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Fig. 1 Simplified internal view of a traction motor
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Fig. 4 Fault simulation test bench for metro train drive system
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Fig. 5 Time-domain waveforms of normal and faulty states under different conditions
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Fig. 6 Frequency-domain waveforms of normal and faulty states under different conditions
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Table 4 Comparative results of different neural networks

HETRY MiHES Il ] Evion
CNN 83.19% IS &4
LSTM 78.72% Hhag us
Transformer 87.53% kK %
HDMixer 93.80% vl RE
4 g

g% LR, ASSCHR T — i S e L AR
(rFFT)Y5 22 JCi} ] 1) T 4 22 9 2% (HDMixer) (1 22 5 |

HALE BRI Wy ik . RS R, FFT JiARE A
RO R I S 5 B S R A S, RIS 5 B A
KAFFAERR , TP AL SR R, FREE 5
HDMixer #il 28 M 5 R A 0 B, FEANR] T80 T 24 AE
REF93% LI ERIER R, A&l rzibie . &—
WEFEA A 2 5| AL B2 Wi 43 1 T 52 ik
B RBVER HH s g Pt 7B SRR SR, HATT
L ABLHIAT S o FR AR R W B2 A A B R
BERRAEAR , A o o 2 i e B AN ) A9 T 00 26 1F
PASETHE T Az AL RE D R itk o e o, duml DAWFSE
R AL RO R AR BOR PR B IR i HOAR , AR AR
TSR VE I H s PR

SE R

(1] &0, SR, FOBbR, 55 . My 42 s e i G
R[], T2, 2009, 26(04 T 2): 8-22.

JIN Xuesong, GUO Jun, XIAO Xinbiao, et al. Key scien-
tific problems in the study on running safety of high speed
trains[J]. Engineering mechanics, 2009, 26(Suppl 2): 8-22.

(2] HZKE. BT Wi s 4% 1 2R e is 4 R 4¢

BT SEBUD). bt b atsgid R, 2023.
TIAN Jiachen. Design and implementation of intelligent op-
eration and maintenance system for rail vehicle bogies
based on fault diagnosis[D]. Beijing: Beijing Jiaotong Uni-
versity, 2023.

(31 FFF. Tl AR 1 D1 307 190 2 1) 2l 2 20 e 1) R R T
FRIZIi[D]. KHE: KHKE, 2015.

WANG Dan. Fault diagnose of CRH bogie system based on
fault tree and Bayesian network[D]. Tianjin: Tianjin Univer-
sity, 2015.

[4] Xy, (IR, X, 55 . BE T RIS FEREE AR ) ALY
RHRE 2], IR3)5 i, 2018, 37(5): 234-239.
LIU Chang, WU Xing, LIU Tao, et al. Fault diagnosis of
rolling bearings based on near-isometric projection and sup-
port vector machine[J]. Journal of vibration and shock,
2018, 37(5): 234-239.

(5] JBUEE . HeT FARES BRI Y PR S 51 A8 1) A e
KDY, F3H: IR K2, 2014
GU Chao. Image recognition based on object contour fea-
ture and its application in train bogie fault diagnosis[D].
Suzhou: Soochow University, 2014.

[6] BR . Bk A 5 | AU ARl e A K ke [0]. R
I PLIE AZ 8, 2024(2): 57-63
LIAO Jun. Analysis of bearing faults in metro vehicle trac-
tion motors and improvement measures[J]. Modern urban
transit, 2024(2): 57-63.

[7]1 SKRER, B, PR, 55 TR 1425 fble
TR I ) S BT B L D). BRIE 241, 2024, 46(4): 73-79.
ZHANG Baojie, MA Chenwei, JIA Zhen, et al. Fault diagno-

sis of stator winding inter-turn short circuit in traction mo-



178 it et 2025 49 J1

tors based on convolutional neural network[J]. Journal of XIE Guomin. Research of coal minning machine mechani-

the China railway society, 2024, 46(4): 73-79. cal fault diagnosis based on the combination wavelet
[8] LI Yanshu, LI Fang, LU Chang, et al. Retraction note: com- method and time-frequency[D]. Fuyang: Liaoning Technical

posite fault diagnosis of traction motor of high-speed train University, 2012.

based on support vector machine and sensor[J]. Soft com- [14] SMITH S W. The scientist and engineer's guide to digital

puting, 2024, 28(1): 377. signal processing[M]. 2nd ed. California: California Techni-
[9] FiMS, SREZE, Kb, 55 . A5 LIS T 7 RS cal Publishing, 1999.

