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ARKMFFTTT 17 o
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AR SCER T RE, B E &R (China
National Knowledge Infrastructure, CNKI)AWOS
(Web Of Science) %4l PEAT 2 SCHR, I ] B Ay
IR 2220254F9 H, Al BL “A8 ka7 I “iffEis
Wr” JF “mEgr” 5 “FEE” LA “Transformer” AND
“fault diagnosis” AND “voiceprint” A= @iid],
PARefworkst& iU, &iHvERE )G, LRI R
SCHR188%E, HIC152%, HeIL36% . R
PycharmMVOSviewer# 4, X BRI A L= B
FNUR A EE ] HEAT WAL AT, DAE R K 5
Sl
2.1 RIHEHB T

A R OB R AR RGBS, i E 28T
e 1997~20204F 0], FELEREEMAI~105H,
AT R REIN B, BT N L& 50 Wiz
Wl AT NER R IR 43 i (Empirical
Mode Decomposition, EMD)%5 /1%, 202054, Hf
IRBTE M IR 2 %5 (Mel Frequency Cepstral
Coefficent, MFCC). AR/ 2573 f# (Variational Mode
Decomposition, VMD)ZERHIESR A7 LA S A%
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®1 BEUEAERENRTR
HEMHA ) RNl T EJFIR VAR RS
FlREEN' S ol ECEe i a7y A e BEA RS W7 B2 5L #iy WA SRS, JoVAE RLER R, ST E R S AZREK
S o5 R TR T R XIS HIRAGUR WA, A AR 2
sropg PURELOM AR BRI B 2 AR8eft, AR EW, POSIRIRZ, AL SR ERRAL. HeE %A
S G 50 AT AE PRI I K THI AR e 5 o, BT, WERER  RGRE KR

SRR AR B R N R BRI A REBUE S, RER UMUK Aa 2k

AR, 2R, RIAH B RS TR IR A

AN BN R S TS [, S SRR TR EGR ] BT, X PURRE BRI G RRER A K ER ER
PO ST ATIN A EUE SN JEREfih, SCYERR, AR, SRMAETI, RGN R REE, &

2l I AR AL AR A B R

Sy P H A 5 PR i 2

1 AR & A5 SO RS W TT AR

B 2 AR I 45 R ST 2 I 0SSO R RO RS

HE 2 M 4% (Back Propagation Neural Network,
BPNN). &AL M %% (Convolutional Neural
Network, CNN)ZFIZ Wi R TF R, 90 SO e
IV ERESAAZN R o A LR R () R R 2 . 2021
SRR N PO I B, 20234 R R OCER

Wi30%s, IRBNEME, FEAEIRE Y IR 515550
B GmE, B FO Y I S A 7RSS S e i o
B, S MAL GRS 5 A HE R 1) 75 SURFIE RS B R
PN TS, Bk B3 T AR R () 22 38 T 2 A5 T
B RO, 2 P BE AL A SR 2 S MU
TS I 5] Nz sk, brE NP R B S A
AP B, o B R TE R S R R T
2.2 WEMASH

A A R m AR S . A
EFWHF. AL I REEECNKIFIWOSH 737l
FEHTRIASE, BCREZE, MR KFREES A
Bt LAS R AE ONKIH 7=t fe ey o [ X g i i H A ) 7
ek, HEBDRERFREERAR R, £
FHLE AR A RS S, RIZER DN
FRIRZEDNTRENH, TR T 7= 20 b R B 1)
RYEAEDS. M, Uit AEEE+S TERN, WOS
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A DB ENU AR ORI FUAE AR,
AR R AR R DAHE S 12 AU 72 1) A 3R R e
2.3 XEIAR[SH

X SCHR IS B AR BEAT S ILAT SR 2R A, An I3 Y
AN, CRIEERT . CHEAUEST L CRHMERECT .
CHUFRIZ W M RS W AR U SR
e R, T, MR A5 NI AR I 4R 4G
HL AR I A e EEATFUN G AETTIRJE T, MR
. MFCC. BN . £E4NEA 7 (En-
semble Empirical Mode Decomposition, EEMD).
AN BT 2% (Generative Adversarial Network,
GAN). I EHL(Support Vector Machine,
SVM). BPNN. CNN. #&ZMZM % (Residual
neural Network, ResNet). ¥ #1425 (Recur-
rent Neural Network, RNN). K47 #1127 % 4%
(Long Short-Term Memory, LSTM)% 4/ iz
M TR “RAESR SN+ S8 Rt . 78
[T S S R i SN 7RI Ve S TR 58S
LREGURERE . BEBRM A . BT
A IR JZ AL A 27 = J7 92 1) VR JE o 28 1Y) 5% 35
i, R EAE TR, 2RSS M2 Y H
DREEUIL, DURTHE MRV S TS L.

