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Abstract

The imbalance of sample data is common in industrial system, and the number of normal samples
is much larger than the number of abnormal samples. However, machine learning algorithms and
deep learning methods, such as Naive Bayes (NB) and Convolutional Neural Networks (CNN), are
difficult to obtain high recognition and classification accuracy when dealing with class imbalance
problems, because they tend to guarantee the accuracy of majority classes. This paper proposes an
anomaly detection method based on Generative Adversarial Networks (GAN). The generator
structure in this method is a triple subnet of “encoder-decoder-encoder”, and the training genera-
tor only needs to extract features from normal samples, so there is no need for abnormal samples
in the training data set. The anomaly detection of the system is determined by the final score of the
sample, in which abnormal scores are composed of apparent loss and potential loss. The highlight
of the method in this paper is that it can detect abnormal data samples without training abnormal
sample and diagnose faults by generating higher abnormal scores in the system. This project has
verified the feasibility and effectiveness of this method on the rolling bearing data set obtained
from Case Western Reserve University (CWRU). The accuracy of the method proposed in this pa-
per in distinguishing abnormal samples from normal samples in the data set is 100%.
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ATV RGHERFEFABENTEIR, ERHARRTERTAREHEASE. TEARHLSES
HSENREES Tk, BlIInANR NS BN, RBP4 F RS, IRMERA B BRI 2
KRR, FHAENEESMARESBRMHERE. Ak, AR T —MET 4RI (GAN)
FIRFERMTE. ZIDMTEFRERSEAR @i - AR - s H=TM, FHEINZEZER
BHABENEEFEFRIEE, FrRlSEREFTRATEREHE, KRR FERNSREFEE
KB/ RAR, HPREIEERUBRAEERRAR . FOOTENRRET T UESHELR T
FEAGRAREI T xR E R AR, B RALERERRE PR KR, &0 H AR
1 K (CWRU)ZRB I EAE B Sh A B 4R L IRAE T 7 B AT A Rtk . AR I 7 SR AE B0
KPRIRERAES EEHANERTEE T 100%.
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1. A4

S RIS TR T RE R AT SEE M 2 AV R OCE B, I A 1) = A A B T Ty K S
IR, Fem =R, SR, LMk A 7 85 AT 5 00 EL O™ 5, 7 IR %A N IR AS B AE =
WA TR 15 2, AUER S I T & MRS T BEORRIRERRG . thah, Tl RGua & R AR
PEFIAHR E 1, XX AN ZRER TR R B Pk [ 1]

b S e U P S — RO AN RS AR AE — € I TR NG R B LR IR RS S, AR [A]
Fllo ST S A 5, I ) 21008 VR RS (R A N B (2] — ARCART RSN, S
S WA B 3680 5 70 R IR B R A B R S5 PR S B B ol I R SR s, T (] 3 271 T Ak 3 R I 4 R A 1)
B, IR NI S AT WA (3], LA ) BEE N — R K S R e o) TR, C&mh
FUEREE AL, ALHE DU 2 2888 . SCRFI BN VE5E (4] R T5 iR R B TP 00, SRT 2
G 73 AT I X L Ty R M DASRAR R RS BE[S ] B T BB AR 2R3 i B s A, Fric a2 I B
BOWLs 27 S EE I OCHE . JRTT, fEVFZLBRI T RS H, kA R W IGO0 T KRR EAERD . 7,
VARG IEFRE BT TIRE B EGE, RAHILRE, B AL 5 10K AR [a] 2 A% L R HE
[6]o DRI, ANHER R 57 85 0 250 2 0f e A DN ) R A 2 A AN R ) 52

