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Abstract

The safety of Nuclear Power Plants (NPPs) may be enhanced by the timely processing of
information derived from multiple process signals from NPPs. The most widely used technique in
signal analysis applications is the Fourier transform in the frequency domain to generate power
spectral densities (PSD). However, the Fourier transform is global in nature and will obscure any non-
stationary signal feature. Lately, a powerful technique called the Wavelet Transform, has been
developed. This transform uses certain basis functions for representing the data in an effective
manner, with capability for sub-band analysis and providing time-frequency localization as needed.
This paper presents a brief overview of wavelets applied to the nuclear industry for signal processing
and plant monitoring. The basic theory of Wavelets is also summarized. In order to illustrate the
application of wavelet transforms data were acquired from the operating nuclear power plant Borssele
in the Netherlands. The experimental data consist of various signals in the power plant and are
selected from a stationary power operation. Their frequency characteristics and the mutual relations
were investigated using MATLAB signal processing and wavelet toolbox for computing their PSDs
and coherence functions by multi-resolution analysis. The results indicate that the sub-band PSD
matches with the original signal PSD and enhances the estimation of coherence functions. The
Wavelet analysis demonstrates the feasibility of application to stationary signals to provide better
estimates in the frequency band of interest as compared to the classical FFT approach.
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1. INTRODUCTION

A nuclear power plant is a complex system and the various types of sensor signals,
depending on the physics of the process, detection ability of the sensors and under the
continuously varying operational conditions, carry valuable information on the safety of the
system. The analysis of these signals in time and frequency domains, during the last four
decades, has been used for the safe operation of NPPs. The traditionally used signal analysis
tool is the Fourier transform, which by producing power spectral densities (PSDs), allows
time dependent signals to be studied in the frequency domain. However, the Fourier transform
is global in nature, and is ill-suited for studying non-stationary signals and their frequency
components. In such cases several short-time Fourier transforms (STFT) or windowed Fourier
transforms are used with limited capability. During the past two decades another powerful
tool, called Wavelet Transform, has been applied to various signal analysis problems and is
especially more efficient than the Fourier analysis whenever a signal shows non-stationary
behavior or discontinuities. Wavelet analysis can assist in the extraction of imbedded
information in process signals.

This paper gives a brief theory of Wavelet Transforms multi-resolution analysis (MRA)
[1,2], and describes the applications reported in the literature.

In this work, we applied wavelet analysis to various signals of a pressurized water reactor,
plant measured during a stationary power operation. We selected three different sensor signals
which a characterize the physical process involved. In this respect, we wanted to show how to
use the MRA and compare it with standard PSD calculations. The application involved
coherence analysis in both cases. Operating nuclear power plant signals measured from
different sensors in the primary loop of the plant were used to demonstrate the ability of the
Wavelet analysis. Three different types of sensor signals and their mutual effects were
observed to identify the physical characteristics of the system at stationary power operation.
The results of the MRA analysis and comparison with the standard FFT method, calculated
PSD and coherence functions for various signals, together with their conclusions, are given.

2. REVIEW OF WAVELET APPLICATIONS IN NPP SIGNAL ANALSIS

Nuclear power plants, consist of large components with different physical behavior of
these components. The analysis of NPP signals is mainly based on frequency domain analysis
using Fourier transforms but in case of transients and discontinuities in the signal, Fourier
Transforms do not yield proper results because of averaging over the entire time domain.
Short-time Fourier transforms (STFT) using Gabor [3] and other window functions do not
yield elegant solutions and are limited by various inadequacies. The wavelet transforms (WT),
developed in 1980 by Grossman and Morlet [4] used in quantum physics, later explored by
Stephane Mallat [5] and Ingrid Daubechies [6], work by constructing a set of wavelet
orthonormal basis functions, have become the cornerstone of wavelet applications in signal
processing.

Applications in nuclear engineering have been very recent. Perez et.al.[7&] indicated the
usability of the wavelets in case of noise corrupted signals. Later Mattingly and Perez [7b]
extended the study with Gabor and continuous wavelet transforms for application to simulated
nonstationary process data. They showed that Gabor and continuous wavelet analysis appear
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to be superior to conventional Fourier methods for detecting nonstationary features in
acquired process signals.

Otaduy and Georgovich [8] made a comparison between original and wavelet spectra for
the experimental data obtained from fuel/coolant interaction experiment. They determined
that wavelet based results were effective in the identification of regional effects.