3 TERFEHFEXBSEFEMEAR

3.1 EERFEMFEXBREFE

A A R AR, Y. SSRIRENAEY)
HURSHI R RSB QS 5 A BB IRYE
LA R, ZE R 5 A HUMSRAN B R,
HAUAY RS 2R R 2P
3.2 BERERFRRERAMRS

P AR TR 7R AR T e A O LA 5 R R
PE, RN FGREZET, T ERM AR M
B WS 13 S S TN AP I VA L St
LR E QRSN o
3.3 TEXBETERNBENES

ANFI SR AR s & PR S5 AN 37 S 2 5
FEF SO I EABAFAEA M E 7, FEXCRABLES
PERSSH UL K BT AL KB AT A5 |, X 3O R
SE T H I ARG ANFIZER . B LEInR AR o
1 BEBEGBHERNE

BEE (S T BRI, P QURMIE SR IO
—IE{E . PR HTIA 2 YRR R AR . HiTE
A 2 Fh o M I B T AR U0 5 AR 3R UK e
fiE, EEP NI S U3,

B 3 AR I s 7 ST 2 T 0k B 1] LI 0 2%

*2 TEMERBEHBRREN

1SS HApbg i AL LIRIEVEES S Es
ARG Nl HAF A AR AR BN, P2 A S e P (5 B 2 (g AN ) S) i ol 75 IR B S PR EEAEAE
BB KWLEf KT/ S ARBIR 2t AR, R IE a5 WK, B RN bR
7 s R AR M R GS e - EIELEIIN MR ) 75 B R s
HiT LT I M5, (B SR AR B4 o “UE T PR RN CNENRT R, PR SIS HOEsE
Ak B HIE I 3T, AR Bk GRaE = AR S (K R ) PSR WM A, FIRRBURE
ySR T FRAE BRI TR, PRI T S AT AL S LR RRFHH BE” FEE KRB

JR ER TR

BRI R A A IR, PR E R

BRB/NHIEN W Bl g pE
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B 7 75 R e A . FRA RE T R T S
o o kb, BELEE,  TEIEUL. e A SO
KAy ; =, A, 5 7 A, gty N o N §
ey T e LIRS TR, AU RESRG Sa e, RAAONE, AU R,
t A I W A P A L T

— e G AR S R, i AT

LR AR TR Ly e LI, SRMOER TR s e, i 2 BRI

bty DN BRI g e ™ okt L,
ERERBRRR oy, prbmTHeeh

iR il RE 1 55 I, AR A AT T A 2 T

AR

ERFEREN o . e BHFREA A, ML
Ny i B T4 s WAL, T)L:F?JLQEjJBE! DIFEME, AR =, W*ﬁ%{?*ﬁug 105 S == L5 1] AR [ BE 25 49714 Y
R e e T T i T S T T B e i
159 R B IE IR
4 ARANBEEOELSMNES
I e it AL R
g AN, BESAERT D, TN, SRR ORI o

FRBCE SRR . A B EITRBE

1 mib, mERH

EHGM, YRGBT emmA N,
HETTRZHE, HREESH ),
ARG, AR TR

TR AL L 4%

AR e R T A% B A B T B A

AN S 57 R R A B
0.3 mib, FREERLT1/3 AT IR SRR )

AT Ak A S| i RS, PR,
5| AR R4

PR B A e A 75 Al L T B A

TSN, B, k. AR, 0.3 mit, @A T35 R E B NASTERE, HE R
g, AHON T 1/2 kb
AT EE B, SRR, BERRARAL B 85 AT B T EEAE 0.5 m, 5

VA AR [ BR
Beifi A i AR, MER

ERER TR s g 1o P TR S SR

4.1 FHESHT

I3 73 BT RVEAS 5 R AR R, TF BT R
Ve SR, SRR BN S R WEES
NPT T AR 28 R AUE T I EA A B, &
fICHEL . A5 I A B A0 A8 B W BESARAAE, W HIE
FIRT AP R BB TIRES, AR 2 Wik R E LK
o RIECHENIG A R TR TOE B
EE . A bL E AN 5 2% B SRR AT R, PRt
TR W L EBE, NeWRMEELAE. Yu
S5 N UBE R R IR AU (R I e B A A8 Rk
AL H AR AR A SE IS ATIRAS o SRT, I I o3 Hr
2% O MG Y o HERE A R, HELL EL%
T HE2
4.2 ST

