed in the form of a set of first order linear equations of the form

jr(Jfc) = A(k)x(k - \) + w(k) ( 1 0 )

ATf-
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Fig. 2: Single sensor information update

and the measurement equation

( 1 1 )

where A(k) is the state transition matrix; z(k), measurement vector; H(k), observation matrix; w(k) and v(k) are process and
measurement noise sources respectively which are Gaussian white and uncorrelated:

E{w(k)} « 0 (12)

VkJ

and

£{v(*)}«0

(13)

(14)

VkJ

The estimated state vector at the discrete-time k is given by

with covariance

P(k\k) « E{(x(k) -x(k\k){x(k))-x(k\k)f\Zk)

Corresponding to this estimate, the newly defined vector y(j) and its estimates y(j)

(15)

(16)

(17)

•P~lU)x(j) (18)

iscalled information state vector and the inverse covariance P~l(k\k) is called information matrix. The recursive computations
become

P'l(k\k) = P'l(k\k - 1) + H(k)TR~l(k) H(k)
\) = F(k)P(k-\\k-\)F(k)T+ Q(k) (19)

y(k\k) = y(k\k- 1)4- H(kf R~l(k)z(k)
I) = P-l(k\k-\)F(k)P(k-\\k-l)y(k- \\k - \) (20)
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In the above formulation, the vector H(k)T R~l(k) z(k) is a sufficient statistic of *(*) [4]. The sufficient statistic comprises
all the information contained in the observation. Therefore the vector H (k)T R~x (k) z(k) is a model of the likelihood
p(z(k)\x(k)). Using these recursive equations, the estimated state may be obtained from

x(k\k)**P(k\k)y(k\k) (21)

Although the information filter equations given here are for a single sensor arjd the relevant recursive estimations correspond
to data fusion through the accumulated measurements, the same form can be extended for multiple sensors and in this case
the observations z(Jfc), observation matrix H(k) and the measurement noise covariance R(k) become

Z(k) lz\(k),zi(k)

R(k) [/?,(*),/?:(*) *„(*)] (22)

Due to sensor/data fusion feature, an increasing number of KaJman filtering applications in NPP operation are performed and
they are reported in the literature [5,6].

3.2 Deterministic Data Fusion Technology: Neural Networks

3.2.1 Neural Network

In the last decade, research on artificial neural networks has progressively became a popular research field. The more recent
growth of interest in artificial neural networks seems to be caused by their promise to yield solutions that traditional approaches
do hot yield. A typical feedforward neural network structure is shown in Fig. 3 and a brief description is as follows [7].

Fig. 3: A feedforward neural network structure with I input signals, m hidden andp output neurons, to is the weighting factor.

In Fig. 3 each circular node is called neuron or perceptron. The network has 1-input signals, m-input neurons, p-output
neurons and it may have a number of hidden neurons. Such a network can be considered as a function from R; to Rp where
R is a set of real numbers. The simplest network structure has only input and output neurons where input neurons correspond
to the signal sources. We can consider such a network for simplicity without affecting the general case. Speaking in terms of
input and output signals, in a feedforward network the signals propagate only in one direction. Input to the network provide
the arguments of the network functionF so that the 1-input signals generate the vector x = (xt, x2 xi). The output neuron
p generates the value y. Together, the p-output neurons generate the p-vector v = (y\, yi yp). Hence, the neural network
performs the task of calculating the value of the output vector y from the input vector jr. We can represent this by

\F:S—+ R ' | S € R ' | (2?)
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The input signals and the input neurons are associated with weights w and so are the output neurons with the input neurons.
Concerning one of the input neurons, the transfer function between its input and output can be represented by

f(xi,x2 x/)»<r [2 -u>/* + ®l (24)
/

where ©, is called threshold and the function /, a are often called the activation function. tu.x is the standard inner product
on R*. In the same way, the output of the network can be represented by

(25)

where £ is the output vector and H_ is the vector representing p activation functions, wji is the inner product on R'.

During the training of a feedforward neural network we assume a network architecture with m-inputs and p-outputs is given.
In addition, we assume a fixed function G : R1 «-• R* is given. Then the learning process is an adaptive process which keeps
adapting the values of the weights and thresholds until the resulting network function F is approximately equal to G.

