HIBE LM & B X #t # KR Vol. 3 No. 5
2024 4F 9 H Information Countermeasure Technology Sep. 2024

SIS BRI X I AT R 2D L 55 BT GANomaly B7K 7 045 15 5 9 i 7 sCF U], 5 B X iR, 2024, 3(5):30-39. [CHEN Qi,
ZHAO Ruixuan, TANG Jingsong, et al. Open-set identification of modulation modes for underwater acoustic communication signals
based on GANomaly networks[ J]. Information Countermeasure Technology, 2024, 3(5):30-39. (in Chinese) ]

E T GANomaly Bk EBEESEH A A &E1H 5]

M R RIBE BN R, B AR
(1. WETERRFHEF TR, A6 4300005 2. 92866 #BA, 1L AT &) 266000)

W OE ANKREFBELETARNTXGFERANFRE. 2 ET —F LT GANomaly ##7 & I
FERAFE, GANomaly PR LE AT AR AT M % (GAN) 8 £ R A8 H fo 5 F A R
o9 ) 3 Ak TP G E MR AZ T R SRS AR ST A T R 2 R AE, 4 rﬁﬁxﬁ(i&[ o & 4m
ﬁajﬁ%ﬂéﬁi}%%‘ﬁi\o AT R >8 dB O KM THATHA L E B 27,5 % =4 Shifl 4 5 X
25 egiR A AL T 86.00% . R&iflH 7 XIE 5 R H E2RET 80.00%., HAE®L
RIIE T B4R 7 sk st R 4B b 7 K 69 B 2GR A A6 A, A K BB AR AR R R A M A B AR T AT

) fE o Y 3

KEWR KFBRBET;FERNERF X A RS ; 13454
mESES TNOII XERS 2097-163X(2024)05-0030-10
X#kirES A DOI 10.12399/j. issn. 2097-163x. 2024. 05. 003

Open-set identification of modulation modes for underwater acoustic
communication signals based on GANomaly networks
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(1. Naval University of Engineering, Wuhan 430000, China; 2. Unit 92866 of PLA, Qingdao 266000, China)

Abstract For the open-set identification problem ofunderwater acoustic communication signal
modulation modes, a new open-set identification method based on GANomaly was proposed.
The GANomaly network model combines the generative ability of generative adversarial net-
works (GAN) and the discriminative ability of anomaly detection technology. Through adver-
sarial training, it reconstructs the time-frequency features of modulated signals and deter-
mines error thresholds, thereby effectively distinguishing between known and unknown mod-
ulation methods. Simulation experiments conducted under the condition of a signal-to-noise
ratio greater than 8 dB show that the recognition rate of this method for signals with known
modulation modes exceeds 86.00% , and for signals with unknown modulation modes, it
exceeds 80.00%. The results of the simulation experiment verify the effective recognition
ability of the proposed method for unknown modulation modes, providing a new solution for
the open-set recognition problem in the field of underwater acoustic communication.
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different signal-to-noise ratios
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