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ABSTRACT

An integral part of the Comprehensive Nuclear Test Ban Treaty monitoring is an international infrasonic monitoring
network that is capable of detecting and verifying nuclear explosions. Reliable detection of such events must be made from
data that may contain other sources of infrasonic phenomena. Infrasonic waves can also result from volcanic eruptions,
mountain associated waves, auroral waves, earthquakes, meteors, avalanches, severe weather, quarry blasting, high-speed
aircraft, gravity waves, and microbaroms. This paper shows that a feedforward multi-layer neural network discriminator,
trained by backpropagation, is capable of distinguishing between two unique infrasonic events recorded from single station
recordings with a relatively high degree of accuracy. The two types of infrasonic events used in this study are volcanic
eruptions and a set of mountain associated waves recorded at Windless Bight, Antarctica. An important element for the
successful classification of infrasonic events is the preprocessing techniques used to form a set of feature vectors that can be
used to train and test the neural network. The preprocessing steps used in our analysis for the infrasonic data are similar to
those techniques used in speech processing, specifically speech recognition. From the raw time-domain infrasonic data, a
set of mel-frequency cepstral coefficients and their associated derivatives for each signal are used to form a set of feature
vectors. These feature vectors contain the pertinent characteristics of the data that can be used to classify the events of
interest as opposed to using the raw data. A linear analysis was first performed on the feature vector space to determine the
best combination of mel-frequency cepstral coefficients and derivatives. Then several simulations were run to distinguish
between two different volcanic events, and mountain associated waves versus volcanic events, using their infrasonic
characteristics.

Keywords: infrasound, comprehensive nuclear test ban treaty, volcanic eruption, mountain associated waves, neural
network, partial least squares, cepstrum

1. INTRODUCTION

1.1 Statement of the problem

Reliable monitoring of nuclear explosions is the main objective of the Comprehensive Nuclear Test Ban Treaty (CTBT)'.
An integral element of the CTBT International Monitoring System (IMS) is an infrasonic23 monitoring network that is
capable of detecting and verifying nuclear explosions. Reliable detection of such events must be made from data that may
contain other sources of infrasonic phenomena such as volcanic eruptions, mountain associated waves, auroral waves,
earthquakes, meteors, avalanches, severe weather, quarry blasting, high-speed aircraft, gravity waves, and microbaroms'.
This paper investigates the feasibility of using a feedforward multi-layer neural network, trained by backpropagation, to
discriminate between different infrasonic events. In the interest of working toward the development of a robust neural
network for detecting and classifying nuclear explosions from infrasonic data, we have studied the feasibility of
discriminating between two different volcano events4, and volcano activity versus mountain associated waves5, using their
infrasonic signatures. The data were collected from a single station at Windless Bight, Antarctica. Preprocessing methods
used to extract a set of cepstral feature vectors from the raw time-domain infrasonic data, similar to those used in speech
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recognition, proved to be very useful. Using the raw time-domain data without preprocessing never yielded results better
than approximately 50% correctclassification of the total events tested using the neural network.

1.2 Infrasound and sensing infrasonic waves
Infrasonic waves are sub-audible acoustic waves typically in the frequency range 0.01 <f < 10 Hz, and can result from
many natural and man—made phenomena2'3. Infrasound sensors typically have a bandwidth of 0.01 to 10 Hz. It has been
discovered that elephants (and possibly other animals) communicate using infrasound6. An infrasonic sensor was first
operated by the US Army in the early 1950's, and later a system of geographically distributed stations was operated by the
Us Air Force. This network was designed to record pressure changes in the atmosphere resulting from atmospheric nuclear
expIosions. These early infrasonic events were recorded on strip charts and manually analyzed, resulting in a labor
intensive infrastructure. This led to the system being terminated in the early 1970's as a result of complementary satellite
coverage being available. The infrasonic technique, however, is being resurrected as one of the principal techniques to be
used for monitoring atmospheric nuclear explosions under the CTBT. Monitoring CTBT compliance will require high
confidence identification of any nuclear explosions in the atmosphere, underwater, underground or in space amidst
significant background noise. To help achieve verification of compliance with its provisions, the treaty specifies an
extensive monitoring system comprised of infrasonic, seismic, hydroacoustic, and radionuclide sensors. Analysis of these
data elements plays a critical role in an effort to monitor and verify the comprehensive ban on nuclear explosions. For the
infrasonic network, experts now recommend a frequency range of 0.02 Hz to 5.0Hz for the sensors.

