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ABSTRACT

Music identification technology has a relatively high technical maturity in the case of the clean music input.
However, its performance is drastically reduced when the background music is mixed with speech like TV
shows. U-Net, Wave-U-Net, and MMDenseNet and modify them for music-speech separation. Also, we propose
Wave-DenseNet which is a waveform input method with DenseNet. A landmark based audio fingerprint method

is used for music identification. Although SDR is widely used as a measure of source separation, we confirmed
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it is not a suitable measure for music identification with separated music signal after source separation as the

performance rankings of SDR and the identification rate are different. Comparing the background music

identification results, we show the best music-speech separation method for the background music identification is

the Wave-U-Net based separation method.
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