AR 53 A1 A5 5 DI ) 4 B2 2 46 AW AR AL T
EH T g BRI ha sh AN A, M 2R
W MFCCERHIE &5 & R o )RR i TR T7
o KZMEEENRO, YT NSRRI R0 5
CNN L LR EAL Bl A BE IR o Ak IDe R 55 N 2200
MFCC 5 i 5 i Sisi 2 5] 1 % % (Gammatone Fre-
quency Cepstra Coefficient, GFCC) @& A
MGCCHIALSTM, RAIEA . SR RA SR 3A
96.11%. Pei%s NPIFhAMEFCCH /N A g & i JF

S NI CNNEL R, 75 S¢ 41 5 % b v i 0k
99.5% . Z= 3 A N PHR AT A L 1% TR0 5] % 22 %k
(Linear Prediction Cepstral Coefficient, LPCC)4
ZAMECCHAFHE, KIMMFCCX L. Gediin
B AF R B R IER DUE A 2. Lite NP £ 5Eng
B IIMECC T, 456 I I8E A N 45 (Temporal
Convolutional Network, TCN), iRAEE. G4
FABHHET A IE99% o ATUSAFAE AT BN BRI s AR
JE AR AR P SURAE LSO R 2 A8 He 4 75 S0 4
JRRSARFILE, W B ARG 5 AR BE B
4.3 EISRSTHR

I A0 AT REAT RO BRAR-T AR5 5, AHERTIE(S
G R RAL 5 A R AR R, ST T E
Vi SR R AR H R . VA R
HLH-AE 4 (Short-Time Fourier Transform, STFT).
EMD, VMD%. 2= 8] 855 A\ PR F STETH4 il f iy
ZIR B e T AL . AR NPTEE S STFT S
CNN, ) B bE . ML P 5 i e v Al 2 08
91.09%. Sun?E NPHEHETSTFTS 2 HIER
HLFl 2 (02 B W2 B AG-SVAF, 1
LV 3 R o Al W PR AR A T8 98 % LA
o ZRRBAE NPURR I 45 A A e R A v S it
I A2 P& W EMD 75 1%, A R 5 s A5 5 1
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SRR . B4 BE S N BOR IR LR K AR AL
VMDZH, S5aMEAMAHESSVMIr2E, fEZ
JRI BB 5T T % 1492.22% . Shen®E A B 5]
N IRITTE,  TRRAERL S B8 H ) b0 A
2, PRI T M HER A S SURMIE - s A 55 N P2RK
ISR SR 5 VO 2 STE S NRFE, #4EFET-CNN
BN 7S SURFE 70 iR R By SIS, R B o
By R ERTBCR L LU BN R B o S R AR A R
BT 1% WM Es & 1 R AUt S, REdER1E
SR By B AR RUAE,  (EDE 75— 2
SEAON U, R R, PR k.

gi b, IR TP A, A R T
ARSI B 7 B, T B 500 3 ) ] X 52 2 )
FFREESHEAMME. WERSFR, X5 ZRHE
RBOTIE ST S, AT AR E W ESILRS
&7

XL TTRI], ARk A8 SURFIE SR U IR 9]
HEBOREG T WaRpi TS L ae I LU H 3h
e Baetl. TRALRITT AR, DUEN B ARIEAT
Hf. dehh, SRt — A AR A AR S EUE B
72 5 e LA T S R B EOIRAS B — 75 SURFALAE THX
e A AL FBE s SRR AE AN BH S5 [ 75 8UM5 5 B 5 B B0R
THER AR R R, SCHR[2,9,33] 38 R F /N s e b5
HE/R s . MFCCL #&$748 /3% (Gramian Angu-
lar Field, GAF)& 771, #H 2A4K S 2 RHER!
H R SURE R, SERUTERIR S B AN, A RER
THH BRI

