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1. INTRODUCTION

Signals with transient character in soft X-ray measurements from JET are encountered
rather frequently. The question was how to find the beginning of different time events
and how to analyse their frequency components. Here we present a methodology for
this problem. We found that first one has to decompose the signal into its wavelet
components, and then it is possible to apply any spectrum estimation method on
localised time-events. One of the best tools for processing transient signals is the
Wigner-Ville time-frequency distribution calculation carried out on the wavelet
components (which have themselves transient character).

Decomposition makes it possible to find the beginning and the end of different
wavelet components, which have oscillating, but transient character. Time-frequency
distribution gives the best estimate for spectral content of the transient components.

Here the basics of such a decomposition method are described, its advantages and
disadvantages are discussed, and finally the application of this method on some actual
JET shots is presented.
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2. WAVELETS

2.1 THE WAVELET INTEGRAL

The wavelet integral

(1

WTN(u,s)= f/(O-Uv(—V'

measures the variation of the functions f in the neighbourhood of u (where u is time),
whose size is proportional to s (which is the scale)[l]. When the scale goes to zero,
the decay of the wavelet coefficient characterises the regularity of the function fit)

in the neighbourhood of u-time. This has important applications for detecting
transients (and analysing fractals). Thus from a single time s ignal /^ the wavelet
transformation produces a two-dimensional picture, which depends on time (u
variable) and depends on s (scale variable). If w is centered at 0, then its transform is
centered at t=u.

Different kernels w(t) can be applied for different tasks. One of the most commonly
applied and simplest wavelet is the Daubechies (D4, D12, and D20) wavelet. This is
suited very much for digitally sampled signals, it is easy to perform, and there is a
rather simple fast transformation technique similar to bb'L, which makes its
application fast and economic. However, we have to mention that other wavelets may
give better results. It is surmised that e.g. so called Gabor wavelets may be better
suited to time-frequency analysis. However, they were not available to us at this time.
Moreover, it is unknown how efficient they would be on large time series such as the
JET shots.

To analyse the time evolution of frequency tones, it is necessary to use analytic
wavelets to separate the phase and amplitude information of signals. A function fa(t)
is said to be analytic if its Fourier transform is zero for negative frequencies.

An analytic wavelet transform is calculated with an analytic wavelet wa(t):

(2

•wa

An analytic wavelet transform defines a local time-frequency energy density function
WPSD, which measures the energy of f(t) in the Heisenberg box of each wavelet
wa(t), centered at (u, p=k/s)
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(3

WPSD(u,p) = \WTN(u,sf

The Heisenberg box has a Gaussian distribution in frequency direction with half width
of <J(CO)/S, while its half width in time scale is o(f)ls, but in time scale it is
modulated by pure oscillation with a frequency of k/s.

2.2 SHORT DISCUSSION ON USING THE WAVELET TECHNIQUE

In short:

Digital Fourier transformation (DFT) decomposes the signal into a finite number
of infinitely long harmonic oscillations;

Digital Wavelet transformation (DWT) decomposes the signal into a finite number
of more or less localised (in time) wavelet components.

It is said that the DWT is more suited to decompose transient signals and to analyse
them from the point of view of their spectral content. Some care needs to be exercised
however when interpreting this statement. The frequency variable co of the traditional
Fourier transform and the scale variable s of the wavelet transform do not have the
same physical meaning. The best way of interpreting a wavelet transform in terms of
spectral analysis is to calculate a wavelet-based spectrum, transferring each levels of
the wavelet transform into its Fourier decomposition. This way time-dependent
spectra can be produced that can be interpreted analogously to the traditional FFT-
based stationary spectra.

The DFT can decompose the signal into infinite long harmonic components. They are
not localised in time. DWT can decompose the signal into wavelets, which are limited
in time. Typically the scaring of the component defines the length of the given
component. Thus localisation is achieved. These localised components can after
wavelet decomposition be analysed from the point of view of their spectral
component.

One way to do that is to take FFT on the wavelet components. From the mathematical
point of view this may seem contradictory, since in that case one must try FFT on a
transient signal. In practice one can always find such time segments (blocks) of
wavelet decomposition, where the wavelet component can be regarded as stationary.
For those blocks FFT can be applied. Thus the spectrum component of the blocks can
be calculated.

The other way is to apply other time-frequency distribution methods to estimate the
localised spectral content of the transient signal. The Wigner-Ville distribution is one
of the best methods for such calculation. One may ask whether the Wigner-Ville
transformation could not be directly applied to the time series instead of the wavelet
components. However, this method only works for simple transients. If the signal has
a large white noise component and/or if the signal contains also trends, then the
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Wigner-Ville method can reveal only the most prominent oscillations. And even those
will be biased by the other components.

Thus DWT can decompose the transient signal to its wavelet components. We shall
see that sometimes even this is enough to determine the start and end of the periodic
components in the time signal. Then the medium level wavelet components, - which
are typically free from trends and white detection noise, - can be transferred into time-
frequency distribution (or what is also the same, to time-dependent FFT spectra).

In the next section we shall demonstrate through wavelet decomposition of JET shots
that the medium level wavelets contain the necessary physical information. It should
be the next step to transfer them into time dependent spectra.