IR H AR PR RS AN I, HLES 2 21 07 BRI 73 R85 e D Bk ORAIE 2 B e M, X
WK AR R e TR AR IR YRS ] HA2, X T RFEF AN, FA TR 5%
AR LS Ab T/ D HUE LRI S, AnAeT R AE R PR ) S 8 B 2 il oMk R e b S B A 1) 2 A AE 2014
4, H Goodfellow 55 A H A2 FORHT I 25 (GAN) A fift the ol AP el R AL 1 — DT % . I
A8 AR B S tHINAE “ Generative Adversarial Networks” — 3CH, JE#) e 88 T EGIRBIGHR, FHEE
TS 7]. GAN A AR R I — AN F AT BEALECE AU A RS AR AR AR, XSS AL A
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W — 8 A (= A . EEVE IR R S, Caf —LiT GAN R 554 711 W 25 284
Pedt i, 4 AnoGAN [8]. BiGAN [9]H1 GANomaly [10]. X283 GAN (#7735 R 2R 1E % BG RETY
AR 5 UGN 5 R RRIE 20 A0 22 SR X 7 e B . IR — UHE K, 2T GAN [RBRL N T-2 S1 Fl
PN EE S 2 A 20, nTLAR b2 Wi s Sfm T 2 4808 SR, £ TR, BT GAN 1R
K JTEAER D W, G R H R AT T, RIAKIRE 5T GAN W2 BIATUR R e I J7 v 11 F02
T GAN HIAS-PATER S 2 Wi vk 12 3t o IR BBt 57 i3 R AT BARE— 25T 72 GAN 78 Tl S il
T A R, AR AE S SR AR O R o R T Tl i ) e 41 A4, ASC3ET GANomaly,
B T A AR AR A R SR AL, DASE I SRAN P AT 1 S AR = R T

FERX T LA, 0 Tl R G i HAE B =, ASCIR I T —FIE T GAN (7 R ff U8 e S
R ] R SX AN TV R GE N AT — AN H B2 R, A AR RS R Sl B AT X I 255 20U 2
Ja IR T2 W, ZRGEHIAE R T B RPN ES, KA “Encoder-Decoder-Encoder” 45
M =TFM%. N T IREEEERE, EFIAEIEA GAN 2 A3 N\ Kol 54 e g xt JF G B0s 42 AT AL 72 .
I TE CWRU R BN FlRSESE M S0, 30TE T % 5V i AT PRI 250k

A SCH A EETTHR AN T -

a) A1 MV AT AN I (8] 40 i), B2 T R ISET GAN [ A I 5 ik

b) gt Zrrp L FR IR FEAR . 1R — AN B AR IIAT 092 D9 268 S0 5 I S 3% 3 1A D 4%
NEBESLH Tk, SE AR EE AR . SLIRIET CWRU 1R sh il & S S 423047 7
SRR, B T Z RS RIS WERe, R B I0NE T AR SO Rk, I
AT DA At e b 50 A AN S 1) R 37 S B o
2. MEHF
2.1. REF S AT SRS

BEA& &P Tk R G0 b= AR (B 18] 7 B B i ok BB 25 . AR, VR 2 TR BE 22 2] 1 e A
WAL BN 7RG HIRIE . TR R LR B 2 A i fE v, AT T2 S BN, (XA REKRE
ATTVE 28 e 2 R M R AT 4 o X S 2R B TE KT 8 BN AR AR BURE B =X, KA I i A2 ) 2%
(LSTM), 3IHFIZ P28 (RNN), FHAHZ LG (CNN) . BOR_F IR I LE R J3 27 =) R TR A S K 00 T
DU T VR 2 SR AR, (BRI AS P47 1 SR R I, HLAER AR A BE A NIl [13]. th4h, BT s
TR 2 S Can UG RIS 18] 7 81, V2 VR B 2 ) AL F - PR AR, ELTE T 40Ul A A e LA 5 it RS2 FH

2.2, AR FE O

FEFE T AP (8] Fp 20 i e dsn il vy, 38 22 R P 807k Bl BT R L T 14]. HL
0 07 138 ) FH SRR SR SO AP A R o AT, FL T A I R AR R A PR R G [ 15]0 BVE)
[ 77 ¥ — R FH R R 43 25 2% DLOEE AN 1887 1) 540 , e a8 i 4 ] bagging A boost ensemble-based 777%[16].
EAKHKIH Easy Ensemble [17]f1 Balance Cascade [18]5 %432 H H T AL BHIEAT-#7 " @ . Easy Ensemble
[17]7& 5 2 IR 2 BERAE A TRUR R BE AL A I — 3 R A AR B2 A T B 4 A~ T4 5 /b B30
BRA R EAT GRAE R 2 MR, SRS ARG 2 /MR I 45 SR B AT T . IXFh D7 VR e Sk AN L AR M 1) SR
HIRAHMEA[14]. Balance Cascade [17]/&i i —IXKBENLRCRFE = AENGRE, ING—AD02848, XTI
IR 2 BERFEARANR], SR G XX AN T (1) 2 BOERFEAR T OGHAT JORFE R 28 NN ZREE, IIEREE —
Moy deds, FREDRIEMBIFEARARE, PO, B30 L REAMT IR, RAMBERBEZ AN
REMHAB[17].
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2.3. GAN 1 GANOMALY

