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A Singing Voice Detection Algorithm Based on

Deep Residual Convolutional Neural Network
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Abstract: Singing voice detection is an important segment in the field of musical artificial intelli-
gence, and it is also a necessary technology or enhancement technology for various related stud-
ies. In this paper, we propose an algorithm based on deep residual convolutional neural net-
work. The multi-level convolutional neural network can learn more valid singing features than
a shallow convolutional neural network when only simple and plain features are input, thereby
improving the overall performance of the algorithm. In this paper, based on two basic residual
network structures, six convolutional neural networks with different depths are designed. By
comparing with the experimental results of the baseline system, it is proved that the perform-
ance of the algorithm in this paper is ahead of the algorithm based on shallow convolutional
neural network. At the same time, the network depth adjustability of this algorithm also adds
more flexibility to its application in practice.
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ral network; recurrent neural network
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1 HERNEXR—RIESR

RO R D P A AR — A3 A AL B RRAE B 4 2SR A B AR LA 4 .

BN B RSO — B Y FRRE ARG L ] a0 wav mp3 S5 SCF . AL B AR T A AR X U 2 MR A X
155 FEAT 70 90 5 AL 45 R RS 43 B R R AE — 8 AR b S S BB ke FE R AT Ak 3L

FREAE 32 BOR ] 23 2 45 X RRAE AR 2 AT 70 S 2 AR A Y 2 D ESOP IR . AR RS U N EA(E 5 b 2
YBCRE DX 1) 3 AN B AR 0 M A L M A PR R AR o R RPN A 158 5 AT B )RR AL S e I L
754G i I AL I 5 O A B A TR I A T Al | B B 1 22 R A A 4 L PR T R %K (linear predictive coeffi-
cient, LPC) B 2k M4 T Il 2 %% (perceptual linear predictive coefficient, PLPC) .33 % # (zero cross rate,
ZCR) #g R I 2 3] 1% 22 % (Mel frequency cepstral coefficients, MFCCs) . 3% (fluctogram) $# {iF . % 30
(spectral flatness) K F i Wt 45 (spectral contraction) K F 45§,

I3 AR R WL A8 7 2] ST VRN R AR AR B EAT 4028 B 43 28 07 B AL 4 S HF ] i AL (support vector
machine, SVM) B 5 /R 1] F 457 (hidden Markov model, HMM) | Bfi#/l # #k (random forest, RF) %, 141
FE T AR SR H B0 TR 28 ) 4% (deep neural network, DNN) 5, — 36 5% F 2 B2 # £8 M) 2% (convolutional
neural network, CNN) I F14G 3 #1 28 B 2% (recurrent neural network, RNN)P it 4 2K 77 1k 7 55 fb 2 B
AR TS R B A R (R AT A SR TS ]
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5% 2 M 2% (residual network, ResNet) > i T BG5S G, & 7R AR KA B2 b e e 1 6 8 J% A N A6 2
T 2% 1) 0, {45 000 2% T ARG AR AR TR T A 23R AR o Bk 25 T 2%y Bk 25 245 ) 2 200 K 3k 2 19X 46 1) — i )
T IR o Bk 25 2K AN S S 2 ME S 4% iV AR IS H (o) o T 2 58 3 49 fin 1 45 e 5 (identity map-
ping) J5 L& — ok 2Z B 5} (residual mapping) F(x) = H(x) —x., 525 e 55 A1 H 1 70 i 5 58 5 5 4k, A
T AR R 0 R B 0 I 7 A A s B2 o) AU 1) 55 A Ak 1) 0, T L 3% 22 45 4 2 TE A= A X548 7T DL 28 i 3] 5 Al
W28 e, DL TR0 28 00 TR AR RE . 3% 25 M 4% — R F 7R CNIN v, AR S g o P G 00 50 3k gl 2 6 T CNIN A
T — N IRE s 2 CNN,

