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Sound Source Arrival Direction Estimation Based on GRU and Self-attentive Network
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Abstract Neural network-based sound source localization has received wide attention in recent years. However., it is still chal-
lenging to mitigate the problems such as loss of implied DOA location information and small sample data. Therefore,a sound
source arrival direction estimation method based on GRU and self-attentive network is proposed. The method uses GRU, which
works well for small data sets,as the backbone network to compensate for the difficulty of pure sound data collection. At the
same time,it uses sound sources from multichannel recordings to form a training set. After the short-time Fourier transform fea-
ture extraction to obtain the Meier spectrogram and acoustic intensity vector,then form the input features superimposed by the
multi-channel speech spectrogram and the normalized main feature vector. Avoiding the implicit DOA information corrupted by
the combination of speech spectrogram and GCC-PHAT features, effectively mitigating the loss of implicit DOA location informa-
tion. It is used as input into the convolutional recurrent neural network model for supervised learning to obtain the model parame-
ters. The model output uses 3D Cartesian product coordinate regression to obtain DOA location estimates,and adds a self-atten-
tive network for parameter back-propagation during model training,enables the network to calculate the loss and predict the cor-
relation matrix while training to solve the optimal allocation between predicted and reference localization. Experimental results
show that the network has high localization accuracy and robustness under different reverberation conditions and signal-to-noise
ratios.

Keywords Sound source direction of arrival estimation, GRU, Convolutional neural network, Recurrent neural networks,Self-
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Fig. 2 Self-attention network
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SELDnet, A< 5 46 75 4 28 B [7] A1 5] 49 15 50 T, A5 A R ASE 3 /0 1
1026 kB, Y Z WA T 115508 [ Wang 45 38 Hy B 65 70 , 455 750
UL/ T 157 726 kB, B UE B R AN PR T 122, 4 ms/ step; A7 1L
Nguyen NTU, #57 # 45 i /0 T 103 455 kB, #E 38 i [1] s 20 T
976 s, B UE MR MR T 216 ms/step, # 2— K 4 FERIRIHLAL |
BERIAE FOA H Wi =0 b ARE B, DL RSB 7E MIC #% X F i1
RS LA 7 R AT HL . IR A2 TAU2020 F1 TAU2021
PANECE 4 E k47 b 8, 40 Shimada 2542 H g AL, B 7F
TAU2020 4F i) B0 48 8 b A7 33 Ul 45, W0 Zhang %5 $2 H 19 45
%, H7E TAU2021 FiEfTad 4k, A0 Cao_Surrey 45 42
PR R BB I 2% FOA A% U5 AR, A SCHRR BRI R T 1
REFRE 4 R gRgs R,

# 2 BIEBLE

Table 2 Model size
AL Gt lE /s MAMAE/KB B IEHE E ms/step
SELDnet 107 7140 531. 1
Wang et al. [26] 1352 163840 523.5
Nguyen NTU 1072 109569 617. 1
Ours 96 6114 401.1

#3 FOA s L BB %
Table 3 FOA format model accuracy

TAU2020 TAU2021

A . - N ,

LE LF LE LF
SELDnet 22.8 60. 1 24.1 43.9
Shimada et al. 10. 2 79.1 — —
Ye et al. — — 19.5 57.3
Yalta_ HIT — — 20.1 71.1
Cao_Surrey 13.3 81.6 — —
Ours 9.7 82.06 17.5 72.4

4 MIC g O T Ay 2%
Table 4 MIC format model accuracy
TAU2020 TAU2021
#A

LE LF LE LF
SELDnet 22.8 60.1 24.1 43.9
Politis_ TAU - — 30. 8 40. 6
Phan_QMUL_ 11.4 83.6 - -
Bai NWPU — — 66.5 35.5
Naranjo-Alcazar_ UV 14.1 74.8 30.1 48.7
Song LGE 13.3 73.0 - -
Ours 10.6 84.7 22.1 61.2
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Fig. 3 DOA location and orientation comparison
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Fig.4 DOA location and distance comparison
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