W41k 56 &/ L F O M Vol. 47 No. 6
2026 4E 6 A Chinese Journal of Scientific Instrument Jun. 2026

DOI. 10. 19650/j. cnki. cjsi. J2615220

ETEFRERSKkIESEEMEH
RHHMAESHENRIZE T E"

A A AR FHF ER Y L g
(LR R GEESHEITBESEE ME  411201; 2. BIEGAHRE TR A B B BE B 5 £33 W TR A
WEFE AL W 411201; 3. IR HEEEMITE A IR A BB RS W 411201,

4. R REFITEHIRIE S TR W 411201)

& B AL SRR N e AU SR Bl T, X R RS | Tl ) A5 e ke A N I T RRIR S E
MREALEAT L 2 SR EEVE . B 48T T R38R 3 faf 25 5 il L 7= A BE AR P e | FL v A% sl R & Gl e 2 5 | R e i LA,
TSP EZGE R XSS B G  5)52 BRI S5 ORI N T2 xS %t A & AR 2 W i 24K
TR — (L AR AR A5 BRI BN B MELL 2 R e S sl A R i R R, 32 L — B I T 28 5 s i S 4R 3 15 5 B Sl &
WL BhE 2 AR RS W vk o 1208, BT BE TR AR A A S IR T L IR 5 S IR B {5 5 1 B RS B A I B s X 5
LRSS, ST 2EE e BB b R 902 (a5 FF SR BG5S GO 94 S 80 P B SCEI 24 )
s U A BT 1T Transformer (SwinT) 58 B2 R 2% (CNN) B9 FReRp AL P [ B O AG , B3t SwinT 35 8l 8 111 7 5 I Bl
Tl PR BRI A0 RRAE AR A CNN 42 R i 3 AR A A AR 2 R RRE SR B, S8 AT 1 38 7 T 340 3t Ak S 30 SR i — 4 R R AIE TR U2 B 4B
G Ja R B AR ER AR L TT R R UE LI TR B2 Wiks A 21 98. 8% , A AU T AT T RISIRE FHIETR
BRI )R AR A SRR s W it 1 ofrig e .

KR LERIK AR ; U ESEIS W Z 07 B ; IR G B 28 X 5

hE4 %S THI65+.3 THI33.3 ERERIZES . A E KRR F 75> 2E4CHD : 460. 2020

A collaborative diagnosis method for compound faults in transmission
bearings based on the image domain fusion of zero-sequence
current and vibration signal
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Abstract: As a critical power component in rotating machinery, transmission bearings are widely used in high-end equipment such as
wind power generation, aerospace, and industrial manufacturing. Their health status directly affects the safety and reliability of overall
machine operation. Due to complex operating conditions and alternating loads, they are prone to wear and faults. Among them,
compound faults of transmission bearings are the main cause of unexpected downtime in rotating machinery. The fault characteristics are
coupled and easily masked by the primary fault, greatly increasing the difficulty of diagnosis. Aiming at the limitations of existing
compound fault diagnosis methods that mostly rely on single-sensor data, which lack sufficient information representation dimensions and

have difficulty fully capturing fault dynamic characteristics, a collaborative diagnosis method for transmission chain compound faults
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based on zero-sequence current and vibration signal graph-domain fusion is proposed. First, a method based on the symmetrized dot
pattern (SDP) is established to achieve spatiotemporal alignment and graph-domain fusion of cross-modal heterogeneous data from zero-
sequence current signals and vibration signals. This realizes pixel-level spatial alignment and feature-level information fusion of the two
types of signals in the graph domain, effectively avoiding the separation of physical meanings caused by traditional feature concatenation.
Second, a collaborative fault feature extraction architecture combining shifted window transformer ( SwinT) and convolutional neural
network (CNN) is constructed. The SwinT sliding window attention mechanism is designed to extract local detail features, and the CNN
global attention module is used to enhance overall spatial feature extraction. Through adaptive average pooling, deep complementary
fusion of local-global features is realized. Finally, validation experiments are conducted on a real compound fault dataset. The proposed
method achieves a diagnostic accuracy of 98. 8% , effectively solving problems of modal aliasing and difficulty in feature extraction under
compound faults, providing a new approach for accurate diagnosis of compound faults in rotating machinery.

Keywords : transmission bearings; compound fault; collaborative fault diagnosis; zero-sequence current; image domain fusion; spatio-

temporal alignmen
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Table 1 Descriptions of different bearing failure types
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Table 4 Diagnostic results for different input signals
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Fig. 13 The curve graph of the loss function and

accuracy during the training process
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