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Attention-Enhanced ACGAN for Bearing Fault
Sample Generation and Diagnosis

KE Bin,ZHANG Shoujing, DONG Binbin, XU Tao
(School of Mechanical and Electrical Engineering,Xi'an Polytechnic University,Xi’an 710600, China )

Abstract;In order to alleviate the limitations of intelligent fault diagnosis models caused by the scarcity of labeled
bearing fault samples, the research group proposed an enhanced Auxiliary Classifier Generative Adversarial Network
(ACGAN) model with attention mechanisms to enable high-quality fault image generation and data augmentation.
Firstly, the collected one-dimensional vibration signals were transformed into time frequency representations using the
Short-Time Fourier Transform (STFT) , enhancing the expressiveness of features in both temporal and spectral domains.
Secondly, the Least Squares Loss was used to replace the traditional ACGAN binary cross entropy loss to solve the
shortcomings of gradient disappearance in the training process and improve the training stability. Finally, a channel and
Spatial Attention Module ( SAM ) were integrated into the discriminator structure to increase its sensitivity of the model
to critical fault-related features. Experimental results demonstrate that the proposed approach can effectively synthesize
high-quality fault samples, thereby significantly improve diagnostic accuracy in small-sample scenarios.

Keywords : bearing ; fault diagnosis; ACGAN ( Auxiliary Classifier Generative Adversarial Network ) ; STFT ( Short-Time

Fourier Transform) ; Least Squares Loss;attention mechanism

RS Tl B OB IL 3 5 33 F, His DU B T i MENLIN (8] R T s T &% ek SR0K,
PR EIE R R BV Al FEE FREVERB TR . BB R A&l A5 i, FEARIZ 4 AR
bR — B A R o S S L A P T 3 UTAEA , N RE Y PR R SR HE S T RER 2
WERATHRR . I, T A SR EUR2 WA WrBOR PR, e 3 T IR I 2 > 9 5 35 IR HG 58 R 1Y

I 7 B #:2025-07-18 ; & 2] H # :2025-09-29
EETIE : PRyt A SRR 754 (2025]C-YBMSH406)
E—EEE N ADK(1999) , 55 AT A, FEBFTET7 0 AL RE2 T . E-mail :2535328386@ qq. com



.62 - B THI# Light Industry Machinery

2025 6 HA

FEAESRIS B RE 2 B e . R B
i R S M DA A b B 3l 2% T R R AR, S PR 3
BT R A B R R U, DT AR TR 2
FEREAL K . T DR ST R 51 A 2 22/ s
( Continuous Wavelet Transform , CWT) 55 5 FH fi1 28 W 4%
( Convolutional Neural Network, CNN) ™! ffi4 CNN 5
K4 B0 12 ™M 2% ( Long Short-Term Memory, LSTM ) (4]
SRR Wt 1 4 s 5 ) A Bt R I 33
P Ao AR, 3 S8 7 12 8% sl MR O 2 iy s 2 A
AR T S B 00 HH S B S A0 R B TR v , S R R P RE A2
BT R

G R FE AN AR ) R, T AR OR AR N BT M) 4%
( Generative Adversarial Network , GAN) '* %11z FH T
WORAREA A S 1 e FEAE AR TS 1 o AP BE ) L 1E
INEEAR G F T R R S RS IR LT
TESTHY Wasserstein GAN, Fj T AP 80H T AR BRAE
AR, Meng %I T 5] A Wasserstein i 5 541
HAE T 0 Bl Y B 0 2 A O 47T ) 2% ( Auxiliary
Classifier Generative Adversarial Network, ACGAN) ,
BT A R AS R it 5 R R . R
P&t 45 G ok AN R B A AR X B 26 5 Swin
Transformer 2 W7 il CWT #4i SHEAY 4542
THorERE , SEI T e AR L A A i 5 i R T TR
o SR BRI EEREAY R 5/ MEAIS K )5 T U
HEJ (AR LR P Z R A0 PR LR LA S 2588
FE RS D TS AFAE Rk 25 (], U HAE G SRR SR I
Gy B DT TS A R T

BEXF BRI, PRABTZH it — Fh Rl T R T BLAR
PR B 0 2 A BT I 2% (ACGAN) B8, B kg,
K FH %a b e B2 i A% 34 ( Short-Time Fourier Transform
STET) ¥4Ik SN {5 5 Fe 5 Ay If A3 ], 38 5 R AIE 225 BE
HR, Pl D 3t R B AL 48 ACGAN X 2%,
AR i ofs 2 I R TS AU Ao P s B FE ) 4 vh
A IE 523 (8] 2 S A (Spatial Attention Module,
SAM) , 5| ALY B A S0 HE DX IR AE , DT 4 T A A
FEAS o S B2 MR RE

