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1. Pseudo-fault data enhanced relation network for fault detection and localization in train transmission systems
#—{E#, B4 % Engineering Applications of Artificial Intelligence (EAAI, #&BE—I/XTOP, IF=7.7)

2. Parallel Relation Network for Intelligent Fault Detection and Localization of Train Transmission Systems with Zero-fault Sample
F—EE, BERHAIECRE (RANIME) 1EEE Reliability and PHM Conference (PHM-Beijing)

3. Unified Health Domain Relation Learning for Train Transmission Systems Fault Detection under Complex Operating Conditions
H—E = (BIHE—) , 84&F Structural Health Monitoring (SHM, FA#&EE—/[XTOP, 1F=5.7)

4. Decoupling Intrinsic Fault Features from Domain Variations via Domain-Attribute Fusion for Unseen-Domain Fault Diagnosis
$F—{E&, /& Advanced Engineering Informatics (AEl, #&Ez—/XTOP, 1F=9.9)

5. Collaborative Teacher-Student Learning: Simulated Domain Attacks for Class-Intrinsic Feature Learning in Multi-Domain Generalized Fault Diagnosis
E—{E#&, Under Review TII (IEEE Transactions on Industrial Informatics , &7 —/XTOP, 1F=9.9)

6. Open-Set Fault Diagnosis Using CLIP with Forward-Reverse Reasoning
F—EE (BIT—E) , /ME COMPUT IND (Computers in Industry , A&z —/X, 1F=9.1)

7. Reinforcing Cross-Domain Few-Shot Fault Diagnosis of Train Transmission Systems via Reducing Intra-Class and Maximizing Inter-Class Variations
& —{E&, Under Review TII (IEEE Transactions on Industrial Informatics , ##&/8z—/XTOP, 1F=9.9)

8. IndustryCode: A Benchmark for Industry Code Generation
#={E#, Under Review ICML (CCF-A)
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Pseudo-fault data enhanced relation network for fault detection and localization in train transmission systems
E—{EEB&3R Engineering Applications of Artificial
Intelligence (EAAI, REHE—XTOP, IF=7.7)lAR—EaiitX

Engineering Applications of Artificial Intelligence 158 (2025) 111515
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Engineering Applications of Artificial Intelligence
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Pseudo-fault data enhanced relation network for fault detection and
localization in train transmission systems

I Zhixu Duan“l , Ruoxin Liu®, Zuoyi Chen ™" @, Hong-Zhong Huang "

B Y I~r. 3 on | >
# School of Mechanical and Electrical Engineering, University of Electronic Science and Technology of China, Chengdu, 611731, China E — E_ E R P E - E R N E
" Center for System Reliability and Safety, University of Electronic Science and Technology of China, Chengdu, 611731, China -
= iy e
Ao FTHO H ST PEAR S B9 MK

> RIS R R
> SRR EHHEYIHRLRRIA ST

Lk

Parallel Relation Network for Intelligent Fault Detection of Train
Tr ission System with Zero-Fault Sample

Zhixu Duan, Ruoxi Liu, Zuoyi Chen, Hong-Zhong Huang
School of Mechanical and Electrical Engineering
Center for System Reliability and Safety
University of Electronic Science and Technology of China
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Unified Health Domain Relation Learning for Train Transmission Systems Fault Detection under
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Collaborative Teacher-Student Learning: Simulated Domain Attacks for Class-Intrinsic Feature Learning.in
Multi-Domain Generalized Fault Diagnosis

Mg S5—{E& Advanced Engineering Informatics(AEI,
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Decoupling Intrinsic Fault Features from Domain Variations via Domain-Attribute Fusion for Unseen-

Domain Fault Diagnosis

158 $5—1E& |EEE Transactions on Industrial Informatics

(TH, AREPE—XTOP, 1F=9.9)

IEEE Transactions on Industrial Informatics: Manuscript submitted - Manuscript No. TlI-26-1348

BEA: *|EEE Transactions on Industrial Informatics®

WA | zuoyichen@uestc.edu.cn
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(88 0101019¢4066183f-82b489b9-5ce7-424c-baf1-bfb1da73230d-000000@outbot
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Simulated Domain Attacks for Class-Intrinsic Feature Learning in Multi-

Domain Generalization Fault Diagnosis

Abstract—Prevailing Domain Generalization (DG)
methodologies predominantly rely on passive
distribution alignment to minimize domain data
distribution discrepancies. Inspired by cognitive
invariance mechanisms, a new paradigm shift from
passive alignment to active defense is proposed.
Distinct from minimizing domain discrepancies,
distribution shifts are conceptualized as adversarial
simulated domain attacks. Specifically, a novel
collaborative teacher student learning framework is
constructed, in which a frozen teacher network guides a
student encoder to actively defend against simulated

domain attacks, thereby extracting class-intrinsic
foaturoe Furtharmnra ftn anenra dofonca offirarvy a

specifically tailored for fault diagnosis under unknown
rotating speeds. Li et al. [14] proposed an adversarial DG
network based on class boundary feature detection.
Furthermore, Ren et al. [15] developed a domain-invariant
feature fusion network to explore the potential of semi-
supervised DG models in intelligent fault diagnosis.

