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Cross-Domain Fault Diagnosis Method for Induction Motors

Based on Fusion of DANN and CORAL

Zhu Bingrui, Wang Lili, Bao Guanghai
(College of Electrical Engineering and Automation, Fuzhou University, Fuzhou 350108, China)

Abstract: [ Objective] In modern industrial applications
with variable operating conditions and cross-equipment
scenarios, the performance of traditional fault diagnosis
models for induction motors severely degrades due to data
distribution shifts. To address the limitations of existing
strategies ( insufficient

single-domain alignment

generalization ) and high computational complexity in
diagnostic models, this paper proposes a lightweight fault
diagnosis method integrating domain adversarial neural

network ( DANN) with correlation alignment ( CORAL).

[Methods] A co-simulation platform was established based

on Maxwell and Simulink to simulate the dynamic behavior of

motors under vector control, and stator current signals under
multiple operating conditions were obtained. A preprocessing
strategy combining time-domain differencing and continuous
wavelet transform was adopted to suppress the fundamental
component and generate highly distinguishable time-frequency
image features. The lightweight network GhostNetV2 was
employed as the feature extraction backbone to reduce
computational costs. On the basis of standard domain
adversarial training, a CORAL loss was introduced, where
the second-order statistics of source and target domain
features were explicitly aligned, constructing a dual-domain
alignment mechanism that implicit adversarial learning with
explicit statistical matching. [Results] The simulation and
experimental results demonstrated that the proposed method
diagnostic  performance  while

significantly  improved

maintaining model lightweightness. In the transfer task under
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varying operating conditions of the same motor, an average
classification accuracy of 99.1% was achieved in the target
domain. For the more challenging cross-model transfer task
between different motors, the average classification accuracy
remained at 81. 9% in the target domain, which was
significantly ~ superior ~ to  comparative  algorithms.
[Conclusion] The proposed dual-domain alignment strategy
can alleviate the feature transfer challenges under complex
operating conditions to a certain extent, achieving a balanced
performance in noise reduction, model lightweighting, and
generalization capability. It provides a reliable solution for
non-intrusive online monitoring and cross-domain fault
diagnosis of induction motors.

Key words: induction motor; fault diagnosis; domain
network;  lightweight;  dual-domain

adversarial  neural

alignment
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Fig.5 Flowchart of fault diagnosis
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Tab.4 Description of cross-domain diagnostic
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TH S/ WA/ /A B/ (remin”' ) BB
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B4 512/512/512 B8 Il

Yyge 1 AW TOLER, 28 R RiEA
RTER— AL RS T TOUR pE e, PREER
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Tab.5 Fault detection accuracy of source and target

domains in scenario 1

TR/ %
sl

Al A2 A4 AS A6

DAN  98.7+0.6 98.4+0.7 98.5+0.6 98.9+0.5 98.1+0.8

DANN  99.3+0.4 99.2+0.5 99.4+0.4 99.3+0.4 99.0+0.5

B MCD 100 99.6+0.3 100 100 99.4+0.4
CORAL-
100 100 100 100 100
DANN

DAN  77.1+1.3 73.8+1.4 75.6+1.2 77.6£1.3 75.8+1.4

g DANN 86.8+1.1 83.1+1.0 85.9+1.2 88.7+1.0 87.2+1.2

br MCD  95.9x0.8 94.3+0.9 93.1x0.9 96.7+0.8 94.9+0.8
B CORAL-
99.6+0.3 98.2+0.5 99.0+0.4 99.7+0.3 99.1+0.4
DANN

M 5 AT 7R A — H AL AR R T R T B T 00
EREET, T B LB S A5 5 Ak B A R Y
— B AR RS T —E TR RS BLA B
T, UL A3—AL 5 T AL R AT 55 Ry ], i R
CORAL-DANN 5 DAN . DANN MCD 7 H#pi [
F 10 YO 7 336 45 SR EAT O X o KB, &5 2R an
%6 R,

&6 A3-Al THESEH CORAL-DANN 53tk
REIE X ¢ IR (@=0.05)
Tab. 6 Paired t-test results of CORAL-DANN vs.

baseline models in A3—A1 transfer task (a=0.05)

HLAERET [iGbagesit HER AR 2 {H R
DAN 22.50 (22.06,22.94)
CORAL-DANN DANN 12.80 (12.31,13.29)
MCD 3.70 (3.39,4.01)

&6 Al H, 7R EZEMKFEa=0.05T,
CORAL-DANN 7£ H #5380 E 5 R T 09 3 A8 T
SR AR R R T o R AR B (p<0.05) , HH:
WER R 22 1Y 95% A5 X RIS F 0, Ui B %
PRSI A Gt i

(2) Y5 2 I TH 50 Hz 508 T AR H AL
B Z RS R RE . LA T B AL Bdi
iR AT, 11 B MU ) TohR % H i,
FRAIAE HARBE 2 45 S a3k 7 s,
x7 FHE2 TiEEE BRESRES N ERE
Tab.7 Fault detection accuracy of source and target

domains in scenario 2

b8 Bl B2
H ARl B3 B4 B3 B4
DAN 98.8+0.3 99.0+0.2 98.5£0.4  98.2+0.4
Wiy DANN  99.3:0.2  99.2+0.1 99.5:0.2  99.3:0.4
WERT MCD 99.7+0.2  99.6+0.2 99.3:+0.3  99.0+0.3
/% CORAL-
100 100 100 99.8+0.1
DANN
DAN 55.1x1.5 53.4+1.6 52.7+1.6 50.5+1.7
FFF DANN 728514 701515 67.9+1.5 66.8+1.6
B
MCD 77.5+1.2 75.8+1.3 73.6£1.3 72.1x1.4
fif %
% CORAL-
83.6+0.8 82.4+0.7 81.2+0.9 80.4x1.0
DANN