1.3 Windless Bight, Antarctica sensing system

In general, infrasound sensor stations consist of an array of sensors that measure pressure variations in the air. The data
used in this study were recorded in 1982 and 1983 at Windless Bight, Antarctica. The infrasound station at this location
consists of 4 sensors (F-array), see Fig. 1 for the sensor array configuration. At each of the sensors in the array, indicated
by CHF1, CHF2, CHF3, and CHF4, there are four 300ft long pipes, consisting of 2in diameter PVC sections. These pipes
serve as noise reducing space filters to reduce wind noise. Each section is plugged at the end and the pipes are perforated
with inlet port holes with a diameter of O.Olin every 5ft. The pipes are center tapped and communicated with the
transducer at the individual sensors in the array through a length of rubber hose. Each of the array sensor elements consists
of a National Bureau of Standards (NBS) N-3 microphone connected to the noise reducing space filters. The transducers
are capacitive diaphragms referenced to an insulated backing volume. Each capacitive microphone is arranged in one leg of
a Wien bridge oscillator that is tuned to a center frequency of approximately 1500 Hz. The pressure variation is used to
phase modulate an audio carrier which in turn modulates VHF radio transmitters that telemetered the signals to a recording
station.
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Figure 1: Windless Bight, Antarctica infrasound sensor array configuration.
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The noise reducing space filters have dimensions smaller than the wavelengths of the nuclear infrasound signals
(acoustic wavelengths greater than 1km) and dimensions larger than the scales of turbulent eddies producing pressure noise.
Therefore, they can average pressure fluctuations from the eddies and not affect the signal acoustic waves, which appear
coherently over the spatial filter. This can typically improve the signal-to-noise ratio (SNR) by 20 dB.

2.0 DETAILS OF THE INFRASOUND DATA

The data sets used in this study are a subset of signals from historical digital data which includes a variety of infrasonic
signals (or events) recorded over a three year period8'. The events analyzed were recorded from single station recordings
and include two distinct volcanic events and several mountain associated waves (MAW) recorded at Windless Bight,
Antarctica. The two volcanic sources were produced by large eruptions of El Chichon in central Mexico and Galunggung
in Java in 1982. The source for the MAW recorded at Windless Bight, Antarctica in 1983 correspond to the azimuth band
associated with mountains in New Zealand. Tables 1 and 2 show the recorded dates and times for each of the events, where
each sample number corresponds to a set of four simultaneously recorded signals, one for each channel of the array. In this
study, we analyzed a total of 1 12 volcanic signals and 96 MAW signals. The 1 12 volcano signals consist of 28 volcano
events, and the 96 MAW signals consist of 24 MAW events, i.e., there are 4 signals per event from the 4 sensors in the F-
array, see Fig. 1. For the volcano events, 6 are for the eruption of the El Chichon volcano and 22 are for the volcano
eruption in Galunggung. When dividing up the data for training and testing the neural network, the four channel signals
are kept together. The infrasonic data were sampled with a nominal sampling frequency of 1 Hz.

Table 1. Recorded Volcanic Wave Data.

volcano L)ata
ampk

#
Date Start

Time
End
Time

VeIocit'
(m/sec

'zimuth
(Deg)

SampIr
#

Date Start
ime

End
Time

Velocity
(m/sec)

Azimuth
(Deg)

1 3/29/82 16:47 16:59 279 92 15 4/5/82 4:13 4:25 324 288
2 3/29182 7:16 17:28 318 104 16 4/5/82 4:26 4:38 322 287
3 3/29/82 ZL?. 17:41 320 101 17 4/5/82 4:39 4:51 329 286
4 3/29/82 L;4. 17:56 310 103 18 4/5/82 4:52 5:04 330 283
5 3/29/82 jQ 326 108 19 4/5/82 j7 327 283
6 3/30/82 7:43 7:55 299 305 20 4/5/82 5:24 5:36 319 282
7 3/30/82 8:02 187 353 21 4/5/82 5:37 15:49 322 278
8 3/30182 8:03 8:15 310 300 22 4/5/82 5:48 16:00 332 284

3/30/82 8:25 8:37 300 295 23 4/5/82 6:03 16:15 331 284
3/30/82
4/4/82

8:36
14:27

8:49
14:40

310
306

290
109

24
25

4/5/82
4/5/82

6:3
6:47

16:43
16:59

319
352

278
285

J?__ 4/5/82 13:23 13:35 305 280 26 4/5/82 7:0 17:11 332 283
13 4/5/82 13:38 13:50 325 287 27 4/5/82 7: 17:24 330 277
14 45/?? 14:05 314 289 28 4/5/82 :3 12 436 290

—
Table 2. Recorded Mountain Associated Wave Data.

Mountain_Associated Wave Data
Sample Date Start End Velocity Azimuth Sample Date Start End Velocity Azimuth

# Time Time (rn/see) jDeg # Time Time (m/seç (Deg)
1 3/24L83 23:33 23:45 370 3 13 3/25/83 4:04 4:16 364 2
2 3/25/83 0:01 0:12 354 5 14 3/25/83 4:19 4:31 339 1

3 3/25/83 0:22 0:34 362 4 1 5 3/25183 4:43 4:54 321 4
4 3/25/83 fl:45 0:57 335 6 1 6 3/25/83 5:23 5:35 353 358
5 3/25/83 :00 1 :1 2 346 7 1 7 3/25/83 5:38 5:50 333 1

