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Abstract: As a key transmission component in the fields of wind power generation, rail transit, and aerospace, the reliability of
permanent magnet synchronous motors (PMSMs) is crucial for the stability of the overall system. In actual operation, the motor is
subjected to complex working conditions such as internal armature reaction, high temperatures and alternating loads, which are highly
susceptible to irreversible demagnetization of permanent magnets. Therefore, it is significant to realize accurate diagnosis of
demagnetization fault. In this article, a fault diagnosis method based on multi-modal data fusion is proposed to solve the coupling
representation problem of loss-of-excitation fault in multi-physical signals. Based on the mechanism of electromechanical energy
conversion, the relationship between electromagnetic torque harmonic and air gap magnetic field distortion caused by permanent magnet

loss of excitation is explained, and the dynamic evolution law of vibration and current signal distortion is revealed. On this basis, a
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multi-modal feature extraction framework for vibration and current signals is constructed, which achieves in-depth mining and

complementary enhancement of fault information by integrating spatial and temporal domain features. To improve the ability of fault

identification and localization, a classification mechanism based on fusion features is designed, and the visual expression of diagnosis

results was completed. Physical prototypes of motors with normal magnetic field, 10% uniform demagnetization, 20% uniform

demagnetization, and local demagnetization are manufactured. Multi-modal data under normal and different demagnetization fault

conditions are acquired by an experimental platform for verification. The results show that the diagnostic accuracy of the proposed method

can reach 99.3%. Fault information can be collected conveniently and accurately via high-precision sensors without damaging the

original structure of the permanent magnet motor. The effectiveness and engineering applicability of multi-modal data fusion for

demagnetization fault diagnosis of permanent magnet synchronous motors are verified, showing promising application prospects.

Keywords : permanent magnet synchronous motor (PMSM) ; demagnetization fault diagnosis; multimodal data fusion; feature extraction
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fusion and classification
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Table 2 Comparison of different methods for demagnetization fault diagnosis under rated speed condition 1 500 r/min

Ik Accuracy Precision Recall F1_Score HEBRATE] /s
TSEC 0.578 1 0.597 4 0. 566 8 0.565 9 265
P=3h EV2-TCN 0.523 4 0.550 4 0.518 7 0.517 4 262
GRU-RES-CBAM 0.453 1 0.492 7 0.4525 0.447 1 261
TSEC 0.882 8 0.9235 0.921 6 0.919 8 296
PAAH LI EV2-TCN 0.909 7 0.909 8 0.908 6 0.908 9 309
GRU-RES-CBAM 0.881 9 0.891 2 0.883 1 0.875 6 298
TSEC 0.9453 0.947 6 0.947 2 0.947 2 265
HARH LR + PR BN EV2-TCN 0.9453 0.936 0 0.939 5 0.936 8 269
GRU-RES-CBAM 0.9453 0.899 3 0.902 2 0.898 1 268
TSEC 0.986 1 0.987 2 0.985 6 0.986 1 316
SAHE EV2-TCN 0.958 3 0.959 9 0.953 5 0.956 2 312
GRU-RES-CBAM 0.930 6 0.929 7 0.922 9 0.925 2 307
TSEC 0.993 1 0.993 4 0.991 4 0.992 3 315
AHHL RS EV2-TCN 0.979 2 0.977 9 0.976 0 0.976 8 317
GRU-RES-CBAM 0.958 3 0.960 9 0.9535 0.956 6 304

i Accuracy & Precision « Recall = Fl_Score  u Accuracy & Precision =~ Recall — uFI_Score  uw Accuracy & Precision ~ Recall i FI_Score
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Table 3 Comparison of demagnetization fault diagnosis methods under rated speed of 1 500 r/min with

