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i BN TREHSRRE SN EMER R $E ST Z M 2N # G 57T ( convolutional neural network plus gated
recurrent unit, CNN-GRU ) Fl ik %€ 18 KB A2 A R ) i ( sparrow search algorithm optimization variational modal
decomposition, SSA-VMD ) B T4 75 45 578 A 4328, FEAFIEER IO T, FH SSA-VMD #5848 2 VMD H R BT H T (o) A1
RS A E () 1 o R B I AT, 5 Lt o R T SR EBORG J , iak 2 SR B [, 3 5 TR T VD $ 3804 75 438 M 7 A5 5 B9 AR A 5 76 43
ZEMZE 7T, B CNN-GRU P45 EA T3 75 25 S 8 75 202 LA NN S SERIURRAE SR BRI 45 | A GRU 45 147 50 %2 R 2 L
R A TR A B bR, RIS R R, & SSA-VMD BRI LS 80T, VMD 1] LU SE A S0 BURRE |, HL 4 e
[E] 45 %5 59. 8% ; CNN-GRU A58 HLA B i AV EE AR R38R HP 24 20 2R MER R 99. 2%,
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Application of CNN-GRU and SSA-VMD in
loudspeaker abnormal sound classification

Zhou Jinglei He Jiachen Cui Lin

(College of Electronics and Information, Xi’an Polytechnic University, Xi'an 710048, China)

Abstract: In order to improve the average accuracy of loudspeaker abnormal sound classification, a convolutional neural network plus
gated current unit (CNN-GRU) and sparrow search algorithm optimization variational modal decomposition ( SSA-VMD) model was
proposed to classify loudspeaker abnormal sound. In the aspect of feature extraction, the SSA-VMD model was used to determine the
optimal value of the second penalty factor (@) and modal decomposition number (k) in VMD, so as to improve the accuracy of feature
extraction and reduce the extraction time. Finally, the VMD was used to exiract the characteristics of the loudspeaker response signal. In
terms of classification network, the CNN-GRU network was used to classify the abnormal sound of loudspeakers, the CNN-based feature
extraction network was used, and the GRU network was used for deeper feature extraction to achieve the goal of improving the average
classification accuracy of loudspeakers. The experimental results show that after optimizing the parameters of SSA-VMD model, VMD can
extract features more effectively, and the decomposition time was reduced by 59. 8%. The CNN-GRU model has a higher and more stable
recognition rate, with an average classification accuracy of 99. 2%.
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Fig. 1 The flow chart of SSA-VMD
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Fig. 2 Flow chart of loudspeaker abnormal sound classification
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Fig.3 Data acquisition block diagram

L 3 AT, BN (55 TSR ™ A= | A R R T4
B R DOBOK 3% 4 4 75 2% , A% 75 4 R4 T 2 0
RAE AP 36 25 75 R TR i B S BT RAL AT
it
3.2 SSA-VMD iRI&E ¥tk

ASSCHRE U SSA 4k VMD, BN T iR Pt VMD
oo Fl kB ERACEIE RS, PLALHT o EEHER 2 000, &
PPN 6,4 SSA TG, a EHFEHN 17 001, k EHH 4,
G AR AL ET IS VMD S g an & 4 .5 i s VMD
HO IR ENE 6 7 B