3.2.2 Data/Sensor Fusion

The learning process during a neural network training is a stochastic process[7]. To see this, consider a vector x of
independent variables and a scalar d which is independent variable. If we have N measurements of or, we have x\,xi,... ,xN
and correspondingly d{,di,...,ds. The neural network model is expressed by

(26)

where g(x) is some function of the vector x and e is random expectational error. In this model, the function g(x) is defined by

g(x) m E[d\x}. (27)

The conditional expectation defines the value of d that will be realized on the average given a particular realization of jr. Let
the actual response of the network be defined by

y « F(x, w) (28)

where w represent the synaptic weight vector. The synaptic weight minimization for the cost function

J(w)=E[(d-F(x,w))2) (29)

would also minimize the multiple integral

E[(g{x) - F(x, w))2] . j fix) [gix) - Fix, w)]2 dx (30)

where fix) is the probability density of x. This result indicates the statistical nature of the learning process even though the
different patterns of a particular realization of x are deterministic. From the probability theory viewpoint, the input-output
pairs of x used for the training obey an arbitrary distribution fix) and therefore do not take functional relationship between
input and output deterministically. fix\w) being the density function parameterized by w, the model f(x\w) with good
generalisation capability should approximate the true distribution fix). The log likelihood is expressed by

Lmlogf(x\w) (31)

so that. N times the expected log likelihood parameterized by w is defined as

111
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NE[logf{x\w)) = N f f(x)logf(x\w)dx (32)

as an information measure for the sensor/data fusion and information accumulation after the learning process.

Due to sensor/data fusion feature, an increasing number of neural network applications in NPP operation are performed and
they are reported in the literature [8,9]. Some severe accident m .iagement applications are presented in this this study.

3.2.3 Sensor Management

Sensor management is making decisions with respect to alternate estimation strategies. The data fusion methodology described
above for state estimations can be performed in different ways using the most appropriate sensory information. From these
measurements the state of the process is estimated in accordance with some optimality criterion.

In the Kalman filtering approach, this is done by checking whether the residuals indeed possess their statistical properties.
That is, the Gaussian process noise variance is expected to be [5J

R'(k) = Z(k) - H(k)x(k\k - 1) (33)

E{R'(k)R'(k)T] = H(k)P(k\k - \)H(k)T + R(k) (34)

where R(k) is the variance of the Gaussian-white process noise. From the preceding equation we are able to judge whether
or not the mathematical model satisfactorily describes the real system behaviour.

In the neural network approach, the sensor management can be performed according to the decision making based on
hypothesis testing approach [11 ] or the expected log-likelihood function

NE[logf(x\w)] = N J f(x)logf(x\w)dx (35)

4 Data/Sensor Fusion Application with Neural Networks

The deterministic data fusion technology using the gross plant state variables of stochastic model makes use of a $"t of NNs
of feedforward type in the form of Multi Input Single Output (MISO) [12]. Each network is devoted to one process signal
where the network is made insensitive to that process signal. Each individual network is driven by stochastic signals and
trained by Kalman filtering for appropriate knowledge acquisition. The outputs from the neural networks indicate failures in
the system immediately and progressively so that a ba«Jc rule based decision making identifies the failing sensors, component
or components as well as sequence of failing information using an M-out-of-N logic.

Deterministic information processing involves two approaches. In the first approach, similar to the stochastic information
processing by neural nets, a set of neural networks is used in the form of MISO as described above. The outcome of
the networks are evaluated by means of M-out-of-N logic where actual plant signals from the sensors are used for failing
component identification in a distributed subsystems environment (core, pressurizer, steam generators etc.). The MISO
structure and the associated failure detection and diagnostic logic is illustrated in Fig. 4.

Dynamic behaviour of Borssele NPP has been investigated with the MISO failure detection system where the neural network
output is the steam generator water-level signal (SG2WL). The neural network estimator together with the failed sensor
response is indicated below, where it is seen that false water-level indication is compensated by correct neural network
estimate as shown by dotted line (see Fig. 5.)- The correct estimation prevails relatively short (6 s) due to scram but time is
long enough to take action to avoid an unnecessary scram.
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Fig. 4: The Ml SO structure and failure detection structure

In the second approach for deterministic information processing selforganizing neural network with selective information
at the input, is implemented. Accordingly, enhanced generalization capability applied to various severe accident cases is
exercised. Here, the plant's information are introduced to the inputs of the network sequentially and no supervised output
is specified. Input information contains normal operation as well as various severe accident situations. As the number of
patterns to train the network is rather high, selforganizing network is used for the selection of the representative patterns
for each accident scenario. The representative patterns become known by corresponding cluster centers formed during the
network's training.

