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[Abstract]

Conventional sound source localization methods suffer from significant accuracy degradation in low SNR
(Signal-to-Noise Ratio) environments. In this paper, we propose a sound source localization model based on
an audio spectrogram transformer, which takes GCC (Generalized Cross Correlation) features extracted from
multichannel audio signals as input. The proposed model was evaluated under various indoor environments
and SNR conditions, and its performance was compared with conventional GCC-PHAT (Generalized Cross
Correlation — Phase Transform) and MUSIC (MUltiple Slgnal Classification) algorithms. Experimental results
show that the proposed model achieves superior performance, with a mean angular error of 10.0163°, a mean
distance error of 0.1626, and a RMSE (Root Mean Square Error) of 0.89 ina 5 m X 5 m X 5 m environment,
even at 0 dB SNR. Additionally, the model demonstrates robust performance under changes in room size
and noise conditions. This study demonstrates that transformer-based models can be effectively applied to

achieve reliable sound source localization in noisy environments.

» Key words: Sound Source Localization, Direction of Arrival, Signal-to-Noise Ratio,
Audio Sectrogram Transformer, Image Source Method
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I. Introduction
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II. Related Work

1. Audio Spectrogram Transformer

ofe As BE L AN Hopq: osger
CNN(Convolutional Neural Network)g 7]gto 2 st @
o] 282 o]Fo] gth. CNNL2 ARRF-Foty AHE 2T

9] Vision Transformer?] &2 9r]Q dlo]g za]d
oA H3st AST(Audio Spectrogram Transformer)
ASACHIAL, ASTE A7k AMEZ T30S 2
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2. Sound Source Localization Methods
2.1 Time Delay-Based Sound Source Localization
ofo] 2. ofefol= 7latele a0l weh HYs SUo]
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ZF opo]30] A= ohg AJRto] = o, ofof et
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= 92 GCC-PHAT(Generalized Cross Correlation)
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2.2 MUSIC(Multiple Signal Classification)
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2.3 Deep Learning-Based Sound Source Localization
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3. Image Source Method
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III. The Proposed Scheme
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2. Feature Extraction
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Fig. 3. GCC Feature Extraction Process
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3. Model
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Fig. 4. Modified M2M—-AST Model for Single—Source
Direction—of—Arrival Estimation
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IV. Experiments and Result

1. Model Training Details

Table 1. Experimental Environment
Item Value
0S Ubuntu 22.04.4 LTS
13th Gen Intel(R) Core(TM)
CcPU i7-13700KF
GPU NVIDIA GeForce RTX 4090

Python 3.10.9

Pytorch, librosa, scipy,
Pyroomacustics

Python Version

library

re
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iny 224 9HEZ 7|8t0 2 o] 52 345t 18].
,:_‘ %—’.\— = MSE(Mean Squared Error)S, 2|&s} 2]
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2 2} 20] ol
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Fig. 5. Training and validation loss curves of the
proposed model

2. Evaluation and Analysis
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Table 2. Performance comparison in a 5 m X 5m X
5 m room (Euclidean Distance, angular errors, RMSE).

Avg.
SNR Method Eu.clldean Avg. AngL:Iar RMSE
Distance Error (%)
Error
0 GCC-Phat 0.2419 15.2975 0.4638
0 MUSIC 0.2986 18.6276 0.5082
o | Proposed | g 146 10,0163 0.2896
Model
5 GCC-Phat 0.1447 8.8749 0.312
5 MUSIC 0.2438 15.0114 0.4326
5 | Proposed |4 4q09 5.8659 0.1841
Model
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Table 3. Performance comparisonin a7 m X7 m X5
m room (Euclidean Distance, angular errors, RMSE).

Avg.
SNR Method Egclldean Avg. AngL:Iar RMSE
Distance Error (°)
Error
0 GCC-Phat 0.2457 15.5915 0.4672
0 MUSIC 0.2986 18.6178 0.5054
o | Proposed | g8 98353 | 02897
Model
5 GCC-Phat 0.1456 9.0011 0.317
5 MUSIC 0.2459 15.3569 0.45
5 | Proposed | 4443 6.153 0.196
Model
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V. Conclusion
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