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Abstract

The rapid development of deep learning technology provides more and more solutions to indus-
trial process fault diagnosis problems, but when the training data set is imbalanced, the perfor-
mance of deep learning methods is often unsatisfactory. Therefore, this paper proposed a fault
diagnosis strategy for imbalanced data applied in industrial processes. First, limited fault samples
are used to train a VAE and generate augmentation samples. The generated samples are then used
to enrich the imbalanced data set, and finally a neural network is used for fault diagnosis. The
PRONTO benchmark dataset is used to verify the proposed method. The experimental results
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show that the fault diagnosis method proposed in this paper can effectively improve the fault di-
agnosis performance of the model.
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1. 531§

Tl B4 BB AT R T ORBE AL 7= R LR AR O B, W H ks, AR i e 4 5
WA R 2RSS S5 R i H, B Tl SRR PR s AR T, T R TG 1 22 A B
SRR S I AR R . — BURAE S, AT RRIE U R AR S B UR B T E T R, ST RER
BN RABEAR I AR dr e 4, 2 B EUE MG A2, Fik, A THR Tl FERe s 4.
e AT A, R T FR S A R s BE R . i, Tl R RS T DL
S M AR P R A R A PR I R R () S A S EORRAS , B I S A RN PE B, AT I2 A A 3
MR A F= R 1) e AR I8 T . AR, I A pe ik FE kA7 se it SO is Wy, ] DL R A = ik
TR ) AN RS, I DA, TR AR = A i R b, RO R I B A i AR
S G DU, AT AR A BT L (R RI A P4 O, BRI AR P2 AR, [ B T DA gl B8 R 1 R 2
AUEFE. Rk, St T d & dt4T Rt . HEISR i A R L, Aels A R E KRBk A
Y S IR N EE

BEAE TOIARL IR, T BN 2 1 s 2 2 B R M I A 18 A7 B AR LIRS, 3 sl e 12
Wr SRS SR AL T AT SE SR SR AL . TR RIS WU, KR A ST S IS R 5 NI IS R 4
IFEBCR PERIE R, AT DRy ot iz i Sems O A [1] [2] [3] [4]. &4 2% (Convolutional
neural network, CNN) [511F h—Fi B A 1008 5 =] 8 )1 FIAE LR HERFAE S UM e AR PE IR B 22 ST v, TR
B2 Wr S R REAS 2 72 S [6] [7]. BIAE, BEAEERIE S S PR JE TR R B P 48 I 4% 1 Tl e
G T SRR . SR, RER R 2 SIS RTE Tl R s S W U S T e R, B
T 1 5 25 PR SR B6 % o

TR 5 ) J5 s B FR AR RO 75 2 R 0 AL B0 SR S, VAR KB 1 W 5 I RS 1Y
FEA, (HSCPrE A 5 FoR I E M. B, fESehs Db, W kA4 s T B 0 2« 4 e ik
HRFRFE N, W& 28RS T IERBATRES, DA RO o H ks, Fik, i
WA R ILEE TR S P REAR IS OUR IEFOIRE TR E Eimn 2 T RS 4. ik, @
T S B AT AT T SRR SRR B S B AN T KRNI 0. Wi oN, i Hdd £
SR B B & o Sk Z LS S I 52 2R TAEMR SRS 5., 10 5 AT H5048 (1 b 35 )07 F 2 — s
Fao 4h, AU TSR AR A SRR DK, M DATE S5 5 HEA T 0 3d J5L B AU B

XIS T 5 BRI 5 AR5 W B A B30 (1 AN P I 2 T 5 5000 1 T 2 e e 12 i 1)
FEPEZ —. IEFRE TR E S SRS T IREARSE AP, 2R B kA R s o H
THRRECWIEE IR, 55 FEISWE AL B E AR Z M EE A L, 2D HHE
BERIBEREAS, VI ZRIF 12 WA R R 2 F SR A R P IR R A, & I 2 b B A mT e 2 L
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o TP A KR A, BT RETCVEA 78 00 2 SRS IR AL, AT 3 BB R A e 2 i P )
PERE T . I RIEA RORM T RIS AT I LR, X4 R 2 B/EH], EE 2™ E
fE R AR SRR FUON IERCIRAS R, ATRE S EORICRIG N, R4 N BT Re & B LM
Wb, I BANWIEEAT A D AR AR, S0 1A RGBS AR AE U TR) o Hh R = R
A, FETRE R NS A B B RE S WA, SEIUMERR R R . PRI, SR kAN 17 1) )
A ROT AR BB HAA RN S F .

