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This paper studies on the dissimilarity of waveforms. It is shown that the dissimilarity
based on the distance in the frequency domain works well in comparing the waveforms
having major power at high frequency. The correctness of this dissimilarity is evaluated
through the metrics used in evaluating that of the information retrieval, i.e. precision and
recall. The frequency domain dissimilarity is compared with the time domain dissimilarity,
which is the dissimilarity based on the distance in the time domain. The experimental
result shows that the frequency domain dissimilarity works better than the time domain
one in retrieving waveforms. This paper also proposes a new method of retrieving similar
waveforms. The proposed method is based on the frequency domain dissimilarity. The
method can be used for the subsequence matching of waveforms.
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1 Introduction

Fusion plasma experiments often produce large
quantities of time-dependent data. In particu-
lar, with steady state experimental devices us-
ing superconducting magnets, the duration of the
plasma becomes much longer, and therefore, the
size of the database increases drastically. In those
cases, the assistance of a computational method
will be useful to rapidly search and retrieve some
specific data. ' '
Similarity retrieval of time series data (wave-
forms) have extensively been investigated [1-8, 10-
22]. A waveform is represented with a point in a
high dimensional space. The point is managed by
using a multi-dimensional index structure. Be-
cause of the curse of dimensionality, reducing the

dimension of waveforms is inevitable. The meth- .

ods using the time-domain feature values have
been proposed for the dimensionality reduction.
These methods use Piecewise Aggregate Approx-
imation (PAA)[12], Adaptive Piecewise Constant
Approximation (APCA)[11], etc. The methods
using the frequency-domain feature values have
also been proposed. These methods use Discrete
Fourier Transformation (DFT)[1, 19, 12, 17], Dis-
crete Wavelet Transformation (DWT)[3, 10, 12],
etc. These time-domain and frequency-domain
feature values may be adopted for the purpose
of the quick and correct retrieval of waveforms.
It is considered that these feature values must
reflect the characteristics of the dissimilarity of
waveforms. If not, the retrieval result will con-
tain many false drops. These are not appropriate
for the feature value. It is, therefore, important
to clarify the dissimilarity assumed.

Major dissimilarity of waveforms is the Euclid
distance of time series composing the waveforms.
The dissimilarity is the fundamental and impor-
tant measure in retrieving waveforms because it is
used to decide whether a waveform is similar to a
key waveform. The Euclid distance of time series
works well for the waveforms, of which changes
are gradual and/or slow. It is, however, doubt-
ful that it works well for the waveforms, of which
changes are severe and/or quick. In this case,
even if a waveform is a slightly shifted one to a
key waveform, the Euclid distance may become
large. This waveform could not remain in the
query result. As this waveform should be in the
query result, this means false dismissals.

Agrawal et al have proposed the similarity model

allowing the translation and the amplitude scaling[2].

Rafiei et al have proposed the method supporting
the wide variety of comparisons[20]. Kalpakis et

al have defined the similarity based on the under-
lying physical models[8]. Although the distance
may be domain-specific as described in [14], it is
considered to be important to find the general dis-
tance used in a variety of areas in th point of view
of the database research, where general solutions
are required.

Investigating the dissimilarity of waveforms is
important by the reasons described above. The
dissimilarity is the fundamental and important
measure in the similarity retrieval of waveforms.
When the dissimilarity changes, the method re-
trieving waveforms efficiently may change.

This paper studies on the dissimilarity of a class
of waveform. The major characteristics of the
waveforms in the class is that the change is severe
and/or quick. In other words, the waveforms have
the dominant power at high frequency. This pa-
per proposes the dissimilarity of this kind of wave-
form. The proposed distance is of the frequency
domain. The correctness of the dissimilarity is
evaluated through precision and recall, which are
the metrics used in the evaluation of the infor-
mation retrieval. It is shown that the frequency

-domain dissimilarity works better in comparing

waveforms than the time domain one. Moreover,
this paper proposes a method of retrieving similar
waveforms based on the frequency domain dissim-
ilarity.

Remaining of this paper is as follows. Section 2
proposes a frequency domain dissimilarity, which
is called spectrum distance, after the definitions
of the terms describing the dissimilarity. The fre-
quency domain dissimilarity and the time domain
one are evaluated in Section 3. In Section 4, a
method of retrieving similar waveforms based on
the frequency domain dissimilarity is proposed,
and is evaluated. Section 5 discusses the dissimi-
larity and the proposed retrieval method. Finally,
Section 6 concludes the paper.

