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Abstract

Sound source localization in indoor reverberant environments remains a critical challenge in the field
of acoustic signal processing. When calculating spatial power spectra, the traditional Minimum Vari-
ance Distortionless Response (MVDR) beamforming algorithm often generates numerous pseudo-
peaks at non-source locations due to multipath reflections. Consequently, true sound sources are fre-
quently masked or obfuscated, severely compromising source identification capabilities in complex
acoustic environments. To address this, this paper proposes an MVDR spatial spectrum post-pro-
cessing method based on a U-Net deep learning network, formulating the pseudo-peak suppression
problem as an image denoising task. Taking the reverberant MVDR spatial spectrum as input, the
method employs an improved U-Net to learn the mapping relationship required to recover the
ideal spectrum from observed data. The network incorporates residual blocks, a Spatial Attention
Mechanism, and a Noise Suppression Module. Furthermore, a composite loss function is designed
to synergize global reconstruction, source enhancement, and pseudo-peak suppression. Simula-
tion results demonstrate that the proposed method accurately strips away reverberation-induced
artifacts and preserves the structural integrity of the true source. By substantially reducing the
risk of false detections, the method significantly enhances both the identifiability of sound
sources and the robustness of localization in complex sound fields.
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Figure 1. Overall workflow of the U-Net-based sound source localization algorithm
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Figure 2. U-Net network architecture
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Figure 3. Encoder structure
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Figure 4. Decoder structure
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Figure 5. Comparison of U-Net post-processing results on the MVDR spatial spectrum
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