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Multi-band multi-scale DenseNet with dilated convolution
for background music separation
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ABSTRACT: We propose a multi-band multi-scale DenseNet with dilated convolution that separates background
music signals from broadcast content. Dilated convolution can learn the multi-scale context information re-
presented by spectrogram. In computer simulation experiments, the proposed architecture is shown to improve
Signal to Distortion Ratio (SDR) by 0.15 dB and 0.27 dB in 0dB and —10 dB Signal to Noise Ratio (SNR) environ-
ments, respectively.
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Table 1. Details of the proposed architecture.

Frequency band
Layers

Low High Full
Conv (f <t, ch) 3x4,32 | 3x3,32 | 3x4,32
Dil. dense 1 (k, L) 16,4 10,3 6,2
Compression 1 (6) 0.13 0.20 0.16
Down-sampling 1,2,3 | 2x2AP | 2x2AP | 2x2AP
Dil. dense 2,3,4 (k, L) 16,4 10,3 6,2
Compression 2, 3, 4 (6) 0.13 0.20 0.16
Up-sampling 2x2TC | 2x2TC | 2x2TC
Concatenation Comp.3 | Comp.3 | Comp.3
Dil. dense 5 (k, L) 16,4 10,3 6,2
Compression () 0.13 0.20 0.16
Up-sampling 2x2TC | 2x2TC | 2x2TC
Concatenation Comp.2 | Comp.2 | Comp.2
Dil. dense 6 (k, L) 16,4 10,3 6,2
Compression () 0.13 0.20 0.16
Up-sampling 2x2TC | 2x2TC | 2x2TC
Concatenation Comp. 1 Comp. 1 Comp. 1
Dil. dense 7 (k, L) 16, 4 10,3 6,2
Compression (¢) 0.13 0.20 0.16

Frequency -
Concatenation (axis)
Concatenation (axis) Channel (feature map)
Dil. dense 8 (k, L) 4,2
Compression (6) 0.25
Conv (f <t, ch)
2x1,1
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Table 2. Experimental results of background music
separation in broadcast contents.

SNR 0dB -10dB
Measure
Architectit SDR | SIR | SAR | SDR | SIR | SAR
U-Net [5] 6.26 | 12.28 | 8.11 | 3.18 | 10.11 | 4.98

Wave-U-Net [9] | 6.67 |15.26| 7.19 | 3.48 | 14.53 | 4.29
MDenseNet [6] | 6.91 |13.49| 8.43 | 3.74 | 11.19| 5.19
MMDenseNet [6] | 7.19 |13.71 | 8.72 | 3.99 | 11.33 | 5.49
FDMMDenseNet | 7.27 | 14.10| 8.70 | 4.26 | 12.04 | 5.61
TDMMDenseNet | 7.28 | 13.66 | 8.86 | 4.12 | 11.15 | 5.69
2DMMDenseNet | 7.34 | 13.44| 9.04 | 4.13 | 11.44| 5.61
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