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Feature Vector Extraction and Automatic Classification
for Transient SONAR Signals
using Wavelet Theory and Neural Networks
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ABSTRACT
In this paper, feature vector extraction methods and classification algerithms for the automatic classification of

transient signals in underwater are discussed. A feature vector extraction method using wavelet transform, which

shows good performance with small number of coefficients, is proposed and compared with the existing classical
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methods. For the automatic classification, artificial neural networks such as multilayer perceptron(MLP), radial

basis function{RBF), and MLP-Class are utilized, where those neural networks as well as extracted feature vectors

are combined to improve the performance and reliability of the proposed algorithm. It is confirmed by computer

simulation with Traco's standard transient data set I and simulated data that the proposed feature vector extraction

method and classification algorithm perform well, assuming that the energy of a given transient signal is sufficiently

{arger than that of a ambient noise, that there are the finite number of noise sources, and that there does not exist

noise sources more than two simultaneously.
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Table 3. Classification error rate for the synthetic test
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(a) Classification error rate of each classifier
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Table 5. Number of elements in wavelet coefficients when HA~E)
the scale factor varies (total : 63) Table 6. Classificiation rate of each classifer when one
o f(Hz) feature vector is used as an input
the number of coefficients 3 |(f,=20KHz) S3Wel | MLP [MLP-842] RBF | Total(J13§)
IO 82 22 ] s000 DT 18/28 | 17/28 | 20/28 | 55/84(65.5%)
( L] Te]22f 2500 | BW  [19/281 21/28 | 22/28 | 62/84(73.8%)
] | g8 lat] 1250 DT.BW | 25/28 | 23/28 | 25/28 | 73/84(86.9%)
4|28 625 AT BW 24/28 | 23/28 | 25/28 | 71/84(84.5%)
2 |2¢ 313 DT.BW.E | 24/28 25/28 26/28 | 75/84(89.3%)
1|27 156 DTBWEAT | 26/28 | 25/28 | 24/28 | 75/84(89.3%)
DTBWEATS | 22/28 | 21/28 | 17/28 | 60/84(71.4%)
ARWZEY A% | 26/28 | 26/28 | 27/28 | 79/84(94.0%)
Wavelet #l5=1 26/28 | 27/28 | 26/2B | 79/84(94.0%)



Wavelet o1& 2 A28 2% & ol §# W] T 45 SH44et 32 ¢ 45 42 79

Y2 3MNA)E ol AHE3ka uriA] 1148 WAE
A2Ese P (b)) Ag3tdo & 6& 283U
Yoz FHY SHAYele LREFE 2P R
(DT, BW, DT_.BW. AT BW, DT _BW E, DT_8RE
_E_AT, DT_BW_E_AT3, AR #2E7)), a22l3 Wa-
velet A& YYP22 ALS3AE B 99 (a) W
of ojgt A g g A Folu (b) Whdal 2§ i
B AA aAd gRstdc

E 6ol X DT, BW, o], AT9] 49, o= 3hd
& AHES Afude @sio A28 AE QA8
o] FolA& Bol2 AN, &L EHFTE d T H e
2 QA go] Fo13 L Rojn e}, DT_BW_ES} DT
BW_E_AT7 @4 1<) &M 89.3%2 FU& 2
HE RAed 3/4 &% 1/4 H2EY FeAds
DT_BW_E¢] 85.7%K.ct BT BW_E_AT7} B $&
AN 92.9%E Mt £ DT_BW_E_AT32
E 20| Mg w02 curve fitting 2 shod S
A EAQgete] H$Ad, Y& REF Fol7] $ish
curve fitting& & ¢ A &0l i HolY g @
F gl AR vy Fol Az AR P 2EHo] 7)
T FLJA4EN 94.0%S wolil AT YA RF
7} & 9o 993, 1 9d&o 2 DT_BW.E_AT?}
F2 A4S 2ol Yok Wavelet AT 3,
Bl FHe YUY AFE AESAME e JAES
Bolx: UYLE & F UMEZ 1/2 o5 1/2 H2E 9
A 94%, 3/4 T 1/4 2B 3% 92.9%).