5 EERENHFISERE

R SR ICA A e 45 75 SO 2 W B 3t 1 5 B
TR IR v o B B ORBRE IR AL AN, R SCRE A HiriX 2
AR RS 27 2] SR B 2 SRR i B AR

5.1 ETHF IBRPEI2

R AR R 2% 75 BUE 5 AR AR R i 4 R
P, HLas & SR 5] Nz, (R iz iR
H AR A T (Gaussian Mixture Model, GMM).
SVM. BE#LAM (Random Forest, RF). BPNN.
5.1.1 GMM

GMMid it 2 A5 Wi 70 A0 i & 1t 41 & R 0L & 75
SURFIE R A2 o0 A, TEACEAR RS R 8UE 5
FIMEFCCHHERS R H REFR &M, Caifs ABY
fEH404EMFCC R FH 1Y 20 S BB R 1E I 45
GMM, A RN H5 PR R RO i, HAEA
F{EMELL PRI E. T BHSAPRTFEEHRA
RO E TIMAENRE R ST 5 E, B
MFCCHAFE, 18 i GMM 42 FEAR XTI 75 X A
ORI RFE R, BE T GMMAE B 52 Tl
B8 fa sk /b . PURERE J1om i SE AN ME -
5.1.2 SVM

SV M R TE /N A RN i 4 i AE 25 8] Wiz A e
SRIRAF T VZ A, O I A% R O A i A R R
M, Z5MITEE, IGRmRL, e RO e e A A ik |
FROEZE RS = OS2 B TRk . PR Wh 4 A BOSR F A
IR 25 G R 1 SVM 4y AR Y, REAE /) 4 % [|)
BRX A IEESRERES. NRTFERE, HREY
FINAEEHRATSH S, "EEENER
RS G 22 ROBE B IR R B0 e 48 75 SRS 1
FRAE, DA/ 3RSVM A28 4%, 51\ slodh it
AL TR, HEFFRIE99.69%. AEEEE N PYERT

OB, FRECAFIFA S EEMFCCHRHIE, HH

BERFIERASVM S, Wi AR T R4 kL
FREA B AL FIE AR,
5.1.3 RF

REF# SR R 2 AR PSR 4% S 51 3

® 5 BEBREGHERT AL

ST STk e 5% TR B2 T HtE Ak
W R THEMH, EEEW, MRS AR, e ARORERSEE 88 DURMIEEREE, LIk
7 i AE ELIEAH LN 57 A B T2 Wik b 198 AR SRR SR S I AR R
BEA R I ISUE B A3 4 JRy 3 B

/—'/ﬁ\iﬁfz Hey| B 2T 1, =
Wi ]

AR RALAE /1 99

Bl GRAlmEh Ui 59 X DURERSh SR T L

s, MFCC
i, PNRCR G

A A S S 0, A L "
RALPSOR O, X g, MOGEELN
RGP IORA IR A, 3 e o i e g g P60

. gebhay s T B TR L A

poe  WEHEESICRE, M35 AFTRES AR, T ATHRIRIAS b B, SR
SR LR SRR S LA b — it
TIEEMGN, B RO M SRR AT \ e B KW T LA
STFT (55 0 S R TG, A LU JEB PIBRS & I b SR i
FUBSAMR, RPN BAIE, WAMEL, AW e o W AHRTRARE, A
i, EMD w madmer s B Btk OVEARPRESHEERS o R mi s iiem
vap | URE, B, BRSSO, AhOS TR, e, R L, a0

Wi PR LT

SRR, HHERES

b SR PO ERTR, RILRAET
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HEER, etz ), &6 kR
FEOUES I m e R e S g s, B RiF &8
PEo MRHEFEAE B PR XS LS B, RFAE P IR
fEAFAUCIE0.8921, T BRI, FrlvEfl
FRIE B, ZHERTURRHE, SCIm Lt = A
W BRELRSE N0 - A R 280 SR )
ks, RGBT IEGFCC I BRE, P it iyl
R H SR SR RO 5 RMIE T AL, AR
RIK95% LA b, FEIRME S 5 N IR RN B U
HEBME.
5.1.4 BPNN

BPNNE A 3 KM AEL S 5 3 2% ) 6E
W/ AR RS S, R R A R RS W SR
W o R A N ad i 12 07 V2 SE BN A 5] AR e 48 )R 0
TR i AR R A AR B SRS B R SR [ 5%
V20388 3ot 24 A3 AR A B 8t i 7 v, R 5 LA
B U AE A %60499.6% . BHBLSE NWEF XRS5
2 W) S R DA 4 TR AR R, 45 S KR M
LMEVERAZ T ESE I B 3 . R a5 AN
BEX AR R A ARG S S HUA L T8 R S Wl e P AT B
B HIRENE, MAEFastICAE S SHEAEZ
Jii, HEWAIL93.9%.