Ciftcioglu and Tiirkcan [9] demonstrated and simultaneous processing of signals obtained
by the wavelet transform by using neural networks in auto-associative mode. In this work
main coolant pump vibration signals were decomposed by MRA and their PSD estimates
were reconstructed by neural networks. In a later study [10], time-frequency representation of
steam flow and generated electric power signals during transients, were used to demonstrate
the enhanced time information for fast transients as well as increased decomposed signal
power for slow transients. In the same series of studies [11] sub-band variances were
calculated to show the changes in the noise power during different operational transient
ranges. In another study, Tiirkcan and Ciftcioglu [12] showed that WT can be a very useful
tool in pattern analysis for the purpose of effective neural network training. The application
can also be carried out locally rather than over the total data so that, probable problematic
regions of data in neural network training can be effectively treated with a focused attention.
The wavelet transforms play the role of zoom-in and zoom-out process on the data without
any restriction on the zooming power in principle, except the practical consideration of block
length used in the wavelet transformation. Another interesting application is given [13] for
wavelet-based decay ratio estimation for monitoring of stability in BWRs and PWRs.

Suzudo et.al. have investigated power-law spectra in the temperature signals of the
secondary loop in the Borssele NPP [14], where small deviations from linearity are not
noticeable in the PSD. Antonopoulos-Domis and Tambouratzits proposed [15] system
identification during a transient using discrete WT for denoising and signal reconstruction,
followed by classical spectral analysis. Ciftcioglu and Tiirkcan [16] showed neural networks
can be used for fast multiresolution random signal decomposition for noise analysis, in
particular for signal monitoring purposes in real-time.

Racz and Pazsit proposed to use wavelet analysis as a tool for detecting detector tube
impacting [17], They proved by modeling the impacting between the fuel box and the detector
using Haar transformation for transient detection. In their investigations they used the
Swedish BWR Barseback-1 LPRM signals where the impacting occurred during detector
string vibrations.

Another very recent application of wavelet transform is given by Hooper and Upadhyaya
et al [18] for removing unwanted noise incorporated in the eddy current measurements. The
method works first by transforming the data to the frequency domain using discrete WT. The
wavelet transform separates the signal into seven separate frequency ranges and the signal
below the threshold limit is removed. The WT of eddy current signals of tube wall
degradation caused by stress-corrosion cracking, pitting and intergranular attack were used to
isolate steam generator tubing defects. Another application to rotating machinery degradation
trending was reported by Seker, Upadhyaya et al [19]. It may be that the wavelet transform
has become well-known as a useful tool in various signal processing applications in nuclear
industry and it can be incorporated in the fast algorithms to compute compact representations
of functions and data sets.
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3. BRIEF THEORY OF WAVELET TRANSFORMS AND
MULTI-RESOLUTION ANALYSIS

Joseph Fourier discovered that he could superpose sines and cosines to approximate
functions. The wavelets, first mentioned by Haar in 1909, had compact support which means
it vanishes outside of the finite interval, but Haar wavelets are not continuously differentiable.
Later David Marr used wavelets with an effective algorithm for numerical image processing
(early 1980) by an earlier discovered function that can vary in scale and can conserve energy
when computing the functional energy. In between 1960 and 1980, mathematicians such as
Grossman and Morlet [4] defined wavelets in the context of quantum physics. In 1985
Stephane Mallat [5] gave a lift to digital signal processing by discovering pyramidal
algorithms, and orthonormal wavelet bases. Meyer [20] constructed the first nontrivial
wavelets; his wavelets are continuously differentiable but without having compact support.
Later Daubechies [2, 6, 20] used Mallat's work to construct a set of wavelet orthonormal basis
functions that are the cornerstone of wavelet applications today.

3.1. Continuous Wavelet Transform (CWT)

The class of functions that present the wavelet transform are those that are square
integrable on the real line. This class is denoted as L2 (R).

f(x)sL2(R) => ^ifixtfdxKo* (1)

The set of functions that are generated in the wavelet analysis are obtained by dilating
(scaling) and translating (time shifting) a single prototype function, which is called the
mother wavelet. The wavelet function yf(x)eL2(R) has two characteristic parameters,
called dilation (a) and translation (b), which vary continuously. A set of wavelet basis
function y/a,b (•*) m a v be given as

(2)

Here, the translation parameter, "b", controls the position of the wavelet in time. The
"narrow" wavelet can access high frequency information, while the more dilated wavelet can
access low frequency information. This means that the parameter "a" varies for different
frequencies. The continuous wavelet transform is defined by

4~>

= jf(x)y/a,b(x)dx. (3)

The wavelet coefficients are given as the inner product of the function being transformed with
each basis function.
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3.2. Discrete Wavelet Transforms (DWT)