2 Spectrum distance

The terms used in this paper are described before
proposing a frequency domain dissimilarity.

The first is the Euclid distance. Given two se-
quences T = Z1,-*,Zn and y = Y1, -, Yn, their
Euclidian distance is usually defined by Eq. (1).

D(z,y) = (1)

We use a variation of the Euclidian distance cal-



culated by Eq. (2).

Dy(z,y) = JE((zt — Zave) = (Yi — Yave))?

=1

@)
where 4, and ygye are the average values of the
time series z and y, respectively. The major rea-
son of subtracting the average value from the orig-
inal values is that the original values may include
an offset value because of the calibration adjust-
ment.

Next is the Discrete Fourier Transformation (DFT).

The n-point DFT of a signal ¢ = 1, - - , &, is de-
fined as a sequence X of n complex numbers X ¥
defined by Eq. (3).

n—1
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The value X is a complex value. The real part

of Xy brings the amplitude information, and the
imaginary part brings the information on the phase.

Finally, we proposé the spectrum distance as

the dissimilarity of waveforms. This distance uses

coefficients of the Discrete Fourier Transforma-

tion. Given two Discrete Fourier Transforms X

and Y}, their spectrum distance is defined by Eq.

(4).
n—1
Dy(z,y) = \l (X5l - 1¥7))2 4
i=1

The absolute value |Xj| is called the FFT com-
ponent. This corresponds to the power informa-
tion. Please note that the summation begins at
one rather than zero. As the Oth DFT coefficient
corresponds to the average value of a time series,
we omit the Oth DFT coefficient by the reason
described at the explanation of Eq. (2).

From here on, the Euclid distance defined by
Eq. (2) is called the time-ordering distance for
distinguishing it from the spectrum distance.

3 Evaluation of the distance

The spectrum distance is evaluated from the point
of view of the accuracy. The evaluation is based
on the measures of evaluating the accuracy of in-
formation retrieval: precision and recall.

The waveforms obtained through the fusion plasma

experiments are used in the evaluation. Exam-
ples of the waveforms are shown in Fig. 1. The
waveform is originally consisted of about 130,000
points of data. It is too many to be used in these

Figure 1: Key waveforms

experiments. A series consisted of 512 points is
derived from an original waveform. The number
of the waveforms used is 1000.

One of the authors decided which waveforms
are similar to the key waveforms. The waveforms
obtained are called the correct waveforms to a key
waveform.

The spectrum and the time-ordering distances
between a key waveform and the 1000 waveforms
are calculated. The waveforms are ordered ac-
cording to the distances obtained. Precision and
recall are calculated by using the order of the
waveforms. Precision is the ratio of the number
of the correct answers within the result to the
number of the result. Recall is the ratio of the
number of the correct answers within the result
to the number of all correct answers.

The three waveforms shown in Fig. 1 are used
as the key ones in the evaluation. These are dif-
ferent from one another. The amplitude of the
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Figure 3: Evaluation result for Key (b)

key waveform (b) is less than the waveform (a).
On the other hand, that of Key (c) is larger than
Key (a).

The results of the evaluations are shown in Fig.
2 to Fig. 4. The key waveform of the evaluation
result shown in Fig. 2 (Fig. 3 and Fig. 4) is Fig.
1(a) ((b) and (c), respectively). The key wave-
form is included in the 1000 waveforms. The first
candidates of all results were the key waveform
themselves. Therefore, the curves begin at 1.0 on
the precision axis. In all of the evaluation results,
the spectrum distance has better characteristics
than the time-ordering one. The second candi-
dates obtained according to the time-ordering dis-
tance were not in the correct waveforms in all of
the evaluation results. This fact degrades the ac-
curacy of the time-ordering distance. The first
several candidates obtained by using the spec-
trum distance belong to the correct waveforms.
This is the reason that the spectrum distance has
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Figure 4: Evaluation result for Key (c)

the good characteristics as the dissimilarity mea-
sure. It is considered that the spectrum distance
is better than the time-ordering one as the dis-
similarity of this type of waveform.

4 Retrieval method based on
the spectrum distance

Here, we propose a simple method retrieving sim-
ilar waveforms. The proposed method is based on
the spectrum distance.