Yt 2 M LR RN G, AN ] H HLAE
SER RS ARSI T T 5 A7 A [ 22
S, B RAAE 43 A A% T A, DRI I T A A A
() B PR AR ] AR T 5 1

LA B1—B3 (15 L HLE AT 55 8 i, K A 3E
A AR YN Grad AR P Rk 5 B sl R i AE 1k
THOLANE 15 s, H & 15 AT, DAN 5 DANN
1 H ki3 B8 R R 0k 55.1% 5
72.8% ,MCD ¥ %y 77.5% ., #H L Z K, CORAL-
DANN #57 f) S 4 fE i R 83.6% , I 7F 2 IR &
SR R N M RE U B

R T UM R AR AR R (A R A ST R R
FH t-SNE J7 260 35 4E R 1E AT — 4k 2 nT WAk,
t-SNE [R5 4E 4 &2 2, perplexity HX 30, 5% 2] &
SR HI B 3 R de Rk AR Bl 500, &
t-SNE ATHLALAR BN (1 43 2 R G &l 16 FroR, W
16 7] A, DANN B REH T Ik /A7 , (H = 4~25 5
TERRE S R R B A B E S, R FE LR
FEA IR A, K BB P BUYE B Y i A, &t
CORAL-DANN ##Y £ 47 F¢ AiF 42 B 53 28 0, T 48
5 HARECECE R AE 0] LA RO 5, B T 04 2
W AR
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E15 BEEEINGITEPERETH ML
Fig. 15 Accuracy curves of different algorithms during training

HEIN 58 BRI RY O T D0l A T M RE DT
i, IAHEE A 17 B, B IE 17 A, 8
RITE H bR BUBCHE S B R 84, 58%
Macro-F, 5 Weighted-F, ({435l & 0.843 2 F
0.845 8, UL WIRL L7 H ARl op AR th B 5 9 251
DB, 2 2 H R 15 2 TREONARE AR BIBCR B
TRPERESE T BAT — Bk STt Ol 5 5%
F W AR A 0 SRS AN B, X T
A AR B 7 | AR ALL ) e i o B3 R AIE,
O3 A 12 5 S 6 B —E B, A
T AR F S 30

AVTAG FIT 1B i BB 288 1 100 5 i ¥ 2% 7 55+

B 16 AREREBRBFFIES LHLR
Fig. 16 Feature classification performance of different E 17 BtrE8RREER

models in target domain Fig. 17 Confusion matrix of the target domain
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CORAL

TR IRRCR S AT 8, A SOk U A
MobileNetV2 . ShuffleNetV2 LA & GhostNetV2 #E1T
X B, S5 RN ER 8 BT, E = Rl A o
MobileNetV2 f473 2 HER F iz g , (HHHA i S48
TR FASAR X 52 K 5 GhostNetV2 7 R IAR 7 57 2% i
() [R5 47 T 43230 MobileNetV2 (1935 B PE 68 | 1k
B R A0S s ShuffleNetV2 B 2AG 5 /M2 5L
AT, (B2 A BB T YRR R Ik
REJIHINSA R, S B0 JEMEmf R A BT I
®8 FREBEURENLL
Tab.8 Comparison of different lightweight models

B s o TRRE
HkL/kB  BAE/M
GhostNetV2 84.6 685 7.84 1.75%10°
MobileNetV2 86.4 798 12.36 2.55x10°
ShuffleNetV2 78.2 364 4.32 7.30x10*

A SCHE) B ) GhostNetV2 A& 1 3% K /N Hy
685 kB, ] SEHE AN 2= K210 5 Fr B ph 2 M 4L
FERGZS 1R] 6 e A S 28 X A0 9 IR A 24 R 2
Ko A5 AL HE S R AE £ B B 7 BT RE R K
85.52 ms  BEAUHE B [y B (14 SF- I FERT A 46.15 ms,
BB 2 W 1 T ST R 131,67 ms, /M T
500 ms AR KA I . a5 SRR AR SCHy
(RS R A PR E S B % [ B, AT S 0 4 v 1) e s
TRUADRG B 305 FH T WL e £ 28 W 3R 4 1) S B
hETK

6 4iE

EFXFIAC T P S 2P AL T 248 5 A~
122 7 R EOS W AGRE 1A 2 DL S 52
R A SCH T — RS E ALY CORAL-DANN
WBR IS WA A il ) R G 05 B AN, 75 2 a0
T,

(1 )%}Sﬁ Maxwell 55 Simulink P[5 E , FELALL
FOC g T AL Sh 4T, PRI & LS PR
BATRRER AR 5, a2 0 s i2 W 0T 5% £
HE T AT R A E A S

(2) $& s —FpEH i 2243 5 CWT B[] (9 R¢ AE
PR WS , A BOBK LT B BB RAE | I 72 I35
S R X 43 B PR E RALE

(3) % CORAL-DANN A5 %15 i fi & AH 56

PEXF S X, L TR A RO, 45
BRI R A5 R B A AR [R5
HLES T OUAT 55 Hh 2 B0 H i R P M el 2 )
522 5 50 10 35 (R 5 B 5 rp WIS WA 55 TP AR SR AR £
Rz AL RE
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A VEE 75 AAAEAER 25 0P 2
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