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HOH Kz (Singing Voice Detection, SVD) & ) Wi 47 75 F % 52 % W08 =X 0 3% 5k h 0 19— /N B 3 i
o NS o A A S BE — M AE 50~200 ms Z ). ZEH—/NEE R R THRAE, ~BRESH
23 R AR I P 0 BEAEIR G AR AR NS 1938 2R Fr B b HI 2 5 & A O L ORI AR R R 1 5 2 1 (H
Kb AL 2 A 10 A0 2 I 2Lk %k B A WA AR 2 AR AR B R (Music Information Retrieval, MIR) 45 3}
oA B A AR 22 AR5 bE BT U RO S5 B AR X S A A AR ARG I AR Ay S A BOR
B G SRR A AT U A AR S 0 A AT RO A I A o A ORI B A
Je A i 8 3 AT 4 ) AR R AT AT U 5 A RCIRD NS 5 AR v A 2R AR A M A I O AR IR A L AR
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SRS ARSI ) 3 R — B AL B R AR B 4 RN I A R A LR A H P R AR R UM A 8 R A LY
P IAE TR, i A0 5 90 S — MR Y BEAE AR G 491 40 wav, mp3 S5 SO, FRAE P EUR N UE 5 SR ELRE
TR A TR RIS 5 SRS ) A ) DX 3 %) S i A L T P ) A e e R e AR S g I A
FOARAE IR 9 5 2k P 1 00 2 21 (Linear Predictive Coefficient, LPC) . J&& 1 £k 1 i ] £ %% (Perceptual Linear
Predictive Coefficient, PLPC) .33 % & (Zero Cross Rate, ZCR) . Mel §i % {3] % £ %1 (Mel Frequency Cepstral
Coefficient, MFCO) . i 45 4F (Fluctogram) . % 3H [K 7~ (Spectral flatness) \FE I 47 [H - (Spectral contraction)
A5 32 FL A DR 22 BRI AT 2 I A PRl B B IR o 2 3 B R SR IOHIL 45 o ) 25 07 I R R AR AR B EAT 2028
FERLYE R AR 3 2SR AG I BP0 3 2 5 DA BE AL 58 43 2 4 1 5 0k AL T IR JBE P 22 M 4% (Deep Neural
Network, DNN) {771, 77 # 2 $5 3% # 1a] 2 HL (Support Vector Machine, SVM) ., f&t 5 /R 1] 3k #58 &Y ( Hidden
Markov Model, HMM) . [ #1 7 #k (Random Forest, RF) £8; J5 & 1) 5 % FH 35 1 f & W 4% ( Convolutional
Neural Network, CNN) ™ FIHE #1225 (Recurrent Neural Network, RNN)M gy 5.
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Fig. 1 Residual structure and the two typical block for F(x)
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Singing Voice Detection Algorithm Based on
a Squeeze-and-Excitation Residual Network

GUI Wenming'*, LU Jiawei' , LIANG Yinghong' . AO Zhigiang’
(1. School of Software Engineering , Jinling Institute of Technology . Nanjing . Jiangsu 211169, China;
2. Key Lab of Broadband Wireless Com munication and Sensor Network Technology, Ministry of Education,
Nanjing University of Posts and Telecommunications, Nanjing , Jiangsu 210003, China ;

3. School of Software, Nanchang Hangkong University, Nanchang, Jiangzi 330063, China)

Abstract: In this paper, we proposed an algorithm based on the squeeze-and-excitation residual network. Other
than those algorithms armed with complicated feature engineering, the proposed network could learn more
effective features by the hierarchical convolution collaborated with the squeeze-and-excitation operation, only fed
with the naive acoustic feature. In this algorithm, the residual structure can easily extend the depth of
convolutional network, and the squeeze-and-excitation operation can fuse the learned multiple features by the
adjusted weights, and furtherly can improve the overall performances. To prove the feasibility and effectiveness,
we conducted the experiments on the two public datasets. Compared with one of the state of the art base line, the
proposed algorithm produced the significantly better performance.

Keywords: singing voice detection; music information retrieval; squeeze-and-excitation network; residual network;

convolutional neural network
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