6 3/25/83 1 :28 1 :40 348 5 1 8 3/25/83 5:53 6:05 357 2
7 3/25/83 1 :43 1 :55 355 4 1 9 3/25/83 6:08 6:20 344 3
8 3/25/83 2:43 2:55 354 5 20 3/25/83 6:23 6:35 344 3
9 3/25/83 3:00 3:12 713 306 21 3/25/83 6:40 6:52 350 2
1 0 3/25/83 3:19 3:31 343 4 22 3/25/83 7:03 7:1 5 346 359_
1 1 3/25/83 3:34 3:46 352 358 23 3/25/83 7:21 7:32 352 0
12 3/25/83 3:49 4:01 350 3 24 3/25/83 7:44 7:56 358 359

3.0 SIGNAL PROCESSING DETAILS

There are two major signal preprocessing steps taken before training and testing the neural network. The first is to
beamform the 4 channels of data for each event, this will time-align the signals to a common reference. The second pre-
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processing step is necessary to extract the essential features from the data. This feature extraction process can dramatically
enhance the performance of the neural network.

3.1 Beamforming
Beamforming the signals in the array will result in a set of waves that are adjusted to compensate for the signal time lag
over the distances between the sensors in the array. The geometry of the F-array used is shown in Fig. 1. Compensating for
the time lags results in the 4 signals from the different channels to be aligned to an arbitrary, yet common, time-
synchronized reference point (this is CHF 1 in Fig. 1). Geographical coordinates of the Windless Bight F-array elements
were extracted from the appropriate site table8. The distance from sensor ito the reference point is calculated using (1).

it it
DNORM = XDIS sin(BEAMAZ—) + YDIS cos(BEAMAZ—)

180 180
(1)

where DNORM is the distance (km) from the sensor to the reference point, XDIS is the East-West distance (km) from the
reference point, YDIS is the North-South distance (km) from the reference point, and BEAMAZis the beam azimuth
(degrees). The sample offset for each trace, to account for the time difference associated with the speed of the wave front
with respect to the sampling period of the sensor, is calculated using (2).

SO.=DNORM. (2)
1 1 BEAMV

where SO is the sample offset, SR is the sampling frequency (Hz) and BEAMV is the beam velocity (mis)'°. The first
channel, or CHF1, serves as the reference point for the array configuration and the other three channels are referenced in
terms of the separation distance with respect to channel 1 in units of kilometers (these are the numbers appearing below the
channel identification in Fig. 1). The computed sample offsets, SOS,shift the waveforms from each of the channels to align
them with the wavefront at channel 1. The raw time-domain signals are "padded" with an appropriate number of zero
amplitude time samples before application of the beamforming. This will ensure that no information is lost during the
adjustment of the signals. Figure 2(a) shows a set of 4-channel signal recordings for the Galunggung, Java volcano
eruption in 1982 before beamforming, and Fig. 2(b) shows the same set of signals after beamforming. The zero padding can
be seen in the beamformed signal in Fig. 2(b).

E

Figure 2: (a) Set of 4-channel signals from the Windless Bight, Antarctica infrasound sensor array before
beamforming for the Galunggung, Java volcano eruption in 1982. (b) Same 4 signals after beamforming.
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3.2 Feature extraction

The feature extraction techniques used in our analysis of the infrasonic data are similar to methods used in speech
processing, specifically speech recognition. Although the two phenomena are quite different, there are, however,
characteristics that are similar. For example, even though there are obviously differences in the channel or propagation
media and the frequency ranges of interest, there are similarities in some of the sources. Human speech sounds can result in
3 distinctive ways11. (i) Voiced sounds are produced by forcing air through the glottis with the tension of the vocal cords
adjusted so they vibrate. This produces quasi-periodic pulses of air which excite the vocal tract. (ii) Fricative or unvoiced
sounds are formed by a constriction at some point in the vocal tract, usually toward the end of the mouth. Air is forced
through the constriction at a velocity high enough to produce turbulence. This produces a broad-spectrum noise source that
excites the vocal tract. (iii) Plosive sounds result from pressure buildups behind a closure toward the front of the vocal tract
and then they are abruptly released. There are similarities with certain sources of infrasound compared to how these human
speech sounds are created. The obvious similarity is between a volcanic eruption compared to a human voice. There have
been many methods used to represent human speech for the purpose of speech recognition, such as feature vector
representations in the form of linear predictive coding (LPC) coefficients, cepstral coefficients and their derivatives, and
hidden Markov model (HMM) parameters, to name a few'2. Our approach to form feature vector representations of the
infrasonic data is based on cepstral coefficients and their derivatives. Including the cepstral derivatives, known as the delta
cepstrum'3, along with the cepsiral coefficients adds diversity in capturing the transitional information in the signal'2.

The preprocessing carried out on the raw infrasonic data is intended to extract the pertinent "features" of the data that
can be used to classify the events of interest as opposed to using the "raw" time-domain data. The following preprocessing
steps were carried out on the raw time-domain signals to develop feature vectors that can be used for training and testing.