5 AP R RS ], R aT LUE B R AR 5 o0
R 6 MR, AMNNIRIEE  #5 de e it B R AL TE



- 164 - S 1[I I IV = 3 ¥376
0.01 0.01
| { -
1 S TN
£ . = % e . 0 500 1000 1500 2000
P /Hz
ﬁ\ﬁ; g (a) VMF1
001 @) g 0.01{
E { A 0 500 1000 1500 2000
0 500 1000 1500 2000 ik /Hz
$ZE/Hz (b) VMF2
(b) VMF2 i 001
004 = ‘ .
E [ AN 0 500 1000 1500 2000
0 500 1000 1 500 2000 (%i//;i
PR /Hz 0.02 ¢ N
(¢) VMF3 g [
0.04 = ‘ .
= D\A 0 500 1000 1500 2000
£ . . $i% Hz
0 500 1000 1500 2000 (d) VMF4
B /Hz = 0.04
(d) VMF4 B |~ ‘
) . 0 500 1000 1500 2000
Kl 4  VMD Pk fa i Kl B /Hz
Fig.4 Spectrum diagram after VMD optimization (e) VMFS5
g 0.04
= D\A
0 500 1000 1500 2000
VMF6, VMFE5 il VMF4 1, VMF3, VMF2 Fil VMF1 g i R Hy
. o " s . VMEF6
FXTEE /N ] 4 AR AL s I SRR A 5 9o R 4 A ®

By BANNIRME R, i # e i £ 2L &
VMF4, VMF3, VMF2 1, VMF1 F e X 80/, s 1E
FAMRZE T H I U 7 451 b 48 BURRAE (1 2 /0 R AR A0
FEEPLE 3 MRERBE R MBS, DR E A —
ABEZSFR BIAT | 3R Ao st ) 2 K g ol 20>, Ak o
AP e st TRV RS AR AR TR 2> 59. 8% 5 BT A, Ak AT LA
R A SR IUREE . S5 AR NEL 6 FiT 7 X e, L ET
PIE LS (1 VD, H A AN B w0 A 2 45 A AL i
FRAE HEANBESRESIS, %0, mbE/
VMD P REIE TIEBEERIA S 4k,

J T E— A IAIE SSA-VMD AR AR | )5 22 7E )
SEAT ML IR BT ARG A A S B % BEZH 5 55 4, Xt
HE A G5 B AR AT LG UE 2R R 45 e
3.3 HFEKWETEE

1) CNN 202955

WK, R BE SR 2 M4 e —E EBGE
W, B FUZ AL 25X — 548, T DA 8508 v o0 25 i
WR, T E T AR RINZ50, ok &3 L)Z 45
SRR AR, A Z, =2, VU2, 4350 iy 44 W A
1 AR 2 FIRAY 3 AR 1 Qe 8 s, AL 2 AR 3
A3 NAERETRY 1R FERE b — b 0 X 4 FRUZ b k)2
45

Zeid Z PR B, AR Y 2 2] SR AN Gk Bk B
0.001 1 50, L K/NEEE N 4 R A3 ; R h o FfEw %
JEIATRIESME R 5 AT 283006 25 SR 0 S 34918 J 22
RSB B X RE 3 FELRL Y 7 A e S A
YIRS R AR 1 FrR, U 2588 191 25458 2 pRi 4R

K5 VMD AL A

Fig.5 Spectrum diagram before VMD optimization
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Fig. 6 VMD center frequency change diagram after optimization
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Table 1 Average calculation results of CNN

R HEWE/ % ok R A A At ii)/s
TR 1 Ak 86. 6 0.2258 1.076
A 1 ks 89.5 0.195 2 1. 055
IR 2 AR AT 96.7 0.061 5 1.103
I 2 ffb ) 97.8 0.043 9 1.094
i 3 P Ak 94.3 0.146 3 1.147
W 3 ik )E 93.8 0.191 1 1.142
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Table 2 Average calculation results of CNN-GRU
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Table 3 CNN-GRU model parameter setting

4% 2 S E AR iy R
BR1)Z R/ 70, AR 16,254 4, W0 AL Re LU, 72 72X same (72,1) (70,16)
ik 12 WA KN 2,28 K 4,5 same (70,16) (35,16)
B2 )2 RN 35, 40 64,25 4, B pRAI ReLU , L3 /72 same (35,16) (35,64)
ik 2 2 WAL KN 2,8 K 4,5 same (35,64) (17,64)
BRI Z R/ 17, 800 128, 25K 4,30 B ReLU , 338 )7 3 same (17,64) (17,128)
ik 3 2 WAk KN 2, 8K 4, 358530 same (17,128) (8,128)
GRUL 2 M2 ICHL 100, 34095 B %L tanh (8,128) (8,100)
GRU2 2 P2 TCEL 50, L PR AL tanh (8,100) (50)
U= P PR SoftMax (50) (7)