700-7

710 7HU 730 740 750 760 770 780 790 800

Time (s)

Fig. 5: Fast sensor failure estimation by neural network for steam generator water level signal

Following the selforganizing network where severe accident as well as normal operational pattern information reduction is
accomplished, a second neural network is used as a supervised network for the immediate identification of the accidents for
which management is aimed.
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Fig. 6: Severe accident identification and normal plant operation indentification by neural network.

The supervised neural network has binary outputs each of which is assigned to one of the accidents in the set of designed
severe accident (SA) scenarios. The training having been accomplished by the patterns, the network is driven by the inputs
from the plant sensors in real-time operation. The normal operation is also indicated by one of the binary outputs during
plant operation. Severe accident situations are created by simulation work using RELAP-5 code. RELAP is developed for
the analysis of the thermo-hydraulic system behaviour of light-water cooled nuclear fission reactor transients and accidents.
Three simulated SAs are considered:

The first SA scenario is anticipated transient without scram (ATWS) in the form of loss of feed-water with failed emergency
cooling water system leading to failed reactor scram caused by low water level in the steam generator (RESA) and this is
followed by turbine isolation (TUSA) where at t-100 s steam generators dried-up and at t-600 s void formation in the reactor
core started. The scenario continued until t—1675 s where reactor core completely dried-up.

The second SA scenario is a cold-leg break with area of 120 sq. cm. At t-0 s cold-leg break is identified and t-2.3 s RESA
signal is initiated due to boiling margin followed by TUSA where in the scenario no action is taken for cooling. In the
secondary system only one emergency feed-water pump is working for feed-water. The cooling at the secondary side is 100
K/hr until the main steam valves are closed. At t—9.6 s both main cooling water pumps arc failed and at t—12.3 s emergency
feed water started. At t—1086 s main-flow valves are closed. The core tends to melt after 1500 s.

The third SA scenario is the station blackout. Initially there are main coolant pumps and feedwater pumps failures, no
emergency feedwater and no TJ-injection at t-0 s, leading to TUSA. At t-0.76 s pump speed lowered lower than 145.108 rad/s
so that RESA is initiated. At t-4250 s steam generators dried-up, t-5847 s core boiling started and t-9090 s fuel cladding
temperature reaches above 1500 K. At t-9772 s, fuel cladding temperature became above 2100 K which led to core melt.

These three scenarios together with the normal operational data are set into above described hybrid neural network system, that
is coupled neural networks trained by both self organization and supervisedly afterwords, by turn. The SA identification as
well as normal operation identification are satisfactorily exercised by the above described simulation data from the scenarios
and normal operational data from the NPP.

5 Discussion and conclusions

With respect to NPP reliability and safety, data/sensor fusion and sensor management technology plays important role. By
means of this technology the right decisions are performed during normal operation as well as in the case of management of
accidents. Kalman filtering is an optimal estimator for recursive state estimation which permits sample by sample real-time
implementations. However, this paper explicitly takes another view, pointing out such a filter works as an information filwr
providing Fisher's information measure which gives a measure of the amount of information about the state vector inherent
in the observations. In other words, it provides the essential tool of modern state-space model sensor/data fusion technology
The information is provided by the inverse covariance matrix which can be used in variety of ways. For instance, to determine
the error ellipsoid for decision-making. The nonlinear form of Kalman filtering is known to be as extended Kalman filtering

_ / c r
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the information filter form of which can be obtained in a similar form. In addition to the sensor/data fusion properties, due to
its several other desirable features, Kalman filtering utilisation in NPP operation is an indispensable auxiliary tool for optimal
operational decisions.

The counterpart of the nonlinear stochastic modeled data/sensor fusion is the nonlinear black-box model of the plant with
gross plant signals, i.e., state variables. Here the neural networks are important functional tool for sensor/data fusion for
safety related enhanced reliable plant monitoring as well as to cope with the critical situations.
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