Feature Extraction Steps:

(i) Remove (subtract) the mean value from the signal.

(ii) Hamming window applied to the signal.

(iii) Compute the power spectral density (PSD) of the signal.

(iv) Mel-frequency scaling applied to the PSD'4. This is an adaptation of the cepstrum'5 of a signal used for speech
signals, specifically utilized in speech recognition applications. Given the PSD from the previous step, S(k) (where
k is a discrete frequency), it is modified according to

Sm (k) = cdog[fS(k)] (3)

where a = 1125 and f3 = 0.0016 . These are standard (empirically determined) values used for mel-scaling speech

data, and were initially applied to the infrasonic signals. We have determined a better value for the log scaling factor

1 for processing infrasonic data. This value is presented in Section 4.3.

(v) Given 5m (k) from the previous step, the discrete inverse cosine transform'5 is taken to yield

1N-1
xm(n) = — Sm(k)co5(27CkflIN) , for n = 0, 1, 2, N - 1 (4)

N

where N is the total number of time domain samples.

(vi) Take the derivative (using the difference operator) of the sequence xm(n) i.e., 4,(n).

(vii) Concatenate the derivative sequence, x (n) , with the cepstral sequence, xm (n) , to form the augmented sequence

x = [x (n) I Xm (n)J

In Sections 4.2 and 4.3, various combinations of cepstral coefficients and the derivatives are analyzed using PLS
regression to determine the best set of features to retain for the feature vector representations of the infrasonic data.

(viii) Take the absolute value of the elements in the sequence x (n) to give

xrn abs = Ix,I (5)
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(ix) Next take the loge of x abs from the previous step to give

abs,log 1og[x abs' (6)

(x) Finally, scale the entire data set with respect to the largest amplitude.

We consider two variations of the feature vector representations for infrasonic signals using the feature extraction steps
given above. The first utilizes all of the steps given above to form the feature vectors, whereas the second uses steps (i)-(vii)
and (x). The second logarithm in step (ix) reduces the possible large dynamic range of the data.

4. PARTIAL LEAST SQUARES REGRESSION

4.1 Partial least-squares overview

Partial least-squares (PLS) regression'6 is used to determine the best combination of cepstral coefficients and derivatives to
form the feature vectors. PLS exploits the salient features of the signals and provides the best estimate, or prediction, based
on a linear calibration model. PLS is a factor analysis based method that allows only those features of interest to be
extracted from the data and retained, without a priori knowledge of the physical process, and discard those features that are
associated with noise or components in the data that are not of interest. PLS will always yield better predictions than
classical least-squares (CLS). A thorough review of PLS regression can be found in the paper by Ham & Kostanic'6 and
Martens & Naes'7. The standard PLS algorithm consists of two parts, development of a calibration model, and prediction
using the calibration model. The best method to develop a good calibration model is based on independent validation'6"7.
Given a statistically representative set of data from the process, this data set is divided into a training set and test set. This
is the same approach taken to train and test a neural network. We will assume for the moment that there is a single target
value for each measurement. The optimal number of factors to retain is based on computing the standard error of prediction
(SEP) for successive models using different numbers of factors.

The training set consists of the data in (Atrain Ctr,,zn) where Atrain E mfrWflxn has the input training

vectors::
rows ( mfrW 5 the number of training vectors and n is the number of components in each vector), and CtrajnE iR frain

is a vector of associated target values. The independent test set consists of the data in (A, ,Cte 1 The SEP is used to

compute a quantitative measure of how well each model (based on different numbers of PLS factors) can predict the test
data target values, Ctest from the independent test set. The SEP is given as

SEP = ( : (Cites: itest)2 /mtest}''2 (7)
itest=1

where Cest 5 the i reference (or actual) test target value, is the PLS prediction (or estimate) of and mte
is the total number of test measurements or signals (or feature vectors). The SEP can be used to determine the optimal

number of PLS factors (h°) to retain for the development of the calibration model. A set of calibration models are
generated for a range of PLS factors, h =1, 2, • . . , q , using the training data set tAtraj,, Ctrain} Using the set of q

calibration models, the test data set {Ate Cte I used to assess the predictive performance of each calibration model for

different numbers of PLS factors by computing the SEP for each model. The selection of h° is determined by observing the
SEP values as a function of the number of PLS factors. The number of factors associated with the minimum SEP will

indicate the optimal number of PLS factors, i.e., h° ,given by
0 1 .r 1 0 1h =

1h
: SEP,, = mznSEP(h)j V h = 1,2,•••,h , •..,q1 (8)

When more than one target value exists for each measurement (or feature vector), the predicted residual error sum of
squares (PRESS) is used. This is a weighted sum of the squares of the prediction errors for all target values. All of the PLS
simulations were run using the appropriate functions in the MATLAB Chemometrics Toolbox.
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4.2 Feature vector analysis using PLS
Table 3 shows the results from the initial PLS analysis performed on the 1 12 preprocessed infrasonic volcano signals. The
preprocessing performed involved steps (i)-(x). The amplitude scaling in step (x) involved dividing each feature vector
element by the vector's largest amplitude. The data set was divided equally to form the training and test sets. Using these
data sets, our analysis considered only eight different feature vector configurations for both the unfiltered and pure-state
filtered signals1. The pure-state filter algorithm removes incoherent noise from the signal'8. Both cross-validation17 and
independent validation17 approaches were carried out in order to confirm using the independent validation approach.