T T K Ot B A2 ) R A AT (T SR RS AT AR e, R BENLEEY . B BekE . R AT
AEROHATHAR IS 5R[10]. 4, WA — et Fu 8 R HE S5 b R A R FERAEROR, B ARl i n sl sk >
TSN IR AR, IS AS R S0 R AR SR TN T 47, e AR B AE AN ST 0 4 BRI PE e .
SMOTE (Synthetic Minority Over-sampling Technique) i A & 5 WL — il RAE 7734 [11]. SMOTE 13
A SEAR SRR B REARFATIRE, B —LeHT A BORE A, I3 0 50 48 FhaZ 8 R AR 3 =
TSI, R SR AR D AP O S I . SCER[12)48 H TV ] SMOTE
(Range Control SMOTE) kA= LA AE W 1 1 22 A G 1 A A5 e A, e Hp 3 R AR AR i N0 (R AiE T
S, DBt LA R . Arora 28 AN[13]3H T —F MCBC-SMOTE (Majority Clustering for balanced
Classification-SMOTE) A, jd i 0 /b B HEAT I RAEAE N SRR 2 BRI P8, DUAR BON BRI 40 A5 LA
IR AR DB AT ) . oAb, A — LA R i A AN R LE Y S (AL B SR ST 188 AN T 1 B e
o I REGAN N IAE, EEAE ISR O AP AP . S RIS, T IA 2 A
B [14]. Frumosu 55 A [15] 003k sRAS U 73 R Rm, o filiss AR i (0 B0E AN TFiT r) jE . BRI A8 T
RS T — 2o pt, ARARN BIURR S ST B RR AR AR T AR R o W SRR E SR, T RES: S8
BARPEREANE, HEMERTRERSE R .

TRFE S >0 24 T A A R () PRB R S SR AR B A - () R ARE 1 2 A — A s ¥ e v 77 125 [16] [17]
ARy H w7 (Variational Autoencoder, VAE)E R ) —F[18], 2| T ZWNH. VAE J&T H%5
#%(Autoencoder, AE)F)—Fh, [FIFEZ HHgmbs 28 AR 2 2 Ao i AN ERCHIE T8 0t 2 ) 25 A LSS 3898 7 2 [ o
A BB AE AL B AN TT 250 SRJG, MIEAE S AT R — AN R A5 A i) SRR AR E 2 A (1 —
By e, SRR R I I ARG Sl B (R A R), AR R A BB AR . IXFE, BT DGR R
55 AR A LA AR I ME 2R A0 AR ISR AE A . 17 H. VAE GBS 7678 78 23 18] h AR i B AT ZREMEIREA, XA B)
THGSREHE 2 REE, IS E R AEE S SCHRL914 H T —FhIET VAE 1 8] /7 513 5 5 1%,
TR NZR VAE B8R 55 R AARE A B AL A5 12 B, — e FR P e 1 DO B AN R 5 2L
M IR RE S RL  I . SCRR[20]42 T —Fi B A PTERES H N VAE, #4484 Cloud-VAE, ‘Elif
TR AR A B I T A 28 PR AN o 1 SR T T AR R R A 2 (R], i SRR B A AR Y R 1) 3R
SR ALV RE RE A8 A B T B AR RO AR . H, A AR B BRAR B AR OO, R 0 PR A s ) 4
ARG ZHOE — AP, A 240G EE ] Re 5 8UE U FE AR A G Fi .

Rk, AP T —FIET VAE B TE@E G SR Tl it B s Witk ms, R VAE B3 A g

SIS AR AT RO, HEA8 ) 22 7070 7 4900 SR B v 723 1A P v 1E AR 0, S A URE AR 7E B
PEAS IR S RENE, DA 5 W TR 1 4 2K i
2. HHXIER

2.1. T EYRIDEE
TEVRPBEE S0, AU R e — B2 k. Horh, VAE VEN—Fas KR U R, Wl 7T
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Figure 1. VAE model structure diagram
1. VAE 1R BIZEH5E

