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Method Conclusion

Problem definition

The joint use of cosparse and structured sparsity models is particularly
efficient on music and speech multichannel data. CASCADE numerically
outperforms state-of-the-art simple cosparse A-SPADE algorithm [1] by
1 dB to more than 3 dB while retaining very limited runtime overcost.

The problem: How to get a declipped frame estimate X?

Design an iterative algorithm based on ADMM [2] that alternatively

Estimate a multichannel audio signal x from its saturated version y. projects X on:

1. The modeling constraint thanks to a specific sparsifying operator;

> Y € R an overlapping frame (J samples, K channels) of y; 2. The declipping constraint thanks to a data-fidelity projection.

> i (resp. xj) the j™ sample recorded on the k™ channel from Y

(resp. X); Experiments

Tools

» 7, the hard-clipping level in the k™ channel.
k eCIPPIE TEVEL T o 8-channels recordings excerpts from the VoiceHome2 Corpus [4].

Sparsifying operator 477 different examples artificially saturated at 5 SDR.

Group-Empirical Wiener [3]:

Clipping model:
SDR improvements
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