E 69 ARy nRFA S RE F Aol
& AR A 2ER DT _BW_E_ATS Wavelet A5
€ E39el Agel ARET B 72 3 FF 53
HEl 283 2 FF 5Ael 2 JE7E Ay
€ Bogcsd 9d SYRELE AHESAE FH
(B 6 &)t} o) FASAZE & F Uth

E 7. 53vel Ay A AEPE AAE( /285 12
HAE)
Table 7. Classification rate of each class:fier when fea-
ture vectors are combined.

e 3 5 E3el § AR WLER B ¢
8 Aer) We dEol glol o) RE A" Fe 4
ML A7) oFA) gk F 72 AWl AR
“gg Aol vnf 2 R EPdEnoy 4%
T EAN7 3 FHE AT A9 BYS EHE R
o Zuh F 79 EMlA 2 FH EAYEULE
T A A A adg A Yolx 1A A
at7F githe: Fo] §A¥ At

g 821 FF2 54HElE AR 3 (Wavelet
A4, DT_BW_E_AT, AR Cepstral A5 3 shii) <l
Ezy wyow 3 AM7)({MLP, RBF, MLP-Z#
2)o] ztzte] g AP F$E dUeplev &
APAN AR 2F deley Fe A go] §Y
¥ 2] egokeh aeiu SAWer A9 @ 248 ¢
gow £Hg3A 9@ Q2 Eo] NEE F 9olA
Yo Fct

E 8 o7 ¢ 39 5PUepd QN E(1/2 ¢, 12
B AE) ’

Table 8. Classification rate of the algorithm-combined
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£} AN E
DT_BW_E_AT 24/28(85.7%)
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Table 9. Classification rate of the total classification sys-
tem

AYrl | 33 SNe ¥ | 2 TH SAdet 2 T
HE SPME (1285, 1/2012E [3/4 %, 1/4H2E

MLP |  27/28(96.4%) 21/28(96.4%) | TEe(R /25 12822 5498 144
MLP-gef |  27/28(96.4%) 27/28(96.4%) A%, Wavlet A5, | 27/28(96.4%) 13/14(92.9%)

RBF 25/28(89.3%) 25/28(89.3%) DT_BW_E_AT)

~ 5 Z5(Wavl &, .

SER B Y Wavelet AT, AR Cepstral, DTBWE-AT) R s | 13
2 &7 S39ue} A3 (Wavelet A+, DT_-BW_E_AT) —




80

gt AV 3 FHe SAYelR A9 o4 7Y
$ AXE o k. HF Ad 2t shue 3
el w Aol i Ao SANeltE Age
A3, 12l IS Y Aol vls) dury
2.2 4 Fo] FEAUASE ¥ & Ak 3/4% g
o A} 832 1/48 HAEN g3 F ol g ol 32}
212 4 A4 E 92.9% Ak,

¢ mody A2 RE Hol £F AT AEAY
S 98 Wavelet A5} DT_BW_E_ATE 44 &
AWele she A3k, MLP, RBF, MLP-Class
T 4 2E7 29& oA dgste] AAl A A
288 AR B =R Aoty A8 2
gl Eol 49 1A A5 e NIEE vehd £
AL UEE 5 AL

v.a g8

2 =RdAE £F5AA TEEE dol Ve 7
TAEE St EAYE & W HE e
ol it 7)&3txch AR A2 Gabor wavelet &
EZF wavelet2 2 A}§3te] 2% Sl »
AR Byl vste] A& AFRE & ANES
EE 7 N2 Hol £F AL AEd o Fgs
SRE F24Y YL FdsdH.

L 48 dndFe shtel SAHEY she
A7 AMgsl7IRTHE ¥ e F3 AL 4}
&3t AR SAQ SAHeto] U3 Dol
= 48 A7t @A) oML vaH S ¢l4
£ B Wavelet A4 DA wntez 3
N EQel 2 DT BW_E_ATS Al83ld & 8
ol SR el ALY W JAEE 5 5 UL
S BT FAA A AEro) g Aol
MLP, RBF, MLP-Class& Z #3391, |2 &%
Holetg 7M1 $493 JEdPL Sold s}
o Bgloh olgtge F HAE AHAXe A AY A
29¢ 2HgeEY NIAEE AN F Qg
B9},

a2y & wReMe Fold Hel Ax7 wM)FH
ol Higto] FE3) dUA} 22, FEY 284
o] EAsin], FAol § ol £&o] EAlA
Bethe 7 st A S el Hgo] o] RS
BR oz o it robustd 73 HE}e
TR0l g A7t gasiol, Ao A8EHE 53

Ir

BNEREWERLE K14 € BIR(195)

detel £/, 718 4drle 2§, aen Ay
o upep A2 go} 23Y Yatd & ooz, WA
AE Az M g3 ¢sted NEE Bt 2
532 & e SY%EL F2€ SAE) 2o}
Y AV, a8l o8 g B} AysiA 44
Fole 2R A Y@ FF A7 =g a7drh

2 o2 #

1. A. Kundu, G. Chen, and C, E. Persons, “Transient
Sonar Signal Classification Using Hidden Markov
Models and Neural Nets," IEEE Journal of Qceanic
Engineering, vol. 19, no. 1, pp. 87-99, Jan, 1994,

2. J. Ghosh, L, Deuser, and S. Beck, “A Neural Net-
work Based Hybrid System for Detection, Charac-
terization and Classification of Short-Duration Oce-
anic Signais,™ JEEE Journal of Oceanic Enginecring,
vol. 17, no. 4, pp. 351-363, 1992.