AR, ERA TR R R FEA T, S IZRICH R GAN b 7 BORBE Z AL . GAN &
i1 Goodfellow 55 NFEHY , il vt —FhIE I B AL &5 2 S0, AR BMGR R SIS 158 A9 R RCR -
GAN {28 &SR anlel 1, {8 A JE UG Bt xt 2 i as 34T U1 2k, 42 A% (Generator) = A B FFEAS . 2B AR AL
I A0 Z SN 2888080 iy N 304 7)) 5 (Discriminator) 1, YIZRAS 2 A8 IE 8 X 20 BoHE B AL R 35 . HU 0 R A0 AR
JlAs R LT, AR s a2 5 ok A S T SR R R A, T TR A A S At S
FESFHLIX A e 5 SR . H 2014 SELCK, BT GAN BIXTHIEENER AT, IR i
HEZEH R RIS T IR TS IR I

~ Raw Data
(i.e. time series)
A
'\ Generated
Ic 'VM\_> Generator |——» Samples
.A-J/M ,'
- Discriminator |[— Real/Fake
Original
Samples

Figure 1. Structure of generate adversarial network

B 1. & g L

TERME o U, Akcay S5 A$RH T —Fhid F I = K& R 454 GANomaly. 5 DL St Jr
TEAHE , AZEERITE 2 N ME G 45 b B B3 AR E R 2 [10], 26 T FRATAE Tl AT 1 57 4 A
M—LLj3 % . FHZN GANomaly MW ZEN4H . ZBAF, HA N0 “Yulidds - RILEE - midas” =
TR R 2 B X 2%, 12 485 M FH R B A R A B DL 45 (DCGAN) [18],  FRAE A B s 43 F =N
2R R BOR A TR N G R LE 23 () R R AE o VRIS 2 — —AF R EREA, IEEBEIRE S
SEIL T 0 R AT R

WX R G . 25 =30 52H TRET GAN B 5 RIIMESE . 55 DU R 28 F05 0 B 48 T SE5e
BEMEIGLER . N MR AARK TAE.

3. mMEA®

K2 AR RITEMGE . TP LLE AR B, XA R R B IEHHEA . A SCAEH]
KR AR RN RE A BEAT A BT SR I F AR, X SRR 280 e e v] DUSE A (O IAR Y 27 2] . Rgirb
JlAs R g as - MRS ES - gibdes =7, FAIENIR LT DCGAN M. fEAIIB B, HFEA
AT DA T B I A B g ) 5 3 HORR

3.1. FENA

éﬁi*ﬁﬂﬂ'lﬂ}?ﬁﬂﬁlﬁ%Dz [Xl’XzaXs""’Xn]ERtX"’Xi :[xli’x2i’x3i’“.’xti]T eR’(forizl,---,n)i%
AL AR AE— BUR ] ¢ WACSREOREA . FERCR A ol o R AR, FL b I ZREE R R 7 20T
X X Xy,

FER: Dy =[ X Xy Xy X, ] = D | %D, < R (b RIIGREA B

n X T Xy
A TFHNGATCIF I B, REBIORAREA A D, =[ Dl D, ] RO, v il u AR A A

A HFEA R
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Figure 2. The proposed method framework
2. RXFHEER

TENZR AR, M D,,, NZ—1 GAN-Based %4 M. JIZkid 121 H A2 fe /ML D, ,,, A TH
et . gt )E, TSR SE D, BTN M. 285 A B3R 0 BB R A IE
WREA AT S R AN RS . BT IER)E 2% R 22 5] T IR BRI T e on =, an SR A = 2
A DY VRN, I AREE M 14 5 ER N Dy, W AREL, SERKRMRZE . XA 2 54

