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A multi-level associative memory network for fault diagnosis
of train transmission systems

Ju Zedong, Chen Yinsheng

(School of Measurement and Control Technology and Communications Engineering, Harbin University of
Science and Technology, Harbin 150080, China)

Abstract : Using deep learning models for fault diagnosis of the transmission system helps improve the smoothness and safety of train
operation. However, the operating environment of trains is complex and highly variable, and fault signals from the transmission system
are easily corrupted or even obscured by noise, which leads to degraded performance of the diagnostic model. Therefore, a multi-level
assoclative memory network is proposed for accurate fault diagnosis of train transmission systems under noisy conditions. First, a dual-
domain feature extraction module is proposed to capture and fuse latent information from both the time and frequency domains, thereby
enabling the extraction of multi-level features. Second, a feature fragmentation encoder is proposed to partition continuous features into
partially overlapping fragments with fixed lengths and strides while embedding positional information to facilitate content addressability.
Subsequently, a feature fragment association reconstructor is proposed to perform content-addressable association and prediction across
fragments, complete those corrupted by noise, and reconstruct continuous features through windowing and overlap-add. In addition, a
gated residual connection unit is incorporated to selectively inject the reconstructed features into the original multi-level features,
enhancing detail recovery and noise robustness. Finally, extensive experiments are conducted on both a self-constructed dataset and a
public dataset to demonstrate the effectiveness and superiority of the proposed method. Experimental results show that, under various
noise interference, the proposed method achieves average diagnostic accuracies of 94.40% and 97.96% on the two datasets,

representing improvements of at least 11. 15% and 2.41% over seven comparative methods, respectively. The experimental results
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demonstrate that the proposed method can suppress noise and achieve superior diagnostic performance, indicating promising potential for

application in fault diagnosis of train transmission systems under practical operating conditions.

Keywords : transmission system; fault diagnosis; noise suppression; associative memory; multi-level features
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The framework of the fault diagnosis method based on MAMN
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Table 4 Performance comparison of different methods on the MFCS dataset

(Un)

wE ResNet-50 WDCNN ESPNet ISCNN DSICNN PA-MSRN CDNet MAMN

-4 dB 50.92+4. 38 23.88+0.55 35.81+3.51 51.56+19. 34 62.23+3.52 58.47+2.29 66. 87+3. 06 82.31+0. 45
-2dB 63.25+4.91 28.96+0. 22 49.95+7. 17 71.14+15. 08 70.21+3. 65 75.42+0. 56 79.54+2. 67 89.61+0.77
0dB 71.81+3.25 34.18+1. 48 66. 56+5. 00 67.06+11. 50 75.88+3. 14 84.41+3. 64 51.19+20.40  95.79+0.45
2 dB 78.90+2. 07 45.51+0. 48 76.44+1.13 89.53+7.99 82.91+1.26 91.02+0. 99 87.79+2.24 97.98+0. 39
4 dB 82.95+2. 40 54.13+1.09 82.38+2.83 93.82+5.03 83.52+2.24 95.07+0. 40 96.97+0. 46 99. 07+0. 09
8 dB 88.79+1.43 68.75+3. 87 89.03+1.78 92.75+7. 34 88.96+4. 12 97.13+0. 28 98.83+0. 33 99. 64+0. 09
T 72. 60 42.57 66. 86 717.31 77. 62 83.25 80. 87 94. 40
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Fig. 8 Feature visualization of the TSFS dataset
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Table 5 Performance comparison of different methods on the TSFS dataset

(un)

wHE ResNet-50 WDCNN ESPNet ISCNN DSICNN PA-MSRN CDNet MAMN
-10 dB 60. 85+2. 30 35.25+0.74 56.24+10.25  78.50+10. 37 72.65+2.34 72.21+3. 00 84.33+0. 15 88.05+2. 30
-8 dB 76.69+2. 26 45.92+3.28 82.49+1. 41 92.33+3.39 80. 68+2. 47 85.87+1.28 92.53+0. 14 96.31+0. 51
-4 dB 90.01+2. 83 77.60+2. 58 92.68+2. 11 98.81+1. 19 90. 53+4. 21 94.79+1. 17 98. 41+0. 07 99. 50+0. 09
0 dB 95.31x1.13 92.29+0. 82 97.48+0.76 99. 84+0. 04 97.13+0. 58 98. 86+0. 39 99. 61+0. 02 99.92+0. 03
4 dB 97.41+0.92 96. 87+0. 26 98.56+0. 57 99. 90+0. 08 99. 17+0. 61 99.45+0. 18 99.93+0. 00 99.96+0. 02
8 dB 98.30+0. 62 97.38+0. 66 98. 88+0. 26 99.93+0. 07 99. 50+0. 42 99. 62+0. 28 99.96+0.02  100. 00+0. 00
-3 86.43 74.55 87.39 95.55 89. 61 91.63 95.13 97.96
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Table 6 Ablation study results on the MFCS dataset

