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Abstract

Sound source localization is a crucial research objective in sound source signal processing. Tradi-
tional methods are prone to interference from noise and reverberation. With the successful appli-
cation of deep learning algorithms in many fields, this paper explores the use of deep learning algo-
rithms to solve the problem of sound source localization. This study analyzes the performance of
sound source localization based on microphone signals using a convolutional neural network (CNN)
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structure. Through simulation experiments, we investigate the impact of different numbers of con-
volutional layers and convolutional kernels on sound source localization performance under the
same room and sound source conditions. The experiments show that the sound signal after the gen-
eralized cross-correlation phase transform operation is used as the input signal of the convolutional
neural network, undertypical room conditions with a signal-to-noise ratio of 10 dB~40 dB and re-
verberation times of 200~600 ms, this method achieves the highest localization accuracy compared
to other methods. Furthermore, when the network contains 6 convolutional layers and the first
layer has 4 convolutional kernels, a good balance between localization accuracy and computational
efficiency is achieved.
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Figure 1. The architecture of the convolutional neural network
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Figure 2. Room model and microphone array distribution
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Table 1. Localization accuracy of different sound source localization methods under different simulation settings

* 1. FRIFREMAZETRNERE THEMERE

RT60 (ms) SNR (dB) TDOA (%) SRP-PHAT (%) FCN (%) CNN (%)

200 40 59.2 91.2 90.1 92.5
400 40 56.3 90.5 88.2 91.7
600 40 55.0 89.4 85.7 91.2
200 20 46.8 87.2 83.3 90.3
400 20 44.7 88.9 82.1 89.8
600 20 419 85.9 79.8 87.5
200 10 35.6 83.2 78.5 86.5
400 10 30.5 77.8 76.9 85.4
600 10 29.9 74.2 74.8 84.7

Forr, g A #ERA 2 2 SO TR TE A 1 7 3 DX TR S A DX TR B A o B . ASRER S5 AT DL
Frdg ¥ CNN T V548 & FhER B 56 A NI 1 i Sr k2, HARSIE SR, I SNR 1L N
NHE . PLRT60 = 600 ms, SNR = 10 dB A, CNN FIHERRIAT] 84.7%. [F] i 7EAH X H AR F TR
1 SNR P 8E(RT60 =200 s, SNR =40 dB) N, CNN [IPEREI SRR FEISE . XKW, CNN J7i% i Hh 3z
HAE JRRRAE A S P JRAFAIE S5 A TR A B I SRR, SEANZE 5 5 s T YR ) AR e 75 PR 52

FECZ T, AR5 TDOA Sk xd W ms AR i fe g BBURK,  HERf 2R B A PR B0 S R R B, AE SRR )
RAEME AR TR RS 29.9%. X FEEFNZ 5D TARBEAR Y B A& # B, 3 DASIXT 5 b
H 22BN 5Pt SRP-PHAT  ERAR TR MR (3 RLPE A ok, (AR =i s R DT AN 8 AR
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WG GIN T —E SR, BRI B LRI B KB R A A R . % e 3 e AT
55 5o i FEE PR 37 20 LSRN S o 78 S AR I 2 A8 1, X P e 5 AR BT 2 (B A
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HIBvEE S e AV 1 I K AT AR SR P e AV E TR E SRR S 2SR
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W 3 iR, BEERUREON, B R TG T, B REL BRUZEC 6 1
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% 22 (AR B A RS I B AL BT AP vt T ik, IR 2 M0 K T
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Figure 3. The relationship between the number of hidden layers and pre-
diction accuracy
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