Table 3. Initial PLS Feature Vector Analysis
[For Testing: El Chichon Volcano (12 Events) versus Galunggung Volcano (44 Events)].

Unfiltered Data Pure-State Altered Data
Feature Vectors Cross Validation Independent VáiTdatio Cross Validation Independent Validatioi

Derivative Cepstrai Mm PRESS # Factors Mm PRESS # Factors 1in PRES # Factors Mm PRES # Factors
10 10 0.041 9 0.0575 11 0.0449 11 0.0433 7
10 20 0.0367 14 0.0641 7 0.0399 14 0.0739 8
5 20 0.0358 9 0.075 3 0.0393 22 0.0841 1

25 25 0.033 16 O.O7 16 0.0362 18 0.0856 1

15 25 O.i'318 11 o.c625 10 0.0338 13 00838 1

15 35 0.0339 21 0.0672 15 0.0367 14 0.0839 1

20 40 0.0364 14 0.0671 13 0.0368 15 0.0852 1

20 70 0.0397 7 0.0843 1 0.048 7 0.0843 1

Cross-validation involves using the entire data set for training and testing by leaving one training vector and target value
out at a time and developing a calibration model on the rest of the data. The data left out is then used to test the model.
This is done until all of the data is used. The target values used were two 4-element binary output vectors, i.e.,

[i o 0 01T El Chichon and {o o o 1]T Galunggung (9)

From Table 3 we see that cross-validation and independent validation performed almost the same. Independent validation
is used for all other analyses. Also from Table 3 we see that the pure-state filter results did not perform as well as the
unfiltered results. The PRESS and the percentage of correctly classified events were used together as a measure of
performance. Table 4 shows the details of the PLS results (i.e., percent of the events correctly classified) corresponding to
the different feature vectors shown in Table 3. From both Tables 3 and 4, the combination of 15 cepstral derivatives with
25 cepstral coefficients yielded the best results (based on the cross-validation results from Table 3 and independent
validation results from Table 4), this is shown in bold in the tables. Figure 3 shows four representative feature vectors (15
cepstral derivatives with 25 cepstral coefficients) for each of the volcanic events of El Chichon and Galunggung.

Table 4. PLS Feature Vector Performance Analysis Results
[For Testing: El Chichon Volcano (12 Events) versus Galunggung Volcano (44 Events)].

Feature Vectors El Chichon Gaiunngunp Overall El Chichoi 3alunngunç Overall
Derivativa Cepstrah Mm PRES # Factors Correct Correct Percent Mm PRESfl # Factors Correct Correct Percent

10 10 0.0575 11 5 35 71 0.0433 7 12 6 32
10 20 0.0641 7 10 27 66 0.0739 8 12 8 36
5 20 0.075 3 1 1 30 73 0.0841 12 2 25

25 25 0.0729 16 9 27 64 0.0856 12 2 25
15 25 0.0625 10 10 31 73 0.0838 12 10 39

15 35 0.0672 15 8 28 64 0.0839 1 12 6 32

20 40 0.0671 13 10 30 71 0.0852 1 12 2 25
20 70 0.0843 1 6 18 43 0.0843 1 0 39 70

(1) The pure-state filter is applied to the raw time-domain data before the preprocessing steps are performed to generate the feature
vectors.
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Figure 3: Volcano feature vectors, 15 cepstral derivatives, 25 cepstral coefficients, (a) El Chichon, (b) Galunggung.
4.3 Log scale factor (1) andfeature vector analysis using PLS
Because of the difference in the frequency ranges of infrasonic and speech signals, the log scale factor, f in (3), should be
re-evaluated for infrasonic signals. Along with re-evaluating the fconstant, we also determined a better combination of
cepstral coefficients and cepstral derivatives. As in the previous analysis, 1 12 preprocessed infrasonic volcano signals were
used, and divided equally into a training set and a test set. The preprocessing performed on the data was different compared
to the previous case. First of all, steps (viii) and (ix) in Section 3.2 were not carried out, and the scaling performed on the
data was done with respect to the largest amplitude in the entire array of data. Therefore, all elements in each feature
vector are divided by the same value (i.e., the largest amplitude in the entire data array). Our preliminary analysis indicated
that up to ten cepstral coefficients and up to ten cepstral derivatives are sufficient to offer a set of good feature vectors for
proper characterization of the infrasound data for training and testing. Therefore, the subsequent detailed analysis involved
using PLS regression to determine the best combination of cepstral coefficients and cepstral derivatives, where each ranged
from one to ten, along with a range of the log scale factor f3from 10' to iO. Therefore, within these ranges, the combined
PLS analysis considered all possible combinations of cepstral coefficients and cepstral derivatives, and the log scale factor.
The target values used in this analysis were two 2-element binary output vectors, i.e.,

