58 % 49 B % X @ K ¥ ¥ K Vol. 58 No. 9
2024 4F 9 H JOURNAL OF XI’ AN JIAOTONG UNIVERSITY Sep. 2024

—fhi2 =1 R EBANAF Swin Transformer EIHYH]
8 T AR PR 12 W 7 ik

X RER?, RSP, Ry
(1. AFRFERERFEVW T E2ERE, 050043, A FKF;
2. WALE TR S5 & sh 6l E A LEE, 050043, AR

WE., 4t %47 Transformer MA B A Z FH BRK, BEA A TAL2 I ALK TH RN 244
FhARBIES B M, RBET — AR TR SRS 52 HEMey RE % H Swin Trans-
former (SMST) B! 64 #h i s KB 5 WT 7 ik, B, R MKW Ak Mgk 5 Chirplet £ #
LW RIR AT T AR RS IR AN AR A T SR ERS SR E R A
AR RE R T — I BEgAEMH SMST #3, A L AR EIT £ MEH L Transformer
AEEHELAS—FT b RG.EERUBAIER P I NS L FHHEI(FPB) ., kAR R E
B AR R — M, EIT LT AT B AR R R SR A B A 4 T 0L T 4h AR S R 3,
T I 25 R AR A A I A ik Wik ik Chirplet % 30k 42 b4 2 oob T H ok 3 4 0k T Bk
S — AR B R R BT R S IR RS T kR R0 BARAEAEAE B R AR RE ) EAT TR MR AR A
1 010,760,505 r/min iX 3 FF 4 ik & T JLAE 5 P 69 4 45 4 K B 2 50 B A0 & 4 5 99, 885,
99.92% %5 99. 96 % ; 3ttt ResNets,GoogleNet,ViT,Swin Transformer ## SMT iX 5 #F £ &, T #2
TR IERRNEAR LG BRI E LT, TR T A EE T I 5] & 4 AR
B R,

KHER . MBS E AR SRR E ;BB RE A 4R 4

FESES. THI7 XHEIFEESL: A

DOI: 10.7652/xjtuxb202409009 XE4HS :0253-987X(2024)09-0083-11

A Lightweight Scale-Aware Modulation Swin Transformer

Network for Axlebox Bearing Fault Diagnosis

DENG Feiyue'?, ZHENG Shouxi', HAO Rujiang'*?

(1. School of Mechanical Engineering, Shijiazhuang Tiedao University, Shijiazhuang 050043, China;

2. Hebei Key Laboratory of Mechanical Power and Transmission Control, Shijiazhuang 050043, China)

Abstract: A scale-aware modulation swin transformer (SMST) model is proposed based on multi-
domain fusion and lightweight structure, for axlebox bearing fault diagnosis, aiming to address
the inefficiency of the current Transformer network model and its unsuitability for axlebox
bearing fault diagnosis of high-speed trains under complex working conditions. Firstly, Gram
angle field (GAF), bispectrum, and Chirplet transform techniques are applied to convert the

bearing vibration signals into two-dimensional images in time, frequency, and time-frequency
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domains, which are integrated into a new image based on the idea of multi-domain feature fusion.
Then, a new lightweight structure SMST module is designed, combining the further fusion of
convolution operation and Transformer self-attention operation. Finally, a feature pyramid block
(FPB) is introduced into the SMST hierarchical model framework to address the inconsistency of
the output features across layers and enable deep feature fusion with contextual information. The
fault diagnosis of axlebox bearings under complex working conditions is realized. Results show
that the time-frequency multi-domain fusion method offers a superior representation of image
feature information compared to single-domain image generation methods such as Gram angle
field, bispectrum, Chirplet transform, short-time Fourier transform, and continuous wavelet
transform. The proposed network model achieves high accuracy rates of 99. 88%, 99.92%, and
99.96% in identifying axlebox bearing faults in the three tasks under variable working conditions
with different speeds of 1 010 r/min, 760 r/min, and 505 r/min, respectively. Comparative
and SMT

showcases the higher fault identification accuracy and better model lightweight of the proposed

analysis against five models of ResNets, GoogleNet, ViT, Swin Transformer,

method. The proposed method can serve as a reference for the diagnosis of axlebox bearing faults
in trains under actual working conditions.

Keywords: fault diagnosis; axlebox bearing; multi-domain fusion; lightweight; scale-aware modulation
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Fig. 8 Confusion matrix results
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Table 3 Results of ablation experiment 1
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Table 4 Results of ablation experiment 2
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Table 5 Module combination verification results
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Fig. 10 Comparison of different image generation methods
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Table 6 Comparison of method logical network pruning results
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