VAE [{4% O AR B AE A28 (1 )1 5o R A e v 7 23 ) R (R R 2R 20 A 127 20 LAY 2 i
1R T MBI AEA, VAE B 5 MRS T3 AT Proge (2) HHRAE 2o SR 5 AR AR I8 I P BR02E R 2 DR 5%
g(Z) ° %E’ }\Aéj\ﬁ pmodeI(X;g(Z)): pmodel(x|z) qj%ﬁé Xo EU”?EﬁEI"ﬂ, gﬁﬁ%%g Q(Z|X) %?gf(ﬁ Z, ﬁﬁ
Prmocer (X[ 2) MR WA RRD 250045 . A2 43 1 TG 35 1 5 1 OB AR, e vl LA IS o KA S 800 5 x A
KRERIAE 53 R 5 L(q) K25

L(q)= B, (25109 Proge (z,x)+H (q(z|x))

= Ez~q(z‘x) IOg pmodel (X|Z)_ DKL (q(Z|X)|| pmodel (Z))

< |Og pmodel (X)
B, 00100 Proger (2,X) AT AU 46 T AT W0 AIFRGBRAE S (e S DSR A  H (q(z|x))%)”u
AL B . 24 o BOEBE ST, R RS N B O I AR, A IR TR A % e
FRAERPERTHN . 100 Prager (¥]2) 7 S0 1 0 88 1 LY B RIS B4R Dy (Q(2]X)] Pt (2))
WL LE 98315 g (2)x) FERLSED p o (2) PESbEE .
22. BLEEHSH

% Je 50 i (Multivariate Gaussian Distribution) & =2 i (09 &, T 2 4R NI 21 545
E—YEE0L R, mir oAl LHE R 2 i/id . MEZ miafmith, BREZANER, S HiE

] & (Mean Vector) Fl /5 75 22 55 [ (Covariance Matrix) kit . £ 7o & Wi 70 40 B HE 2 % & 2R £5 (Probability
Density Function, PDF) }y:

exp(—;( —ﬂ)Tzl(x—y)j
L (2n)2 |52
Hdt, oxou BB
X, X, m
X = X2 X = Xf U= Ha
Xo Xp Hp
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Tl B Z AN SHANER, RESHONAZ R Z A W] REfAE R AR & . il 20
e AT R R AL AE A3 18], T DUSE e bl K 0 2 AR R AL AN S 2R AR S o XA B TR TR AE A5 8] o Y
SR 5 S BR TAL S RE RO RFAEARS L, AT B S b B A A 75 Jm A BN . IR, 22 e i A B W)
RIS EETR, ORISR T Z R I AERR v 8 2 (R B A ey (T Rk, A5 B T B
P2 BT AE RS, IR 75 ZEHEAT B AN SO E AR 5C Tl R

3. {REME

AR SC AN 22 T At e Tl 3ok P2 o AN S A0 S B 12 8, SR T — R R T VAE HEAT R S S Y
B2 Wi o 1S PRIZ W RUAE R I 4] 2 o o fEMB 2 Wi R b, SE R A R4 VAE EAT I
S, AL1HImAG 38 B 051 di N 1 R 5 S BV A A (], RS AD 28 A 5 MR 7E 25 (] Hh AR S R 4
B AR RO AT BRI () B AL WA o SNSRI N ZRITF I VAE MRS A2 UM ARFE A, X SRE A B TE S
(] R AFE I B ARD 25 AR T, FT DASR LA SRS AR AR DA I BE AL 0 2 RE R . IR AR
UEFEARFNA BREAS, “PHTEOE S v IR IR I ROR S R A S &, ISR Zod R P ae g
G35 2 B HOROIRAS BORFAE, 8 S B 2 IS 7R ik B Oy 1B RS RE AR 2B W RS A e AR . 2 5, R A
P EARSEIZE VGG-16 W45, A H RENE A 2k 2% 2] B R IE T BT SR 12 . T8I A R W L
P NS UIZR VGG-16 2%, AJ LTS 21 XT Rtk A 1 #Emf 1500 -

HR A _

S

T EIE R

VGG 2 Wit &Y

Figure 2. Fault diagnosis model framework
2. WFEISHIRBIESE

3.1. VAE ¥R s

VAE {EN—Mri TG R BoR, BAEEB R INZAERE 2 . HRE IR, M mE
BE2E ST Rz AL BE I AR RE . ARV 2 Tl R M iie S, AN R R S ) (M A M 5 I 3 20 10
FEARBRAFAEW] BT EEILR, X0 e & S BUE 2 W R T ASE S s R AR ST A 2 . i
VAE HRBATHARIG 3R, W] LR RCE 2 BN [ RS REAS AT T4 A 5 o 25 S R A K
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B W 2 TS TR AR AN ) R B ) L R PR RE R B

