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Domain-adaptation fault diagnosis method for motor
acoustic signals based on multi-task learning

Wang Yongqi' Xiao Dengyu” Hu Man' Qin Yi° Wu Fei®
(1. College of Engineering and Technology,Southwest University, Chongqging 400715, China;
2. College of Mechanical and Vehicle Engineering, Chongqing University, Chongqing 400030, China)

Abstract: The high cost of collecting and processing high-quality motor fault data samples has resulted in the collection
of newly unlabeled data samples. Domain adaptation has emerged as a promising approach to process and recognize new
unlabeled data with the help of existing data. This has led to a surge of interest in domain adaptation in the field of fault
diagnosis. In the field of electric machine fault diagnosis based on domain adaptation, two issues require attention. A
conflict arises in the gradients of multiple tasks when employing the conventional domain adaptation framework. And,
the existing methods rarely study the migration task between complex states. In light of the aforementioned issues,
this paper puts forth AMDA motor fault diagnosis method based on multi-task alignment, with the aim of providing a
solution to the aforementioned problems. The AMDA method employs a feature extractor comprising a multi-task one-
dimensional convolutional layer, a batch normalization layer, and a pooling layer, to extract the higher-order features of
the source and target domains. Subsequently, a combination of an adversarial-based approach and a distributional
difference metric-based approach is utilized to reduce the distributional differences of data features. Finally, a multi-
task learning approach based on gradient alignment is introduced to balance and optimize the three tasks: fault
classifier, domain discriminator, and distributional difference metric. By reducing the conflicting gradients among the
tasks, this approach ultimately enables the development of a domain adaptation fault diagnosis model for acoustic
signals of electric motors based on multi-task learning. Cross-operational state fault diagnosis tests are conducted under
multiple test setups using the proposed AMDA method, and the test results demonstrate that the AMDA method
effectively accomplishes the migration task between stable operational state (Stable), start operational state (Start),
and European driving cycle state (NEDC) in the acoustic signal. Based on cross-operational state electric motor fault
diagnosis tests, the highest diagnosis accuracies reach 91.49%. Furthermore, the performance of AMDA method is
significantly higher than that of other methods in the two comparison tests, which offer valuable insights for research
and engineering applications.

Keywords: motor;acoustic signal;fault diagnosis; domain adaptation; multi-task learning
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training of neural networks, DANN),

2) I B & M 487 (deep adaptation networks,
DAN),

3 E BT 2 3 MY (deep convolutional
transfer learning network, DCTLN),

Hor , DANN J7 302 3 T X5 50 09 B 38 0 07 3, 38 4
Xof Bt SR AU/ duk 22 ) 1Y) 4 A 25 5 DAN J7 i i T MMD
A7 £ PRI B AR B 2 18] B R AT 43 A6 22 5, 38 2 s MMD
PEAT WA & N DCTLN J7 % ml LA fit DAN J7 i A
DANN J5 i 254, 6] I A 7 38 7 X9 50 AU RE T 0340 22 5+
JE B A 3 RN T

ST T LR B 3 R i B AR S TR IR T 68 0 45 R
B rh s s TR R (0T PR ] 114 R A 2 300 s 0 i I ) 28
# . AMDA,DCTLN i DANN J7 i dh #546 F 7 3840 531
w5 LG BT A A 80 ) 2 1 25 6 A TRD . L AR TR S 45
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T # K

