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Abstract

With the development of large-scale industrial production, the health management of machinery
and equipment is becoming increasingly important. Due to the potential failure of machinery and
equipment, the detection of abnormal machine sounds needs to be improved. The sound emitted
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by different machines during operation is regular, and whether the machine is in a normal opera-
tion state can be judged according to this characteristic. Through the research on the sound cha-
racteristics of the machine during operation, a machine abnormal sound detection based on deep
learning is proposed. Through the extraction of sound characteristics and the training of the mod-
el, whether the machine is in an abnormal state can be judged to prevent potential problems.
Firstly, the data set is processed by the constant-height Mel filter to extract the logarithmic Mel
spectrum as the sound feature, then the sound model is trained by mobilenetv2 to process the ab-
sence of abnormal sound in the data set, and the abnormal score and the abnormal threshold are
calculated by the logistic regression value output by the model. After comparative analysis, it is
shown that the machine abnormal sound detection performance of the model trained is improved
by feature extraction of the original audio.
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BEHEZER, JFHEARRME. Bbhh, S i BARE s, FH A B iR &
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1.2. IR

7 ] DU BN LA IS AT B SRR I W LA 2 A5 R B R . fE R LRI, B
£ FE R0 FE B O BT AT BAAR 9 3 2K O R R A SR S N B8 H 7 2R GMM-UBM [1] [2]
oh, S R TE A R AR LA T IR [3]. @ FH T3 B0 IR TE AR R AL, SRIGR BB MR AE T E AT
Wl @A FRHEEEAL, 5 BRI N 28 34T 1R AR P B B ANMiRE 20 F A MRl [4]. WRAIE
£ FE RO TR RN EAT I T IR 2 A FH Mg /R A 26 451 3 32 £ (MFCC, Me-scale frequency cepstral coeffi-
cients) [5], {5 A5 A8 2 #(GFCC, Gammatone frequency cepstral coefficients) [6]%5 B.— 3 22 4FAEHEAT 15
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PR . (BFER SRR R, B FATE A B R BRAE L — ke, Wil TR 2 BHA
BAHREAE TR 7]-[13],  BIANPNE K MFCC A RIASIERL A (7] Tk ARHFIBAK: MFCC A1 GFCC 4§
MEREE[8]; MTS 48 MFCC Mg = 0 — 10 1¥ R ZU(PNCC, power normalized cepstral coefficient)fli 5[9],
MITFEAT A R0 AR DL ERERFAE T VE TR A B i 2 606, L lnix 75 v 2 ) FH AR FHRFAE 1) 28 52
{EHEE T SRR TFHEF R BT GE . BT LA AT 1R 22 B 70 3 TR 4R 5% r) e 76 @l A R E 1 36 At _E O L 444
1 R R R S AR R AR R [ 14] [15] [16]. WIATE, LR, WHUSMET MFCC 5 GFCC BH
FHEZH 376 N IR [ 14], Anirban, Bhowmick 2T~ 75 78 70 i R RFAE RN (00 B RE X3 5 iR [15],
FERRK, Xidh, WA, ST ) S R RS 1 iE AR A 16]

2. HXRERFIFEAR
2.1. $HERE

MFSC (log Mel-frequency spectral coefficients) [ FE S FEELFE AL EE . Pidt (i FL A5 . Mel JE 3 %
H, XHIsHE . ARHERPIL A DR
O TRALFEEFE : o) o ah H AR 2T B TR . PO A L i s At N SRR AR
fEHAZ SHREE R, ZHRRIUAREIE.
H(z)=1-pz" (1)

@ PR LA R R B AR e B A TSR T S B A L AR B (DFT) R R A PR
BITIEMIGERR, (6K FFTo K5 AT IR S e o 4k o

f@)=rLr(O)]=[ ft)e™dr @)

@ Mel JER AR RE: BETERY], NI RREI AR LR, IF EXHRIIE 5 f&R 2 s
PUESBUR. X1 kHz BLF, S5IMERAERR, X1 kHz Bl b, 5P HCC R ik, &
REJIBLZE . O T BN H BT SENLE . AT Bk T Mel PR A2 FTLL, Mel PR & 4H A 7E R

Mel( f)=2595x lg(l +%) 3)