test test

T E SR FEAS A LE
3.2. INZREE

AR SCAE BTV I GRB B ) 32 B H 2 IR AR T AR BOR VT RE/INIIRE A S BB AL . AT VE
) DX £ 5 1) PR BT A 4 B . ZE B R Sl B =3 0 ik . FEAR 2% 28K Fl DCGAN For. 7EAE ilige it s
i, & T —FH “Encoder-Decoder-Encoder” ZH ) =W . 7EK5 B dmtan N AL s < 77, 75 2kt
— AN e AR R — 4 (NI ] B HE A o — 4 R s, T RAFE B DCGAN B4 (R UM 2 ST REAC
REAE o BT @ R JE 0, AN SR AR B AT S A 38, DR AR B ] 57 2 0 PT DA 36 BRSO RRAE . 7E
YIS FEd, 1 EPE IR 2 PR RN 0] 7 U RRAE, SRS I F AR SCUE T ) 5 3 A 00 #5315 1% SRR AR 11
B A FA] RE AR RAE . AEM BT B, RS B R AN IR 1) e WA U 2%, S B (R REAE 2 AT
ZRBILEIEHE AR S5, DU A ZE kiRl A2 i

3.2.1. ARG

AR T, B0 T2 I BEARFIAHHE F RAE, 55 A as T AR A4 Fs
[N, fRAS%E G, AFREERE F . AR

a) G, H&)Z, Batch-Norm J=Hil Leaky ReLU Wi )22 . G, M HFFIE F BRAERIEAER IR Z G h <
q), bt h RELENIE Z MR, g RNGEDEDTFENRHELCE.

Z=G,(F),ZeR", M
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b) G, RAERHEEZ(RER). ReLU %2 Batch-Norm E#H . G, H] Z REHOIE F, F 1
YR F 2 —FE

F =G,(Z), @
¢) HfheE G, ML G, FERERSHEORE, Hith 2" W4ERERN Z AR .
Z'=G/(F"), 3)

A BGER PRAIE T IR AESR F AR AE AN I R I m] AAS B AE ) i Z A9, 405 3(Discriminator)
K DCGAN w51 N HIFRAEFI 5 026, T 0 i A Bl iSSR0 A2 2 BT o AR ) 25 F) S 15
MR RRER AT B AR 72 LT AW IN 25, ASCRFRE QT g SN ZRRIH5K% PR 2L

3.2.2. BfrERH
EINGM B, A R IEHEARE D, » FTUEE M R 2045 1% Ba 4 T pomiale (R 7t
BB, M AR It B I e Ok e R AR . IR G, 1 G IS SRS ER R Z ME
Wiy F, X SEEIIZGM BRI R 25 F A 2B A et 5E R F M Z 725, Xk
A BT FRAT TR S R
H T A 28 i 45 #4 2 K - “Encoder-Decoder-Encoder” ZH B = AN 2%, DRI A= il 3% A B 28 451 2
BRI ECKS B R B A 2K (Fraud Loss). R [H1451 2K (Apparent Loss) FIVE 7 45 % (Latent Loss) —#i7r 4ik, 2 T k¥
S0 HIRE = AN 0R BRI T U
HIRIRR: X E G| fraud loss K1 H (20 77 T 00 286 A R3S A2 BRI R AR 4 B8 Tl R
Ao KA I RE AN A A, s A T B fraud loss, AR
L (F)=X) o (C(F").a) @
&ﬁ¢a%:ﬁﬁiﬁﬁﬁ%@ﬁ,C@»%#ﬁiﬁﬁ%%iﬁﬁﬁﬁo%T%ﬁ%%%ﬁ%ﬁi&
FERA R T REE LM BRE A, FATEL a=1.
REIRAR: A A I A A I R v] B 2T S 81 AR BRI RE A R AN I, R I3k
ATV B LS REA 5 A BRFE A Z R ) Ly 22 5ok UR MK L, AR
L(F) =X |F-F| )
BEEIRR: B T KRB R AR RS, FRATE 8 L TITEMR, U/ ML BSEREAR IR R S
A BSOS 1) G R R ST A 22 10 P P o I i 2 mT DA B 2 50 B SIS AR A BORE AR Hh RV TE 3R AE « 534
Rtk 45 2k 5 2 A S AE MR B ™= 2 o 24 1 e i 0

L(F)=Y|G.(F)-G(F)|, - 6)
ik A TR B EO R T A SR R S L A ST SR
L,(F)=w,*L,(F)+a,*L,(F)+a*L (F), ()