[i 01T El Chichon and [o 11T Galunggung (10)

As before, the PRESS and the percentage of correctly classified events were used together as a measure of performance.
Table 5 shows a subset of the PLS analysis results for an 8/10 feature vector combination of cepstral derivatives/cepstral
coefficients. From Table 5, for f=0.000003, the minimum PRESS was achieved and the best percentage of correctly
classified events occurred. Therefore, in Section 5.2 the neural network results are presented for the 8/10 feature vectors
using a log scale factor of f=0.000003.

Table 5. Subset of the Results for the Log Scale Factor () and Feature Vector PLS Analysis
(8 Cepstral Derivatives/lO Cepstral Coefficients).

El Chichon Galunggunq______ Overall
Compression

Factor
Mm

PRESS
Number of

Factors
Correct Total Percent Correct Total Percent Percent

0.01 0.1153 3 6 12 50 37 44 84 77
0.0016 0.1089 3 8 12 67 37 44 84 80
0.001 0.1079 3 8 12 67 37 44 84 80
0.0001 0.1047 3 9 12 75 37 44 84 82
0.00001 0.1033 3 9 12 75 37 44 84 82

0.000003 0.0659 15 1 1 12 92 44 44 100 98
0.000001 0.1027 3 9 12 75 38 44 86 84

5. NEURAL NETWORK APPROACH
Given that infrasonic data can contain nonlinear effects, it seems prudent to explore the use of a nonlinear discriminator.
Here we consider a feedforward multi-layer perceptron (FFMLP) neural network trained by backpropagation (BP)19. Figure
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4 shows the architecture of this type of neural network. For all of the simulations that wererun, two hidden layers were
used in the FFMLP. For every neural network simulation, the initial weights and biases of the network were set with a
hard-limiting activation function'9 using the MATLAB Neural Network Toolbox function "initff". For training and
testing, all three layers have a log-sigmoid activation function'9. The Neural Network Toolbox function "trainbpx",
used to train the neural networks, was modified to randomize the ordering of the input vectors every training epoch. This
training function adaptively adjusts the learning rate parameter based on a user supplied initial value. The Neural Network
Toolbox function "simuff" was used to simulate the trained network for the testing phase. The error goal (Sum Squared
Error - SSE) can be specified by the user in the "trainbpx" function. This is indicated in the tables that are presented
showing the simulation results.

(activity
level

(weight maine vector (weight match (activity (weight matrix
for layev 1) for foe layer 2) level for layer 3)

(t layer 1) (21 2 (3) (activity
W=Iw.] (1) W1w°J far W[w°] level, 1' = [v. I 'i layee2) '

vectoe
-

(2)= [v Ix r layer3)I
(3)V =[v I

X2

(3)

x3 : f(•)
. mp

: 'X0,2E9(P
xn

x•79(nhl£. Laa &h_________
Input First Hidden Layer Second Hidden Layer Output Layer Reoponae

Vector ,, Neuroou p Nearona as Neurons Vector
Pattern (Output)

XE9' yE9mxl
Figure 4: Feedforward multi4ayer perceptron (FFMLP) neural network architecture.

5.1 Neural network simulation results I

The results presented in this section correspond to the 15/25 (cepstral derivatives/cepstral coefficients) feature vector
combination discussed in Section 4.2. We considered several network topologies for the FFMLP trained by B?. In each
case, the same data sets were used for training and testing that were used to generate the PLS results in Section 4.2,
including the same target values, i.e., the two 4-element binary output vectors shown in (9). The initial learning rate
parameter was set to 0.0001 and the momentum parameter was set to 0.9. From Table 6 we see that a 40/20/4 layer
network performed the best. The percentage of correctly classified total events is 88%. This is much better than the PLS
results indicated in Table 4 (73%). The first two entries in Table 6 indicate a very important result that can occur when
training this type of neural network. The error goals in these cases were set much lower and the result was poorer
performance (less percentage of correctly classified total events). This can be attributed to overtraining°, or overfitting of
the training data.

