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Abstract

Blind Signal Separation (BSS) aims to extract independent source signals from mixed signals with-
out a priori information. Traditional methods such as Independent Component Analysis (ICA) and
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Nonnegative Matrix Factorization (NMF) are limited by linear assumptions and statistical depend-
encies, which make it difficult to cope with nonlinear mixing, dynamic environment adaptation, and
high-noise robustness problems in complex scenes. In recent years, deep learning techniques have
significantly improved the performance of BSS through data-driven strategies and nonlinear mod-
eling capabilities, especially making breakthroughs in time-frequency domain separation (e.g., con-
volutional neural network CNN), global feature modeling (e.g., Transformer architecture), and mul-
timodal fusion. However, insufficient model generalization capability, high computational complex-
ity, lack of interpretability, and privacy and security risks are still the main challenges. In this paper,
we systematically sort out the technical paths of deep learning-enabled BSS, analyze the existing
bottlenecks, and look forward to the future directions of deep multimodal fusion, self-supervised
learning, and edge computing deployments, which will provide references to promote the utility of
BSS in the fields of healthcare, communication, and so on.
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Figure 1. Target for blind signal separation
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Figure 2. SepFormer architecture
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Table 1. The experimental results of each model on the WSJ0-3mix dataset
1. BAEFIFE WSI0-3mix HIRE FHISSIGER

Model SI-SNRIi SDRIi SHE
ConvTasnet 12.7 13.1 51M
DualPathRNN 14.7 n.a 26 M
VSUNOS 16.9 n.a 75M
Wavesplit 17.3 17.6 29M
Wavesplit + DM 17.8 18.1 29 M
Sepformer 17.6 17.9 26 M
Sepformer + DM 19.5 19.7 26 M
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Table 2. Theoretical comparison of core performance indicators
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Table 3. The proposal in this article
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