additive Gaussian white noise

ik Accuracy Precision Recall F1_Score
TSEC 0.601 6 0.618 2 0.589 5 0.563 4
=3l EV2-TCN 0.562 5 0.486 5 0.5559 0.480 1
GRU-RES-CBAM 0.554 7 0.481 2 0.547 3 0.479 7
TSEC 0.923 6 0.921 2 0.9239 0.921 6
2R LR EV2-TCN 0.916 7 0.924 7 0.924 2 0.920 1
GRU-RES-CBAM 0.8750 0. 880 2 0.8818 0.874 9
TSEC 0.944 4 0.953 6 0.9329 0.937 8
AR L +HHIR S EV2-TCN 0.937 5 0.948 3 0.938 8 0.939 7
GRU-RES-CBAM 0.890 6 0.893 8 0.897 0 0. 891 4
TSEC 0.979 2 0.981 2 0.981 2 0.9810
AR EV2-TCN 0.951 4 0.946 9 0.948 1 0.947 4
GRU-RES-CBAM 0.930 6 0.940 2 0.9222 0.925 4
TSEC 0.986 1 0.984 6 0.984 6 0.984 6
SAHEL RSN EV2-TCN 0.976 6 0.976 6 0.977 9 0.976 2
GRU-RES-CBAM 0.965 3 0. 965 7 0.961 6 0.963 0
R4 1200 r/m FHEIRTARE T X KRS W L%

Table 4 Demagnetization fault diagnosis comparison of different methods at 1 200 r/min
VIRV Accuracy Precision Recall F1_Score
TSEC 0.601 6 0.639 0 0.595 3 0. 601 4
PR3 EV2-TCN 0.562 5 0.587 3 0.584 0 0.572 1
GRU-RES-CBAM 0.500 0 0.545 5 0.488 1 0.480 6
TSEC 0.921 9 0.936 5 0.917 8 0.923 8
B FEL EV2-TCN 0.914 1 0.916 5 0.920 4 0.913 3
GRU-RES-CBAM 0. 867 2 0.882 6 0.865 3 0.8715
TSEC 0.953 1 0.952 4 0.955 8 0.952 1
FAAH IR S EV2-TCN 0.937 5 0.9320 0.9386 0.934 5
GRU-RES-CBAM 0. 906 2 0.9115 0.911 6 0.908 9
TSEC 0.984 4 0.980 8 0.986 5 0.983 1
AR EV2-TCN 0.953 1 0.957 8 0.959 5 0.955 7
GRU-RES-CBAM 0.9219 0.929 2 0.928 8 0.9225
TSEC 0.992 2 0.9919 0.993 2 0.9925
S R B EV2-TCN 0.984 4 0.983 4 0.984 9 0.9839
GRU-RES-CBAM 0.953 1 0.954 9 0.955 8 0.954 7

B A AR H 2 /) LT, 1 EfficientNETV2 2k & T
EfficientNET F 52 &85 5 45 i , 40 b 40 75 9 4% A TR B
o A A MG 20 2R RE T AR 04 B AR e BRI K 1) G

Tt

AN S RO R RS WA R, AR 3 BT LR

W2 WK 2 55 2R 8 T s U MG 7 A TR 2 i 23 R R £
TR HERRIKE] 98. 61% AL F [ 0. 7% , i B 1% 41 15 EL
PEELY SRy 7 A
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Table 5 Demagnetization fault diagnosis comparison of different methods at 300 r/min

ik Accuracy Precision Recall F1_Score
TSEC 0.601 6 0.6390 0.595 3 0. 601 4
Pz EV2-TCN 0.562 5 0.587 3 0.584 0 0.572 1
GRU-RES-CBAM 0.500 0 0.545 5 0.488 1 0.480 6
TSEC 0. 906 2 0.9217 0.917 4 0.915 4
LEER (R EV2-TCN 0.890 6 0.911 1 0.904 2 0.901 2
GRU-RES-CBAM 0.8750 0.888 3 0.883 7 0.883 8
TSEC 0.953 1 0.952 4 0.955 8 0.952 1
TR IR Sl EV2-TCN 0.937 5 0.932 0.9386 0.934 5
GRU-RES-CBAM 0. 867 2 0.882 6 0. 865 3 0.8715
TSEC 0.984 4 0.980 8 0.986 5 0.983 1
=AHHR EV2-TCN 0.953 1 0.957 8 0.959 5 0.955 7
GRU-RES-CBAM 0.9219 0.929 2 0.928 8 0.9225
TSEC 0.992 2 0.9919 0.993 2 0.992 5
AR RS EV2-TCN 0.984 4 0.983 4 0.984 9 0.983 9
GRU-RES-CBAM 0.953 1 0.954 9 0.955 8 0.954 7