Still considering the 15/25 (cepstral derivatives/cepstral coefficients) feature vector combination, the first ten MAW
events from Table 2 were included in the data set along with all volcano infrasound data. We now desire to distinguish
between a MAW event and a volcano event. The volcano data set now consists of both volcano events, i.e., both El Chichon
and Galunggung are considered to be one volcano event. This data set (112 volcano signals and 40 MAW signals) was
equally divided into training and test sets, i.e., 76 training and 76 test signals. The data were preprocessed using the same
steps in Section 4.2. The only difference in this case is two 2-element binary output vectors are used, i.e.,

[i 01T = Volcano and [o 11T = MAW (11)
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Table 6. Subset of the FFMLP Neural Network Performance Results Using
15 Cepstral Derivatives and 25 CepstralCoefficients from the PLS Analysis Results in Section 4.2

[For Testing: El Chichon Volcano (12 Events) versus Galunggung Volcano (44 Events)]

Number of Neurons Training_Information El Chichon Results Galunqqur Results
Layer _____ Error Epochs onverge Correct Total Percent Correct Total Percent

First Seconc Output Goal ________
Hkiden Hidden _____ _____ _____ Total %

40 20 4 0.001 288489 yes 7 12 58 38 44 86 80
40
40

20
20

4
4

0.005
0.01

183602
179720

yes
yes

10
11

12
12

83
92

38
38

44
44

86
86

86
88

40 20 4 0.05 181650 yes 8 12 67 38 44 86 82
40 20 4 0.1 171614 yes 9 12 75 37 44 84 82
40 40 4 0.1 92461 yes 8 12 67 34 44 77 75
40 40 0.3 1 00000 no NA 1 2 NA NA 44 NA NA
40 80 4 0.1 100000 no NA 12 NA NA 44 NA NA

A 40/80/2 layer FFMLP neural network architecture was used. For training the neural network, the error goal was set to
SSE=O.1. However, this goal was not reached and training was terminated at 25,000 epochs (the final error goal was
1.34378). The initial learning rate parameter was set to 0.0001 and the momentum parameter was set to 0.9. The final
results for the neural network were 50 of 56correct classifications for the volcano event, and 19 of 20 correct classifications
for the MAW (total percentage of correctly classified events is 91%). PLS was also run on this data (no. factors=15), and
the final results were 52 of56 correctclassifications for the volcano event, and 18 of 20 correct classifications for the MAW
(total percentage of correctly classified events is 92%). Therefore, the two classifiers performed almost the same. Figure 5
shows a scatter plot of the outputs for the two different classifiers. Even though PLS correctly classified more events than
the neural network, the FFMLP neural network appears to be more robust, see Fig. 5. However, recall that the feature
space, i.e., 15/25 (cepstral derivatives/cepstral coefficients), was arrived at as a good combination of features based on the
PLS analysis detailed in Section 4.2. This was for PLS discriminating between the two different volcanic eruptions. There
may be a better set of features for the neural network that can yield better results than 92% total correct event classification
using PLS.
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0.5
-0.5 0 1
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Figure5: Neural network versus PLS classification results for 15/25 feature vectors, volcano versus MAW.
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5.2 Neural network simulation results II

354

The results presented in this section correspond to the 8/10 (cepstral derivatives/cepstral coefficients) feature vector
combination discussed in Section 4.3. The same data used to obtain the results in Section 4.3 are now used to train and test
different FFMLP neural network architectures. Recall that a new log scaling factor (f3=0.000003) is used in the data
preprocessing phase, and the target vectors are taken as in (10). The initial learning rate parameter was set to 0.01 and the
momentum parameter was set to 0.9. Table 7 summarizes the significant results. From the table we see the best results
obtained were for the 9/9/2 layer FFMLP neural network architecture. In this case the error goal of SSE=O. 1 was not met,
however, allowing the training to stop at a total number of epochs of 100,000 was sufficient to obtain a total percentage of
correctly classified events of 100%. From Table 5, the best PLS results were 98% total correct events. For each architecture
entry in the table, i.e., the number of neurons in the layers, a new set of initial weights and biases was used. It is evident
from the results that the initial conditions can make a significant difference in the results. For example, comparing the first
9/9/2 layer results with an SSE=O. 1 (this is two rows above the row for the best results obtained) we see that for only 190
more training epochs than the best results, these results are worse (93% total correct event classification).

Table 7. Subset of the FFMLP Neural Network Performance Results Using
8 Cepstral Derivatives and 10 Cepstral Coefficients from the PLS Analysis Results in Section 4.3

[For Testing: El Chichon Volcano (12 Events) versus Galunggung Volcano (44 Events)]
Number of Neurons Training_Information El Chichonflesults yResuIts Overall

Layer Error
Goal

Epochs
(Cumu-
lative)

Actual
Error

(SSE)

Correct i&i Percent Correät Tiii Percent Percent
First

Hidden
Seconc
Hidden

Output

1 8— 2 0. 1

0.01
1 76674
187488

0.098901
0.009993

1 0

10
12
12

83
83

42
43

44
44

95
98

93
95

309151 0.000999 10 12 83 44 44 100 96
9 9 2 1 .5 1 1 73 1 .49273 1 1 1 2 92 44 44 1 00 98—

1.3 2201 1.2997 11 12 92 44 44 100 98
•1 8543 0.99389 1 1 12 92 44 44 1 00 98

0.5 20612 0.49646 9 •-:ir 75 44 44 100 95
— 0. 1 1 001 90 0.0992 9 12 75 43 44 98 93
0.05 •1 1 6456 0.04976 9 12 75 44 44 1 00 95