EART 0, o, oWHREEL, , L 8L AES RS R ECT AU,
TEFI 528, Salimans %5 A [ 19142 H R FIRFEVLEC 5 2% £ BEAT X912 2 Ry GAN I Zr A Fa e 1 o

HARAT AR IR N:
1, (F)=X"|e(F)-£(G, (G.(F))) - ®)

FAMEH Adam PLALBF 201K S [R4E 36 FF 55857 77 FE(8)FN(9) .
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33. WAL E

FEUGRBT B, FRATT RIS A5 P98 A 453 20 A1 1 40 SR ons At 80 (0 DK B BEASHEAT PP o FEREA 7
By 2 AT RASE SON:
T(F)=2AxL,(F)+(1-4)*L (F). )

FEX—EaT, FAVEM 0, o WHERENEERIMBUEBZSE A, SR HAR ] e I ZR4
Ry BN AL R AR AN A B0 o RUOAAS ST KT i A IR e A A BN 25 s kil s, o
LASI B8 o A A 0 R X 2 SRR ) I AR A RO 9 AE AR AR 0 A AR HE s, IEREA
BRI TFYRESET 0, X TREFEAR, AXSRRERARN KR Z . R, @ 1 rE
(Il AT LR 75 5 L3k 21 57

4. LIRS

KT VAR A ST VR AT AT RN R, S0 AN RS 75 1L 7 4if R 2A(CWRU) SRS 1978 B A A& 5 -
HEAT, SEIGEWE 3 R,

Figure 3. Testing bed in CWRU
B 3. CWRU LK &

4.1. BiEsEER

T AN R R A A 4R, B E FEATL A e 0 A R DR AN (S S AR . SR FL KA
I J7 XS AL AGHAT | R G . 7 BIfE NIRIE(IR), RN (i.e. Bal)FIZMNRIEOR) G | HAE
JAFEITE 0.007 JE~F £ 0.028 JE~F IRk i il Rl BB 22 IR AL, Hd LM 0 23 1
FICEALIEEE A 1720 2] 1797 rpm). BHEEEFIRAEINZ )y 48 kHz, &R MRS ST =PRI 54 %,
R OR S IR B L HE S XRS5 S AR IR T 5. 36 1 g T SEi R RN EgIE E .

Table 1. Data parameters collected by CWRU
F 1. CWRU BUBREMSH

CWRU ¥iiE
fH5 A WANES
{EELL e
KA (kHz) 48
184 % (rmp) 1730, 1750, 1772, 1797
M B 0.007, 0.014, 0.021, 0.028
=St IR, OR, B
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4.1. BURERALIE

FRA T 1E 5 BHE A T3 AN GREE AT R AN 43 o X TR T CWRU BRah RS 4, 15211
WIS INGREHESE D, #RAL AL — BN 1A] ¢ NACSRAIREAS . X S Bt v] DS B PR 7Y X,

train
X X X
Z[XI,XZ,X3,---,X[7]= : T (10)

X X ot Xy

TR L5257 15 b R BURE AR MR LR RE AR 0 %5 PRI T S0 03259 76, ISR 7 W0
SEHEAT 9 BT R B MG . A ] ¢ P IT T ORE AHEAT A8, IR SR IR A 3136 A5 5
(A RE R . SAHARBE AL~ 1 x 3136 HIKERE D, = [ X, Xy, X, Xy | « SRIE KB BEH K 4
28 x 28 AR, AL T LABRAR A4 — 4 B AR T 4 SR 1 x 28 x 28 IR AR 1E It A
RO IA00E, 250 IR ZaE D, e R™ (b RVIZRREARHIECED) . A0S GAN J%— oj2 i 7
ST R 7 R T L T 00 S O R R O 0 4 26500 5 L T R A 2 5
IR,

X RLIMRREASE D, =[ DL, D2, ] € RO, v il S R E R A RS0 REAR SR . T A

TEMIREARSE n ALK R A n=b+v+u . £ CWRU HIEIEES, LI H IER RS KT b=400
FEA SR B kg, RIS T v =541 fl u =383 [IBA PR IREA TPt 4E .
4.3. SEHELAYS

S I FAK S BCEE PyTorch B, Jf48 1 T Adam DAk R RSCIIA SCIR LI 5. B 5 woe 4k
BRI S H, WIS 2 RN Ir = 0.0001 , 3 B, B, FIE BN 0.5 F1 0.999. X T M4,
AMETITENZRET epochs #BEA 50, batch-size B — IR UIZRFEAS AR B9 320 A SCHE H 1 77 V2 1K AR Y
YREERITEDR 2 AT T VRGN