Daubechies invented one of the most elegant families of wavelets. They are called
compactly supported orthonormal wavelets, which are used in discrete wavelet transform
(DWT). In this approach, the scaling function is used to compute the y. The scaling function

0(;t) and the corresponding wavelet y (x) are defined by

J V - l

:k <p (2x - k) (4)

J V - l

V 00 = 2f(~l)* ck <l>(2x + k — N + 1) (5)

where N is an even number of wavelet coefficients ck, k= 0 to N-l. The discrete presentation

of an orthonormal compactly supported wavelet basis ofL2(/?) is formed by dilation and
translation of signal function y (x), called the wavelet function. Assuming that the dilation
parameters "a" and "b" take only discrete values.

a = a0
J, b = kboao

j. Where k, j e Z , ao>l, and& 0>0. The wavelet function may be

rewritten as
Wf ( TTi HZH /7 J / / t /7 Y —*~ K r) i i i t i
U/ : i. yvV^ ^^ ""O T̂  \ 0 0 / V /

and, the discrete wavelet transform (DWT) is defined as

DWT(f) =< f, yLk >= jf(x) ao~
ja y(ao~

jx-kbo)dx (7)

The dilations and translations are chosen based on power of two, so called dyadic scales and
positions, which make the analysis efficient and accurate. In this case, the frequency axis is
partitioned into bands by using the power of two for the scale parameter "a". Considering
samples at the dyadic values, one may get bQ = 1 and a0 = 2 , and then the discrete wavelet
transform becomes

DWT(f) =< f, yjk >= jf(x) {2~iny/(2-jx-k)}dx . (8)

Here, yjk (x) is defined as

ylk (x) = 2-jl2y/(2~j x - k), j,k e Z (9)

The wavelet prototype functions defined by this last DWT equation were created by
Daubechies.
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3.3. Multi-resolution Analysis (MRA)

Mallat introduced an efficient algorithm to perform the DWT known as the Multi-
resolution Analysis (MRA). It is well known in the signal processing area as the two-channel
sub-band coder. The MRA of I 2 (R) consists of successive approximations of the space V-

of L2 (R). There exist a scaling function <p(x) e Vo such that

L -k); j,keZ (10)

For the scaling function <p (x) e Vo c Vx , there is a sequence {hk},

-k). (11)

This equation is known as two-scale difference equation. Furthermore, let us define W} as a

complementary space of Vj in Vj+1 , such that Vj+l = V} ® Wj and © Wy = L2 (R). Since
J——O©

the y/ (x) is a wavelet and it is also an element of Vo , a sequence {gk} exists such that

-k) (12)
k

It is concluded that the multiscale representation of a signal f(x) may be achieved in different
scales of the frequency domain by means of an orthogonal family of functions (f>(x). Now, let
us show how to compute the function in Vj . The projection of the signal f(x) e Vo on Vj

defined by Pv f'(x) is given by

Here, cjk = < / , 0 M (x)>. Similarly, the projection of the function f(x) on the subspace W}

is also defined by

Lky^{x) (14)
k

where djk = < / , y/jk (x)> . Because of V;- =V;-I ®Whl , the original function f(x) eV0

can be rewritten as

f{x) = £ c M 0M W + X X ^ Vy, U) / > Jo
<: ; k

The coefficients c; ̂  and dj k are given by

Cj.ljc = V 2 ^ V 2 i cM (16)
i

and
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The multiresolution representation is linked to Finite Impulse Response (FIR) filters. The
scaling function 0 and the wavelet y/ are obtained using the filter theory and consequently
also the coefficients are defined by these last two equations. If at x=t/2, F{<p(x)}is
considered and

&(Q)) = H\— 3> — (!8)

As 0 ( 0 ) ^ 0 , H(0)-l, this means that H(oS) is a low-pass filter. According to this result

0(0 is computed by the low-pass filter H(o$). The mother wavelet y/(t)is computed by

defining the function G(co) so that H(a>)G*(6)) + H(a> + n)G*(Q) + n) = 0. Here, H((£>) and

G(co) are quadrature mirror filters for MRA solution.

G(a>) = -exp(-yft>) H* (co+it) (19)

Substituting H{0)=\ and H(ix)=0, it yields G(0)=0 and G(K) =1, respectively. This means that
G(ai) is a high pass filter. As a result, the MRA is a kind of two-channel sub-band coder used
in the high-pass and low-pass filters, from which the original signal can be reconstructed.