BLAR 5 2]l i R AE TAR AL B, R
AR R4 FE SUM S B B e T IR SR, (HSZ R Tk
JERERIGERY, R R 4R SURHIE R
eI 2, HEEwAZ ez, Hedh e 8HR
N
5.2 ETREZIBPEISHE

TR 5 218 2 2 IR R 22 I 2% B Bl 52 URFAE
Fit AW, K AE RIS E. RN Tk
G, Aefs S 2 v IR R MR R 2 4, A
I 2 IR A4 CNN, ResNet, RNN, Transformer.

5.2.1 CNN

CNNEE B ERZE. Wb ZEMEeEREZEMK,
H gU 2 Wi R Qo B4R 7R, 4% DL U AE
BIE NN, S5 25U E, Wik 2 4
HHG AR R, 2B E ML E S nmT
X} JE AR HEAT IR 2 R IE R R, KRR 4 i —
YERE RS e 2 e, R FH B0 eR 0 9 2%
M2,

PRI T ONN AR 85 75 gl iz Wt e
BTN AN T AT T . RS T, A
a4 5 N USOR Mo B I S E AR T B IR S 15
S, R A LU M ANCNN K. HAERSE
NIRRT M EMFCC 5 3D-CNN# RS, i i f&
YRR = 25 AU S GUS 5 AR, R R
AL R I598.33% . fERIE T, s AL
K ok I Wasserstein-GAN AT H s 5w, ¥
MFCCHFIEHI NCNN, £ R4 Th iR 5 #E 5 % .
Wan%5 A\ 5] N\ MixupZidf 34 50 Sk > FER A
(RARE R AT HEAT SR ME 1 DL R iR 4, FEAN
CNN, #EWiRIEI9% . FEAFMER RN, RIS
NG 5 G 5 Sl e 4 Ry 7 ol T 5 0 g R I
BN —F i A R B L ONN, SR Mg R B R 5
HERf R I 99% « Li%s NPUER S i ke, 1) A
MER AL P g NCNN,  1E 45 TR 55 204 5 i 5L
PEAE b, B UERG R 1K98.89% . XIMEHEAE N 5244t
Wi A R 2%, 8 2 I GRONNELRL, 5 )5
PIRCRR R R T A 2 AR T e v T R A e
96.6% . FEMEAIZEFITTI, XuZs NP4 MFCC
5 UL S A ONNALAY, R %5499.5%,
H R AR UREE /. Peng®s N ELBT-
ODFZ 4Rk &, Wit 2 i8iE1D-CNNAE ) S
HREZE ) HE, WERRERIK96.07%. NSLHIf AR E

P 4 ZET ONNAER A7 8 75 SUB IR 12 i i
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5 mRGTE, Long% NPUFIH AR ZME A,
W MR RY (1) 0T 72 B B R CNN S AR LAY
Hr, SEIL T 95.65% R 2R

CNNEE HAVERZ 5 FREATM, KM
FE SUIN A Bl [ B R RS0 S AR Re ' 4 A
FEAE, TENUBRAAZ) . JR 3 Fe S5 B2 W A R 3
8, ORI PSR EOR, HEEE BRI
I 7E 4 R RFAIE 2 SRS B3R O AR %, HAER
HREATS I AN T AR T T ) R PR YRR H 28
M. ARCRAF R AT R E TIRRCNN S HiEE Il
HlF A BT T 21 5 UG 5 RIRAERE V), TEIE 7
B BT CN NG i 7 A8 A il 4, it
ZIIEPFEE, SIANMIRZWME AR K REZEE SN
W72
5.2.2 ResNet

W2 R FER AT Mg R G B, (H 2L IR 5
gl R BREIR AL . CNNTE & Sl FE 12 Wi 32 B A
5, HHEMREZRTM%IEE . ResNetidid 5] A
BB SRR, SRAESEM P T IR E
DR 288 1ot P2V 2R [l L, 7R DR FRARFAE SR ELRE 77 10 [R] B
ERIF TG AR E M, ARRPEGUE ISR AL T
TR KA TR .