2.3 DECOMPOSING USING WAVELET ANALYSIS

Here we shall present our results on test data from JET-SHOTS. The intention is to
show that this method is useful and effective in removing of high frequency, white
noise components, and also to demonstrate that sometimes they can reveal
components with physical meaning.

We applied Daubechies D12 wavelet decomposition using the wavelet package of the
JX>L program language. A DWT produced this way cannot be visualised easily. Thus
instead we apply a method described in [2]. We shall visualise the different levels of
wavelet decomposition through zooming them by the s-scale factor of Eq(l) directly
to the size of the total original record. To make the programming work easier we used
Haar wavelets in the zooming, which is not absolutely precise, but makes an
acceptable approximation for the visualisation.

2.3.1 Shot 40554

As an example here we present a wavelet decomposition of the line-of-sight S8:006 of
JET-shot 40554. This record has a trend, a strong transient in the form of a changing
burst and strong white detection noise component as well.
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The first graph is the original signal. It has a trend a growing burst and noise as well.
The following figures demonstrate the wavelet decomposition. The first two graphs
are DC levels (basement and ground floor according to nomenclature of wavelet
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analysis). The following few levels contain the trend information and slow variation.
The one but last level (in fact this is the highest level in usual wavelets) contains
mainly the white noise components. There are few additional spikes at around the
1000th step, where oscillation occurs. It is not clear if they are related to any physical
process; most probably they are just some jumps. This is some kind of a proof that
removing this part of the signal, one can remove mainly unwanted white detection
noise. Here we repeat the most interesting levels (8-12) of the above picture in a better
resolution.

ji||M|wp#^^^

It has been mentioned about the last graph (level 12) that it contains mainly the white
detection noise. The levels 8-10 are particularly interesting. They show clearly the
wavelet components of the original burst. They have different frequency content and
they are localised at different time. This time localisation of the different components
is the advantage of the wavelet decomposition. One can conclude, that first a high
frequency oscillation takes part (see burst on the level 10), which is followed by much
slower bursts on the level 9 and then on the level 8. After such wavelet
decomposition, the different levels can be transferred to their spectral components.
The Wigner-Ville method works perfectly on such transients shown on levels 8-10.

We can also conclude from the analysis above that this type of wavelet technique can
be used for white noise filtering. However, it is not very suitable to remove the trends.
One of the problems is that JET-Shots have rather different lengths, but their length is
usually not equal to the power of two. For effective FFT or DWT one has to extend or
cut the length of the record. Cutting automatically can cut out important parts. The
effect of an extension of the record can be noticed on graphs of level 3-4-5-6 /first
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figure/. Extension was made here on the level of the last recorded data. The more
popular zero padding gave even worse modification. One can say that it is out of
record time, therefore it is not interesting. But in the case of zero padding the very end
of the record was also infected.

Appendix 1 contains the wavelet decomposition of all lines of sight of the given soft-
X-ray measurement. This is intended to serve as a more detailed demonstration that
similar results can be obtained for all lines-of-sight.

2.3.2 Shot 43945

Here we show the wavelet decomposition of a record, which does not contain any
oscillation on the first sight. The time signal seems to contain only stochastic noise
with some growing trend. Then it breaks down to a lower mean value. Such discharge
typically characterises the energy dissipation in the plasma. The reason for such
events is not well understood. The question what we tried to answer was: what is
happening in the plasma before such a breakdown occurs. Is there any information in
the time record to help understanding the phenomenon?

We give the wavelet decomposition of all lines-of-sight of shot 43945, again in
Appendix. Here we show results corresponding to the line of sight S8:009, which
appears to be the best for purposes of demonstration.
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The first graph shows the 'original time signal'. It seems to have a rather stochastic
nature and it has a growing trend. It contains some single spikes before its mean value
drops all of a sudden. The following graphs show the wavelet decomposition of the
signal. Each octave (level) was zoomed into the same time length, as before.

On the second half of the wavelet decomposition, at the higher wavelet levels (at
levels 10 and 11) one can notice fine periodic structures. They start well before the
drop of the mean value in the original signal and they end well after that. It appears to
us that this behaviour gives insight into the reason if the sudden break. Decomposing
the original signal into its wavelet components, we found two levels, which are
showing oscillatory behaviour. Level 11 is especially of interest. Its behaviour
changes well before the sudden drop in the original signal. It is surmised that here the
physical process starts that leads later to the drop of the mean value. The character of
the wavelet component of level 11 changes only slightly, when the drop in the mean
value occurs in the original signal. Thus the effect is locahsed in time by the wavelet
decomposition on the level 11. The next step should be its spectral decomposition.

There are also other two higher levels (levels 12 and 13), containing mainly white
detection noise. Those levels should be filtered from the signal before the inverse
wavelet transformation. The much lower levels are used to describe the change in the
mean value. This is important from the physical point of view, but it can be filtered
out by some other smoothing method.
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3. SUMMARY

It has been shown that wavelet decomposition can be used to localise the time
dependent oscillations in the soft-X-ray time signals, which have a strong stochastic
component, trend and transients like bursts. The next step in the future should be the
spectrum analysis of the wavelet levels containing the oscillation to find the
characteristic frequencies. We recommend to use the Wigner-Ville time-frequency
distribution for that in future work at JET. We have developed the EDL package for
that, which could be used by JET personnel.
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