4.1 Index construction

A waveform is divided into m segments. Each seg-
ment has n points, where n is the power of two
because the Fast Fourier Transformation (FFT) is
applied to a segment for obtaining the frequency
components. For every segment, the following
procedure is applied to. FFT components are ob-
tained for a segment. FFT components are di-
vided into k segments, which are called frequency
segments. An average value is calculated for each
frequency segment. As FFT components are di-
vided into k frequency segments, k average values
are obtained. These average values are inserted
into a multi-dimensional index as a point in the k
dimensional space. A point has the shot number
and the segment number as its attribute values.
The shot number is the number distinguishing a
waveform from the other ones. The segment num-
ber is the serial number put to a segment in a
waveform. Moreover, an additional file, which is
called the seek file, is used for the quick retrieval.
This file contains the segment information. An
entry of the file contains the k average values of a



(1) Divide a waveform into m segments,
each of which includes n points
(2) Repeat the followings for each of

m segments
(2-1) Obtain FFT components from
a segment

(2-2) Divide FFT components into
k frequency segments
(2-3) Calculate k average values
for the frequency segments
(2-4) Insert the k-dimensional point
having k average values into
a multi-dimensional index
(2-5) Insert k average values and
a segment information into
a seek file

Figure 5: Procedure of index construction

segment. The entries are placed according to the
order of the shot number and the segment num-
ber. If a shot is missing, the entries are filled with
values of zero. Please note that the next segment
of a segment is placed next to it. As a key wave-
form usually contains several segments, we have
to evaluate a series of segments. When a segment
may be the one in a candidate waveform, the other
segments that should be evaluated can easily be
obtained by using the position because the seg-
ments lie in order. The seek file is used for this
purpose. As it decreases the time of looking the
index up, retrieval may have good performance.
The outline of registration of a waveform is shown
in Fig 5.

4.2 Retrieving waveforms

When a key waveform is given, it is divided into
m segments. FFT is applied to each segment
to obtain FFT components, and k average val-
ues of its frequency segments. By using k av-
erage values of the ith segment of a waveform,
where ¢ = 1,---,m, the multi-dimensional index
is looked up to obtain the candidate segments in
the specified region of multi-dimentional space.
Next, the seek file is consulted. The remaining
m — 1 segments of a waveform are obtained by
using the segment found in the above step as the
ith segment. The k average values are obtained
for each segment. The Euclid distance of m seg-

(1) Divide a key waveform into m seg-
ments, each of which includes n
points

(2) For each of m segments, look up
the multi-dimensional index to
obtain candidate segments

(3) Obtain waveforms, each of which
includes a candidate segment

(4) Calculate the index distance

(58) Discard the waveforms having large
index distance

(6) Calculate the spectrum distance

(7) Sort the series of waveforms

Figure 6: Procedure of retrieval

ments is calculated. This Euclid distance is called
the index distance. After the index distances are
calculated for all of the waveforms obtained, those
having large index distance are discarded. FFT
is applied to the segments of the remaining wave-
forms, and the spectrum distances are calculated.
Finally, the waveforms are sorted according to the
order of the spectrum distance. The outline of re-
trieving waveforms is shown in Fig 6.

4.3 Evaluation

The proposed retrieval method is evaluated. The
10,000 waveforms obtained through the fusion
plasma experiments are used. The waveform is
originally consisted of about 130,000 points of data.
A waveform is divided into 256 segments. Each
segment has 512 points. There are 256 * 10,000
segments in a database. FF'T components are di-
vided into 4 frequency segments. The SR-tree[9)]
is used as the multi-dimensional index structure.
As the number of the frequency segments is four, a
segment is stored as a point in a four-dimensional
space. The size of the SR-tree is about 500 MB.
That of the seek file is 39MB.

The key waveform and the waveforms obtained
are shown in Fig. 7. This key waveform has
2048 points. It is divided into four segments (k =
4). The segment of the query range of the muiti-
dimensional index is [-0.12, 0.12] for every dimen-
sion. The value 0.12 is decided experimentally
according to the pre-experiment of the retrieval.
The threshold value of discarding the waveforms
having the large index distance is 0.24 * k. The
value 0.24 is also experimentally decided accord-



Figure 7: The key and the several waveforms
obtained (1).

ing to the pre-experiment of the retrieval. The
number of the final candidates of the retrieval is
307. In Fig. 7, the second, the fourth, the fifth,
the hundredth, and the three hundredth candi-
dates are shown. The third one is not shown be-
cause it is a slightly different series of the key
waveform, and it is very similar to the key one.
It seems that the waveforms obtained are similar
to the key waveform. Another result is shown in
Fig. 8. The key waveform has 8192 points, and is
divided into 16 segments. The second, the fourth,
and the sixth, and so on are not shown because of
the similar reason in the previous result. It also
seems that the waveforms obtained are similar to
the key one.