KW NPLE I ResNet5045 6 MFCCE A 53
BFHE, @IS SRR RE, Rt 3. K
HLZEIR A N HERIRIE596.15% . 4B E F 2 A\ PO H fl
2 kER SN S SERLH [ ResNet-SERL Y, F|
FHFbankFf ik 7E & 2% M8 75 PRI T S Ik a5 Bl il o
R, HERRIZ99.612% . 5725 NPT Z R
k22 M 25 BSR N et 45 & 2 1% B s Z s il & S s
R R R R HA R e S = 4R KRR RN
TERG RS . Rl R AN B AR R S T AR R
1£97.75% . Qian%sE APS$E HS-DCGAN-ResNet i
G, TE/AEEARD SR SEI A IR AR, 7
ME. RESHETHT, #EFFEEIL25%. fIHEE
APIEHSE-ResNet-ArcLossZ2 44, I8 #f /R S
B SR S AA B, HER R IR 97.54% . 5K I% 55
N 160V 5 ) 30 o 4 /0N 98 A8 4t A= o v 20 7 2R B A 1S
W, # ANResNet34, XJ 37t AY 5 bl fs il 0, 1
T %1598.7%.

ResNet 75 FMURR (1) 5% 22 & B WLH], 248 &
AP GU R 2 W A B RS B S e S
Z MU ResNet 8 M 7E L 3. TR BB A Bl
EZ W S 7 96% LA EFIHERE K . {HResNetf/s
PRSI Z . S8R, IR A, FETXS A
Uiy M A A 158 R0 27 DAL A R AR N V2 AR AN 2 T 1
. AR AT SR AR TR R T = ik ZE st

TEARFEPERE M RN Bl S B m kL E, 5 A8k
H & N AR SE T RS Nz AR ), PR
JREAR AR SRR, o LA AR 1 T
. ZRLMIIGREA.

5.2.3 RNN

RNN & — 2% R A 35 51 5088 ¥ 11 R 98 B 2%
SRR, BRI S SUE SR PR LR, &
FTHENES B RA . I RIZNES T e WaveGAN
AR SR B R Y A, R B ERNNEE
RUBEAT U5, R . SR WA B i b v A R A
93.02%. A 2 55 N 52K FH UM 52 /)N Y A8 4t B2 A
WRHIE 45 G MR DEBE 28 U MEF CC, i ARNNAL
TAPZIRIT AR, RS . Sed S b E A 2
1598.88% .

LSTMJ& T RNNF— Mot &5, it 5] A g
BT TR IS, AR AR S RNN
TEALIRA 7 B I R BV 2 i, % 5 MFCCHFAE
it RN ERESHRERPTIERE. TIAS
NEFEEMEF CC Je H 22 73 # 5 39Y4E R PR 4iE,  Fi A
W LSTMM LS, AL # . il SR A HER R 3y
#99%, PEREML TBPNNFICNN. XiaZs NG5 N
FIE A S PCARALMECC, 35 FH Sudk B S48k
WEEA S FMLSTME S, &R T HEH
#1K93.8%. B0 N HEEMD S i Fast-
TCA BN, 5 W5 5 3T B I8 7 25 U 4, 42
HUMFCCHHEM ALSTMM 48, #EfHZ1498.65% o

I 1428 570 (Gated Recurrent Unit, GRU)
e PR IRNNGE M, 5N T ER T IREE]
ML, FHELSTMZE M fivE, SHED, #_AT
WMGBCE . XMy NG T 3E H 748 e g A
REMERI50 Hz 4G 240, JH45A GRUMZS T
I A, 7E B O R AT 45 TR AR R 15 100%.
BEMRTHAESGRNN, LSTMASVM. AbuliziZs A 66
REFETMFCCHBZGRUMR A, @il ff
FURECHORE FE IR B 26 4EMEF CCHRE, 1R ) 5% Jah
VR B RA Bl B HE 1 60K 99.85%,  TEAEML TRNN
FILSTM.

