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Sound source localization research based on block sparse Bayesian learning
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Abstract: To address issues such as insufficient accuracy of traditional sound source localization algorithms in complex environments,
high complexity, and slow convergence of sparse Bayesian solvers, a parallel subarray block sparse Bayesian learning ( PS-BSBL)
algorithm for sound source localization is proposed. An offline subarray partitioning ( OSP) algorithm is designed, which divides
microphone arrays and spatial grids into matched subarrays and subgrid spaces through covariance matrix adaptive evolution strategy
(CMA-ES) -optimized array weight design and Leiden graph clustering algorithm. Each subarray solves its corresponding spatial problem
in parallel, reducing the global solution scale. The PS-BSBL framework is constructed, employing inverse Gaussian priors and Gamma
priors to model sparse hyperparameters and noise precision, respectively, with variational Bayesian methods for posterior approximation.
For scenarios where Bessel functions cannot be eliminated, a multi-step inertial Newton iteration ( MSI) is proposed to accelerate
hyperparameter updates, enhancing pruning efficiency and convergence speed. Experimental results show that the proposed OSP
algorithm reduces the average running time of fast variational block sparse Bayesian learning ( F-BSBL) , expectation-maximization BSBL
(BSBL-EM), and weighted BSBL ( W-BSBL) by 97.61%, 87.63%, and 87.82% , respectively, compared to block diagonal
approximation algorithms, while normalized mean squared error (NMSE) decreases by an average of 86.53% , 16.64% , and 24. 13%.
The PS-BSBL algorithm improves convergence speed by 99. 80% and 99. 85% over group sparse fast marginalization BSBL ( g-FMLM )
and fast marginalization BSBL ( BSBL-FM) , respectively, with NMSE reductions of 51. 30% and 8. 92% , respectively. Under signal-to-
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noise ratios from —10 to 20 dB, PS-BSBL achieves lower angle root mean squared error ( RMSE) than L1 norm and singular value

decomposition-based sparse reconstruction (L1SVD) , off-grid sparse Bayesian learning ( OGSBL) , convolutional neural network-based

(CNN), and residual network-based ( ResNet) methods by averages of 65.11% ,

20.86% , 81.59% , and 78.45%,

respectively,

demonstrating superior robustness in low SNR, underdetermined, and large-scale array scenarios.
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Table 2 Running time of each algorithm (ms)

[k i Ak O-F 0-EM 0-W P-F P-EM P-W
1180 40.23 146. 52 3 315.91 403.93 846.78 36 692. 08
3 365 18. 94 1374.13 33 701. 02 2973.95 14 838. 85 289 567. 72
6 640 31.62 8 705.73 231 958.93 10 438. 40 63 960. 67 1 528 848.93
7370 90. 33 10 948. 13 328 408. 10 12 850. 96 109 551. 99 2 391 849. 26
8 280 58.65 16 476. 19 395 995. 38 16 384. 91 140 996. 96 3 503 428. 64

*3 &EENMSE
Table 3 NMSE of various algorithms

EEi9=%1¢ O-F 0-EM 0-W P-F P-EM P-W
1180 1.390 3x1072 4.805 7x107" 1.747 8x107" 2.695 1x107! 7.214 7107 2.248 4x107!
3 365 4.326 4x1072 7.411 1x107! 2.514 2x107! 5.926 3107 9.012 4x107" 3.267 2x107"
6 640 1.390 2x1072 8.107 7x107" 1.826 9x107" 4.073 9x1072 9.463 4x107! 2.347 6x107!
7370 4.672 1x1072 8.620 5%107" 2.610 7x107" 3.860 6x107" 9.561 1x107" 3.905 6x107"
8 280 1.363 6x107 8.933 1x107! 4,543 7x107" 1. 570 9x10 9.698 3x10™" 5.678 4x107!
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Fig.4 Line chart of running times for various algorithms
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2.2 PS-BSBL EixEE X MHREIIE

H T Leiden 5.9 1% B R, R0 20 Jr 45 21 19 125 1)
WA S X, Uik Y P 5 s 78 123 (Rl i S Bk
M2 S XIH BRI E XAVER A SC 50 7 25 1)