F1R.2 1 H R FRIGNEE ., AMDA,DCTLN L}
DAN ik i oA 22 57 8 2 B E . AR 550 4L

P 3 NBATIRE L IRTET 6 AN IE TR M b R
B A0 5 B o P A Sk O ) TR 1) H AR

x1 MEEBSH
Table 1 Network structure parameters
W 2% 44 B i FRA ZH
G EHEZE channels=16, kernel size=320, stride=8, padding=32
P, Ak 2 kernel size=2, stride=2
G, L)z channels=32, kernel size=160, padding=1
P, Ak = kernel size=2, stride=2
G, G channels=64, kernel size=32, padding=1
FHIEAR B P, it 62 kernel size=2, stride=2
G, 2 channels=64, kernel size=16, padding=1
P, A2 kernel size=2, stride=2
Gs L)z channels=64, kernel size=16, padding=1
P; MRl kernel size=2, stride=2
FC, EEHE in features=960,out features=64
T B 4y 25 3% FC, EpUE in features=64,out features=k
B 50 2% FC, R in features=64,out features=2
HATR LG . FH TR il g 19 J7 2 A 45
Start . Stable D B IMACE %" (dynamic weight average, DWA) ;
VIS )4 45 450 2 S AR A« I 2 I 2 ok R il AT Bl 38 IR 4 55
Start — Stable
RBEATRA(Stary) ? BRIEATRA Stable) B 4
2) FEHLIR 2 A" (random loss wighting, RLW) ;i@
Al ‘ L 15 E 25 PR RS BT /Il th 06 AT L
Start«-NEDQ EDC-Stabld MR 2R
S— ‘ R — 3) hgs ki BE % 1Y (projecting conflicting gradients,
FIFERANEDC) PCGrad) + i it X 24T 55 B BE #E 47 48 5% 3kt S0 AT 55 # i =2 [

K5 VA FEZITIRE TS FESEREES
B AT IR A i B
Fig.5 Waveforms of acoustic signals under different operating

states of the normal motor and cross-operating state task settings
3.3 KRB . ZEEHEILL

TS UEAS SCHIT T 22 4 55 16 BE X 55 J2 I ROCR R AT
T IE AR BB A 1 LR O S A 2 AT 55 2 2 O ik

ORISR S AT

Hod, DWA FIl RLW J 3 FH L M 2T 5 ik,
PCGrad A ST R AT 5B X 7 2 N B TR M £
1157k .

R, TR 7 ik 6 3R 2 BT R B AL ) 45 2
4 M 25 AT 55 6 B T 57 2 A 4 O LAt 38 1A 3 Y i IR
W — AR, BT 6 A EEE AR A I E 38 B, anEl 5
B

®2 RE—HEENAEFHEBEMLERR

Table 2 Experiment 1: Comparison of average accuracy of domain adaptation methods %
155 9 5 5% H 5 AMDA DCTLN DANN DAN
1 Stable Start 87.7510.58 73.39+0.85 70.20+0. 81 72.18%+0.92
2 Start Stable 89.5510. 40 76.87+0. 24 75.24+0. 37 78.28+0. 89
3 NEDC Start 82.88+1.03 73.10%£0. 70 71.7240.72 71.5740. 88
4 Start NEDC 82.13£0.93 73.2940.50 75.54+0.53 75.224£0.73
5 Stable NEDC 87.71%0.78 83.96+0.49 84.88+0. 68 85.00£0. 66
6 NEDC Stable 91.47%0.76 88.51+0. 20 88.03+0. 48 85.90+0. 50
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4 WBRERSH

HRAES 3 37 h i 1 B, B — O IR T 10 IRE R
TR IG MR U I 0 I 4 IF A S B I R R 05 DB Ok 2t
. A R B AE Pytorch3. 9 ¥ 5 N, fli I NVIDIA
GeForce RTX 3060 i R#FATHEEIYI 2, WA H A5 8CR
FERH ) 0 5 40 Ak 3, 30 0oV o RS B — DB AR A SR
0.1 s RFERN 44.1 kHz B35 F 5. ] Adam L fL 2}

PEAT RN 25 i B8 AT L £ Stable T00 F B9 2R 46 £, %2
> E MR RN TS EOAN i EME KN B =
64, 2K N e =5X10",

BRI GRTE B - A B AR b A R B, 15
FEGIt 3 A%t by R TR O 1k Y E BRI 34 IE B SRR o
ZGingk 2.3 ME 6.7 iR, E8MMES L RE T AR
T AMDA J5 % 10 IR E IR 10 25 3R 5% b kil s 25 5%
Z [ R E AT PR 4 FiR  BUR KT,