VAE 2 45 9 25 AR RS R 2 AL il 28 Sl sl 3 i Herh it i 46 il 3 A4 i 24
J SUTTRERN 0 LS B R WU SV AR B I A S8, RN E S EA B0 2. ZRAN S
BN T ZHUE AR B RO A, A, AR RG22 oA . I RS UM T
B NI R P R A B MR AR R, B TR AR B ORBERF (S 2, 2 )5 T 5 S A R A
B RISMZE EE M 2 D EEREN 3 N RCERRA M. EIERR KA K g &, Jf
o FL S B A BRBLZ BR8] T o I SR KR L 2 (BT S 0] RS AESK R IAR, AME % 24T
REBREE. REEE 3 MERZ, B EGERHE KBRS R 4 AR RN M E & 3 B
BUZ A R B B0 B SO Relu 8, A 2 DNMRERUZ R T HibsitEfl.
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BN
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Figure 3. VAE network structure diagram
3. VAE W4 E51E

3.2. VGG &S B4k

VGG WM&t —MNREBRIE ML, BA ZANGHZMMAE, 7T LG R U 0 b R R
fiEe FERUEIZMT R, X SEIR BERFAE AT DA 3R 2 N\ B K OGBS 8, A B TR0 X 43 AS [ (1 B 2
Sle VGG MZBIEVF 2 KB EUE 0 FAT SRR (1, BB AR Rz LRE 11, R A ST B
VGG MEA/E s Wi . Fr, BT VGG ML 8 B S50, MR — LT 5 AR R 4% 45
M, BRI ZRR EEE R, AT DERINIBESE BT A RO SR FE TR AL VGG M E N — A2
IR 251, & TR 12 N T & Fh EHR 7 RARRIE S, DRSS T B ) B2 W 4
B VGG BB [EFE R & AT AT . FEASCH, W& VGG-16 LS /E ka2 Wit Ay .

4. EBEHH
4.1. BAEHER

N T BRI TR, ARSCHE A TR 42 PRONTO S M BE RSO 42 0SB b 34T T4 55
iE[21]. PRONTO J:EXidigok A 2 JE/R MR 2E T2 R G TR =M TIME.,. a3k, mE.
Z MR B o 12 I T2 B FE K ORI 2 ) 2 R . AT 40 D 2 Uit 11— s T 11 i
PO, @ WS TE N R BIRAS, BT DAAIB A & s AT, B 4(a) iE A E KRBT R, 4l
9 normal. air leakage. diverted flow =FIRA& T AR AS . FEASCH, 3 HL 1 100 A IEH AL AR
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50 I 30 NANFIZEA K HEREAA NI AG VI SR EE, BUUBLSEE O T B A T oL, SRR
50 A, AARFEA(E B 1.

Table 1. Number of samples in the experimental data set

=1 SRBEEHEALE

Kind Normal Diverted flow Air leakage
Train 100 50 30
Test 50 50 50

N T ARG A B 18 LAA 045 S x5 8 R AR R PR RFALE 27 5] S AR BGE G, 1 et Bl SR kA7 10
AbEE, ESE, BRI G EER SRR, R, BT EREETNS R, RS
W HEAT AL B, 5] 4(b) ARG BT A REACOR Bl Uk, O TIRERREI ek, GIRMZER, SR
PEBATIH— AL T, $REEAIZ LR

Figure 4. Transparent pipeline images in different operating states and
cropped sample examples (a) Example diagram of transparent pipelines in
different operating states; (b) Sample image after cropping

E 4 FRIEBITRSEPREEEGREBEEHHERRG(Q) TREBITRES
EREERGIE; (b) HEERGIE

4.2. VAE 18813112k
TEIZk VAE BRI, NS [E S I 2R B ) VAE RRAY . 3 N B0 v 285 oAk 280 1) e e P44
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Table 2. Hyperparameter settings during model training

%= 2. WA NBSHILE

A HERA UEBESANYS: G-l ETE i S
0.0001 32 4000 50

VAE A RIS 453 5% o A 18 SR AN KL HICE 458 2 P 0 2 2 ke
Loss = MSE (X, X )+ KL(N (4,07 ),N(0,0))