The retrieval time is measured by varying the
number of the candidates. The number of the can-
didates are changed by using different key wave-
forms. Every waveform has 16 segments. In this
case, it takes 16 hours to create the index, and
creating the seek file takes 20 minutes. The ex-
perimental programs run under Windows XP op-
erating system on a custom-made personal com-
puter composed of Intel Celeron 2.5GHz proces-
sor, 256MB memory, 60GB HDD, of which rota-
tion speed is 5400 rpm.

The result is shown in Fig. 9. The index look-
up time, the seek file access time, and the calcu-
lating spectrum time as well as the total time are

f) 300th

Figure 8: The key and the several waveforms
obtained (2).

shown. When the number of candidates is large,
the time of calculating spectrum distance is dom-
inant. On the other hand, the index look-up time
and the seek file access time are even. Decreasing
the number of candidates seems to be effective for
the performance of retrieval.

0 1000 2000 3000 4000 5000 6000 7000
Number of candldates

Figure 9: Retrieval time and the number of
candidates



5 Discussion

It has been shown that the first several FFT coef-
ficients are the good feature values for the wave-
forms, of which changes are slow[1, 19]. The ab-
solute values of the first several FFT coeflicients
of these waveforms are dominantly large. In this
case, these coefficients are good enough to rep-
resent the feature of the waveforms. These are
considered to be a kind of frequency domain dis-
similarity. The severely-changing waveforms are
mainly treated in this paper. The low frequency
FFT coefficients do not work well as the feature
values for this type of waveform because the peak
values of the FFT coefficients appear at the high
frequency. The spectrum distance considers this
kind of waveform. The high frequency coefficients
are taken into account to the dissimilarity.

The time domain feature values, e.g. PAA[12]
and APCA[11], approximate waveforms by repre-
senting them with the lower frequency step func-
tions. It is considered that these capture the low
frequency tendency of waveforms. This means
that the high frequency components of a wave-
form are discarded.

The proposed retrieval method is developed for
the subsequence matching to waveforms. We have
demonstrated that a series of several segments is
searched in the waveforms, each of which has 256
segments, in the performance evaluation of the
proposed retrieval method.

The retrieval procedure is consisted of two ma-
jor phases. The first one is the pruning phase. A
little bit large number of data are selected from a
database. The second phase is the checking one.
The selected data is examined whether they can
remain in the query result. In this phase, the dis-
tance is calculated by using all of the points in a
series of segments. This is a time-consuming task
as we have seen in the performance evaluation. If
all of the FFT coefficients of all of the segments
are stored in a database or file, this could accel-
erate the speed in calculating the distance. How-
ever, intolerably huge spatial cost will be required.
Balancing the trade-off between the performance
cost and the spatial one is in the future work.

The proposed method uses a file separated from
a multi-dimensional index. This file is called the
seek file. Introducing the seek file could cause
the decrease of the time of looking up the index
as mentioned before. Another reason of adopting
the seek file is that we could use the program for
the multi-dimensional index structure developed
by the other researchers and/or developers. The
methods without using the seek file include the

method obtained by modifying the program for
the multi-dimensional index structure in order to
make the sequential access of segments possible.
This may be another solution.

6 Conclusion

This paper experimentally clarifies that the spec-
trum distance works well as the dissimilarity of
waveforms of which changes are severe and/or
quick. The spectrum distance is the distance in
the frequency domain. This distance is evaluated
by using precision and recall. A method of re-
trieving similar waveforms is also proposed. A
waveform is divided into several segments. FFT
is applied to a segment. FFT components are di-
vided into several segments (frequency segments).
A feature value is calculated for each frequency
segment. We adopt an average value of the FFT
components in a frequency segment as the feature
value. A segment is managed as a point in a high
dimensional space by using a multi-dimensional
index. The feature values of all of the segments
are also stored in a file (seek file) according to
the order of the segments. Owing to this file, the
time of accessing the index can be decreased. The
retrieval experiments show that the similar wave-
forms can be obtained, and decreasing the num-
ber of the candidates retrieved may be effective
for the retrieval performance. :

The spectrum distance works well for the wave-
forms described above. It may not, however, work
for the waveforms, of which changes are slow. For
this type of waveform, the phase information as
well as the amplitude one have to be considered.
The application of the spectrum distance to the
slowly changing waveforms is one of the future
works. The proposed retrieval method divides a
waveform into several segments. The position of
dividing a waveform may cause another type of
dismissals. Revealing the relationships between
the position of the division and the accuracy of
the retrieval is also in the future works.
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