2) Z RS EAR A JURPEHE T TR RE PR 2 Z76 ARHF 5 1Y S5 B i

XoF T TR 2 B AL %) R RS 43 B, A% B ) IR 30 1
Sl A R ] TSEC 7 B vER SRR, 435k
57. 81% Fi1 88. 28% , K| by BRLAH L I 5l BN R BN 5 5 10
TR REAE B ERE  E B E RS E R EE S
YA [F] 20 LI AT BT B AR SO R = A L UL
ARSI E S A TR AR Al G BRI, A 0 B o 42

JOETRNE T RS S W R K (57% ) , 5
ST RETRAL A U A T TR A SR A B, BE A
f i AL R 20 R S NS BR G i AE B S RS S
T ISCEL AR 38 2k B S S AR s X e SR e, > A
SR EIRNG T DR B B AR T vR A T
TAE S TEALE B R AR AR L AR 2 Wk TR B E
S EAMAME

WK H] GRU-CBAM-MobileViT V3 i i i 1 145
() 3 ) SR A AR A AR A e S P il ge 77, 1
JE AL MRS AR R | AF 2K il B 40, X T
MR 2R KIES , T LA 554 #8523k
FEmA .,

3) TSEC HEREHT

AR H B TSEC BEH 25 Flops | params 53 il 4
2.909 3 G F123.299 4 M, % EV2TCN 25U Flops , params
PIS802. 898 8 G F121. 5877 M WA 14/ (H 2 HT&EAEL
Wrks B2 A B 0 P #, BOZR GRU-RES-CBAM 271 )
Flops ,params 43504 0.1318 G #10. 053 2 M, {H 2% R 7R

TR, TSEC BRI GENSIE e TR B I SE A2 8 R 4, i
PR RERE R S P BRI ] DL I T AR AR LRSI

h T LA BT R AL TR R 22 A 2 B AR, R A
t A3 A BEFLAT itk A (-SNE) J7 % 7 B A% 0 H AR
A5 i o AR e S 2 A A s 1R R B KRR AR R T
TEKCHR A B 2 454 0 18 12 R NR 208 IEH L
HL,DE10 FR7R 10% ¥ 5] K #, DE20 FR7m 20% ¥ 51 %%
f# , LocaLDE /R Jmy #8  # , MEl 12 AT DL R Y
Gy DT A 2 22 R T B O, % kA R TR A AL
REE 2 Wik 2] 7 @ e it 19 H B, AN K —Fh
AR R T

4) BS I

AR SCR TR AR F) L Adam 1 0L 8%, 40125 R
Bk ae R o CrossEntropylLoss , IR T 2 2 AR
JAI LA BN At RO AR 43 S S

23] Rl 2 R A [F] 2% 2 R M, B fE S 7R
0.001~0. 005, TR A /INFI2E 2] FAH 5, AR LB LK
K/NEL 32,

BAR R NAS B8 5 R RS Fad 814, it
T 30~100 HYEUAE, S5 R WIALE 50 22 A7 B ROR B fE
TSEC 1 rfr 22 2] 38 Y ZRAe ik 5K R WA 13
FiR,