Forp EA IR R R TR A TR, R R a5 R AR s N 2 IR A ZE R . KL HIUSEB 2R A 0
B A SARMEIE S AT Z BN 225 . I8 S MEERBURA KL BUZHIK, BRREE 3] 3R
A BEMER I EE AR N B RE A, DASR e A ORI R, AR A N WA A R S5 38 1 22 1) ) 23 5
Oy A AT BESRAT AR HE LS 01T, AT B vy R R 2 1] P ) ] AR PR AT A R AN (K 2 R o AR I 2
I IR RAE I 5 P SR IETT LU Y, B A H R A VI SR OB S NI AR, AR e B Buik
B/ HARFFSE . X RIIIZBGR] T REFRINZR, W AR TREAE . K 6 09 VAE B A B )
while WTLCER], AR B RS T EIG R AHOCRAE, IER] VAE BRI Z IR, 23] B 1 b A
f T RRAE,  J ELBE 068 I AR 190 2% SRARE AL BRORH SR AR B AR

Training Loss Curve

135000 4

132500

130000

127500

Average Loss

125000

122500

120000

117500

0 500 1000 1500 2000 2500 3000 3500 4000
Epochs

Figure 5. VAE model training process loss chart
5. VAE #E8)I1ZR I F2 5k E

Figure 6. Example of image sample generated by generative model

Bl 6. & p AR R B G A A TR fl
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4.3. BFEISHT

N T BAIE VAE B AR B RE A LE AN 12 T b (R8O e A R R B A N B AN SP- i i 2
HEAT ISR, SRR R S IE R RS AR B IR AN R 7 VR G 5 AT 5 R BE SEAT ) 25
S, KA ERISRIR SR, S BT AR OB R AR S 35 BT R RIE R . S B 1.2 i I e 26 [
7 FiRe MEFTTCAG H, SRS 5] (550008 18 8 7 v et s 12 W 1) IE A 3 350 BT Tt o e P AR e i 1
SRR TN R AR HOE SR BN LI UK T B E A . R — M PR IR U BE ALY R —
Oy TR RIG I SRS A RN 2 FE 1 o A kT P 2% (Generative Adversarial Network, GAN){E A —
T2 AE F EE A AR AT U A SIS . IR & ULEH, FIGEHRESEET VAE HAR AT HE 185
ZJ5, VGG-16 PIZ& a2 Witk BE KR 3R =

1 0973 0.993
0.953
0.95 0.92
0.9
0.85
M 0.8
g
H o o7s
5=
N 0.7
0.65
06
055
05
Rz € S L% e T GAN VAE

Figure 7. Fault diagnosis accuracy rate of different enhancement methods

7. NEIHERT AHMEISBTIE R

NTFEINEMOHERIZWIE R, 158 /R T VGG-16 #1248 4t b it 73 FE N RIE HE PR . A
FRTLUE H, AR T AT, 2SR 2 D BRI AC S NBE RS, A BRI R e, 73R
TR HUEREA I 0 AR R 3R T . RYIMEE DB EA LR G0, WA n] DR BUCE 245 F 1k
BEfE R, T X DB Z A JUH R, VAE BRE SR Jo I BE 4, IO — i
FEAES Y, RS2 WS R ik 99.3%.

Confusion matrix Confusion matrix 50

air leakage 0 40 air leakage

) 2
= o
2 30 § 30
o
gdiverted flow B diverted flow 1
5 2
§ 20 -“3‘ 20
& &
10 10
normal 0 normal 1 0
0 v 0
' & D>
& 5 > oo S P
S
\P& zaé\ eé& \fﬂ& &Q e°<0
£ e
True Labels True Labels

Figure 8. VGG-16 network original data and VAE model enhanced data fault diagnosis confusion matrix
[ 8. VGG-16 M [RIA KBS VAE AL B HURHIE IS KR B M
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UbAh, N T AR R RS W RCR, K 3 B TSI AS [RIBOHE 3G 5k 7 VR AT S o S 4%
P& Titebr. RPTLER], RIGEIRES AR EEATE R e J5, SO a priert. £
VAE f BB a6 0 2 5 1035 TR e 5 St v di b, BRI TR RCR, A R 5
99.3%5 99.7%. Kk, WLIEH, ACIHEEIET VAE B TS FEAST #5000 S 12 W 5 ms 76 ff vese
B 0] RN R 8 R FE TS B8R, AR T e e SIEBR e R H F e B 12 B )