4. APPLICATION TO NUCLEAR POWER PLANT

The signal processing of the Borssele nuclear power plant was started during the first core
cycle in 1974 and regular measurements were carried out since then. The purpose of these
measurements [22] was to estimate core physics parameters, testing of sensors and the
enhancement of the measuring techniques and instrumentation. Since 1981, these
measurements were carried out by an on-line system. Several advanced techniques were
developed for signal processing, including Al-techniques and they were used for the real-time
monitoring of the plant on a continuous basis.

Borssele nuclear power plant is owned and operated by EPZ in the Netherlands and was
built by KWU-Siemens of Germany. Borssele power plant is a PWR with two-coolant loops,
two steam generators and two main coolant pumps. The nominal power is 480 MWe. In this
investigation experimental data from the database of Borssele NPP is used for illustration of
the Wavelet application. The experimental data were acquired during the on-line monitoring
of primary system integrity and core support barrel motions. In these experiments, noise
signals of the four ex-core neutron detectors, two primary coolant pressure signals and one
vibration transducer signal of the main coolant loop-1 were used. Noise data were sampled at
64 samples/second and represent stationary reactor operation at nominal reactor power.
Figure 1 shows the primary loop and the detector locations.

Figure 1. Borssele reactor primary system and sensor locations.
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Analysis of the data was carried out by MATLAB-Wavelet toolbox. First, Power Spectral
Density (PSD) and coherence functions between the signals were calculated. The signals were
then divided into three levels in terms of sub-bands, which are defined as approximations and
details. Initially, the wavelet analysis requires the selection of an optimal wavelet. This can be
determined by Shannon's entropy function as an energy function. In this manner, Daubechies'
mother wavelet ('db20'), that is defined in the MATLAB-wavelet toolbox, was used for the
multi-resolution analysis of the signals. We considered the multi-resolution analysis (MRA)
in four sub-bands in terms of the three details and one approximation. These sub-bands cover
entire frequency range of interest, namely, (0-4 Hz), (4-8 Hz), (8-16 Hz) and (16-32 Hz).
Where, the (0-4) Hz frequency band shows third approximation (a3) and the other sub-bands
also indicate the frequency bands in the third detail (d3), second detail (d2) and first detail
(dl), respectively. Figures 2, 3 and 4 show measured signals (actual signal 320 s.) and sub-
band divided signals for ex-core neutron detector (Nl), pressure sensor (PI) and vibration
sensor (VI) in loop-1, respectively. Note that the main signal y can be reconstructed by
y = a3 + d3 + d2 + dl for each time point.

E .5000
" 5000-
5 0

-500
5009-

0 U»»!w*>*H»t<t#lt™^totr*ti<lt!t^*{tt^^

1000 2 4 6 S i
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50000-

time (sec)

Figure 2. Signal and sub-bands of
neutron signal Nl.

time Csec>

Figure 3. Signal and sub-bands of
Primary pressure signal PI.

10

Figure 4. Signal and sub-bands of pump vibration signal VI.

The lower frequency (in Figure 2) is the main power of the N signals that can be seen by a3 as
well as in the PSD in Figure 5. The dl higher frequency details indicate very small amplitude
and nearly no contribution to actual signal but it has a physical meaning. In pressure signals
contribution of dl and d2 are nearly same. PSD of PI as seen in Figure 6 explains this. In the
VI signal highest amplitude is in dl, which can be compared Figure 7. Clear oscillatory
behavior indicates that the frequency around 25 Hz is not a stationary one and caused by
rotational speed of the main coolant pump.

Figures 5, 6 and 7 show the PSD functions of signals Nl, PI and VI, respectively in solid
lines. The reconstructed PSD functions from the sub-band signals are also shown in the
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figures in dashed lines. The construction of PSDs is carried out using the sub-band signals of
approximation a3 (0-4 Hz), and the detailed 63 (4-8 Hz), d2 (8-16 Hz), and dl (16-32 Hz)
portions of the calculated PSDs. The comparison shows an excellent matching of the spectra
calculated using the MATLAB-Wavelet toolbox [23] for all the three-selected detector
signals.

25 30) 5 10 15 20
freauenw fHzl

Figure 5. Power spectral density of N1.

5 10 15 20 25 30
freauencv FHzl

Figure 6. Power spectral density of PI.

305 10 15 20 25
freauencv FHzl

Figure 7. Power spectral density of VI.

