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Fault diagnosis method based on multi-modal Manhattan
graph Lap-Transformer
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Abstract: To address the limitations of traditional graph neural networks in processing single-modality data, which lead to incomplete
information, inaccurate graph structure construction, and difficulties in effectively capturing spatial dependencies among nodes, this
paper proposes a fault diagnosis method based on Multimodal Manhattan Graph Lap-Transformer. The method constructs a novel graph
structure using Manhattan distance, enabling more stable measurement of inter-node similarity while eliminating dependence on fixed
topological structures, thereby enhancing adaptability to complex fault data relationships. By encoding graph topological information
through graph Laplacian matrices, the attention mechanism simultaneously considers both node feature similarity and graph structural
connectivity. This dual-focus approach strengthens the modeling of local and global dependencies, effectively capturing spatial
relationships between nodes. Through experiments on the PU bearing dataset, the AUST bearing dataset, and the tunnel boring machine
bearing dataset, the average accuracy rates of fault diagnosis reached 99. 7%, 98. 8% , and 99. 8% respectively, verifying the superiority
of this method in bearing fault diagnosis. It demonstrates significant diagnostic accuracy and strong adaptability to various working
conditions under noisy and multi-condition circumstances. Moreover, this method exhibits good robustness and stability, providing a
novel and efficient solution for the fault diagnosis of bearings and other mechanical equipment.
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Table 4 Diagnosis results under difficult
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- 50 - G R - C I T %39 &

50 50
40
40 40
30
30 30
20 20 20
10 10 -10
0 0 0
fitilpre:s
50 50 50
40 40 40
&
30 L& 30 30
o
-20 = -20 20
-10 -10 -10
0 2
: ' . 0 ‘ : : 0 ' ‘ . 0
RF1 RF2 RF3 RF4 RF1 RF2 RF3 RF4 RF1 RF2 RF3 RF4
BgAR2E BgAR bR
LSTM GraphSAGE MGLT
B AN[EIDT ik TR VA R 4 2R
Fig. 11  Confusion matrix results of different methods GCN

K12 PRS-

Fig. 12 Bearing test platform of tunnel boring machine

Lok 175
15.0
0.8
< 125 4
R L=
€ 06 & 10.0 &
® 75 ©
04 f®
e 5.0
25
02+
0 100 200 300 400

S
K13 MGLT Z 2kt [a] i fh 25
Fig. 13 The multi-parameter co-evolution results of MGLT

kSRR AP URE Ty X gl i A
AR AN ISR 7 LA B AR DL LS Tl B3 ) S8OCR, SE B 4 2R
QAL 14 s AT 5 URBERLSE S0 P B DA T B0 Y

DS EE R AR T 5 Bl E Ty ¥ v] LU 205 T 1 o
B R T ARk O ELAEAS [ A I 7 R A B i 3R
A B E PR, X — DB A T 2 T 2 A
XEFEREPEE AL N R OC R, i o 2 Tl AR B 5 1k
P AR A - M P A R A R A 22 () Hh S BRI S A 20

100
= GCN
= CNN
MACNN
80 LSTM
GraphSAGE
o == \GLT
S 60
N
g
£ 40
20
0
2 4 6 8 10
SNR/dB
Bl 14 AF{EWEE T2 WA R
Fig. 14 Diagnosis results under different SNR
3% it

ASCHE B 2B 2 0515 5] Lap-Transformer (1457
AU T ARS8 R 28 I 2 52 i TR AR S B — | Tl %k
P e 2 B M s R RACRE T 5 B0 51 45 40+ AN o
By HE LAB B 9 A5 T 7 28 TR 55 [, DA S B o



12 3

LA 2 AT E] Lap-Transformer Y2 KT 5 15 - 51

45 AR 3 I 2 2 KR 5 R 0 28 WL i
AEVIBLE 5 5% H 616 P RS VR 3 30 4 Jrd 2 4
Stk R 7 AR T U S B O
U T BB B 512 AL

%3

(1]

(2]

[3]

[4]

[5]

[6]

(7]

SR, TR, KT, SF. kTR 2 IO
B WAL LA SRR A LR BT TA D], kgl 5 b
i, 2025, 44(4) ;. 286-297.

MENG Y Y, ZHANG P Q, HUO J Y, et al. Wind
turbine fault sample generation method based on improved
denoising diffusion probability model [ J ]. Journal of
Vibration and Shock, 2025, 44(4) . 286-297.

MIAN Z, DENG X, DONG X, et al. A literature review
of fault diagnosis based on ensemble learning [ J ].
Engineering Applications of Artificial Intelligence, 2024,
127 107357.

IUNUSOVA E, GONZALEZ M K, SZIPKA K, et al.
Early fault diagnosis in rolling element bearings:
Comparative analysis of a knowledge-based and a data-
driven approach [ J ].  Journal of Intelligent
Manufacturing, 2024, 35(5) . 2327-2347.

LIU W, HAARDT M, GRECO M S, et al. Twenty-five
years of sensor array and multichannel signal processing:
A review of progress to date and potential research
directions[ J]. IEEE Signal Processing Magazine, 2023,
40(4) . 80-91.

k%, fIIRYL, BREE, 5. Z/NRBIRNE RS
HRSRURIE M 25 1) 22 T DL B2 B [ 0] rL -0 55 4
AR, 2023, 37(5) ; 68-78.

ZHANG Y, HE SH B, HAN Y, et al. Multi-wavelet
coefficients enhanced dynamic aggregation federal deep
network for fault diagnosis under multiple conditions [J].
Journal of Electronic Measurement and Instrumentation,
2023, 37(5) : 68-78.

FREIRE P, SRIVALLAPANONDH S, SPINNLER B, et
al. Computational complexity optimization of neural
network-based equalizers in digital signal processing: A
comprehensive approach [ J ]. Journal of Lightwave
Technology, 2024, 42(12) . 4177-4201.