Table 3. Different performance indicators of different data augmentation methods
= 3. FEIBIBILR S AN R REHEIRRI

Dataset Recall (%) Specificity F1 score G-Mean Precision
JEa R 0.920 0.960 0.460 0.940 0.920
L G H i 0.953 0.977 0.476 0.964 0.959
GAN 0.973 0.987 0.487 0.980 0.975
VAE 0.993 0.997 0.497 0.995 0.993
5. &g

AT T — T T R o A1 e PR 2 W SR o SRS T VAE FR B 1S 98 R R ey e
W R HVERE . M VAE SRR 2 (W) h b AT S E R A, A O e AR, RIS DR A AP
BRREA S AR FEA ) — SO AR, SR RS WS R Ve RE . S RD R R L A 5 V2R P AR Tl B s 4R
b BUE T Z A 5 7RG T Tl RE R A A R O AT A R 0 AN R i AT R 4 o
ZJE 2 W SRR W], SR AT VAE BB I 98T IR RENS A RO R 7 FBR R RIS T RUR
RY] VAE Bl B ARG H T AR B H En b, Sl g sl s i2 Wi A mT DL 3] B 2 1 R
BEAURURFAE, AT i B2 W A PE AN B . (R, VAE AR & RE AR T s B T SR Aa s 1
JitE, QR SR EE AR B R AR, RIS AT RE S 2 B, TSR R PR e . 1T
HR T 528 5 I (R b 8 R Bl /D DL IRt X, VAE RTRR TGV 58 A gk FUARRAE, AT BR ] 7 B 7E I
SO OL T BE . BRI, AEARFIS SRR M VAR LR R 2 i B 2 Ak

E&InE
AT AEZE K HIRFH2EFE 4:(61903251) %%

S5k

[1] Zhang, J.S., Zhang, K., An, Y.Y., Luo, H. and Yin, S. (2023) An Integrated Multitasking Intelligent Bearing Fault Di-
agnosis Scheme Based on Representation Learning under Imbalanced Sample Condition. IEEE Transactions on Neural
Networks and Learning Systems. https://doi.org/10.1109/TNNLS.2022.3232147

[2] Al-Haddad, L.A. and Jaber, A.A. (2023) An Intelligent Fault Diagnosis Approach for Multirotor UAVs Based on Deep
Neural Network of Multi-Resolution Transform Features. Drones, 7, Article No. 82.
https://doi.org/10.3390/drones7020082

[3] Tang, S.N., Yuan, S.Q. and Zhu, Y. (2020) Deep Learning-Based Intelligent Fault Diagnosis Methods toward Rotating
Machinery. IEEE Access, 8, 9335-9346. https://doi.org/10.1109/ACCESS.2019.2963092

[4] Zhou, T.T., Han, T. and Droguett, E.L. (2022) Towards Trustworthy Machine Fault Diagnosis: A Probabilistic Baye-
sian Deep Learning Framework. Reliability Engineering & System Safety, 224, Article ID: 108525.
https://doi.org/10.1016/j.ress.2022.108525

[5] Krizhevsky, A., Sutskever, I. and Hinton, G. (2012) ImageNet Classification with Deep Convolutional Neural Net-
works. NIPS Advances in Neural Information Processing Systems 25, Lake Tahoe, 3-6 December 2012, 25.

DOI: 10.12677/pm.2024.144113 89 IS H 2


https://doi.org/10.12677/pm.2024.144113
https://doi.org/10.1109/TNNLS.2022.3232147
https://doi.org/10.3390/drones7020082
https://doi.org/10.1109/ACCESS.2019.2963092
https://doi.org/10.1016/j.ress.2022.108525

EHL H

(6]

(7]
(8]

(9]
[10]
[11]

[12]

[13]
[14]

[15]

[16]

[17]

[18]
[19]
[20]

[21]

WEE, REK, FETE, B, —FhIET CNN-BIGRU 254 W4 ffy 4l A& i B2 W k], IRsh 5oy, 2023,
42(6): 166-171, 211.

FiEZ, g, B3, BEh. ET 22T CNN SR HE2EII]. 6] TR, 2022, 29(9): 1652-1657.

FUkAR, R, EREK, Bk, MR A-FA RS S KE LDBSMOTE i RAFF77E[]. Hil 53k, 2022,
38(18): 58-63.

