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Identifications of Underwater Acoustic Communication Signals
Classification Based on Time—frequency Analysis and Neural Network

LU Yang, WANG Xuesong, ZHAO Pengyuan, ZHOU Hua

No. 91439 Troop of PLA, Dalian 116041, Liaoning Province, China

Abstract The fast detection of communication signals and the exact identification of their modulation types are of importance in
practice. Traditional designs use detectors for each modulation type separately thus the computation time would increase as the number of
modulation types increases. It is necessary to work out a standard feature vector extraction method to reduce the number of detectors. A
novel identification scheme is proposed, with feature vectors being extracted from the time—frequency distribution and identified by an
artificial neural network. By adding signal samples of new modulation types and by retraining the neural network, this identification
scheme can recognize more modulation types without increase of computation burden. The detail of this feature vector extraction approach
is described, the probability of the correct identification of the communication signals in low signal —to —noise conditions is obtained
through computer simulations.
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Fig. 1 Identification of underwater acoustic
communication signal modulations using polling scheme
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Fig. 2 Combination method of detection,

identification and estimation
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Fig. 3 Flow chart of feature vector extraction algorithm
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Fig. 4 Marginal frequency Fig. 5 Marginal frequency

distribution of distribution after

received signal Wiener filtering
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Fig. 6 Marginal frequency Fig. 7 Marginal frequency

distribution after distribution after

average filtering threshold processing
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Fig. 8 Modulation energy cropping based on
start and end frequencies
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Fig. 9 Structure of the artificial neural network
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Fig. 10 Average probabilities of correct
identification versus different SNR levels
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Table 1 Probabilities of test signals of each type
at threshold value of 0.1
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Fig. 11 Average probabilities of correct identification
versus different SNR levels for threshold value of 0.1

W15 5 %R 28 (28 EAT N 25, IR 153 hi 28 4% 1 S 56 7F
S B FH I TR SR 4R B A5 S 2 A R AE ) 2 SR B, R 1)
i NAZA 2 R 25 B AT 52 IRAE S B TR . [ s B e R
2 AR I 28 00 38 A5 15 5 RN KR A R 1 S i A gk
S H R, BEHCT 0.1 4R R fiE ) & S HGS AR 1 1T BR
i AEZTTRRAE R L (50 1 R —4dB i IEAf R SIHE %R 84.3%,

% % 3k (References)

[1] Poisel R A. BLACHE A T AR S HA [M]. BRAL A, 55 9%, dbat: 7
Tolk 4, 2005.

Poisel R A. Modern communications jamming principles and techniques
[M]. Chen Dingding, et al. Trans. Beijing: Publishing House of
Electronics Industry, 2005.

[2] Polydoros A, Woo K T. LPI detection of frequency hopping signal using
autocorrelation techniques [J]. IEEE Journal on Selected Areas in
Communications, 1985, 3(5): 714-726.

(3] g, AL, BRIUE S A0 AS B HHEOR RS [J]. 25 i T 3R,
2007, 4(2): 14-18.

Qian Yi, Wu Chuanhua. Space Electronic Tec hnology, 2007, 4(2): 14-18.

[4] B A B4 5B 5 K Jr 2 BT 5E[D]. Rk R L TR 2, 2008.
Zhao Rui. Research on detection method of direct —sequence spread
spectrum signals[D]. Dalian: Dalian University of Technology, 2008.

[5] XIHkFy. KT Zh 9 OFDM 5 5 61 05 [D]. P64 v 7 RHE K
%, 2007.

Liu Xianling. Modulation identification based on cumulants for OFDM
signal[D]. Xi‘an: Xidian University, 2007.

[6] W ifET-. SRR S REU i I TE D], PAZRIE: IG/K T TR, 2005.
Tao Haiping. Research on communication signal modulations classfication
[D]. Harbin: Harbin Engineering University, 2005.

(7] JEI3, A 20 4 =BT S TR AR A AR S A R rh s . R
XL, 2002(5): 40-45.

Zhou Lin, Yang Shaoquan. Aerospace Electronic W arfare, 2002(5): 40-45.

[8] Nandi A K, Azzouz E E. Modulation recognition using artificial neural
networks|J]. Signal Processing, 1997, 56(2): 165-175.

(91 WK TS &, NG e, 9 A 4 — TolsHi 10 2k 20 0 Dl TR1 45 25 oy J07 R 3R ).
TFEHLR SN, 2010, 193): 111-114.

Chen Naijin, Zhou Mingzheng, Pan Dongdong. Computer systems and
Applications, 2010, 19(3): 111-114.
(FERHE £E)



