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ABSTRACT

Results are presented from investigations into the use of neural networks for the
recognition and analysis of neutron noise data. A Spectral Feature Detector network based on
the backpropagation paradigm is described, and its potential for use in the development of
automatic noise diagnostic systems is discussed.

INTRODUCTION

The use of artificial intelligence (AI) techniques as an aid in the maintenance and
operation of nuclear power plant systems has been recognized for the past several years, and
several applications using expert systems technology currently exist.1'3 Research efforts in the
application of neural networks in this area have been reported.4

We investigated the backpropagation paradigm for the recognition of neutron noise power
spectral density (PSD) signatures as a possible alternative to current methods based on statistical
techniques.5 Our goal is to advance the state of the art in the application of noise analysis
techniques to monitor nuclear reactor internals. Continuous surveillance of reactor systems for
structural degradation can be quite cost-effective because (1) the loss of mechanical integrity of
the reactor internal components can be detected at an early stage before severe damage occurs,
(2) unneccessary periodic maintenance can be avoided, (3) plant downtime can be reduced to a
minimum, (4) a high level of plant safety can be maintained, and (5) it can be used to help justify
the extension of a plant's operating license.

The initial objectives were to use neutron noise PSD data from a pressurized water reactor,
acquired over a period of ~2 years by the Oak Ridge National Laboratory (ORNL) Power
Spectral Density RECognition (PSDREC)5 system to develop networks that can

1. differentiate between normal neutron spectral data and anomalous spectral data (e.g.,
malfunctioning instrumentation); and
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2. detect significant shifts in the positions of spectral resonances while reducing the effect of
small, random shifts (in neutron noise analysis, shifts in the resonance(s) present in a neutron
PSD spectrum are the primary means for diagnosing degradation of reactor internals].

LIMITATIONS OF STATISTICAL PATTERN RECOGNITION METHODS

The limitations of reactor surveillance systems based on statistical pattern recognition
techniques5"9 are exemplified by PSDREC,5 which has been used to acquire a library of power
spectral density data for many reactor signals from the Sequoyah-1 nuclear power plant. The
system provides a set of eight statistical descriptors (called discriminants) for each monitored
signal. Each discriminant is designed to detect a specific feature in the PSD. By comparing the
discriminants obtained from current PSD with those obtained from baseline data, the system can
detect changes in the noise signals. The approach used in PSDREC is to place statistical limits
on normal discriminant behavior at the beginning of operation. These limits are then modified as
the system gains experience from monitoring the plant. An acquired signature is then classified as
suspect if any one discriminant exceeds the set limit.

PSDREC was designed for the acquisition of power spectral density data of various signals
(e.g., ex-core neutron detectors, reactor cooling system pressure) for subsequent off-line analysis.
Analysis of such data revealed the following.

1. Although much data reduction is possible (for nine of the signals monitored, only —10% of
the signatures observed were classified as suspect), visual comparison of some of the plots of
(neutron noise) suspect spectral signatures with baseline signatures showed little difference in
the spectra] shapes (Figure 1). This result suggests that the system in an on-line environment
could be triggered when in fact the plant is operating normally. We hypothesized that this
problem is due to the inherent statistical nature of the recognition process.

2. For a constant operating power level, some discriminants trigger much more frequently than
others (Figure 2), even though plant operation is normal. The discriminants can be
considered to be the statistical features extracted from the signal. Thus, we hypothesized that
not all of these features are necessary for characterization of the noise signals. Also, because
triggering modes are based solely on statistical considerations, the more discriminants present,
the greater the likelihood of at least one of them going beyond its set limit

3. Nonstationary components in some of the reactor signals resulted in a greater percentage
(>20%) of the observed signatures being classified as suspect.

To improve on the performance of PSDREC for the development of the next generation of
on-line surveillance systems, alternative recognition methods closer to human cognition are being
investigated. The objective is to combine AI techniques with some of the statistical techniques
employed in PSDREC. A methodology using the backpropagation paradigm has been developed.
In this paper, preliminary results obtained with the method are presented. Neutron noise data
acquired by PSDREC were used in this work because this method is the primary means of
monitoring reactor internals vibration.



PATTERN CLASSIFICATION USING NEURAL NETWORKS

Neural network theory is an approach to parallel computing based on an architecture
inspired by the structure of the cerebral cortex portion of the brain. Hence, neural networks are
often capable of functions that humans do well but conventional computers often do poorly. A
particular attraction of neural networks is their ability to recognize patterns, even when the
information comprising these patterns is noisy, sparse, or incomplete. Neural networks can
therefore be said to perform "approximate reasoning," a technique frequently used by humans and
simulated in other Al-related technologies such as fuzzy logic. Neural networks have been used
to identify causes of perturbations in the steam generator of a nuclear plant,4 for the classification
of industrial spectral signatures,10 and as a data encoder in the analysis of acoustic emission of jet
engines.11

In a typical application, a neural network can be used to classify an input pattern as one of
several predefined types on which the network has previously been trained. Uniike many pattern
classification applications, however, where representative patterns from each class of interest are
available, obtaining, patterns characterizing abnormal behavior in the components of a nuclear
plant is difficult. Obtaining abnormal patterns by planned failure of components is nof feasible
because of implementation costs and/or governmental regulations. ~

In this work, the approach taken has been to train networks to recognize the general
features a human would use to characterize a normal neutron noise spectral pattern (such as
resonances appearing in appropriate regions) and compare the network response to baseline data
with responses to subsequent spectral data to detect deviations from normal behavior.