Despite the advancements in alignment-based DG
approaches, they still encounter severe challenges mn
complex industrial scenarios. Primarily, given the
substantial distnibutional shifts induced by drastic
fluctuations in operating conditions, the coercive alignment
of data with distinct physical characteristics risks distorting
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Fig. 16. Detection results of PF-ERN in component-level compound-fault scenario.

O e O ot R 0t B e

T

READE TR

0.0 0.2 0.4 0.6 0.8 0.951.0 0.0 0.2 0.4 0.6 0.8 0.951.0 0.0 0.2 0.4 0.6 08 0.951.0 \
Relation Score Relation Score| Relation &omm [/
-
M4 LA4 ‘
I’
M3 LA3 N\ i
,/
—
M2 LA2
ML LA1
MO
LAO

(a) Motor (b) Gearboxes (¢) Left axle boxes

ASLAYEE {51 S 15

Accuracy (%)
100. 00

95. 00
90. 00
86. 00
80. 00
75. 00
70. 00

65. 00

60. 00

55. 00

Number of external equipment fault types

T T T T T T T T 50. 00

I T
D1 D2 D3 D4 D5 D6 D7 D8 D9 DI10 DIl D12 D13 D14 D15
Number of out-of-distribution data types

Page 19/18



,
©

ERXBER

Operating Condition

wer | wez | wes [ wes | wes [ wee | wer | wes | woe

9 96.48 94.84 89.48 9076 | 9456 | 9166 | 9133 | 9741

Gabr | G @ @ o @ © O @

Left 9IS ”.07 s 98.93 98,55 96.2 9821 99.93 99.66

axlebox o o o 0 o

937 76.13 S8 LARTY 928 9 %4

Motor ° T 0 °
o : [ Gl
978 % (&)
6613 [Thsa G3
Gearbox [ 953 8633 G4
964 993 | 983 (Gs
9083 [ 10d 998 [T873§ (Go6
98] 987 |99y |G7
K] 8555 | 9053 | 995 |G8
—5ed % [T [T | LAl
Left 0 [ [ (A2
axlebox E j —%e LA33
) e [ s
et g M|
o 7 53 [ s w2
994 100 |99 |M3 |
o183 o3 [ (M4

100 100 100 100 100 100 100 100 100

Accuracy for Singe Fault (%)

nw
o5 a5
wm
nm
w.l
15
w10

w2

%
wa
ae
99
w“n
an
%01

sel

ol

Appendix —work?2

T-SNEZR 2 1o o #L 4L

Gearbox Left axlebox Motor |
Gl LAl MI |/
° QG2 ?
N LA2 9 M2
G3 ° ° A
s Gé ocd 3 Yo = LA3 P g % + M3 . e
* G5 Uy Wi el 9 o LA4 . Moo o M4 o3 83
N o »
e ! il P ° _d > WCI-LAO o~ I . > WCI-MO ® Lo I o
J M 9 -
> G R PR T, WC2-LAO M . WC2-M0 v
s WCIGO %) o a0 B 0 LT s WC3-LAO 5 % a0 B0 s WC3-MO
" ::E?‘(G'g . e k.l ' "'3 s WC4-LAO % w|o ° a o WC4-MO F
s WCHGO NTSPT R > WCS5-LAO . s WCS-MO
s WCS-Go ° : y * WC6-LAO i ° 2 o WC6-MO
wifin "&’«%"% o WC7-LAO B o WCT-MO
. Weads . > WCS-LAO > WCS-MO
o WC9-GO | * WC9-LAO | | | s WC9-MO | | | |
MTBTS HSTB HSTAB
I Without HRLM without UHDM [ UHDRL I Without HRLM without UHDM [Ill UHDRL I Without HRLM without UipM [l UHDRL
wCl - 92.30 o avi S 6484 _m: H - T i
WIS w45 S0 S5 60 & T TS B0 K S 05 10 B EEEEEEEEEEEEREE" 003 e 45 30 35 60 & M M 80 K % 9 100
we2 - 97.08 96.69 ; -
. - . - ) AV2 _ #5.06 92.85 1A _ 827 8113
T EEEEEEEEEEER) o R - W R W WY W | e N ! e
I e T I (] T S T T T W3 e 45 S 55 W & T 75 B0 RS W 9 I
Wei - 9635 76 Gt _ 90,58 Jors 0A - $0.96 - $9.24
W B M s NS H S WS NE WS W T EEEEEEEEEEEEEEE) W3 @ 45 0 45 60 & M N 80 K W 9% 10
wCs - . e ‘ i l_?'f.‘!l GV2 _ 90.63 9658 ow - .19 9%.19
NOB w4 N 5 W G MW N B N W W EEEEEEEEEEEEEEER. W3 4 45 30 45 @0 & M W W B % 9% 10
wee [N __Ct] , S s s, 9 WO Rw 6874 8248
» B K4 X5 6@ %N E NE N NBW B EEEEEEEEEEEEER W3S @ 45 S0 S5 @ & M TS M K W 9 I
wCT - _nn_ : i 95.41 oV _ 8048 9049 CF P 92,61
W35 & 45 0 55 60 & TO 7S B0 ES S 95 10 ™ B M IS W 4 W B @ & T TS B B W 9 100 W3 & 45 S0 55 @ & M 75 M K W %00
wes RN . _on ‘ M= cw e 8523 92.04 1or NSNS 7862 §2.46
M @ 45 0 S5 @ & T 75 MK W 95 I N EEENEEEEEERE W 3% @ 45 0 35 0 & MW B B B W 9% 100
weo S ' _ mu , _ e s EC 8543 9538 e [N 9022 | oso
WIS 45 S S5 6 65 T 75 B BS W 95 00 I EEE N EEEEEERE T T S
Accuracy (%) Aceuracy (%a) Accuracy (%)