[J]. INAMLSEENE, 2020(14): 76-77. [15] AIJR . TGS AP AL SR B2 W

CHENG Haipeng, WU Lianjun, SONG Shan, et al. Re- PERERILITAG 55 [D]. BUIN: #ivT k2, 2023,

search on fault diagnosis method of traction motor[J]. Inter- SHI Xiangfu. Fault diagnosis and prognostics for motor roll-

nal combustion engine & parts, 2020(14): 76-77. ing bearing based on vibration analysis[D]. Hangzhou:
[10] DING Ao, QIN Yong, WANG Biao, et al. Evolvable graph Zhejiang University, 2023.

neural network for system-level incremental fault diagnosis [16] GARRIDO M, PARHI K K, GRAJAL J. A pipelined FFT

of train transmission systems[J]. Mechanical systems and architecture for real-valued signals[J]. IEEE transactions on

signal processing, 2024, 210: 111175. circuits and systems I-regular papers, 2009, 56(12): 2634-
[11] GOYAL D, PABLA B S. The vibration monitoring methods 2643.

and signal processing techniques for structural health moni- [17] HUANG Qihe, SHEN Lei, ZHANG Ruixin, et al. Hdmixer:

toring: a review[J]. Archives of computational methods in hierarchical dependency with extendable patch for multi-

engineering, 2016, 23(4): 585-594. variate time series forecasting[J]. Proceedings of the AAAI
[12] POPESCU T D, AIORDACHIOAIE D, CULEA- conference on artificial intelligence, 2024, 38(11): 12608-

FLORESCU A. Basic tools for vibration analysis with appli- 12616.

cations to predictive maintenance of rotating machines: an [18] LIYan, LU Xinjiang, XIONG Haoyi, et al. Towards long-term

overview[J]. The international journal of advanced manufac- time-series forecasting: feature, pattern, and distribution[C]//

turing technology, 2022, 118(9): 2883-2899. IEEE. 2023 IEEE 39th International Conference on Data Engi-
[13] i R . B TP A/ INIBE 32 T SR DG B 1l P12 neering (ICDE). Anaheim: IEEE, 2023: 1611-1624.

WFE[D]. BLBH: i 7 TR AR KE, 2012,

Traction motor fault diagnosis based on rFFT and HDMixer
LIU Jinyi', LI Bingkun', LIU Shuai’, WANG Lianfu’

(1. 6" Research Institute, CRRC Technology Innovation (Beijing) Co., Ltd., Beijing 100083, China;
2. CRRC Changchun Railway Vehicles Co., Ltd., Jilin, Changchun 130062, China)

Abstract: The bogie system is a crucial component of the running gear on railway vehicles, with its health condition directly relat-
ed to train operational safety. Therefore, fault diagnosis of the bogie system is of great significance not only in improving operational
safety but also in providing a reliable basis for future repair and maintenance. This study focused initially on fault diagnosis for traction
motors in the bogie system. The real fast Fourier transform (rFFT) was adopted for signal processing, and fault features were extracted
through spectral analysis to capture anomalies during motor operation. Furthermore, a multivariate time series prediction neural network
model based on the extendable Patch with hierarchical dependency (HDMixer) was introduced as the main analytical tool. This special
architecture enabled in-depth interpretation of different time series data, thus improving the accuracy and reliability of fault diagnosis.
Supported by the theoretical foundations and data validation, experimental results show that the HDMixer model achieves a diagnostic
accuracy of more than 93% for traction motor faults, indicating outstanding performance. In addition, the model maintains high accuracy
under different conditions, demonstrating excellent generalizability. This research offers an effective method for fault diagnosis of the bo-
gie system, providing important technical support to ensure train safety during routine maintenance and long-term operation.

Keywords: fault diagnosis; bogie; traction motor; deep learning; neural network; urban rail transit
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