RNN } HAFALSTM, GRU 5MFCCHHES: &
R, FE 51N B 3G 5 5 R AR AL SR e, AR
# o RNNATHHEAS [F) 75 3 (I ARFAE , AT R )
HAETH. JERESRRE S, &M T R e 75
HAR RS R I E e 5 h A B bR &, 7R AR K
I 8] 7 41 Bl e S T B g 5t , LSTM S
GRUNM I s fae B s iR ARG . ARt
FURT A TR = 2 T T HL A A, 7EORAE R
JFERASERE T () RN AR TS R BT, FRIRASZ IR



1598 B 7 5

o

=]

2 %

48 %

U5 T Y E RIS B RN B E R e, DA SR
LAY 1 R SR AT AR A
5.2.4 Transformer

TransformerB B A% 0 7E T @ & 1L,
REFFAT R T A 2 /A oe &, HSgUiE 2 i
FEUTEIS RN, K I At B 70 B 3 s A7 B 9 0
AR AE ) & A, it 2 sk B R IR IR
fiE, w&HZ ZERAPL (MultiLayer Perceptron,
MLP) 73 2% H b 2 0 k26

5515255 N T i 22 00 5 R ) 2 R B SUfE
5, GEBHARMERELE, HERUENTrans-
formerM %%, FHEEHAITFE % I AEA 2
o) R, SIEE R AR R A LA R R, R AR A
99.44%. KIEE NCEITIMDEFW¥ 85 S8 oK
B, RHFET ZLBEEZIPHIVIT (Vision Transfor-
mer) SEILAR AR FEN, AR E1£98.05%,
P tEog, Hid Grad-CAME A B AR Y v 3t
Fio EEXTARHLNEE AR A IAEE, Zhang % N RN &
A S R BRI AV S A R FE T, = E
BRI Y B R RS, R T NN
BHEFWT ConviI B WaveRep VITM 4, 1
RS M LE T AR FFI5% LA F il %, REM TSR
CNNHFIRNN. TR IT 4R HBLR KT 5 A 5]
N 2R IZ B IR R, XuetE NOEH 72T
Transformer 4214 1) 4180E At KA A TransQwen,
TEAA 100N FEAR RV MEAR SR, HFUE A O
AR IS 30%, B TAE R I 207 1
HAB KA,

Transformer X} F A J&] {14 50 R K& PR AIE 1) i
B URE B e, & T A L R i, EAAF
FEVHR ARG, WEIREREMTEER S A6
RGP R BAE BA R Z b . KRR T ] SR £E
TR @R Transformer 44, R BEHLEL R

R B B R BB, S5 A T AL AT SR TR AT
fEREE, R S0 RO SRR ) AR
Wi S FIRER -
5.3 HIEISHTERINIEL 5 B85

NFEBIE TN SRS S Prdzsie B, A SCMAR
RIKEEE . PIMRRE ST FEART R, MR
ERETETAYERE, WA RERER AT, IFas
& 7 5 5 Eh A TOUENE, W6,

HFTS W 2 B T RS HE E AL, N T
TP RS RTIH. R RS shS T
I, BRI IR Bk BTN 2 ASUE S
RO RZU AR TR EABES R L, XX RFIESEHL
JIR I R AT A R (2 AL RE D SR T T

R
6 BEERASRFKHZETE

TRBE 2 2 RS 2 T V4% i B 2 TR () 1 12k
Sl SR At TR AR . SR, R R Rk
FIH . WA S fr T AR YR s 25 5 T T I 8 %
Poiik. AT MPTES L . SRR TR
BEVESRT . VPR R e FIES S A& L/ R
FUBT 24 00 7T BRI B AR SR 90 77 1)

6.1 k&
6.1.1 BEETIM™E, FEBENESS

AR TAEM S E 2, SR Tt MUIRSh
SRR P T T SO R AE o R ) B B
W B R T e, HEENE T, 95
SRR R AT S A H ErE I A N e A
77 IR E G 77, AN RE N L A AR B, X
T E BT R, RS AE SIS AT, AR
JE 2% TG A0 2 5 45 R AR B AT 25 s A& 3R, X
G ZEAG TR = A I BE AR B R L SRR S 7R S
AR AR AL EE RN, AT B R

Kl 5 F&F Transformerti B {1748 [k 25 75 G b i2 Wi 72
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A Review of Research on Voiceprint Fault Diagnosis of Transformers

GONG Wenjie LIN Guosong WEI Xiaoguang
(School of Electrical Engineering, Southwest Jiaotong University, Chengdu 610031, China)