(Un)

wE Al A2 A3 A4 A5 A6 MAMN
-4 dB 76.78 71.22 69. 59 79. 65 48.20 76. 82 82.31
-2 dB 88.29 80. 79 81.94 83.99 47.12 84. 49 89. 61
0 dB 93.01 89. 15 91. 69 95.75 54,54 89.17 95.79
2 dB 94. 60 93.73 97.78 95. 74 61.92 94.72 97.98
4 dB 97.75 95. 82 99. 16 98. 67 71.48 97.77 99. 07
8 dB 98. 88 98. 44 99. 52 99. 65 72.75 99. 10 99. 64
Sy 91.55 88. 19 89.95 92.24 59.33 90. 34 94. 07
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Table 7 Ablation study results on the TSFS dataset (%)
W Al A2 A3 A4 AS A6 MAMN
-10 dB 86.92 85. 44 84. 14 89.31 60. 54 85.17 88. 05
-8 dB 95.55 92.24 95. 41 95.74 69. 69 93.63 96. 31
-4 dB 99. 36 98. 67 99. 27 99. 41 92.52 99. 38 99. 50
0 dB 99.72 99. 83 99. 56 99. 86 97.39 99.79 99.92
4 dB 99. 46 99.97 99. 86 99.93 99. 09 99. 96 99. 96
8 dB 99.93 99.74 99. 99 99.97 99.59 99.99 100. 00
Ty 96. 82 95.98 96. 37 97.37 86. 47 96. 32 97.29

SESEE RN FFAR J2 f JCHERY 4 14, A0 35k 5 1)k
G ABA B35 B AME, ULSh, DDFE (FFE & |74 5%
e FRIT I REREAT R A MR MR RE I 25 . S A5 R
FM, & IR H A MAMN (912 WP g BAT BRURAE
IEAN, SR 25 Rt — 0 T MAMN &5 04 50300 A 2ok
Hogtktt

5 % i

2 NRAEFF M P TR B AR SE B 5 e 12 AT
FIRIAR AR S SC B AR R &, 40— ] T I s 1
YT I AL R G EZ WY MAMN 3% 9 2858 1 4
i) DDFE i #8222 UCRHIE , I T 1Y FFE 70 OC AR
B IER AR Y FRAR SEA TN 2RI EE Ay | DT E 41 ] 1
R[] I 48 i i B AR AR, S 25 2R R BT 5 07 AR
MFCS BG4 TSFS Bdfi 4- b 50 ~F 35732 Wi of 6 =5 20 il
B 94.40% F197.96% , W EML T 7 MdS LIk, Sik
SERRY I )y 2 RS AT S5 R M | Jre B AR S 112
Witk RE , BA B R i TR U T, oAb, ST B i v R
Z I IB A TR | 5 S S T R FL IR R A O
PR BT 5 L AT S S U4, AR T L T REE I
[ 1] ZURM, sk, BARY, & AIRZETHRETH 7

>J 757k B FEAE v T B A Al A ol SRR 2 IR e
JHLT). AR 2AH], 2022, 43(3) :132-145.

LUO H L, BO L, HOU D M, et al. A transfer learning
method for bearing fault diagnosis under finite variable

working conditions and its application in train axle-box

bearings fault diagnosis[ J]. Chinese Journal of Scientific
Instrument, 2022, 43(3) :132-145.

[2] ZEbes, XIE, Wk, ZWXPUETB N HES) 45 n
SR V], AR R, 2025, 46(6)
263-275.

CHU X Y, LIU X, MIAO Q. A multi-domain adversarial
transfer method for fault diagnosis of railway bogies[ J].

Chinese Journal of Scientific Instrument, 2025, 46(6) :

263-275.
[3] WANG CH D, WU Y, YANG J L, et al. Continuous
evolution learning: A lightweight expansion-based

continual learning method for train transmission systems
fault diagnosis [ J |. TEEE Transactions on Industrial
Informatics, 2025, 21(11) .8270-8281.

[4] JUZD, CHEN Y SH, QIANG Y K, et al. A systematic
review of data augmentation methods for intelligent fault
diagnosis of rotating machinery under limited data
conditions [ J ]. Measurement Science and Technology,
2024, 35(12) :122004.

[5] HE K M, ZHANG X Y, REN SH Q, et al. Deep
residual learning for image recognition[ C]. 2016 IEEE
Conference on Computer Vision and Pattern Recognition,
2016.770-778.

[ 6] ZHANG W, PENG G L, LI CH H, et al. A new deep
learning model for fault diagnosis with good anti-noise and
domain adaptation ability on raw vibration signals [ J].
Sensors, 2017, 17(2) :425.