)00 88 0 B A X, T A X XA a5, o AR ] R
% EBCF 19 NMSE #1 RMSE , BN 258 X 0 123 [al 401K 6
FioR RIS RN 4 K 7.8 R,

R4 &7 M8 W LA, Bl TS X A% 2 5
B4, PS-BSBL Bk AT A S 80 B F e, ML E
B, FAE RMSE b 12. 64°  Fe0H 1 507 10 A A7 AR 35
Kiwzz, 5IAESXG, A NMSE FEE 22N, HAE
LA KB SE A WER, NMSE -t B (R 43 57 76 B AR K7, G
AR A% S8 13 289 Abik F 5 /ME 1. 03x 107, R T
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Table 4 NMSE and RMSE for different overlap regions HBXME S <10
AR IX A NMSE R/ (°) K7 AFEEXE NMSE
0 0. 494 29 12.642 7 Fig.7 NMSE of different overlapping regions
4994 1.072 0 1.956 3
6 705 0.263 42 0.000 0 tr
8 169 0.412 95 0.000 0
9523 0. 495 38 0.978 1 :“\T-H/
oK
10 812 0.263 47 0.000 0 %
12 065 0.397 19 0.000 0 ﬁ
13 289 0.000 103 43 0.000 0 &
14 481 0. 690 87 0.978 1
15 640 0.275 13 0. 000 0 0s T 7 10 13 20
X, X
16 769 0.133 02 0.000 0 ABRRIfE R 1o
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Fig. 8 RMSE of different overlapping regions

RIEHEMRE N R, HS X MK S ENZ 5 000 1N &
16 769 3k Far, # 3E RMSE ©F2 & Wesi, A 9 Bl 3ot s
HEEMFEMER TR, SREIETEEESXEEEA
SO B BB 30 B X, $E T DOA Al 3 i B A A
KL

2.3 PS-BSBL & ik MHREIIE
SRR UETE SC 6 SR B B S BB T 25 D1 ZE K R A,
BSBL 547 %) 3K i DA 81 22 5, 22 300 X 1) R i R Ak 21 364X,



324 f# £ ¥

47

X} LRl T OSP Al MSI 5732 1) PS-BSBL 534 15 PR i
LA A wi U1 iF 7 2% 2] (block sparse Bayesian learning-
fast marginalization, FM-BSBL) ""*' F1/32H T 3 171 2% B 9K fe
KAk ( group fast marginal likelihood maximisation, g-
FMLM ) > Rk 78 S [R) R G2 A2 BE T A 32 157 ) 1] ATDRG
J. OSP FiL A MSI 5L 4L A PS-BSBL F ik 544t
{132 AR R 2 fk BSBL( BSBL-FM) L B e 1
ZxAk BSBL DU o Sk FE ARG RS 2T, et
FTF R AT NMSE, PS-BSBL 7E AT 58 T iaty, Sign 421
e 5.6 MK 9.10 Fin.,

K5 BHZKEBITHE

Table 5 Running time of each algorithm (ms)

P 1A PS-BSBL g-FMLM BSBL-FM
1180 43.29 5516.4 3295.4
3 365 24,902 31 854 7183.2
6 640 27.95 52613 15 864
7370 30. 001 57 218 21 715
8 280 28.226 64 038 24 706

F6 BHENMSE &
Table 6 NMSE of various algorithms

PR 1A PS-BSBL g-FMLM BSBL-FM
1180 0.108 94 0.269 51 0.402 3
3 365 0.434 86 0.592 64 0. 643 35
6 640 0.092 793 0. 040 746 0.429 23
7370 0.273 44 0. 386 06 0. 409 19
8 280 0. 676 05 1.570 9 1.119 6
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Fig.9 Line charts of running times for each algorithm
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Fig. 10 NMSE Line chart of each algorithm
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learning, OGSBL ) ™' | 3% F % Bl #f 28 I’ 4% () J7 %
( convolutional neural networks, CNN) (32] FET R ML
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128 3B Y 27 5 AU 51 SR SR A, 77 i 1) 22 5 XU 371 5 i
SCUFELIT RS AR TR, Qe 11 s

S0 AR ARG SR 8 A AR 408 ] 1) O HE
T 47 7 F VR R HR 7 75 VR, A B 2 P 4 SR SE AR
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Fig. 11 Microphone array acquisition board diagram
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Table 7 Average angular RMSE estimation table for each algorithm
=R7R -10 dB -5dB 0 dB 5dB 10 dB 15 dB 20 dB
L1-SVD 19.753 1 7.326 9 3.148 2 0.759 3 0.4715 0.3927 0.356 1
OGSBL 0.652 3 0.458 1 0.386 4 0.349 2 0.327 5 0.308 2 0.294 7
CNN-Based 5.296 2 3.8715 2.483 6 1.5927 1.2853 0.951 8 0.726 4
ResNet-Based 4.7519 3.482 6 2.197 3 1.296 4 1.123 8 0.762 9 0.637 5
PS-BSBL 0.4715 0.342 8 0.301 6 0.2857 0.269 3 0.254 1 0.242 6
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Fig. 17 RMSE line chart of various algorithms
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