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Domain adaptive fault diagnosis based on Transformer
feature extraction for rotating machinery

Huang Xinghua, Wu Tianshu, Yang Longyu,Hu Yougiang, Chai Yi

(School of Automation, Chongqing University ,Chongqing 400030, China)

Abstract: To address the problems of lack of labeled data and low cross-domain diagnosis accuracy in the fault diagnosis method of
rotating machinery based on deep learning under new working conditions, a domain adaptive fault diagnosis method based on Transformer
is proposed. A variant of Transformer, VOLO, is used to construct the feature extractor to obtain fine-grained and better fault feature
representation. The supervised learning with source domain data pretrains feature extractors on source and target domain data, and
freezes source domain extractor parameters to obtain fixed source domain features. Using domain adversarial adaptive strategy and local
maximum mean difference combined with target domain unlabeled data to train target domain feature extractor, the edge distribution and
conditional distribution of source domain features and target domain features are aligned. The proposed fault diagnosis algorithm is
evaluated by two multi-condition experiments. Results show that the proposed domain adaptive fault diagnosis method based on
Transformer feature extraction is more efficient than the five traditional domain adaptive methods on gear and bearing datasets. The
average diagnostic accuracy is improved by 22. 15% and 11. 67% , respectively, which proves that the proposed method can improve the
cross-domain diagnostic accuracy.
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Fig. 1 VOLO-based domain adaptive fault diagnosis
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Fig.3 Planetary gearbox fault experiment platform
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Table 2 Average diagnostic accuracy of different methods
of gears %

f£% 28% DAN  DeepCoral DANN DSAN  BNM Ours
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Y% 82.72  80.17 84.12  83.23  90.89  100.00
Mk 78.50  74.56  67.33  64.90 73.72  99.70
Y%k 73.77  69.33  80.09 90.23 78.25  98.72
Mk 59.21 59.33 7275 81.45 74.00  95.90
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Fig.4 Box line diagram of different tasks

XF FEMTEYIZRAE T ARTS A T S8 45 21, vl DL AR
SCEH LT VOLO B3R 38 17 S BEas W s TE W AL T
HAt ] LR 46 BT VOLO FY 8k 38 07 5 B 12 W 7 122 L
FARREIRE 95% LA MUIIMERG AR . 7RI MFEARLE B
2% R IR AL 2E  FRRAEAL 55 T, M T, ERIRBL,
PO HER MK T 80% , IR 2%

FZIREET VOLO Y3 8 W 1 # 2 > T LA 2 (4 T
WNZRBERIAE 6 R RS > BT 55 T BTN 4 SR A IR VA
FEanial 5 frs, nl LUR 2, 254 B AR ISR A A R
B TIRHBLR AR T, , Ty, Thy 3X 3 M5 LA i
(RUR X HEHA 77 3k B9 R 3R, AR SCHR HY 9 7 2 R R 2
LIl

B 5 AREMESAIREER ., (“T, " #ARMNTH
0 TRH T 1 BIES)

Fig.5 Confusion matrix for different tasks. ( “T,”

represents the task; From working condition O transfer to 1)

3.2 HRIFEISHT SIS
SIS SEBRE ARG RIS W S I & R R R A
WK 6 frn, H bl TR ShHl R SR AL, 78R8T B 5L



5511 40

T RAE S — PP A EFE WL FE T Transformer 45R11E 32 B 488, A 38 L 5 (5212 215

Korp, SR TR i AR AR IE WORAS R ST |
P R I 71 R B 4 Y
fel iR AL

Tkl a5 ETUL T

a8 AR g [ 2 M
K6 IRehfREALRLF &

Fig. 6 Rolling bearing failure simulation test bench
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Table 4 Average diagnostic accuracy of different methods

for bearings experiment platform. %

f£4 28/ DAN  DeepCoral DANN DSAN  BNM Ours
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o Test  89.91 75.55 100.00 97.40 77.80 99.97
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