9 9 2 0.1 100000 1.128 12 12 100 44 44 100 100
9 9 2 0.1 141291 1.363 12 12 100 44 44 100 100
9 1 8 2 2 8341 1 .99982 11 12 92 44 44 1 00 98
9 18 2 1 3772 0.999919 1 12 92 44 44 100 98
9 18 2 0.5 7186 0.498984 1 12 92 44 44 00 98
9 18 2 0.1 11896 0.09998 1 12 92 44 44 00 98

0.01 13892 0.00998 11 12 92 44 44 iOO 98
0.001 1 61 66 0.000998 11 12 92 44 44 1 00 98

9 12 2 0.1 14770 0.09975 10 12 83 44 44 100 96
— 0.01__ 22074 0.00995 10 83 44 44 100 96

0.001 27921 0.000998 10 12 83 44 44 100 96
6 6 2 0.1 50000 1.41622 11 12 92 44 44 100 98

Still considering the 8/10 (cepstral derivatives/cepstral coefficients) feature vector combination, all of the MAW events
from Table 2 were included in the data set along with all volcano infrasound data. We now desire to distinguish between a
MAW event and a volcano event. The volcano data set now consists of both volcano events, i.e. ,both El Chichon and
Galunggung are considered to be one volcano event. This data set (1 12 volcano signals and 96 MAW signals) was divided
into training and test sets as follows: 1 12 training signals (56 volcano events and 56 MAW events), and 96 test signals (56
volcano events and 40 MAW events). The data were preprocessed using the same steps in Section 4.3, along with the same
2-element binary output vectors shown in (1 1). Table 8 shows the different FFMLP neural network architectures considered
and the performance results. For all of the neural network training scenarios, the initial learning rate parameter was set to
0.01 and the momentum parameter was set to 0.9. The best results obtained are for the 18/9/2 layer neural network
architecture, with a total percentage of correctly classified events of 72% (32/56 volcano events classified correctly and
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37/40 MAW events classified correctly). Using PLS regression (no. factors=3), the total percentage of correctly classified
events is 92% (5 1/56 volcano events classified correctly and 37/40 MAW events classified correctly). Therefore, PLS was
able to correctly classify 19 more volcano events than the neural network. Recall that the feature space, i.e., 8/10 (cepstral
derivatives/cepstral coefficients), was arrived at as a good combination of features based on the PLS analysis detailed in
Section 4.3. Also this was for PLS discriminating between the two different volcanic eruptions. However, this set of
features may not be the best for the neural network to classify the two events (volcano versus MAW). There may be a better
set of features for the neural network that can yield better results than 92% total correct event classification using PLS.
Figure 6 shows a scatter plot of the outputs for the two different classifiers.

Table 8. FFMLP Neural Network Performance Results Using
8 Cepstral Derivatives and 10 Cepstral Coefficients

[For Testing: Volcano (56 Events) versus MAW (40 Events)]
Number of Neurons Training_Information VolcanoResults MAW Results Overall

Layer Error
Goal

Epochs
(Cumu-

SSE Correct Total Percent Correct Total Percent Percent
First Seconc Output

Hidden Hidden lative)
18 18 2 01 100000 46.65 8 56 14 34 40 85 44
18 36 2 •—: 100000 42.85 12 56 21 35 40 88 49
18 9 2 0. 1 100000 31.92 32 56 57 37 40 93 72

—o: i 20000 38.24 27 56 48 37 40 93 67

—a:i— 140000 51.61 18 56 32 30 40 75 50
9 9 2 •—: iooooo 39 27 56 48 36 40 90 66

9 18 2 0. 100000 55.26 6 56 11 36 40 90 44
18 27 2 c1 100000 38.24 27 56 48 37 40 93 67

Figure 6: Neural network versus PLS classification results for 8/10 feature vectors, volcano versus MAW.

6. CONCLUSIONS AND FUTURE RESEARCH

Representing the raw time-domain infrasonic data as a set of cepstral feature vectors has a dramatic impact on the
performance of the neural network and PLS for classifying infrasonic events. Using the raw non-preprocessed time-domain
data for training and testing, the results were never better than approximately 50% correct classification of the total events
tested using the neural network. Therefore, representing the infrasound data as a set of feature vectors consisting of cepstral
coefficients and their derivatives dramatically improved the performance of the neural network classifier. In one case, the
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neural network was able to properly classify 100% of the test data. PLS analysis was used to select a good combination of
cepsiral coefficients and cepstral derivatives for training and testing because PLS can be carried out in a batch mode. Thus
many different combinations of cepstral coefficients and cepstral derivatives can be analyzed. Moreover, determining a
better log scale factor for the mel-frequency scaling was also carried out using PLS analysis for the same reason. However,
from some of our results it is apparent that the linear discriminator is not sufficient to make these selections. Therefore, we
are investigating better methods for determining the best feature vector cepstral coefficientlcepstral derivative combination
and the best mel-frequency scale parameter. We are also considering classification of other types of infrasonic events.
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