3. Trace Project No. 035-761, “Automated Transient
System 1R&D Study,” Traco Applied Science, Inc.,
Jan, 1989,

4. S.L. Marple, Digital Spectral Analysis with Applicat-
tons t Prentice-Hall, New Jersey, 1987,

5. B. Boashash, Time-Frequency Signal Analysis : Wiley,
1992.

6. F. Hlawatsch and G, F. Boudreaux-Bartels, “Linear
and quadratic time-frequency signal representation,”
1EEE Signal Processing Magazine, pp. 21-67, Apr. 1992,

7. O. Rioul and M, Vetterli, “Wavelets and Signal Pro-
cessing,” IEEE Signal Processing Magazine, pp. 14-38,
Oct, 1991,

8. R. Kronland-Martinet, J. Morlet, and A. Grossm
ann, “Analysis of Sound Patterns through Wavelet
Transforms,” International Journal of Pattern Recog-
nition and Artificial Intefligence, World Scientific
Publishing Company, Vol. 1, No. 2, pp. 97-126. 1987.

9. R. Schalkoff, Patlern Recognition: Statistical, Strictur-
al and Newral Approaches : John Wiley & Sons, 1992.

10. Edited by E. Sanchez-Sinencio and C. Lau, Asfi-
Sicial Neural Networks : IEEE Press, NewYork, 1992,

11, J.A. Freeman and D.M. Skpura, Newral Networks:

Algorithms, Applications, and Programming Technigues
: Addison Wesley, 1991.

12, P.D. Wasserman, Advanced Methods in Newsal Com-
puting : Van Nostrand Reinhold, New York, 1993,

13. S.Y.Kung, Digital neural networks : Prentice Hall,



Wavelet ol Q1432945 o) g4 He] +3 V59 HFYuel & % 2T 4 81

1993,

14, FFH, G434, 294, "LVQst 2% EdE 4€ Y
AGRER Sas}F " da @ Az dopthgas =8
g B, pp. 1037-1039, 1994.

15. 3. Ghosh, 8. Beck, and C.C, Chu, “Evidence com-
bination techniques for robust classification of
short-duration oceamc signals,” SPIE Conference
on Adaptive and Learning Systems, Orlando, Fl,
Apr. 1992.

16. £8F, F49Y, 29, 2934, A2 Y S o] &
g AE AFHE7| 78 W ATEA" Ry
ZFAstEU Y =&, pp. 397399, 1994,

17. L. Breiman, j.H. Friedman, R A, Olshen, and C.].
Stone, Classifivation and Regression Trees : Belmont,
CA., Wadsworth, 1984.

AR B #(Seung Chul Yang) 1969'd 112 34X

1993\3 2% : Frde st A7)y
g3 £4(&4h

19951 24 : oot thatel
A7z £
(A1)

AN M n(Sang Won Nam) 19573 29 2444

19819 2% : gty HAF
gtxt 24(EAH

1987'3 549 : 7|5 The Univer-
sity of Texas at Au-
stin, Dept. of El-
ectrical and Com-

puter Engineering

(434})

1990%d 129 : M} =2 The University of Texas at Au-
stin, Dept. of Electrical and Com-
puter Engineering(2}AH)

19919 9 ~8 A : Y ¥ w A FgH 24

Al W %(Yong Soo Cho) 195943 9 15¢ 4

1984 29 : YU Ay
g ZA (5

1087 R DM st abg
ok} U (FEHAAL

1991'd 5% : vl= The Univer
sity of Texas at Au-
stin, Department of
Electnical and Cormn-
puter Engineering
(Ph. D)

19924 3R ~HA}: Fduiste dxF&) 2y

AN | %(Yong Min Jung) 19683 8¢ 2844
19939 29t Ul R Ay
83t Z}4(F AP
1993 9~ 8 Fdeh st Y
21zt aist

o Az

AR F F(Won Tcheon Oh) 19562 99 794

198043 29 : et WAy
gt Z3(F4H

1982+ 24 : ol &2 %Y
AAEFER =4
(4 +h

199212 549 : o} =2 The Univer-
sity of Texas at Au-
stin, Dept. of El-
ectrical and Com-
puter Engineering
(4}Ah)

19823 19~ A At 74 £F SN A

A7 A+ 4