®3 KRR .ZESAEFYEBENLERR

Table 3 Experiment 2: Comparison of average accuracy of multi-task methods %
1% %i > I F R 35K AMDA DWA RLW PCGrad
1 Stable Start 87.75£0.58 77.3940. 14 78.39+1.50 83.194£0. 48
2 Start Stable 89.5540. 40 82.01+£0.29 83.24+£1.11 81.31+£1.38
3 NEDC Start 82.88+1.03 75.46+0. 38 76.17+0. 64 79.8740.88
4 Start NEDC 82.1340.93 74.85+£2.1 81.794+0.92 83.05£0. 81
5 Stable NEDC 87.71%0.78 81.12+1.6 85.38+1.67 84.80+0. 59
6 NEDC Stable 91.47%0.76 86.64+1.6 88.81+0.46 89.79+1.25
o ALDA
100% - 100% - R ALDS
RLW
P2 PCGrad
90% 90% - E: {_;
s B
5 B
] _I_i ::
80% [ 80% - i %
5 ] i
W 7] B i I
& § 0 & 1 i
o 7] i # H K
70% [ 70% %
K
&
i
%
60% - 60% - ks
24
K
&
K
50% 50%
Taskl Task2 Task3 Task4 Task5 Taskl Task2 Task3 Task4 Task5 Task6
6 kg —g5 KK [ESRUAN W gt v Y L
Fig. 6 Result graph of experiment 1 Fig. 7 Result graph of experiment 2
F4 ALDAFEEXMLFEZEHEEEREF P(a=0.05)
Table 4 P value significance factors between ALDA methods and comparison methods(a =0. 05)
% %5 WE Hirs  DCTLN DANN DAN DWA RLW PCGrad
1 Stable Start 2.26X107"  3.46Xx107" 1.42X107"  4.45X10° " 9.34X10 "  5.23X10 "
2 Start Stable  1.74X107*  2.88X10°* 5.96X10° "  3.96X10 %  4.42X10° " 1.28X10 "
3 NEDC  Start 6.43X107 "  7.28X107"  2.03X10°"  8.40X107"  2.47X10°" 3.15X10°°
4 Start  NEDC 1.99X10 "  4.40X10 " 1.01X10 " 1.97X10 *  4.40X10 *  3.95X107*
5 Stable NEDC 4.10x10 " 1.98X10 " 2.85X10° 7 2.17x10°"° 1.36X10°° 5.62X10°
6 NEDC = Stable 1.47X10 °  1.04X10 *  4.04X10 " 1.39X10 7  4.58X10 °*  2.82X10°

AR 25 A 5 p AT 5 B AT BT T A
DAR PG 45 5, Bk &/ AMDA FEE7ERES 4
PISNRY BT AT 55 R AR R B R i H A3 4 1, AMDA J5 %

AR AR S 0 T R AR SR 2 W R R T P
EATLAE ML AAE S B P AR L /N T i K o,
ATRLA AMDA J5 3 X5 5 oAb J7 36 A B35 m e .
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T # K

TN AR SO 7 R AT AR

DMRIEE 2 R —45 1, % AMDA J5 k5 H A
WA 3 R R AEAT T O R, AMDA J5 %78 NEDC T
BLAT Start T8 Z 18] (B K, BIAT 45 5.6 &, UG T 8%
FHE B IE# R, T4 6 AMDA J7 ¥k B IE# R & ik
91.47% ., HEAES 5.6 H, AMDA J7ik 5 H Ak A i&
PR B ZE R K 5 2Z AN, 5.6 B P
FHXTHAAT S5 K . 456 L PRz 70 B4l , NEDC 1.4
PALE T — & & TP REGE AT R, e 25 AR N, B
S A 4 bR A IS R RS AR .

DRI IR — 145 B AT 55 1 B T 1E R
Stable T-#L I A& AE N HARSW Start T 00 B9 45, 3k jH]
Z R H M AMDA J7 %8 24T 55 b 450 5% H Al )7 25 08
FE B K IR R A B 14,3696 .17.55% .15. 57 % .
[ 6 A 55 B BT BRAE 8 F oy vk g0y, SR
ASCRTAR Ty ik Y AT

DRI — 125 R BT E S 2.3.4 IR SR . 245
A T XYL 22 5 BE Y DCTLN J5 3, 4 Fe 56 F % it
1 DANN #5EF 431 22 5B 2 1 DAN F kAU H B
7N LA I PR3, I T AE IX S 4E 5 vh i R L B 18 3 78
J5ORYE T #3458, DCTLN FiEEE% 2 b Waeds T
DAN FiEM B EWEFH 2.27X10 ' HEFS 4 1, HERE
4 F DAN A1 DANN [ 1 24 74354 2. 98X 10 °
3.90X 10 %), fEXLE{E % E,DCTLN By #4325 4% | ok
YT ER O3 25 5 R IR AL AE 55 22 D) BT S Y e 58
), T 7E X 4 AT 45 A, AR SCRT 7 T B AR T Ay
o AT DATIE W] 224 55 465 B8 X6 5% 76 A6 U 2 ol 2 vp ke 39 T 2
fEH.