1 EigE=

1.1 EEEMH TSR
JeL S L AR e STT S — e FH 9 Bsf 3 50 A

2 A RE SN S 1 IR T R AR A
B —AEIR BN 55 5 A0 Ay [7) Bk B e 8] -5 AR R 1 Y —
HEMPIRIE . AT — 45055, S SRR EE T
B2 R 25 CNN B, A B TR IBCE N4 & B9 RHE
HA& o STFT g5 AT

+

Atw) = [ s(gli—we ™. (1)

KA, ) Sy B8 B AR R MR 0 SR SNE 5 1)
] E AR s (0) HIRENE S 52 (1) I REG w H
PRESIA B s 0 IR

STET Jifr Az B %) B 431 1] 3 3% 23 52 1 (] 53 3% 5 55 0
For AL R, A L E 2 B B IR T B R
TEMZFIRBEI I HIE S TH . I TR RBKE %
B, B[] 3 ¥ 232 5 000 28 43 B S8 R Bl 22 [, {1 1%
STHFT XfELL F 18 I A [ 95 Rl oy 9 2846 Rk,
HKERRE RS SR E52HT K. 2% 30k
(13 ] Hyseim g, PRSI i D B ik Ry 256, S K
FEBE A 250 , DL A S0 AR $E 5 SR SRR AIE
1.2 $fBhoy KA R XTI M4

FEZ SN BURA2 Wi AT 45 T, 5 1 XA [R) il e 28 72
AR EAREERIEEA . B, F8 20015 BTl A
HE RSB DA T LT iR A i RE ) . BB AR
BTN 2 (ACGAN) TEAL S A OB [ 2% GAN Bt
St b5 AbRZAE AL, 38 7E AR LA i A ZE 5
5 5., FEAE R0 45 v [T 2E 4T B O 0 00 5 28 )y, fof
I 28 BE A8 A A5 R A s 28 ) N7 P9 150 R AE A, DA T B 4
Ml 2 2253 FEI RIS W X AR AR 5 20— 3k
SR A Bh A 2 A RO 48 S5 R AN 1 iR o

SCO | o
AR
HA
RABREE

B 1 8o kARSI MA&LEH
ACGAN structure

L5

Figure 1

1.3 FEANEH
HHE & 1 #He (Convolutional Block Attention
Module, CBAM ) j2&—Fhah#h faj B B0 i = )



(B - w2l

I, F:RMSES DG ACCAN HRAGIER LR 5128 63+

AL, T 45 2R Hi it s AR 2 I 2% IR BRI TE
08 TR R A () A B b 4 A i R ) BRI, 2300
P24 T A B R B s ] X A i
55 AR RHAE I AT 32 T8 3 AL, 52 B S B A R Fr) 3
S5 TUARFRAE A, DT 4 T 190 265 114 5 A 2 1K g
SHBIMERE . B RHGE E RS AN 2 FrR
CBAM nJ A5 «

F'=M(F)QF;

F" =M (F") ®F’o}
A F A F 53 50 S i AR A R B 2 i S FRORS R
ik M M 5530 DRy — 2T T8 T P A 4 s [
T @ B ITCR I

(2)

FaER
WAL RS

SR

A2 BREEABRGEH
Figure 2 Structure of CBAM

2 ACGAN ¥i# A&
2.1 R AEH B

TR B o 2 ORI 45 o, A i 2o i A B
P FS ) i z ISR HIRRAE C A= iU AR 28 R, 0 4%
DAALH FIWTHREA ) FLAR (R HUAE 55 ) L i U H K
W (O32RAES) o B, ACGAN f% 451 25 bR 53 5 1 xof
PR LRIy 256 Lok 2 ¥ 4

Ly=E[In P(S=real 1X_,)] +

E[ln P(S =fake 1X;,.)]; (3)
L.=E[InP(C=c1X_)]+
E[ln P(C=c |Xfake)]o (4)

S WHEAR B INERRSE 5 € WREARIONREE ¢ JAHE
AR PR LS 2 A B B RE D5 5 X R X, 50 551
ESEREAR R BREAS s ET - ] D9 REAR 23 A3 9 0 225
P(S =real | X, ) AHEHE HEAEA N LT /Y
R P(S =fake 1X,,) S F0 50 5 A2 AR A D Oy
i HIBER  P(C = 1X, ) R0 A B B SRR A I
T ¢ LR P(C =c | Xy, ) 5 e T A1 Bk
AJE T I ¢ BIBER

