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Data expansion method of permanent magnet synchronous motor
based on improved ACGAN
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Abstract: The monitoring data of permanent magnet synchronous motor ( PMSM) exhibit complexities such as non-
smoothness, non-linearity, multi-source heterogeneity and low value density. These characteristics make it
challenging to accurately model the type and extent of motor faults using simulation data. The serious imbalance
between normal and faulty data samples leads to problems such as overfitting and low accuracy in the training of
fault diagnosis models. In this paper, an improved auxiliary classification generation adversarial network ( ACGAN)
is proposed to study the expansion of real fault data for PMSM by learning the distribution characteristics of the
original samples, while the generated fault dataset provides a data base for the next fault diagnosis and health
assessment. Firstly, to address the problems of poor convergence and the tendency for gradients to disappear or
explode in ACGAN networks, the Wasserstein distance is used to constrain the reconstruction loss of the generated
data, and the gradient penalty is used instead of weight clipping to optimize the model and mitigate model training
instability. Secondly, to analyze the change relationship between data and the historical change pattern, recurrent
neural network is introduced in the generator to improve the quality of the generated data. Finally, the effectiveness
of four data expansion methods, ROS, SMOTE, ADASYN and improved ACGAN, is compared and analyzed in
improving the performance of fault diagnosis models using fault data from PMSM inter-turn short circuits. Results
show that the model trained using the improved ACGAN method is more stable, converges faster and produces
expanded data of superior quality than those adopting other data expansion methods.

Keywords: permanent magnet synchronous motor; data expansion; improved auxiliary classification generation

adversarial network; gradient penalty; recurrent neural network

Wi HE: 2022-03 - 14, FAHE: 2022-08-15; MEEE HE: 2023 -04-27
W48 B & Hudlk : https://kns. enki. net/kems/detail/23. 1235. T. 20230427. 1141. 006. html
E£WH: ERARPHES (51975426) ;#1048 T AW & 141 (2021BAA018 ,2022BAA062 )
TEZE BN VF/AME(1983—) B8 0 1A Uil

BE1EE . 4/)ME, xuxiaowei@ wust. edu. cn



4510 14

VM, 4 BT R ACGAN 17 RETR) 26 F LB 5K Ty 12 - 115 -

FK G [F] 25 L HIL ( permanent magnet synchronous
motor, PMSM ) HAT R4 AF/IN (D)3 58 B R A
BV L 8 AR, 2R P AR A A Iz
(B2 A2 47 7] B8 25 3 Uk B IR Rl
AT 4 N Wi 4 S R Y I A )
W REIZ W JT M LA R S RIS R R R TR
o ) A R A RAAE SR IR ) Bl HIE R i 2
U2 R e LA A B R R ORI S TR
] (RS K7 R R AR M RE I AT AR L SE
T V- 15 R B RS i AU BT A i e 248 T AT il e A
BB, TSR B rh R B 1) F ML A AR S A 2, 45 1E
HREASHH LE ™ R A

T RAE TS VAR R DA R R (1 R 2
— o MBI BENL L R SR E (random oversampling,
ROS) ") 3 3o 57 5522 ) o i B A% S R AR Sk B 14 Ml
(B b 75 2005 20 ) i AR e A B 7 i, B AR A
BRI 2 SO WIRRNZ (s . &l B
K HFE 47 AR (synthetic minority oversampling technique,
SMOTE) "*' | F 38 Ji & BUFE A 5 2 ((adaptive synthetic,
ADASYN) 7 A DB AR i 3 ek 2 4 46 {1 2 R
A G T ROS FEBALZ A PESs n) E, H 2
W27 11 R 25 1 2 I i B B9 B AR A e, BT
AR B PERE A SR THA R

R R IR, TR 2 ) LA s 9 sk
SRR T —E MR SCHRL9 — 10 ] 75 F 4 i (1 it
ERPREA AT T HER, AR T RCR AR AR (22
WA A REAS Y ARG B2 A 10, Sk [ 11 ] 42
HBY A B X BT W 2% ( generative  adversarial nets,
GAN) | It 28 00 288 X i R B2 4 1 A U]
G RE . SCHR[ 12 - 1348 T 703 GAN( super-
resolution generative adversarial network , SRGAN) , &
w1 I o3 AR AR Y O R R, X
BR[ 14 - 15 ] %5 JERVRCIE A AR S, AE BB R 5 Jn
POCARGENE AT R R A E R R, LR
FER W GAN BEWGE 1 VI Froy: > B JE AR AR A S AT
Gt