BXNIR 225, HET MADSC 1 SIDSwinT FY¥& 8l
ARECREE 2 W ()], A7 0 B AR A2 4z, 2024,
38(11):58-69.

ZHAO X Q, AN G C. Rolling bearing fault diagnosis
based on MADSC and SIDSwinT [ J ].

Journal of

[8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

Electronic Measurement
38(11): 58-69.
ALI U, BANO S, SHAMSI M H, et al. Urban building

2024,

and Instrumentation,

energy performance prediction and retrofit analysis using
data-driven machine learning approach[J]. Energy and
Buildings, 2024, 303. 113768.

AL, R, RINBE, S5 25T 07 ELECE WK 5 A8t
I A 3 N R sl R 2 WOk (] R E AL T
F2, 2023, 34(6): 694-702.

DONG SH J, ZHU P, ZHU S K, et al. Fault diagnosis
method of rolling bearings based on simulation data drive
and domain adaptation [ J ]. Chinese Journal of
Mechanical Engineering, 2023, 34(6) . 694-702.
PETERSON L, BREMER J, SUNDMACHER K.
Challenges in data-based reactor modeling: A critical
analysis of purely data-driven and hybrid models for a
CSTR study [ J ]. & Chemical
Engineering, 2024, 184. 108643.

ZHANG Z, WU L. Graph neural network-based bearing

case Computers

fault diagnosis using Granger causality test[ ] ].
Systems with Applications, 2024, 242. 122827.
XN | ARARE, AxdE, AF. RS TR N IR
SALSE TS W T ()] B I S A AR AR
2024, 38(12) . 145-154.

LIUX F, XU Q G, JIN Y, et al. Deep reinforcement

Expert

learning fault diagnosis method under noisy interference
environment[ J]. Journal of Electronic Measurement and
Instrumentation, 2024, 38(12) ; 145-154.

JettAs, WO, WEA. ET TS A VI
S KBRS R DL ERIZ W [T]).
A, 2024, 45(11) ; 251-260.

ZHANG SH J, HU J] W, MIAO G L. Fault diagnosis of
aero-engine gas path based on condition recognition and
self-training ST-GCN model [ J ].
Technology, 2024, 45(11) ; 251-260.

LI G, YAO Z, CHEN L, et al. An interpretable graph

Journal of Propulsion

convolutional neural network based fault diagnosis method
for building energy systems [ C]. Building Simulation.
Beijing: Tsinghua University Press, 2024, 17 (7).
1113-1136.

YU Z, ZHANG C, DENG C. An improved GNN using
dynamic graph embedding mechanism: A novel end-to-
end framework for rolling bearing fault diagnosis under

variable working conditions[ J]. Mechanical Systems and



- 52 - G R - C I T %39 &
Signal Processing, 2023, 200; 110534. 1EEZ®/N
[16] WANG Y, ZHANG S, CAO R, et al. A rolling bearing TR 2017 4EF VLR K2R+
fault diagnosis method based on the WOA-VMD and the 2L L RO TR 2= R B, FE 5
GAT[J]. Entropy, 2023, 25(6) . 889. O ) RS W AR EGR B RN,
[17] LIU J, HE Z, MIAO Y. Causality-based adversarial E-mail ; sushuzhi@ foxmail. com
attacks for robust GNN modelling with application in fault Su Shuzhi received his Ph. D. degree
detection[ J ]. Reliability Engineering & System Safety, from Jiangnan University in 2017. Now he is
an associate professor in at Anhui University of Science and
2024, 252, 110464.
Technology. His main research interests include fault diagnosis,
[18] QIUZ, LI W, TANG T, et al. Denoising graph neural . .
) ) ) pattern recognition and computer vision.
network based hydraulic component fault diagnosis BhaE 52 2003 4F Tl 2% e 3 15 2 -
method[ J]. Mechanical Systems and Signal Processing, S P TR TR SRR L RS, B
2023, 204. 110828. 0“‘@ 5L T ) R s 2 T
[19] KUOP C, CHOU Y T, LI K'Y, et al. GNN-LSTM- - E-mail ; cyy200010@ 163. com
based fusion model for structural dynamic responses “ Chen Yanyan received her B. Sc. degree
prediction [ J ]. Engineering Structures, 2024, from Chizhou University in 2023. Now she is a
306, 117733. M. Sc. candidate at Anhui University of Science and Technology.
[20] XUE Y, WEN C, WANG Z, et al. A novel framework Her main research interest includes fault diagnosis.
for motor bearing fault diagnosis based on multi- RE® G R E7) , 2022 4 5% HOR
: : . TR 20, BN 2 RO TR 24 UF
transformation domain and multi-source data [ J ]. W B SE Jy 1 y HLIEE 3] o ot
i, FE BT EEN L
Knowledge-Based Systems, 2024, 283, 111205. R v
o ] _ YU RIS A
[21] Jﬁlﬂ', %%, %%Hﬁ %:F CWT *ﬂ’fjﬁ’ﬂj Swin

Transformer R V5 56 A B RE2 W ik ()] R 5
iy, 2024, 43(15) : 200-208.

ZHOU ZH, CHEN J, WU M M. Fault diagnosis method
for wind power gearbox based on wavelet transform and
optimized Swin Transformer[ J ]. Journal of Vibration and

Shock, 2024, 43(15) ; 200-208.

E-mail ; zyanmin1988@ 163. com

Zhu Yanmin ( Corresponding author )
received the Ph. D. degree from Anhui University of Science and
Technology in 2022. Now she is a lecturer at Anhui University of
Science and Technology. Her main research interests include
machine learning, multimodal pattern recognition and fault

diagnosis.