SPECTRAL FEATURE DETECTION

A typical PSD plot consists of only a few features, any one of which can be identified in a
sufficiently small region: (1) a resonance (peak), (2) a valley, (3) a monotonically increasing
spectrum, (4) a monotonically decreasing spectrum, or (5) a flat spectrum. The occurrence of
these features at particular frequencies enables a spectrum to be recognized by a human as "a
normal neutron noise spectrum." Similarly, a neural network's ability to perform "approximate
reasoning" should allow it to rcognize these features even under noisy conditions. To
demonstrate their feasibility, hese concepts were tested with a backpropagation network
consisting of 16 neurons in the input layer; 2 hidden layers with 8 and 16 neurons, respectively;
and 3 neurons in the output layer (Figure 3). The network was trained to differentiate between
the 5 idealized spectral features shown in Figure 4—an output of "111" represented a resonance
feature, "000" represented a valley-like feature, "Oil" represented a monotonically increasing
feature, "100" represented a monotonically decreasing feature, and a binary output of "101"
represented a flat feature. Patterns with slightly distorted features were then presented for
network recall, as shown in Figure 5. The results show that the network could correctly classify
the test patterns in much the same way a human would categorize them.

These concepts were extended to the recognition of neutron spectral data using a multiple
neural network system with an overlapping window structure (Figure 6). A 4-Hz window was
used with 2-Hz overlapping (i.e., the window widths were 0 to 4 Hz, 2 to 6 Hz, 4 to 8 Hz, etc).
Each "spectral feature detector" (SFD) consisted of a 10-neuron input layer (representing
ten frequency bins in a 4-Hz window); two hidden layers with 5 and 3 neurons, respectively; and a
3-neuron output layer. Two hidden layers were used because this architecture was found to make



the system less sensitive to background. Performance of the networks did not degrade
appreciably when the number of neurons in the hidden layers were reduced from 8 and 16 (as in
Figure 3) to 5 and 3 respectively. (In this case, performance is defined as the percentage of
resonances that were correctly classified as such when neutron noise spectral patterns at different
reactor operating power levels were presented for network recall.) Ten neurons were used in the
input layer because this number represents the minimum window width such that, at most, one
simple spectral feature will be recognized in a window. The (binary) output from the set of
networks constituted a "binary feature signature" (BFS), which was used to detect the resonance
regions in the spectrum. Each 3-bit pattern represents a particular feature seen by a network.

To reduce the system's sensitivity to background, a set of each simple feature was generated
at different amplitudes, and a slightly different distortion was introduced in each by adding a small
amount of noise prior to network training.

In all the tests described below, a 14-network system in an overlapping window structure
was used. This arrangement represented a spectral range of —30 Hz. For the actual plant data,
spectral data from the ORNL neutron noise library were used.

TEST RESULTS

(1) Recognition of Abnormal Spectra

An intelligent recognition system should be able to screen the PSD signature to determine
its validity before using it in an analysis procedure. Validity can be determined by presenting the
PSD data to the SFD system and comparing the resulting set of binary spectral signatures to that
obtained from baseline data. Tests with both simulated and actual plant data showed that the
method is effective in validating spectral data. Examples of simulated spectral data compared with
a typical normal neutron spectrum are shown in Figures 7 and 8. Extensive tests showed that,
while interpretation of the binary feature signatures was straightforward for —90% of the data
tested, a knowledge of the positions of all resonances in a test spectrum can, in general, be
obtained by only a more careful analysis of the BFS set. Consider Figures 7a and 7b, for example,
in which the spectral shapes look similar. Inspection of their BFSs, however, shows some
discrepancy where the resonance appears. A simplistic interpretation of the BFS for Figure 7b
will result in nonrecognition of the resonance. In Figure 7a, the BFS in this bin range (56-65) is
"111" (a simple resonance feature); and in Figure 7b, the BFS is "Oil" (a monotonically increasing
feature). The reason is that each network responds to the most predominant feature in its field
of view. In this case, many of the data in this region in Figure 7b are, in. fact, monotonically
increasing, and the data in the same bin range (in Figure 7a) have a significant amount of data
points that dip below a peak. Therefore, to interpret the feature in Figure 7b correctly, the
adjacent binary signatures also have to be considered. In this case, the binary signature in the
61-70 bin range (right of the feature under consideration) is "100," signifying a monotonically
decreasing feature. A monotonicaily increasing feature followed immediately by a monotonically
decreasing feature strongly suggests a maxima at the center of the region. Based on such
reasoning, an algorithm has been developed to interpret a BFS set from neutron PSD data. This
algorithm consists of a small set of IF then ELSE rules such as

IF region i has a monotonically increasing feature,
AND region i + 1 has a monotonically decreasing feature,
THEN a resonance is at the center of i and i + 1.