ST RAR B A AL S Al e — I [R] PR 47
MR GAN RYAT AR HA A il — 4E 1] 51
BRI ST . SCIRL17 J 420 T —F AT GAN 9 2
DACR AR AN 7 I e 1 KU i SR AL R MU 2%
ORI )L SCHR [ 18 ] FI T ACGAN X0 B 5 47
THBY %,

PMSM i B 548 2 A8 A 3 R B2 A1 2R Y 85
BB, BLHR ACGAN FI T AR 1 v ML i B K 8l 7
TEAE BUSCRAR BRI AT E SO, %
T AR T — PP T O ACGAN B 9

KI5 1, X L AL B B R AT Y e, | e
Wasserstein [ 25 24 A= pUEICHE ) o a4 2% 1 A6
BEAESH AU BT B AL ATIAL SR 5, 5 13
F L A A 5 54RR 114 I P A M R S | 7 2
S I AJEER A 22 0 2% 5 B ) K BP i 22 R 45 41
SWTRRL, X LR 5 5K 1 S 9 23 2R 45 SR B UE A SC
B 305 L AT

1 %3 ACGAN &3+

1.1 GAN

AN B R 265 pl A g A A S 0 2
AN S NIE S LRI O F /115 e o3 A O REN (P
A LR T L KBl B Ao S S 4 R S 5 S S 4
A8 LS A 2 RS v X, O HodRe ok
e . AR ILIA 1,

FSEHR

H51%8D o JmsR]

bwLg s Z— EmEc
T

El1 GANZ&HRE
Fig. 1 GAN structure

fBE n 2 AL AR A, U e kil SR O X =
[x,,%,,,x, 1 ,x, N5 n QLBCEAEAS A RRAE ) 4,
BELMERS z AN P, 2345 B 2 ~ P, R AR AR AOHIA 5
FUTROH X W A LSO Py, B X ~ Py

T 3o XoF A R N S s AT AR AR 2
SE P, R P, Z BRSSO 2R o A AR A B R
AR I L R AR — ] i AL IR0 0 8% o S ok e 2
P2 PAFAEA S HIAEA OB B 11 245
B A2 A A A A i B i 3 ) 8k , ik 2 DA IR
ALECHY LD

IR 2 S A IS KR A R B a0 A
—HUN IR BIN A G R, T GAN B9 H AR pR B

mpinmgle(G,D) :EXNP(W[ln D(x) ]+
E._,[In(1-D(6(:)))] (1)

fﬁ‘:fj;mgnmng( G,D) Wi KA /ME T 8T 2 5
AU, Bk B A SRS s o 0 LSS 52 B
PG 5D (x0) D40 50 i HHREAS S ELARE 5 G (=)
A e A B REAS
1.2 ACGAN

ACGAN ™ 5@t 75 A il s A0 1) 5 v 51 A 251
PR IR I S REA I LR 1, i T TAE 58 GAN ok
Pt A AR 2 A BB . [T ACGAN BT B 5%
A A R A D) A R S 1 R WD T I R T
HE5H LK 2,



- 116 -

5555 4%

B2 ACGAN #HRE
Fig.2 ACGAN structure

TRFFAE LS 6 AE IZRADN & D 1Y B =0
L, + L, Fe KA TREFFFI G D A IR a6 1Y
HE0l L, - L, & KAk, ACGAN By HARRECH «
L =E, _p, [log,(D(x))]+E, _; [log, (1 -D(6(2))) ]
(2)
L.=E _p, [log,(D(c))] +E, _,[log,(1-D(G(c))) ]
(3)
AP L, Dyl i a0 D RO L, S 5
s s 7 RIEH AR
1.3 it ACGAN
PEH Wasserstein I 25 > B2 2 50 i B AL B 5k
385315 5 5 G L WL S R OHE  A 2 ) 9 22 S | o £
T ACGAN 1 T2 JS HR B0 KL HORE A A e 5
PR 31 F1 Az 53 A B B 2 I 7 A B I 2RO AR E
Wasserstein i 5" 5E X h
W(Pdata9pg> =

inf
¥ € (P gaa- Py)