AR, T, G/, EARF]L £ T CWGANS HUHE 3 o i) 2. O R i AL B @A 7 (0] 451 42, 2023, 30(2):
292-299.

Shorten, C. and Khoshgoftaar, T.M. (2019) A Survey on Image Data Augmentation for Deep Learning. Journal of Big
Data, 6, Article No. 60. https://doi.org/10.1186/s40537-019-0197-0

Chawla, N.V., Bowyer, K.W., Hall, L.O. and Kegelmeyer, W.P. (2002) SMOTE: Synthetic Minority Over-Sampling
Technique. Journal of Artificial Intelligence Research, 16, 321-357. https://doi.org/10.1613/jair.953

Soltanzadeh, P. and Hashemzadeh, M. (2021) RCSMOTE: Range-Controlled Synthetic Minority Over-Sampling
Technique for Handling the Class Imbalance Problem. Information Sciences, 542, 92-111.
https://doi.org/10.1016/j.ins.2020.07.014

Arora, J., et al. (2022) MCBC-SMOTE: A Majority Clustering Model for Classification of Imbalanced Data. Comput-
ers, Materials & Continua, 73, 4801-4817.

TR, WIH. T AN BB A 2 ) 25 £ B A%E B 1 8 AN P40 ) BRI 9 [0]. & BB Dol oK 22 4R (B SRR AR,
2023, 46(11): 1573-1579.
Frumosu, F.D., Khan, A.R., Schioler, H., Kulahci, M., Zaki, M. and Westermann-Rasmussen, P. (2020) Cost-Sensitive

Learning Classification Strategy for Predicting Product Failures. Expert Systems with Applications, 161, Article 1D:
113653. https://doi.org/10.1016/j.eswa.2020.113653

Ren, Z., et al. (2022) Adaptive Cost-Sensitive Learning: Improving the Convergence of Intelligent Diagnosis Models
under Imbalanced Data. Knowledge-Based Systems, 241, Article 1D: 108296.
https://doi.org/10.1016/j.knosys.2022.108296

Xu, Q., Lu, S., Jia, W. and Jiang, C. (2020) Imbalanced Fault Diagnosis of Rotating Machinery via Multi-Domain
Feature Extraction and Cost-Sensitive Learning. Journal of Intelligent Manufacturing, 31, 1467-1481.
https://doi.org/10.1007/s10845-019-01522-8

Kingma, D.P. and Welling, M. (2014) Auto-Encoding Variational Bayes.
JEIRAS, DU, FET it VAE [N 8] 5 40 B G50 VE D], SRR LR 2R 2 (B AR IR), 2023, 50(3): 1-11.

Liu, Y., et al. (2023) Cloud-VAE: Variational Autoencoder with Concepts Embedded. Pattern Recognition: The Jour-
nal of the Pattern Recognition Society, 140, Article ID: 109530. https://doi.org/10.1016/j.patcog.2023.109530

Stief, A., Tan, R., Cao, Y., Ottewill, J.R., Thornhill, N.F. and Baranowski, J. (2019) A Heterogeneous Benchmark Da-
taset for Data Analytics: Multiphase Flow Facility Case Study. Journal of Process Control, 79, 41-55.
https://doi.org/10.1016/j.jprocont.2019.04.009

DOI: 10.12677/pm.2024.144113 90 PR

%1


https://doi.org/10.12677/pm.2024.144113
https://doi.org/10.1186/s40537-019-0197-0
https://doi.org/10.1613/jair.953
https://doi.org/10.1016/j.ins.2020.07.014
https://doi.org/10.1016/j.eswa.2020.113653
https://doi.org/10.1016/j.knosys.2022.108296
https://doi.org/10.1007/s10845-019-01522-8
https://doi.org/10.1016/j.patcog.2023.109530
https://doi.org/10.1016/j.jprocont.2019.04.009

	基于VAE的工业过程不平衡数据故障诊断
	摘  要
	关键词
	Fault Diagnosis of Imbalanced Data in Industrial Processes Based on VAE
	Abstract
	Keywords
	1. 引言
	2. 相关理论
	2.1. 变分自编码器
	2.2. 多变量高斯分布

	3. 模型构建
	3.1. VAE数据增强网络
	3.2. VGG故障诊断网络

	4. 实验与分析
	4.1. 数据描述
	4.2. VAE模型训练
	4.3. 故障诊断

	5. 结论
	基金项目
	参考文献