F e R OEAE 2 A HAR, AR L +
Lo TTAE B 04 3 U A s B 45 5 0 1 g LS
MREIEHA I I REAS, Fe Ry — Ly + Lo HAZ S
ACGAN w3 g 461 25 18 ' 2% F = 0 2¢ UM ( Binary
Cross-Entropy , BCE) i1, S BELE VI ZRil W S A 2ok
JE ARG R 5 A i T e R, Ho B T 0 2 1, B
T SR LT R, s A s I

P DAZ DL, 78 A 1A 5 0 A b 5| R/
Fethi 2k (Least Squares Loss) , 38 i fie/ME T E 5 H
PRbRAE Z [ Y32 7 R 22 A RO B BE AR AL, 3R THIN 2%
AR ENE S YECCR o B E R R RN

1 1
Ly :7E1~Pml[ (Dg(x) _1)2} +?EZ~[’Z,C~PC :

[Ds(G(z,¢))* 1 -E,, [InP(C=c,|x)]-

Ez~,,zvn~},t[ln P(C=c16G(z,c))]; (5)

:%EZ"‘PZ,L'NPCI:DS(G(Z7C)) _1)2] -

Epopon[InP(C=c 16(z,0))]. (6)

2o K RLSTREAR o, b BLICREAR (R HIAR S D AT G
S5 0 A TR £ Ly T L 53 5 0 50 o
SRI B8 2 s D () Sy 0 59 58 5 052 BE AR (10 4
Dy(G(z,¢) ) oI BIERRE A RBEA 04 8 s P,y P55
B4 P, P, 43 51k W 7 K 6 0 5
PC =l Gz,e) ) HHIIE R A B AR 12 51 51 0 4
BP(C = e, L) g 0 528 0 2SR A 9 2 50 0 1
HE, SRR W B, i
LA BEAMIT 5 JE RS M I T
2.2 EBEIEMIZIT

L R A P 3 B A 100 ZE AL
W 1 i 0 A IR . AR AR A
T 5 R T T AR L ST B O
S B VA T A e R L A
A FF IR WG I 4 J2 0 B B
Yo b RRE W RS I . RIS — 2N 4
B B BUZ IR A 10— 65 LeakyReLU #8035 b 2L
DI MR BRSSO I Sl B — 2R
FH Tanh ST 6K, 4 1R 64 x 64 x 1 (4R Ji
8 HRRZ AT - 1,17, 32 TH 2 R it
SR, RSN | R,

L



- 64 - B THI# Light Industry Machinery 2025 FEEE6 HA
b bl - el
L & s |4 | om - # | |2 i | &
1 i = B |H | & BB |8 B|H |z #® E
Ao A x| |3 Bl | =& -2 % |8
Al = = A I A Bt 2 B] 2 Al -g
L B|E| & E|EB|& = | B z B | & 64%64x1
= 5 - S
A3 AREMLLEH
Figure 3 Generator network structure
A1 AERBHEMSIK BURFEARIL S 2 )2 N R, AR H 3 x3 B
Table 1 ~ Generator structure parameters JZ . LeakyReLU 375 2R 550 F Dropout 2H i, LA 358 5 45 11F
24 2 GBS R iR FEIRAE ST H PR LA KBS, o S i AR AR FR X S X 35
Dense (16 384) (4 x4 x1024) FHIERYERABE ST TE55 2 50 3 FI5H 4 BRI A
ConvTl (512,4,2) (8 x8 x512) S oA i CBAM . S0 30 T 5 201 ¢ty 2] Sl £ TR
o (256.4.2) (16 %16 x256) EEAVE WAL o S I SRS 40 7)) ) AR A A
ConvT3 (128 ,4.,2) (32 x32 x128) IR S AR S R AR 2 Dtk
Conrrs (142) (646 x1) S5+ 1 SR sigmoid Wil B Hh FCIHERERE, 53 1

FA G R S LR NP 4 B A RGE oy 64 %
64 > 1 FY HIE T K B PR IR i 4 A BURE B 5E

Sl softmax 52 B2 AR R B A B 02 0 4 Y
LSRN 2 PR .

o e e ey 5

= = ® = o = %

| A AL |, |8 s | ®
% | %38 5| £ |3 |x3 AR IR %|€|8|Rs & =
B2 g B2 8| wa B2 8|S BRI 5| = F p
Elg|a 2|l 2| A ‘§§U E| &8 §§U = 53 A EHSU = = =

64x64x1 % % ) g o 4 ® 4l
= - — —
B4 HIR E6ME&EH

Figure 4  Discriminator network structure
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Figure 5 Training Loss curves of generator and

discriminator under two loss function configurations
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Figure 6 Comparison of real images and corresponding synthetic images of 7 typical fault samples
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