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ABSTRACT

Transient signals in underwater show several characterisrics, that is. short duration, strong
nonstationarity, various types of transient sources, which make it difficult to analyze and classify transi-
ent signals. In this paper, the feature vector extraction method for transient SONAR signals is discussed
by applying digital signal processing methods to the analysis of transient signals. A feature vector ex-
traction methods using wavelet transform, which enabie us to obtain better recognition rate than auto-
matic classification using the classical method, are proposed. It is confirmed by simulation that the
proposed method using wavelet transform performs better than the classical method even with smalier
number of feature vectors. Especially. the feature vector extraction method using PR-QMF wavelet trans-
form with the Daubechies coefficlents is shown te perform well in noisy environment with easy Im-

plementation.
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Table 1. Data classes of transient signals used for simulation

No. class description # of data
1 geological seismic 4
2 biologicatl cowfish 4
3 biclogical pilotwhale 4
4 biological spermwhale 4
5 biological toadfish 4
6 biological triggerfish 4
7 non-threat CW 4
8 non-threat LFM 4
9 non-threat can 4
10 non-threat balloon 4
11 non-threat hull-popping 4
12 non-threat hammer 4
13 threat rocket 4
14 threat whistle-rocket 4
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_ Gabor 10dB 5dB 0dB —5dB —li)di
seismic 100 100 100 160 100
cowfish i 1o 100 100 100 50
pilotwhale 30 50 30 50 0 ]
spermwhale 160 100 50 50 ]
toadfish 100 100 100 0 0
triggerfish 50 50 0 0 50
Ccw 100 100 100 50 0 ]
LFM 100 100 100 100 50
can 100 100 50 X0 100
balloon 100 100 106 50 o

| bull-pop 1060 100 100 50 0
hammer | 100 100 | 100 100 100
_rocket C100 100 100 50 0

| _w-rochet 1 100 50 100 100 50

24 | 928 | 89.29 | 82.14 | 60.71 | 35.71
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Table 5. Recognition vs. SNR when Daubechies wavelet tr-
ansform are used(32 elements)

DT. BW. AT ; 10dB | 5dB . 0dB | -5dB | - 10dB
_seismic 100 100 T 100 100 100
cowfish ¢ 100 | 100 ¢ 100 | 100 50
pilotwhale | 50 100 50 0 0
spermwhale 100 54 100 0 50
toadfish 100 | 100 | 100 | S50 0
triggerfish 4] 50 0 0 0
CW 100 | 200 | 100 | 100 | 100
LFM 100 | 100 | 100 | 100 50
can 50 50 0 100 100
balloon 50 c |1 0 0 0
hull-pop 100 | 100 | 100 | 50 0
hammer 100 100 100 50 50
rocket 00 3 1 100 j 50 100 |
w-rochet w00 | 100 | 100 T w0 T o100
A (8214 [ 814 | 7500 | 57.14 | 5000

Daubechies | 10dB | 5dB | 0dB | ~5dB | —10dB
seismic 100 T 100 0 100 [ 100 | 100
cowfish {100 100 L0G 100 50
pilotwhale : 50 50 50 0 50
spermwhale 100 100 100 100 100
toadfish 160 100 100 50 100
triggerfish 50 0 0 G 50
CW 100 100 100 100 100
LFM 100 100 100 100 100
can 100 100 50 100 100
balloon 100 100 100 100 0
hull-pop 100 | 160 | 100 | 100 50
hammer 100 100 100 100 100
rocket 100 100 100 100 100 |
w-rochet 100 100 100 100 100
4 92.86 | 89.29 [ 89.29 | 82.14 | 78.57
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