3) /2R A £S5 HEEFEAEXE

A, LB T CNN-GRU BRI BLA BT 1 5 1
PR, RIS 1 30 B A SOy B A 35, B0 AT 1 X LG S 5
X7 B4 75 2% 500 HE AT /N IR 43 % ((wavelet packet
decomposition, WPD) F1 VMD ; 43 fi# 2 J5 X 8 A~ F 47 #2
WURHE 5 B 05 18 11 LeNet5 , VGG #5551 5 H X H | 33 P fh
22 ) 28 A5 RS R A DI 55 1 X 2% 4548 | 7R 1 22 SRR A
Jiz i 5k PR B X L, R DL SS0E B
CNN-GRU BEHL [ 40 (B, 3 FhoSE 505 34 43 286 o 6 %
® 4 PR,
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Table 4 Average calculation results of different models

R afirg: I HERH/ % PR REUE
LeNet5 78.5 0.566 3
VMD VGG 95.9 0.256 5
CNN-GRU 99.4 0.010 2
LeNet5 73.5 0.839 6
WPD VGG 90.9 0.307 2
CNN-GRU 96. 1 0.153 7

Table 5 Comparison of feature selection methods

o 4k VMD AT Syt
et FERT/s VMD FEft/s WA/ %
SSA-VMD 10 019 19.7 99. 4
GWO-VMD 25 198 23.1 95.7

AL 0 31.5 98.8

3.4 RELTH

KT 3B HUE CNN-GRU BRI HERE A SCRH K
P B A UL Ty ¥ o X0 7 WA X 0 B 1) 7k KR
p, He K=1 303 U4 60T 1 S 4 i i A
SR I 4 RN G v A RO T LA T 0 B T A AR
PERE.

ASCHEM T LeNet5, VGG Fl CNN-GRU iX 3 Fififbi 7
PEFTRRE , 1Y i 22 i O AR e, e K O 10,
FLA 25 BN 6 FT R ; 28 URIE BT8R n 11
JIR7R

#6 FREBHHTNER

Table 6 Evaluation results of different models

LR 4 AL TE 3 A0 288 11 24 43 SRR 0T
Ferb, Al DL B, 4 VMD J5 09 503 20 K 30OR B T
WPD, BiHH T VMD 0] LB A R BUREE . 750 2888 07
T, R SCHTE H A9 CNN-GRU #5580 43 K5 AR F VGG
1 LeNetS , HAEPAFPRFAE B HORE 7Y v 43 8 R0 2 B i
B, W] T CNN-GRU B AT R4k

SSA FKAR P AL ( grey wolf optimization, GWO ) & 1&
Ak VMD , ZERAL ], VMD FE I FIERA % 3 )7 1 64T
TR, 0248 CNN-GRU, BRI 5 pis, wf
PRI SSA Ak VMD J& , 78 BN 401 43 ik B 1) R 43 2%
WERA R T AR EAE T GWO, i H. GWO 4k B i ke A 1]
25 b AR SO I s AR R A S R A o AT
PIRR .

TBETR HER %/ % PRI 2E/ %
LeNet5 72.5 10.5
VGG 82.9 6.4
CNN-GRU 99.2 0.6

fH 3 6 W Hl, CNN-GRU £ 5 R HL4F F LeNet5 Fl
VGG, HAF 43 25 e R385 99. 2% , BAELIR 2212 0. 6% ;
B 11 i aT LA S, CNN-GRU H5 780 78 % 20 17 1 22 )7
T A B T HABAR A, I8 25 TR, A SCHE ) CNN-
GRU iR HA BRI 25 78 4, T 45 /AL R, IR 225 H K
ANRES, BOR AR B LA S R BLA S,

4 45 it
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