B FGo a2 MAUE)Z Fl—4> Relu, $852 EAERE ResNet i # f . F (o) AT AR 7 ZER BOR
R R, K2 2T EIETIHRE CNN A ResNet 95 F #8459 5% 22 454 . 3£ F FE R B (basic block)
AL TR SR (bottleneck block) ik 22 £5 48 . AR ST T 1% TR 32 5% 22 465 AR il 28 0 24 358 S AR 408 X 4 7o &4 A4
FIH A5 0 455 )2 BOHEA T SR R AN A Y o R B AR 22 46 BRI 28 0 255 3 2o A [ 10 A BRUZE X AR AR 5 AT 2R IR
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F(x)
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WA R L B 2 fr R 1) 2 PR 25 4540 . AR SCIRTT T 6 R IR EE A — 5% 25 CNIN I 48 s R
Hor 18.,34.,50,101 F1 152 J& MY (R B L 200 Sz 4% STk i 38 B8 %8 I 4% 1 A 0 8 T 1 T A TR B . 6 A Y
KT A DLIE 3, T A M5 — 282 — DB R R/ 77X 7 B8 (stride) y 2 B RZ  Z 5
gt 3X3 By RE M AL)Z L EURIRE R 2. sk iR ik A RRZ I R K/ /N T —2F

HE 252 CNN R JE R 18 f1 34) ,4F conv2_X.conv3 X.convd X.convs X PUER
X YRR AE PR B S S S n= (64,128,256, 5121, 1 7E B &l 3(h) 44 3% Y 5% 22 CNN o R JEE S 50,101,
152 1 200) , XF i 1) REAE B it 4300 2 i =[64,128,256,512],j=[256,512,1 024,2 048], M4 f#E AR
R CNN o b A — A EHE SRV SO LS E T conv2_X, conv3_X, convd_X,
conv5_X PO/ 2 YRk 22 4544 14 3 2B A B0 I e A0 0 26 1) S 2 8. TR 18.,34.50,101,152 A 200 Y
CNN X} 37 S 500 o (2,2.2.27.03,4,6,3],[3.4.6,37,03,4,23,37,03.8,36,31F1[3,12,48,37,
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layer name 18-layer | 34-layer | 50-layer | 101-layer ] 152-layer | 200-layer
convl 7x7, stride 2
3x3 max pool, stride 2
3x3, 64 3><3,64_ 1x1, 64 1x1, 64 1x1, 64 1x1, 64
conv2_X x2 %3 3x3, 64 %3 3x3,64 |x3 3x3,64 | x3 3x3, 64 %3
3x3, 64 3x3, 64 1x1, 256 1x1,256 1x1,256 1x1,256
3x3, 128_ 3x3, 128— 1x1, 128 1x1, 128 1x1, 128 1x1, 128
conv3_X x2 x4 3x3,128 | x4 3x3,128 | x4 3x3,128 | x8 3x3,128 | x12
3x3,128 3x3, 128 1x1,512 1x1,512 1x1,512 1x1,512
33,256 33,256 | 1x1, 256 1x1, 256 1x1, 256 1x1, 256
convd_X x2 %6 3x3,256 | x6 3x3,256 | x23| |3x3,256 |x36]| |3x3,256 | x48
3x3,256 3x3,256 1x1,1024 1x1, 1024 1x1,1024 1x1,1024
33,512 33,512 | 1x1, 512 1x1,512 1x1, 512 [1x1,512 |
convS_X x2 %3 3x3,512 | x3 3x3,512 | x3 3x3,512 |x3 3x3,512 | x3
3x3,512 3x3, 512 1x1,2048 1x1,2048 1x1,2048 1x1,2048
average pool, 2-d fc
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AR SR B B% 25 CNN B R H Pytorch J5 %, 384 B Homura (M YEAT S0, 1 5644 49438 431 3C
1 3 0 B — 0 5 X O R 5 AT (log: Mel-spectrogram) By SCHF . 1R #2 2 JE 7835 0005 5 B4 15 45 1]
(spectrogram) , R FER £, =22 050 Hz, Wi (=1 024, MiFS h =315 S& Ji5 B Ji 151 2 doke 1l A 2K B 0t
P e A8t B A ) W 32 08 R 80 A IR X M HR[27. 5.8 000 Hz, A 7R 451 28 5 4k %o 1oy 5] 431 135 Pl 9 A7 8 H 5
IR S Xof g 1 R A3 T e ) O 280 o 0 AT L A 380 06 A 2R I A ] . — X SO R I 0 R A ) T B
FMFACH, L) L B EERA 2 . AR5 DX Eiomg 5% B A5 141 %) d 4 90 A5 8 T s 412 UK /N Ry 80 X115 1Y)
8 L IR RS 26 A BIIRFE SR 22 CNN Argh A7 I 25 56 3F a0 38 . H b 32 BR] A it 4 8k Chop) 4 5. ¥
FEBR 25 CNN (1) i A R E50H 2% B 431 P2 3 Sk N T e el FH L 73 B 1 — R R AE