@ MEOSH: NS HAIEDEA log 125, A5 JFIURTE & (5 5 20 (4 B AR H AT BIB0E . BUSLR (X
FEFIWR LA, BWSARAL RSN, BROMARALAS BAEE SRR P EI AN K . log I8N T 705 L2 AR,
BENRE D, WTRRE . BIREF RN TRME G 5350, AR AU 0 £k ik b,
IEAFAE I log 38 SExT b ik b /R V8 1% B RO UBE AT X B TG P BUBOR AR AL Y RE B 22 57

© ZHEFFALIREG: ARAER B ZH MFSC R 155 S80S RE, 55 sh &Rk T LU
SRR RFE M Z RO AIR . SEIRAEWT: EB). FSRIEE SRR A ReT Rk M R IR B ERE . Z0)
ST AT LR R i 2 3K

C

t+1

-C,t<K

dt _ ZK:IK(CHk _Crfk),ﬁ\:ﬂlﬂj 4)
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Z2, AL B 20 f B EE R AN AT LA B I E 0 S

(K, MFSC 14 524 B 502 - N 4E MFSC 2 2((N/3 > MFSC &40 + N3 N—Wr £ 2% +N/3
MM ESSE) + WRERE LIRS TR B X BEWREEEE i 2R E), HEIEE
H BRI
22, RES S
2.2.1. BE4RIEER(AE)

H Jmh% %% (Autoencoder, AE) & —/N B 2% I, 3@ % K S K o bR 2 550 e 46 EA, [ 302 ) 4
PERFAIE, DRI PR 22 ) 28 A5 B AE AL 388 o Rl 0t e i A o 2B A N2 L R0 Al 2 A
B, B A P A 0 D 28 K B AT SRS AN AR D[ 17]. E dmADRs g5t € 1 BroR . BagsUZ gt AE A RE A 4
FAHERIR, AE BB N BEEBEA, Bz 8 R s m A i R0, a5 B R aa e A
R X RNEATRIE 2 27, 0K 2% ST B RFE AR it H AR 2 BRI A0 B A 4 H 2 ) 4
5t 2 4 1 i HE 5 N R AR AL B R R 18]

L) B

BAE — » BWE — 3 HHE

Figure 1. Autoencoder structure

Bl 1. BmBEEN

H 2w A I R AT LAy PR 23 AN 2 BRS80S 4 g A R MRS = 20 5 2 9 s A2 . gwbdid
PRI o R S AN FEA LS B4, DAL SR A He A S5 B 4 s A ot 2 D it R AT e A 3 46
Ehath, HEZ AR ER .
FEZRB B, i REX A AREAR BEAT P D B VRS B gt 2 s R I R X g A 2 HEAT AL #R A 45
BRI, JFIE I R 0 2 SR BRI IA B R ME, SR A RHIE R B A SRR
EICBON I
y:f(wx+b) (5)

fiEd i AR AR
x'zf(w’y+b') (6)
Arb: xFoR AE Wiy FoREEm)Z: X RoREMEEE:  f(x) RRIFELMEBERE: w. WL b
b TR LS SHL . FEB MR, AT A 0 X AN x RATRE B T MO
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ABRSR )40 2 R ORI AL
L =—logP(x|x') (7)

2.2.2. MobileNetV2

MobileNet WEZHELE 2017 FERAHABNSR Y, %A E — DN B IIREME A, AARE
A THRE/N RN, & T2 H R A R SR SZ IR T 6, BT CA =AW, 73729 MobileNet V1 |
MobileNetV2. MobileNetV3 [17].

MobileNetV2 HA A BAFE 2018 FEF2 K — Mol BB w2 2%, v T H bsk A 2381, AHEE T
FRGENITR FEAP L2 P2, A2 AR R YA 2 B ey, SRR S AR B /)N . MobileNetV2 ££ MobileNetV1 ff]
FAM SR, EHAERE B> B RS PUE N @ Rk @, T OB A S v i 22 G5 A4 ) B4 R ALE
HEATHREL, Wit T I M) 5% 25 B (Inverted resi-dual block) 1 2E 43 #l(Linear bottleneck), #2160l FRAE %
SRIAVRFZRERI G 2 Fros. BN FGRZERSUE IR 4EE R, WIALERE /), S ik 22 SOR IR AERFAE 1
FABABR L < 1 THYE, 2 5 IR G 3 x 3 + Relu XF {5 BARFE AT IREL, &/ 5458 1 x 1 + Linear
XPRAAEFFREAE, 192 ZRERS I, FFEEAT — OO B AR 45 R AN G AN .