Eiiyoyl Ta-x]]

(4)
X I(P,,, . P) N P, 5 P, BERG R AG y
EREG  x HE AR || v - x || N ESEFEAR S A 5L
A Z B W( Py Py (e, 2) BRI
WS, HTOE DL BT 2 ME B A A Y
Wasserstein B 25, 4< 3 5k H] Kantorovich-Rubinstein
XHEE AN

W( P(lala ’Pg)

=—> Ssu
K HfHLp<K

By ()] =,y [f(2)]

(5)

XK HEEGsup b EHRA; |1 f1 | <K £ pREL

f(x) W & K-Lipschitz ¥ 2%, PRiFH 5 BREE—E 0

Bl o BIPEI RN X 26 B ) A R PR i 7 — 7 X[

W, DRAIETE & B BS BEARAL (A5 W 2 AU A f— %8 2k

R SH BRI, A RUE I ACGAN 2R
T By )R,

Ry TGRSO B R R B

b T 3 — ) T, AR SCHE A A 408 % R b s

FE BRI LA s MR DI SRR g . H3RIA

B2
L,=AE, . [(|V.D(x)[,-1)]  (6)
L VOREREE s || - |, 24 2 E%G A eI R 4

v=ex+(1-e)x, R x ~P, e ~U[0,1],U N
S)53AT 3 PO RFE A, Y A LS A 5 4
BCEAE 53 A1 2Z (7]
HT L AT T, 35 F 6 B AT 06 £k 1 Bl ik ACGAN
0 25 R A A 2 RS
L=E _p, [log,(D(x))]+E, _p [log,(1-D(G(2)))] +
AE, , [ (VD) ||, -1)7] (7)
L =E, , [log,(D(¢))]+E,_,[log,(1-D(G(c)))]
(8)
G4 e 2 ) P AR S B 7 o 5 A A
AR SCHE A B 2% R 5] ATE I 4 22 0 245 1220 5 g D,
K3,

’I'DIIH{Q
o c;a | & —
- =R = —

n, ¢ ]— ==

= =
g () — —3 —3
L ? f

3 it ACGAN MR 25
Fig.3  Generator of improved ACGAN

Az R B — ZR B A [R] A 2548 o dl ik , B2
ML g(+) SC)PIERT . 278 Nt B 2058 T 4%
il A LA RN

AN A RS R] — AR 2,2, 5
WG X B AR PR A 5 ks SRIEHS B, ARTR
5 h, MEGEEIFHR B, b, ] B, -1 B
ZI O AR R RMAR (), a2 28
FUEREZ G120 24 A0 ¢ B 20 0 A OB | i s 45
Ny, s RVRER 3 5 A R 5 | e 2 Ry,

2 B #t ACGAN # A 2 4 K| it 2

2.1 AWK

HCiE ACGAN A i I 45 L AR B0 UL ] 4, ) 265
(R S HOR 7 SCHR [ 18 ] By R Al T 1E 4T 52 56 BT A5 1)
53, BRIV — AR R H ) sh A {E g
KN D SCHR A BRI B (A 5 T FE WL e i & —
Hepg Bt IRl 81, B LR 1D 36 BUR AT 4504 4
AR B e R R DL 2 AR AR R AR
ZEFHIE I 0T BERR A/ INIBUE, LA 45 24K
DA S I SRR 5 Sy 1 58902 > BB VW T
(R P EBARAE K AL K BN 15 R ReLU 3807 PR AR
PEEVIGREREE . 2 BUAR A B B H) 20 K Ad TR
FEN 128 (VRS — AR BEs R PHE,



VM, 4 BT R ACGAN 17 RETR) 26 F LB 5K Ty 12 <117 -

4510 14
R ] 2
(e fiZ] i —)
__NIEPSL LB
- =™ = =
—{ [ k) — == - =
j’ = = E 5}
g(*) | = {Ei %
L ==]E 3B
B ] (]

4 ETHi# ACGAN BB HEIRY KT EIES

Fig.4  Framework of motor data expansion method based on
improved ACGAN
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Fig.5 Distribution of generated and original data
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Fig.7 Diagnosis before and after expansion
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