WG T4 R K 08 I 26 A R 2 AN X R A IR RO RO 19 4 A R A SRR R — Stk
BT s T 2 J A — A 2 Y ) A SCHE SEER R IE R OR/INIRE Dy 640 A I £ i 45 2R L AR S
i FH =43 2 58 SUIR A5 2R oA ORI 28 1R A7 U1 25 DA 2% R T Adam, Y11 55 #2 vb flf T R HL ] Cearly stop-
ping) Fl i KAE Cepoch) &5 BRI L , Horpr FAE AL 9 K £ (patience) 2 10, e REEE Ry 50,

3 LRSS

3.1 ZIEEE

AR SN TF R 4 RWC(real world computing) v (#9347 8 il CLATR 87 7R S “RWC £ 87 1E K
SR AP HTRT AR . SRR A A 100 E AT S 407 min, SRATHERENLBY T A RWC i 5 45
BN e A 3 AN E e 4 AR UESE 30 245 SR LW A IE . ¥ s RWC Bl fErh 452 o 0~4 1y S0
R 53 RN REE 452 5 F 6 1 SRR 43 R Sk 4 45 B2 7~9 1Y SO 4 S D4

AR SRR SCHRL L B RGEAE I T IO I BE R R G % SCHR 2 1 5 Tk 2 CNIN A O A6l
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3.2 KBERSHH

it AR SCHR 08 TR R A0 L 7E RWC B8 48 b AT U2 (I e RO 3k, O 15 e 2 R 48 i A7 X 1L 45
Rk 1 iR, Hf F {6 (F-measure) & — 2R 5 A 4 3 (recalD) Al #x #E 3 (precision) (Y 4r 4545, FP &
W ST S 1E 26 A 1R 4R FN OB IE 28T A 1 28 B AR % oo S 6 B OAS [R) IR BE 0 S 9 25 R i M
T2 . MBS IRE AL T a YEAE R E L T SCNN, #E# % (accuracy) \F . A 4% [ FN (T A
FEbR L T SCNN B AH B F8 b5 AL A A FP P& A 2 N4 AR [ SCNN 28, SEI0 45 A J) e S 1 &
PR A e b . ISR BB O 101 A RO D ME R R EE SCNN 42T T 3. 42 A~ H 43 45

F1 AXEXS5SCNNHLEERILE

= =i accuracy/ % F-measure precision/ % recall/ % FP/ % FN/%

SCNN 87.94 89.73 91. 46 88.07 12. 25 11.93
ResNetl8 90. 39 91.90 92.47 91. 34 11.02 8. 66
ResNet34 90. 89 92.23 93. 86 90. 67 8.79 9.33
ResNet50 90. 28 91.94 91. 06 92.83 13.51 7.17
ResNetl01 91. 36 92. 67 93.93 91. 44 8.75 8.56
ResNetl52 90. 92 92.49 91. 35 93. 67 13.15 6.33
ResNet200 90. 20 91.79 91.82 91.76 12.11 8. 24

ResNet p_ia 90.7740. 46 92.2540. 35 92.5341.24 91.9941.1 11.04£2.09 8.01+£1.1
‘B iE

AR SCHR Y — i RE TR B Ak 25 CININ A SR G 000 33002k o 7k 22 205 40 ol 45 0 2% B TR B2 R L9 5K 2= 200 JZ £
B I HIRAY R4 AT BE AR LU A AT SRR B AR R DL L 2 o) B AR (9 5 2 A RORAE S A
M FHEE R PERE . SIS R o RWC BT AR L B HERG 0] [t SCNN & 3. 42 N 20 A

5% 3Lk -
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