SYMIE TR 3 TR MR I 45 5 % AMDA J5 i
ZAT 55 1 B % 57 R R 4 g A 24T 55 5 vk T EAT T X LG
MR, B TAES 4 A IRE H , AMDA J5 2 19 Pk RE %8 B
BT HAb D e ALAEAE 55 4w, T IE 88 R 9% )5 PCGrad
Jik 0.92%, NIE#I# L F IR & . AMDA J7 & A B RuE
BB, HARIEFER 4, PCGrad ¥4 F AMDA J5 ¥ /4 i
FEAUN 0. 039 5, 45 A HABT & LAY ER B, PCGrad kK

XF e AMDA J ik ARSI A B2,

G MRIEIRIS M aE R A MR L, TR RN L
fE5 77 (DWA, RLW), fEHBE L& R TR THEN L
145 )7 5 (AMDA, PCGrad) . R UL, 38k H & 7 4T 55 i £
AT 55 W 9 R £ B Al (M B AE B Ok (i AR Ak i L b A
BN AT 55 1 BE AT A3 BT HRAE L A B S AT AR .

D LRI — RIS — A &5 78 38 1 38 B AT 45 )
AZAT S i GE W R AR AR ARl A SR ) 22 S A g
KREZIES R BENES 1.2.3 FES 4 P.3IAZHE
5507 R B O B I B B, R, R B8 IE A ST 4R
AMDA J5 3 19 50 5 K5 1, FI A +SNE 2 R 3T 55 6
4 B R IR BRI R YRR AR SE AT B A A T A
P8 BT 7 o v 0 € A% 3 W00 s 21 TR0, 0l s TR IR 3 R B
. EH AT LE W, H Al [ S R T ik A B AR R AR
AR R Z BB AAAERE , B S22 5NR 42X
B, WA SO B8 AMDA J5 ¥k, 22K 51R 2L il i 4,
AN 3 AT 1 P M SR B

N T H—HBIE Eid 5).6) . D HETF AMDA Fik
WL, AR 55 2 R4, 31 55 9F 12 5 AMDA . PCGrad.
DCTLN 77 ¥k eI 2 it AT 55 B E A IS g v g0 Z TR A 3% AH
RLEE R A ARAE B A&l 9 FF7R o 4% 5% A {0 BE W1 LA o A
155580 B2 Z ) 1 v 28 45 00 M R sX A BLEE /N T 0 Bl
EEMEEZ M B ah e, WA, DCTLN Jr ik i 178
BN Zrnd, R HMERNEEAARARENKRIRE RS, A
WEL T2 AR /NTF 0 TS, B WL DCTLN 7E I
Gt AR B sh R MR N E, AR E., 5SZMH,
AMDA Fl PCGrad 1E Jy 2 T8 BE 1) 24T 55 7 i, X T2 A~
YISt R 46 B v 5 19 00 A0 IR 55 B G S A58 T A BE b
g8, T B2 AT R .

M 9 frs , AMDA J5 % 78 Il Zhid 72 b, BE A5 4T 55
T 8 22 [] 1) A AR (B R #E 0 B . T PCGrad J5
2 W0 BEFE VI S50 BAAT: 55 B JBE 22 ) 194 24 5% AR RLBE 428 v, L B
FEINGA AT A EAMME XS THE 0BT, MMES
Tofs BEE 22 1) 119 0% 5% R L BE 174 78 b B e B4 AL RE I+, PCGrad
FEYI 500 30 1) 0045 30 B P, AR % 10 R 1) AT AR ey

(a) AMDA
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Fig. 8 Higher-order feature t-SNE visualization results
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Fig. 9 Cosine similarity of tasks’ gradient matrices during training
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