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Investigation of Timbre-related Music Feature Learning using
Separated Vocal Signals
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Abstract

Preference for music is determined by a variety of factors, and identifying characteristics that reflect specific factors is important
for music recommendations. In this paper, we propose a method to extract the singing voice related music features reflecting
various musical characteristics by using a model learned for singer identification. The model can be trained using a music source
containing a background accompaniment, but it may provide degraded singer identification performance. In order to mitigate this
problem, this study performs a preliminary work to separate the background accompaniment, and creates a data set composed of
separated vocals by using the proven model structure that appeared in SiSEC, Signal Separation and Evaluation Campaign. Finally,
we use the separated vocals to discover the singing voice related music features that reflect the singer’s voice. We compare the
effects of source separation against existing methods that use music source without source separation.
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Fig. 1. Overall flow diagram of timbre-related music feature extraction
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Fig. 2. Details of vocal source separation model and singing voice detection model
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Table 2. Singer identification accuracy according to the vocal separation and loss function

Singer Identification Accuracy
CCE-MIXTURE CCE-VOCAL HL-MIXTURE HL-VOCAL
Top 1 Accuracy 0.486 0.508 0.412 0.437
Top 5 Accuracy 0.716 0.725 0.672 0.704
¥ 3 2¥ =2 off ¥ &4 g WA ME T dM ALt
Table 3. Singer retrieval result according to the vocal separation and loss function
Singer Retrieval Results
CCE-MIXTURE CCE-VOCAL HL-MIXTURE HL-VOCAL
mAP 0.254 0.265 0.221 0.233
Precision@5 0.341 0.36 0.3 0.314
Precision@10 0.257 0.273 0.242 0.25
Recall@5 0.113 0.121 0.1 0.106
Recall@10 0.171 0.182 0.161 0.167
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