D,

train

Table 2. Model network structure

2. REIMELEH

Layer Filters Ks/S1 Output Size
Encoder
Input - - 4x28x28
Convl (LeakyReLU1/Batchnorm1) 32 3x3/1x1 32 x 28 x 28
Conv2 (LeakyReLU2/Batchnorm2) 32 4 x4/2x2 32x13x%x13
Conv3 (LeakyReLU3/Batchnorm3) 64 3x3/1x1 64 x 13 x13
Conv4 (LeakyReLU4/Batchnorm4) 32 3x3/2x2 32x6x6
Conv5 16 3x3/1x1 16 X6 % 6
Decoder
Input - - 16 6 x 6
ConvTrans! (Batchnorm1/ReLU1) 32 3x3/1x1 32x6x%x6
ConvTrans2 (Batchnorm2/ReLU2) 64 3x3/2x2 64 x 13 %13
ConvTrans3 (Batchnorm3/ReLU3) 32 3x3/1x1 32x13x%x13
ConvTrans4 (Batchnorm4/ReLU4) 32 4x4/2%x2 32 x 28 x 28
ConvTrans5 (Tanh) 4 3 x3/1x1 4 x28x28

DOI: 10.12677/airr.2019.84023 215 PNER ST IR YN


https://doi.org/10.12677/airr.2019.84023

Continued
Discriminator

Input - - 4 x28x28
Convl (Batchnorm!/LeakyReLU1) 32 3x3/1x1 32 x26 %26
Conv2 (Batchnorm?2/LeakyReLU2) 32 3x32%x2 32x12x%x12
Conv3 (Batchnorm3/LeakyReLU3) 64 3x3/1x1 64 x 10 x 10
Conv4 (Batchnorm4/LeakyReLU4) 64 3x3/2x2 64 x4 x4

Conv5 128 3x3/1x1 128 x2x2

Flatten - - 1 x512

Ks/S™' = Kernel Size/Stride.

5. SKHER

TE ST, B L7 if K 22 (CWRUWSCERE R B AR B i N AS SO VB R 1 R, AR AR &ead il
SREEBE DI 2R AE BT AR B X 2 AR, 35 1 A A8 A IR AR N L ) 2%, AR 0 88 S It ) 45 SR,
X AR R EAT RTINS, B 32020 500 38 Re RO A s AR B REAS BT i, C B 2B R N SRl Sl
WA FH A2 AR IR 5 1 R 28 A5 R A AT I, 73 B9 E4 R AR B 145 0 T 0. BTdR Hh O vE M
CWRU HR &S 7 il 4 fis.

0.12
0.104
o LS ® oo o0 &% .  Normal
ST o i e o | 1o,
® R fault
0.08 OR fault
» L ]
9 °
0 0.06 o.ﬂo. °® ° \ o ° °
° ) °
0.04 1
OO T AP AN ISP S

0 200 400 600 800
Number of samples

Figure 4. CWRU data experimental results
B 4. CWRU B4R

MIZ 5 A 45 SR P T LU R DR sl R R AR T DU AN R, i DA R 0 45 2Bt B SR AN T
7)ok 2 70 R ) 5 €0 R 2 T BT 1) 20 B 1 IR AR 8 R o 20 (IR O 2 IR W PR AS A 2R B T A5 20 15
B, ATELE R BOE IR F AR Scores fH X [RI/NT 0.02 JFSAK R 51040, SeAb vl LAt — IS IE 2 AR L
AR T o B RO R AR IR IE S AR A 0 15 0L, SRR AR B AR AT BN IR L, 15
73 X TA1E[0.04, 0.06]2 [A] o I35 0 f) s ARR AMA I dh R A BT 20 1 100, 1282 K B A4S I 1% DL e 9
Hto BRAMAT R 2R ) mARR IR B A SRR AR IR 16 DL, MR A5 70 15 DUAR B L AR U BN BRUE »
477 X [HIFE[0.08, 0.10).2 8] %4570 45 FiL R W], RANHE(E TP i) Ball fault) 84 (880 5 1EH B A K
IR T, T MR T B (B B OR fault) 55 1E H Bl A i 22 e B K
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6. MB4it