The algorithm thus deduces the positions of the resonances from the binary feature signature, as
depicted in the figure below.

Resonance 1
BFS Resonance 2

Resonance n

Given the resolution in the plant data used [EDELTA ~ 0.4 Hz (Figure 8)], the algorithm could
correctly interpret the positions of resonances to within ±0.8 Hz. (Widths of resonances in the
spectral signatures used were typically of the order of 3 to 4 Hz.)

(2) Detection of Shifts in the Position of Resonances

The supervision of complex systems can be performed at one of two levels: (1) the
surveillance level, in which the behavior of the system components is classified as either normal or
abnormal without regard to the source of the abnormality; and (2) the diagnostic level, in which
after an abnormal behavior is detected, an attempt is made to diagnose the cause. In the
supervision of reactor systems using noise analysis, part of this diagnostic process involves
identifying individual resonances in a PSD spectrum that are associated with the vibrational
behavior of the reactor components (e.g., core support, primary pump). Current spectra are then
compared with baseline spectra to detect any shifts in the positions of resonances associated with
normal behavior, for example, and an attempt is made to interpret these changes.

The neural network approach discussed in this paper has been applied successfully to detect
shifts in and the appearance/disappearance of resonances in PSD data from ex-core neutron
detectors. An example is shown in Figure 8. The diagram shows a neutron spectrum and its BFS
along with a neutron spectrum (and its corresponding BFS) in which the resonance in the
neighborhood of bin 30 has disappeared and the position of the resonance in the neighborhood of
bin 50 has shifted to a higher frequency.

APPLICATION

Current work is directed toward using the described technique in an embedded network as part of
an expert system for analysis of reactor internal conditions. The methodology employed in
PSDREC for the acquisition of baseline and trend spectra is being followed. However, instead of
using eight statistical discriminants, detection of anomalies is performed by comparing the feature
(F) from current spectral data to some baseline data. F is defined as

F = {/(BFS), e, u) , C1)

where

/(BFS) represents the position of resonances in a spectral signature as extracted from its binary
feature signature; and e is given by



(2)

where PF is the window width in which a resonance is found, and /*, and /?, are the test and
baseline PSD within the window. It is a measure of the mean difference between the two PSDs
on a log scale. The u is given by

- E log (3)

which is a measure of the variance of a set of W log ratios.

The monitoring approach is to watch the behavior of resonances as reported by the BFS
and to allow an expert system to make decisions/suggestions concerning likely sources of
anomalies, line of action to pursue, etc.

CONCLUSION

This paper describes a method based on the backpropagation paradigm that has been
employed to recognize the positions of resonances in power spectral density data. Although the
emphasis of this work is the eventual development of an expert system for automatic surveillance
and diagnostics of reactor internals using neutron noise data, the method has also been
demonstrated to be applicable to other PSD data (e.g., ex-core temperature) in the ORNL PSD
Library. Advantages of using neural network paradigms are that they are less susceptible to noise
(statistical variations) in the data than are statistical pattern recognition systems and have (the
potential for) much faster response.
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Figure 1. Plot of several baseline and suspect neutron power spectral density data.
Although the computed discriminants went beyond limits after **tnwk*i learning, comparison with
baseline data showed little difference.
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Figure 2. Frequency of discriminants flagged by the Oak Ridge National Laboratory Power
Spectral Density Recognition system.
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Figure 3. Basic architecture of the spectral feature detector used in the initial
investigations.

Figure 4. Simple features used in training the backpropagation network used in the initial
investigations: (a) resonance feature, (b) valley feature, (c) monotonicaUy increasing feature,
(d) monotonically decreasing feature, (e) Bat feature.
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Figure 5. After training the network with the simple features shown in Figure 4, the
network was able to correctly classify these simple spectra.
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Figure 6. Interconnections of the spectral feature detectors (SFDs) developed for
recognition of pressurized water reactor neutron power spectral density signatures (only 3 are
shown). The SFDs are identical in their architecture, learning, ac i recall behavior.
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Figure 7. Spectral pattern [and corresponding binary feature signature (BFS)] obtained for
a simulated sensor failure. In general, the BFS has to be inteiprcted to correctly locate
resonances. Comparison of (a) and (b), for example, shows a discrepancy in the BFSs in the
resonance region.

Figure 8. (a) Ex-core neutron power spectral density and the resulting binary feature
signature, (b) The changes in the spectrum (arrowed) were seen by the neural network system.