Abstract:
Significance  Voiceprint fault diagnosis of transformers has become an active research area for ensuring safe
and reliable operation of power systems. Traditional monitoring methods, such as dissolved gas analysis,
infrared temperature measurement, and online partial discharge monitoring, exhibit limited real-time capability
and rely heavily on expert experience. These limitations hinder effective detection of early-stage faults.
Voiceprint fault diagnosis captures operational voiceprint signals from transformers and enables non-contact
monitoring for early anomaly warning. This approach offers advantages in real-time performance, sensitivity,
and fault coverage. This review systematically traces the technological evolution from traditional signal analysis
to deep learning and compares the advantages, limitations, and application scenarios of different models across
multiple dimensions. Key challenges are identified, including limited robustness to noise and imbalanced
datasets. Potential research directions are proposed, including integration of physical mechanisms with data-
driven methods and improvement of diagnostic transparency and interpretability. These analyses provide
theoretical support and practical guidance for promoting the transition of voiceprint fault diagnosis from
laboratory research to engineering applications.

Progress  Research on voiceprint fault diagnosis of transformers has progressed from traditional signal analysis
to an intelligent recognition paradigm based on deep learning, reflecting a clear technological evolution. A
bibliometric analysis of 188 papers from the CNKI and Web of Science databases shows that annual
publications remained at 1~10 papers between 1997 and 2020, corresponding to an exploratory stage. Studies
during this period focused mainly on fundamental voiceprint signal processing methods, including acoustic wave
detection, wavelet transform, and Empirical Mode Decomposition (EMD). After 2020, Variational Modal
Decomposition (VMD), Mel spectrum, and Mel Frequency Cepstral Coefficient (MFCC) were gradually applied
to voiceprint feature extraction. Since 2021, publication output has increased rapidly and reached a historical
peak in 2023. This growth was driven by advances in image and speech processing technologies. Early studies
emphasized time-domain and frequency-domain analysis of voiceprint signals. Recent research increasingly
converts voiceprint signals into two-dimensional time-frequency spectrogram representations. Model
architectures have evolved from single-channel feature inputs with single-model outputs to complex frameworks
with multi-channel feature extraction and multi-model fusion. Classical machine learning models, including
Gaussian Mixture Model (GMM), Support Vector Machine (SVM), Random Forest (RF), and Back

Propagation Neural Network (BPNN), form the foundation of voiceprint fault diagnosis but are limited in
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handling high-dimensional features. Deep learning models, such as Convolutional Neural Network (CNN),
Residual neural Network (ResNet), Recurrent Neural Network (RNN), and Transformer, demonstrate
advantages in automatic feature extraction and complex pattern recognition, although they require substantial
computational resources.

Conclusions This review summarizes the technological development of transformer voiceprint fault diagnosis
from machine learning to deep learning. Although deep learning methods achieve high recognition accuracy for
complex voiceprint signals, five major challenges remain. These challenges include limited robustness to noise in
non-stationary environments, severe data imbalance caused by scarce fault samples, the black-box nature of
deep learning models, fragmented evaluation systems resulting from inconsistent data acquisition standards,
and insufficient cross-modal fusion of multi-source data. Sensitivity to environmental noise limits diagnostic
performance under varying operating conditions. Data imbalance reduces recognition accuracy for rare fault
types. Limited interpretability restricts fault mechanism analysis and diagnostic credibility. Inconsistent sensor
placement and sampling parameters lead to poor comparability across datasets. Single-modal voiceprint analysis
restricts effective utilization of complementary information from other data sources. Addressing these challenges
is essential for advancing voiceprint fault diagnosis from laboratory validation to field deployment.

Prospects  Future research should focus on five directions. First, noise-robust voiceprint feature extraction
methods based on physical mechanisms should be developed to address non-stationary interference in complex
operating environments. Second, the lack of real-world fault data should be alleviated by constructing
electromagnetic field-structural mechanics-acoustic coupling models of transformers to generate high-fidelity
voiceprint fault samples, while unsupervised clustering methods should be applied to improve annotation
efficiency and quality. Third, explainable deep learning architectures for voiceprint fault diagnosis that
incorporate physical mechanisms should be designed. Attention mechanisms combined with SHapley Additive
exPlanations, Grad-CAM, and physical equations can support process-level and post hoc interpretation of
diagnostic results. Fourth, industry-wide collaboration is required to establish standardized voiceprint data
acquisition protocols, benchmark datasets, and unified evaluation systems. Fifth, cross-modal fusion models
based on multi-channel and multi-feature analysis should be developed to enable integrated transformer fault
diagnosis through comprehensive utilization of multi-source information.

Key words: Transformer; Voiceprint recognition; Fault diagnosis; Deep learning



