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Polyphonic Sound Event Detection Based on Transfer Learning Convolutional

Retentive Network

CHEN Pengfei, XIA Xiuyu
(School of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: Aiming at the problems of limited strong annotation datasets and the sharp degradation of
detection performance in real-world scenarios for polyphonic sound event detection tasks, a method for
polyphonic sound event detection based on Transfer learning convolutional retentive network is proposed.
Firstly, the method utilizes convolutional blocks with pre-trained weights to extract local features of audio
data. Subsequently, the local features, along with orientation features, are input into the residual feature
enhancement module for feature fusion and channel dimension reduction. The fused features are then fed
into the retentive network with regularization methods to further learn the temporal information in the audio
data. Experimental results demonstrate that, compared to the champion system model of the DCASE
challenge, the method achieves a reduction in error rates by 0.277 and 0.106, and an increase in F; scores
by 22.6% and 6.6% on the development and evaluation sets of the DCASE 2016 Task3 dataset,
respectively. On the development and evaluation sets of the DCASE 2017 Task3 dataset, the error rates
are reduced by 0.22 and 0.123, and the F, scores increase by 17.2% and 14.4% , respectively.

Key words: polyphonic sound event detection; Transfer learning; feature enhancement; retentive network;

regularization
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Table 1 Results of ablation experiment

. " Development dataset Evaluation dataset
S !
ER F/% ER Fi/%
1 CNN14 0.698 47.2 0.754 42.3
2 RetNet 0.686 51.6 0.810 37.9
3 TCRETNET (no pretrained) 0.612 57.2 0.720 48.6
4 TCRETNET (no RFEM) 0.451 72.5 0.728 54.1
5 TCRETNET(no ITD,1ID) 0.423 73.8 0.691 54.8
6 TCRETNET(BIGRU) 0.528 65.2 0.705 51.1
7 TCRETNET (no DropKey) 0.404 74.5 0.673 54.2
8 TCRETNET 0.380 76.2 0.668 56.1

R2 BIASHIENEBSHEMITESRENI
Table 2 Comparison of model parameter quantity and computational complexity for the first, the fourth,

and the eighth experiments

! R SR /10° BT 0/ Gmac
CNN14 151.29 5.19
TCRETNET(no RFEM) 91.78 5.34
TCRETNET 22.05 4.47
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Fig.7 Learning curves of F, scores and ER for each model in ablation experiment on development set
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Table 3 Comparative experimental results of different models on the TUT-sound-events-2016 dataset

W B ‘Development dataset‘ i Evaluation dataset

ER F./% ER F/%
DCASE2016 baseline 0.910 23.7 0.877 34.3
RNN®#s 0.880 34.7 0.805 47.8

MS-RNNP 0.820 31.5 — —
AMS™? - - 0.782 48.7
MS-FCN® 0.778 42.0 0.933 25.4
TCRETNET 0.603 57.3 0.699 54.4

X4 AEHBETUT-sound-events-2017 HIEE FHIFT L L &£ R

Table 4 Comparative experimental results of different models on the TUT-sound-events-2017 dataset

w2 B Development dataset Evaluation dataset
ER F/% ER /%
DCASEZ2017 baseline 0.690 56.7 0.936 42.8
CRNNP 0.600 59.0 0.791 41.7
MS-FCN 0.571 61.2 0.784 48.6
DenseNet™ - - 0.752 49.1
AMCSA® — — 0.680 49.6

TCRETNET 0.380 76.2 0.668 56.1
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