ASCEEH T —Fh I T A O BTN 28 (GAN) F TS Mk B 8] 5 F10 AN -4 1R S R AR R 450 . 5 240
KZHINIRBE S 2] TTIEAHLG, IX PR R 4540 IR s AR 28 W R FEAR AT ISR, AHFEE T
W R G FEAR 7 A ) 1) R AE e A I 2 1, FRATTARIE AR T0 b B B0 AR A R ) 28 A5 28 P e A
Wit 7 — AR e ds . ARG FIH “Encoder-Decoder-Encoder” #4221 4E B 28 4 HH 458 K 1) S 40 BORKS:
M EAEAR IR . XM S5 7E CWRU RS Rl Z S L SEHL T 100% AR FE .

B & MU AR RS, P& BT B RE DA AERE 14 iy, ol B 45 ISR BILAE T DAUSCAR
b DA B 22 5E R 2 1 2 Joi (AP A0 B8 o FEARR B TAE R, EFXE 2 Je it (8] 50508, el A [5) 4
(S B AT A B QAT X 28 TV B AT 2 3ERR 1) 7 SRR, A B 2 (AR A 22

SE K

[1] Kantz, H. and Schreiber, T. (2004) Nonlinear Time Series Analysis. Cambridge University Press, Cambridge.
https://doi.org/10.1017/CBO9780511755798

[2] Mao, W., Feng, W., Liang, X. and Zhang, X. (2019) A Novel Deep Output Kernel Learning Method for Bearing Fault
Structural Diagnosis. Mechanical Systems and Signal Processing, 117, 293-318.
https://doi.org/10.1016/j.ymssp.2018.07.034

[3] Yang, H., Mathew, J. and Ma, L. (2005) Fault Diagnosis of Rolling Element Bearings Using Basis Pursuit. Mechanical
Systems and Signal Processing, 19, 341-356. https://doi.org/10.1016/j.ymssp.2004.03.008

[4] Lei, Y., Jia, F., Lin, J., Xing, S. and Ding, S.X. (2016) An Intelligent Fault Diagnosis Method Using Unsupervised
Feature Learning towards Mechanical Big Data. IEEE Transactions on Industrial Electronics, 63, 3137-3147.
https://doi.org/10.1109/TIE.2016.2519325

[S] Yin, H. and Gai, K. (2015) An Empirical Study on Preprocessing High-Dimensional Class-Imbalanced Data for Clas-
sification. 2015 IEEE 17th International Conference on High Performance Computing and Communications, 2015
IEEE 1th International Symposium on Cyberspace Safety and Security, and 2015 IEEE 12th International Conference
on Embedded Software and Systems, New York, 24-26 August 2015, 1314-1319.
https://doi.org/10.1109/HPCC-CSS-ICESS.2015.205

[6] sRATK, VRS, XK, & T K-IE SR Dk EaRa[I]. tHEALS AT AT, 2018, 35(7): 266-270.

[7] Goodfellow, 1., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., Courville, A. and Bengio, Y. (2014)
Generative Adversarial Nets. Advances in Neural Information Processing Systems (NIPS 2014), 2672-2680.

[8] Schlegl, T., Seebock, P., Waldstein, S.M., Schmidt-Erfurth, U. and Langs, G. (2017) Unsupervised Anomaly Detection
with Generative Adversarial Networks to Guide Marker Discovery. In: Niethammer, M., et al., Eds., Information
Processing in Medical Imaging. IPMI 2017. Lecture Notes in Computer Science, Springer, Cham, 146-157.
https://doi.org/10.1007/978-3-319-59050-9 12

[91 Donahue, J., Krdhenbiihl, P. and Darrell, T. (2016) Adversarial Feature Learning. arXiv:1605.09782.
https://arxiv.org/abs/1605.09782

[10] Akcay, S., Atapour-Abarghouei, A. and Breckon, T.P. (2018) GANomaly: Semi-Supervised Anomaly Detection via
Adversarial Training. arXiv:1805.06725. https://arxiv.org/abs/1805.06725

[11] Liu, J., Qu, F., Hong, X. and Zhang, H. (2019) A Small-Sample Wind Turbine Fault Detection Method with Synthetic
Fault Data Using Generative Adversarial Nets. [EEE Transactions on Industrial Informatics, 15, 3877-3888.
https://doi.org/10.1109/T11.2018.2885365