[ 7] MEHTA S, RASTEGARI M, CASPI A, et al. ESPNet:
Efficient spatial pyramid of dilated convolutions for

semantic segmentation| C]. Proceedings of the European



144

O % 2 i

47

[8]

(9]

[10]

(11]

(12]

[13]

[14]

[15]

[16]

Conference on Computer Vision, 2018:561-580.
OUYANG M H, CHEN SH, LI Q L. Analysis of

unsteady flow field and near-field aerodynamic noise of

scale high-speed trains in long tunnel [ J]. Applied
Acoustics, 2023, 205:109261.
YANG J L, YIN SH Y, SUN CH, et al. A novel

convolutional neural network with interference suppression
for the fault diagnosis of mechanical rotating compon-
ents[ J].
34(13) :10971-10987.

SUN Y W, TAO H F, STOJANOVIC V. End-to-end

multi-scale residual

Neural Computing and Applications, 2022,

network with parallel attention
mechanism for fault diagnosis under noise and small
samples[ J]. ISA Transactions, 2025, 157:419-433.
ZHAO Y, YANG Y, GAO W H,
convolutional neural network for fault diagnosis of rotary
machinery [ J]. Applied Soft Computing, 2025, 176;
113162.

LEI CH L, WANG L, ZHANG Q Y, et al. Rolling
bearing fault diagnosis method based on DSICNN under

et al. A pure

strong noise background[ J]. Nondestructive Testing and
Evaluation, 2025, 40(12) :5804-5820.

JUZD, CHEN Y SH, CHEN J H, et al. A bearing fault
diagnosis method based on vibration signal extension and
time-frequency information fusion network under small
sample conditions [ J]. TEEE Sensors Journal, 2024,
24(17) :27712-27727.

SNYDER Q, JIANG Q T, TRIPP E. Integrating self-
attention mechanisms in deep learning: A novel dual-
head ensemble transformer with its application to bearing
fault diagnosis [ J ]. Signal Processing, 2025, 227.
109683.

H&h, 8o, T/NK, S —FH T A BloR s
I 19 2% B Res2APCNN [ J]. AU #8022 42,
2025, 46(8) : 49-62.

TIAN J, WANG J D, DING X F, et al. A network model
for inter-shaft bearing fault diagnosis Res2APCNN[ ] ].
Chinese Journal of Scientific Instrument, 2025,46(8) :
49-62.

MONTCHAL M E, REAGH Z M, YASSA M A. Precise
temporal memories are supported by the lateral entorhinal
2019,

cortex in humans [ J ]. Nature Neuroscience,

22(2) :284-288.

[17] GRANDE X, BERRON D, HORNER A J, et al
Holistic recollection via pattern completion involves
hippocampal subfield CA3[ J]. Journal of Neuroscience,
2019, 39(41) .8100-8111.

MYNICK A, STEEL A, JAYARAMAN A,

Memory-based predictions prime perceptual judgments

[18] et al.
across head turns in immersive, real-world scenes|[]J].
Current Biology, 2025, 35(1) :121-130.

DING A, QIN Y, WANG B, et al. Evolvable graph

fault

[19]

neural network for system-level incremental

diagnosis of train transmission systems[ J]. Mechanical
Systems and Signal Processing, 2024, 210.111175.
LIY F, CAOY P, YANG J T, et al. Optuna-DFNN.

An optuna framework driven deep fuzzy neural network for

[20]

predicting sintering performance in big data [ J ].

Alexandria Engineering Journal, 2024, 97.100-113.
EEE N

BRIER, 2019 A FAEAL LT R AR AT
2R, 2023 AR AL T ORAEARAHAR -2
A, A IR B TR 2 P A, B
WFSE T3 1) R 17 5 A PR R 2 >0 R AT T E
1R SR A 1B 4
E-mail : 2310603064 @ stu. hrbust. edu. c¢n
Ju Zedong received his B.Sc. degree from North China
University of Science and Technology in 2019 and his M. Se.
degree from North China University of Science and Technology in
2023. He is currently a Ph. D. candidate at Harbin University of
Science and Technology. His main research interests include Al-
empowered equipment operation and maintenance.

BRERAE AR 1EH) , 2009 4F T Iy /KI5
TR P20, 2011 AR TR /REE T
R E2EARAFAI 24407, 2017 4 F G /RIE Toll
REFARAFIE 2407, A e R T 3 TR 3L
B2, FEWEFE 5 0] R 5 A A iR A I R
RERHIHEEA
E-mail ; chenys@ hrbust. edu. ¢n

Chen Yinsheng ( Corresponding author) received his B. Sc.
degree from Harbin University of Science and Technology in
2009, and his M.Sc. and Ph.D. degrees both from Harbin
Institute of Technology in 2011 and 2017, respectively. He is
currently a professor at Harbin University of Science and
research interests include complex

Technology. His main

equipment fault detection, and intelligent perception technology.