BT H 2, WA SEE R B AR SCR H AL 93 25T
REXT S ERIME AN, om AR E 0 43 25k e



- ST S o 1= \ AN
%41 TNIEE % BT 2B EEE Rl G 1 KRG R 25 B LS G 12 W 12 89
TSEC EV2-TCN GRU-RES-CBAM
NR [ NR NR
= DEI0 2 0B° 10.0 £ i = DEI0 | = DEw o"%
DE20 L] 'g»cl?@ 75k o 202 4 %m DE20 051 . DE20 *
LocalDE o 3 S oaae LocalDE TLocalDE o 0 L
By o & o 4'e = N 200 /P
2 o @ 50 N op © ot o8
o %0 0 s - sa® a®p
B & T o 251 26° o 0, ® . ® o 0S5F 4 a /
= - % s o ° ° 2 ate, 8
& o ops e = £ a0t a
Z o0 &* z X3 [ N3
@n & 7 [ 24y
% & £ as RS ¥ i 29
et 15k °
K 5}‘ 5.0F §%mo0 © S '3 ‘,o‘
Lk ' £ Ta s %0, whéd
2} g eest a5 % 08 €L, °8.0, & 20re 4=
0%%% ape
Sl 100 * 25t s i i i iy
S0 5 0 10 4 2 0 2 4 4 -5 0 3 N
. t-SNE#EFEL -SNE4EE | (-SNE4ERE 1
al o ° A o NR
1 B0 1o} © » 6 4 B DElY
5 o LocalDE o a ° 5 “l‘ O LocalDE
075 a8 ° > at
o a
! 0.50 o% ' . a o0 4 «
o - gt
BB o i ooo ° #"B‘:‘“‘ mees B .?:‘ :
ig & 025 oo fuw e o8 %% e
3 -1 a o L1
R 4 g of © 3% LH K g 2 £ .
2 - ° = L4 & %00
025t ¥ = b og” § 3 <
3 So ° ot &S e
5 NR
. 0.50 ;o :8558 . 54 >
A
0750 © LocalDE ) .
50 25 0 25 50 75 100 125 15 -0 5 0 5 10 ) 10 5 0 H 10 15
t-SNEZERF1 t-SNE#EFEL (-SNE4ERE 1
LS NR o ® NR
sl = DEI) 6l = DEI0 h_ = DE10
DE20 DE20 L DE20
LocalDE LocalDE 0 5 L™ ‘lﬁ e LocalDE
I 4
6 o G
0
ﬁ*ﬁ & 4+ % J;;z( 2 w. ‘g °
i 8 e 2, X - &
Ry 20 ' kG ‘ "5 27
2 [
ot = a @ -10
gmfle, -4
K ®
27 g8 “ ﬁ 15 O%ﬁ%%so
-6 1
5 0 5 10 15 "0 -5 0 5 10 -4 2 0 2 4 6
CSNE#FEL -SNE4E1 t-SNE#E
6 [ 10.0
° ® NR - NR
By ; aF ShR iR 4
1 | $5¥e o LocalDE ’ LocalDE ¢
50
2
2
a ~ m Py o 25] Aas
— @ iy Q2 o o
= =, “‘% b R
) £ o & A @ o0 oy
LI z 4 R * % 25
a2 oA - < 2
A:Q‘MA 5.0
A @
4, NR ® -+ 0 75
1 s
-6 LocalDE L ) 6 - -10.0 I
15 -0 -5 0 510 15 20 a5 -0 5 0 s 10 15 50 25 0 25 50 15 100
-SNE4EFEL t-SNE4EFEL +-SNE4EFE L
Y 20 @ “DEro a DhIo
+ DE20 2 [ + DE20
5 i‘ LocalDE ap LocalDE
o 15 2
=4 ] ¥
- ® 0 £ B 10 & s b
B ig ' ig g Y
VRE B . % s z A X
Lo Z &’y
& %58
10 ‘ . o = 2 C%g ¢ %
-0F o NR s -
g oo ‘ ¥ e
LocalDE M Gpsee 3 -
20 5 -0 5 0 5 10 15 210 5 0 5 10 5 10 5 0 510 15
(-SNE4EFE 1 +-SNE#EFE 1 (-SNE4E/E1
e e o [ N "
E 12 ARG S A +-SNE AT L ETE
Fig. 12 t-SNE visualization of multimodal signals and the model
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