[12] Han, T., Liu, C., Yang, W. and Jiang, D. (2019) A Novel Adversarial Learning Framework in Deep Convolutional
Neural Network for Intelligent Diagnosis of Mechanical Faults. Knowledge-Based Systems, 165, 474-487.
https://doi.org/10.1016/j.knosys.2018.12.019

(13] ARMRZAS, A, WG, T Hlas 2 100 Dol 2 (0 46 57 # il J7vA ). 18 B HOR 5 M4 224, 2019, 38(6):
17-20+25.

[14] Wu, Z., Lin, W. and Ji, Y. (2018) An Integrated Ensemble Learning Model for Imbalanced Fault Diagnostics and
Prognostics. I[EEE Access, 6, 8394-8402. https://doi.org/10.1109/ACCESS.2018.2807121

[15] Japkowicz, N. (2000) The Class Imbalance Problem: Significance and Strategies. In: Proceedings of the 2000 Interna-
tional Conference on Artificial Intelligence, 111-117.

DOI: 10.12677/airr.2019.84023 217 PNER ST IR YN


https://doi.org/10.12677/airr.2019.84023
https://doi.org/10.1017/CBO9780511755798
https://doi.org/10.1016/j.ymssp.2018.07.034
https://doi.org/10.1016/j.ymssp.2004.03.008
https://doi.org/10.1109/TIE.2016.2519325
https://doi.org/10.1109/HPCC-CSS-ICESS.2015.205
https://doi.org/10.1007/978-3-319-59050-9_12
https://arxiv.org/abs/1605.09782
https://arxiv.org/abs/1805.06725
https://doi.org/10.1109/TII.2018.2885365
https://doi.org/10.1016/j.knosys.2018.12.019
https://doi.org/10.1109/ACCESS.2018.2807121

of

[16] Galar, M., Fernandez, A., Barrenechea, E., Bustince, H. and Herrera, F. (2012) A Review on Ensembles for the Class
Imbalance Problem: Bagging-, Boosting-, and Hybrid-Based Approaches. IEEE Transactions on Systems, Man, and
Cybernetics, Part C (Applications and Reviews), 42, 463-484. https://doi.org/10.1109/TSMCC.2011.2161285

[17] Nanni, L., Fantozzi, C. and Lazzarani, N. (2015) Coupling Different Methods for Overcoming the Class Imbalance
Problem. Neurocomputing, 158, 48-61. https://doi.org/10.1016/j.neucom.2015.01.068

[18] Radford, A., Metz, L. and Chintala, S. (2015) Unsupervised Representation Learning with Deep Convolutional Gener-
ative Adversarial Networks. arXiv:1511.06434. https://arxiv.org/abs/1511.06434

[19] Salimans, T., Goodfellow, 1., Zaremba, W., Cheung, V., Radford, A. and Chen, X. (2016) Improved Techniques for
Training GANS. 30th Conference on Neural Information Processing Systems (NIPS 2016), Barcelona, Spain, 2234-2242.

[20] Kingma, D.P. and Ba, J. (2014) Adam: A Method for Stochastic Optimization. arXiv:1412.6980.
https://arxiv.org/abs/1412.6980

DOI: 10.12677/airr.2019.84023 218 PNER ST IR YN


https://doi.org/10.12677/airr.2019.84023
https://doi.org/10.1109/TSMCC.2011.2161285
https://doi.org/10.1016/j.neucom.2015.01.068
https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1412.6980

	Rolling Bearing Anomaly Detection Based on Generative Adversarial Networks
	Abstract
	Keywords
	基于对抗生成网络的滚动轴承故障检测方法
	摘  要
	关键词
	1. 项目介绍
	2. 项目背景
	2.1. 深度学习用于智能故障诊断
	2.2. 类不平衡问题
	2.3. GAN和GANOMALY

	3. 项目方法
	3.1. 方法介绍
	3.2. 训练的过程
	3.2.1. 生成器和判别器
	3.2.2. 目标函数

	3.3. 测试步骤

	4. 实验设置
	4.1. 数据集描述
	4.1. 数据集处理
	4.3. 实施细节

	5. 实验结果
	6. 项目结论
	参考文献

