o 46 A5 8 ) AR W T FR k2% 22 4R Vol. 46 No. 8
2025 4F 8 H Journal of Harbin Engineering University Aug. 2025

ZERMELFIKINNEN ML FSHEXE NN

i,%g.%ﬁl,Z,SA , ﬁ%;}g\% 1,2,3,4 , Z‘b_%gljj , rT“;;J3~Z-E1,2,3,4 , /6 }7]431’2’3
(1. BRI TR KRR AT S S0 %, BIETL M/RIE 150001 ; 2. F% M Ve 22 SRR N 208 30 B A s2 i 5 (W
IREETRERE) BEH, BIIT W/REE 150001 3. B /RIE TRER: K TRE2ABE, BBIPIT MA/REE 150001 ; 4. M /REE TR K
2 SRR R, 1R = 572024)

W ARG B RS R0 250 B e AR K B AT P @ e SRR E B R L, BCIEM AL M £ A I, R AR
AT S RRAE T 0 30 FOREIIRT S FRBBEEMAT R, KA SH B F T 7k HA
SR AL B RBARACKEIG A AL S, FIANRBBH 7k, 4 S S5 RGEMIETRE,
RIG BRARFAL AL F |, S8 o F kP SR E R, SIS AR AR E Q M % (double deep g-network) , A& % 64k Q 14
it 2RI R KA T, EATHHERN B R Z MG AR RBLEES T THRATT HAALE, ZREN.
R A ERANGGZEE R AL WL EA YR Tk AMBEALE R AE NI FaE
BN R G T —F AT e Rk iz,

KB £3h B RTIRM; FEER,; KFLAHBRESR,; SHMKR; BLFT,; XBRT; WEE Q W%
DOI; 10. 11990/jheu. 202507001

P 4% 1 AR 3t 4k« hiips : //link. enki. net/urlid/23. 1390. U. 20250707. 1336. 002

FESDES . TB566 XEIREM:A X E4S:1006-7043(2025)08-1557-09
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Abstract ;: Inadequate environmental adaptability of traditional fixed transmission strategies in active sonar systems
leads to poor detection stability in underwater acoustic channels. To address this issue, this paper proposes a joint
optimization method for active sonar transmission waveform and source level based on multiagent reinforcement
learning. First, a multiagent collaborative learning approach was adopted to decouple waveform optimization and
source level optimization into multiple agent tasks. Then, a reward-shaping method was introduced to suppress re-
ward signal noise induced by multipeak channel spectra, enhancing the optimization capability of the agents while
avoiding subpulse frequency conflicts. Furthermore, a double deep Q-network was employed to reduce Q-value esti-
mation bias and improve decision stability. Finally, numerical validation was conducted in a typical deep-sea chan-
nel scenario reconstructed using measured sound speed gradients from the South China Sea. The results demonstrate
that the proposed algorithm outperforms baseline methods in terms of both channel adaptability and echo signal-to-
noise ratio control accuracy, providing a viable technical approach for constructing intelligent active sonar systems
with environmental self-adaptation capabilities.
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