Selected sensor combinations was used for on-line monitoring of the primary system. Signals
of the 4 ex-core neutron detectors are used to detect core barrel motion (CBM) using spectral
decomposition technique, where pressure signals of both coolant loops are the driving forces
for the core barrel motion and other effects and the pump vibration signal gives information
about the main coolant pump behavior. All seven sensor signals and their mutual effects give
information about the primary system integrity and its safe operation. Several peaks were
observed in the PSD functions and contain information about the physical behavior of the
system. Their mutual interactions are observed by coherence and phase information that are
also calculated on-line. Spectral decomposition of the four ex-core neutron detectors gives
information about the CBM amplitude (about lO^im), directions of the movement and the
reactivity effect at 9.2 Hz induced by differential pressure in the primary system. The spectral
peaks at 5-7 Hz caused by fuel vibration, 9.2 Hz is a reactivity effect, around 11.7 Hz the core
barrel beam mode vibration. The 14.9 Hz and 17.5 Hz peaks are caused by reactor pressure
vessel vibration. After about 20 Hz, the spectrum is flat, and yields information about the
detector efficiency of the IC ex-core neutron detector by known mean current. The
fluctuations in the coolant pressure are the main source of all effects seen in the PSD of the
pressure signals. Both PSDs of the PI and P2 pressure sensors indicate 6.5 Hz caused by
fluid resonance (standing wave effect) and the 9.2 Hz is due to differential pressure created in
the core. The signals are in-phase and the amplitude of the peak depends on the boron
concentration. The peak at 13.6 Hz is due to the standing wave of the coolant outlet pipe and
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18.2 Hz and 19.5 Hz are caused by the resonance of the Barton cells (pressure sensors). The
24.5 Hz peak is caused by forced vertical vibration of the reactor pressure vessel-core barrel
(RPV-CB) due to main coolant pump (MCP) unbalanced forces [24]. As it is observed,
several effects interact with each other. One has to understand these effects and must monitor
continuously to detect timely occurrence of events. In case of multi-resolution analysis it is
possible to devise the MRA sub-bands for each desired frequency and monitor its amplitude
and time. In some cases, due to the bad S/N characteristics of the signal it is difficult to see
the coherence between the signals. One of the objectives of this study is to see how the
coherence function behaves with sub-band (MRA) analysis and to determine any
enhancement of the coherence information. For the same sub-band division, we have
calculated the coherence between different signals and afterwards reconstructed them by
concatenating. The integral sub-band coherence is also compared with the total signal
coherence. Figures 8 through 15 show the various combinations of coherence functions. Here,
N3 and N4 are ex-core neutron detectors in loop-1 and loop-2, respectively. P2 is also a
pressure sensor in loop-2.
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Figure 8. Comparison of coherence N1-N3.
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Figure 10. Comparison of coherence N3-V1.
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Figure 12. Comparison of coherence PI-P2.
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Figure 9. Comparison of coherence N3-P1.
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Figure 11. Comparison of coherence P1 - V1.
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Figure 13. Comparison of coherence P2-VI



- 145 -

0.8

8 0.6

1
§0.4

0.2 1
i

10 15 20 25
freauencv THzl

30 10 15 20 25
freauencv fHzl

30

Figure 14. Comparison of coherence N1-N4. Figure 15.Comparison of coherence N3-N4.

The coherence function indicates the relation between the signals. Even the correlation
between the neutron detectors (Figures 8, 14 and 15) are not the same due to their position
around the core barrel. Various coherence functions indicate some small changes on the peak
amplitude and frequency. Reconstruction on the coherence function is also successful. One
major advantage of wavelets is time localization of signals. As Figures 16-a and 16-b
indicate, the signals used in this study are stationary signals for which the spectral information
does not change with time. Joint time-frequency spectra of pressure signal (PI) and its second
detail (d2) sub-band using short time Fourier transform (STFT) technique are shown as
follows.

3000

300
time(seconds) 0 frequency (Hz)

Figure 16-a. STFT of the pressure signal (PI).

30

time (seconds)
300 frequency [Hz]

Figure 16-b. STFT for the d2 sub-band of PI.

5. CONCLUSIONS

The sub-band analysis of signals, using wavelet transforms, was applied to stationary
noise data from an operating nuclear power plant. The multi-resolution technique was applied
to neutron detector, primary pressure and pump vibration signals. An excellent matching
between signal power spectra, using Fourier transform and wavelet multi-resolution analysis
(MRA) was observed in all cases. The pairwise coherence analysis showed some
enhancement using the sub-band MRA analysis. Thus, the reconstruction of the PSD and
coherence functions is successfully applied. The use of wavelet transform sub-band analysis
provides a minimum distortion of the signals, and allows the monitoring of frequency regions
more effectively than the classical Fourier transforms.
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