LNERBZ AN EE FUERL 1 < 1+ Relu @7 FH4E, Mk 4B IR &" 4E; 2 58l st 3 < 3 +
Relu 1] 53 55 4 B FEA AT RRAE SR BUCR A (stride > 1 B, BUBSHRRAELERE C8 o &7 4E1%, f)ai@id As
1 x 1 (7 Relu)#A7 4, 4EEEM k" BEACE) k' 4k, By 1B Relu 508 15 SEAT AL B 5 2 AN n]
RIVEEEERR, ARG 4D Linear 24X Relu, PABTLE Relu B 1l IURHE, (G 25 E
FEIRE[19].
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Figure 2. Iverse residual block structure
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3. XEERE

M IR b DRI 38 Bh 2 A = IR A8 A B AR 4L, IRAAL DR AR 4R, TTRRME R, miAAb e 28
B, TTPRABAR . AELF0T BT A5 ey N EBRB X — WA . 1E % BT FH (1 D8I 28 T 3y 5 55 T AU R
JEIE A5 (Mel-filter bank with same bank area), £ A5 8UE(E S RA, BE AHHA)SGUSN Az, (B2
WA R AN, e ZRIRZ SIS S PRI AR SCR 55 i /R S 3 2% (Mel-filter bank with same
bank height)#F 1T 55

3.1. SLIEEHER

#4418 FH DCASE Challenge 2021 Task2 JF A& 4l £E , 1 MIMII #4E 8 /1 ToyADMOS #4045 25 1«
B AR FETT R B S ANV B 45 . MIMIL s 82 72 F T kb MV L 28 A A0S A i s 2 4, i
ST 7 FOASEZSER AL B8 ) IEH A A, Bl fan. gearbox. pump. slider. valve il ToyADMOS
AR LRI PP ZR TR ToyCar A1 ToyTrain). HEFFEHE A EINGEMMIREIEE, B train.
source test. target test, TENEIEEEF LK E 3 MNRAIAIFH Section00. Section01. Section02, B =
B0 70, A8 T HLEHSE R B MM A 20] [21] [22] [23].

3.2. SR E

K 24 (Adam) AL 323, 24 ST 0 0.00001 - I 2RI AR B B N 20 W%, B — L E3E i) K 7N (Batch
size) A 32,
3.3. ThIEER

ARSI AUC F1 pAUC #EATVFAE . pAUC 2 ARYE S TE & B FRyE Rl A 19 ROC #hZ1— B 115
A AUC. EARRSEER FIfefrH, pAUC THEOAARAER BH M (FPR)YEEI A 1) AUC [0, pl, p N O0.1.
FOHLERSETL . SRR K AUC Al pAUC 5 XN

AUCm,nd =—" i%H(A@(x}')—AH(x{)) )
AV, =L =l
1R . ]
pAUCm,n,dzmggH(Ae(xj)—AH(x, )) ©)

m ATHUEIN 0 BTN RI . d= (B, BRI F A — M HOo % x> 0 BRI
LEIE 0 () B LA KRR A, () BB S e
FABMSRRREA: N_RREAMHLES A SRR B E R REASRL, N, R LSRN
KB HA SR

3.4. RO

Table 1. Comparison of experimental results of some machines with baseline systems

= 1. BONNBHREERSEL R G

Bl ToyCar Valve TgyCar Yalve To\yCﬁr V‘al\‘/e‘
(AE) (AE) (MobileNetV2)  (MobileNetV2) (RCTTIE) (KR3LTTE)

AUC 63.19% 53.74% 59.58% 57.07% 63.19% 57.05%

pAUC 52.42% 50.61% 57.64% 52.83% 58.54% 56.04%
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ARICHTR AR iR X L seas, W3R 1 g R H ToyCar. Valve KB T pAUC 43 2 F
T 0.9%, 3.21%.

4. BE

AAE AR T R IR A ST N LAS S P B AR s, R B  H R SR AT 7 E R SR
JEAE ] B 9L (AE) AT MobileNetV2 AERIBEAT IR, KU ZRas BR A FIOT 5 Acdfe B 1) il o it
AT VPASAS AR Y o P S R i Y 032 A [ VRV R T B 0 O S UL, AR IS 2 15
W o SEIRUER] T IE R SR 46 E A AT R AL SR R U ZR AT T DLRAS — R A S AR R . AER R T
ferb, KB R AR, FEY REEE, #— PRI TIERA R, [R5 &R A S & B2
ZORITTHERL A BEARNERE, B D RIFIRE 2 I I IL S, JFEF G & 1 2Res, Dlit—D it
SN AR .
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