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DOA Estimation Method for Vector Hydrophone Based on
Weighted Sparse Bayesian Learning
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Abstract: To address the issues of limited estimation accuracy and insufficient resolution in Direction of
Arrival (DOA) estimation for vector hydrophone arrays under low Signal-to-Noise Ratio and small snap-
shot conditions in underwater environments, a DOA estimation method for vector hydrophones based on

Weighted Sparse Bayesian Learning (WSBL) is proposed. First, a signal reception model for vector
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hydrophones is constructed based on coprime array theory, effectively expanding the array aperture and
enhancing degrees of freedom without increasing the number of physical sensors. Second, an iterative
weighted sparsity constraint mechanism is introduced into the Sparse Bayesian Learning framework. This
mechanism constructs a diagonal weighting matrix inversely correlated with signal strength based on hyper-
parameter estimation results. By modifying the signal prior variance with this matrix, the algorithm adap-
tively penalizes noise directions and focuses on true signal directions during iteration, significantly enhanc-
ing the distinction between real signals and noise. Finally, a fast factor maximization method replaces the
traditional Expectation-Maximization algorithm to alternately update hyperparameters, directly maximizing
the marginal likelihood function via matrix trace operations to reduce computational complexity and acceler-
ate convergence. The proposed WSBL method effectively mitigates noise interference under low SNR con-
ditions through the weighting mechanism and fast hyperparameter solving strategy. Simulation results dem-
onstrate that within the SNR range of —20 dB to 10 dB, and in both single-source and multi-source sce-
narios, the method exhibits lower Root Mean Square Error, verifying its superior DOA estimation accu-
racy and robustness compared to traditional algorithms.

Key words: coprime array; sparse Bayesian learning; DOA estimation; vector hydrophone
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Tab.1 The computational complexity of each algorithm

(RS TR IR

WSBL O(M®P+ Iy (M + N, M?) )
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OMP O(N,MK)
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Tab.3 Mean square error of the algorithm and execution time

EREN PABU A BTPIRRE FIIETIE /s
30 0.63 1.29
WSBL 50 0.42 1.59
100 0.31 2.27
30 0.98 1.14
SBL 50 0.86 147
100 0.75 2.05
30 1.31 0.25
OMP 50 1.12 0.47
100 1.02 0.87
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