(a)

(b)

Page 20/18

(c)
|
L]




,
©

Feature Ratio (%)

Appendix —work3

KT EMmMEN-

[ Domain
1 Catego
%0 4 gory
&> &
[ ]
. o
60 1 % : oe®
a0
504
40 ‘
e
L)
304
20 A
B B
1 T3

WAL EE

Mutual Information (nats)

Category Branch

Mutual Information (nats)

Domain Branch

0.8

0.6

0.4

0.2

— ](])D.’Y(l)
— HPC; Yd)

0.0

T
100

T
200 300 400 500
Training Steps

MI ik AR 2 s mIE X g

1.754
1.50
1.25
1.00 4 S f(pc; Ye)
0.75 — Ip";Y9)
0.50
0.25 4
0.004-
T T T T T T
0 100 200 300 400 500
Training Steps
B
Tl
3.0
2.5{ KL=0266 _ Original [KL=0.289
AN 1 Reconstructed
PN 254
1
g / £
g 1 z 2.0
2 154 A &
£ { Eis
£ / =
2 0] / =
£ ! 1.0
~ ~
o’
0.5 P/

00 0.2

S
n

0.4 0.6 0.8 1.0 00 0.2
Feature Value

0.4

0.6

TB
2
Original
[0 Reconstructed

\ 2.0

A
£
z
5 15
=
£
= 104
=
S
=4
~

0.5

038 1.0

Feature Value

EMEIED

Page

21/18

00 0.2 0.4 0.6 0.8 1.0

Feature Value




Kn: @ BWCI-H BWCI-IA @ BWCIIW @ BWCI-OA BWCI-OW & BWCI-CF
Unk: BWC2-H BWC2-JA A BWC2-IW A BWC2-OA BWC2-O0W BWC2-CF 1
BWC3-H BWC3-IA © BWC3-IW <& BWC3-OA BWC3-OW BWC3-CF T

@ Appendix —work3

* BWC4H + BWC4IA # BWCAIW # BWC4-OA  BWC4OW + BWCACF 47, -
BB
92
90 l‘. { /
88 - )/
1 L. bt \ . 7/////

Accuracy (%)
£

82 - £
80 A o
798
78 1
R
76 T T T T T T T T T T
00 01 02 03 04 05 06 07 08 09
y S @ Mask Quantile

(a) State type before decoupling (b) State type after decoupling

HBS e T BRI

100.0
100+
Metro bogie High-speed train axlebox and rolling-bearings
B T |k L4 FE ]
~ 954 100 100
s
z 95 - 95 -
= 7 1. WA 2
; 90+ %0 ' ) w574 90 wy S554 856 ,_u,r .
2 9 - -y s
< Q s 7 By e 5 Y u
2 < 5 - 2 < 85
£ < 7738 784 15 ™
s 80 = 80
Z g5+ g s o
g = i . = 72
=t g ) . nE % o, S g
= < <
j=) 70 70
804
65 65
710 b~ 60
| L o
75 . ! I ; - ) I i
T T T T T T T T T T " L
U] 10 20 30 40 50 60 70 80 90 = ‘_"
Missing Category Rate (%) 2 £

i ST KRS Ablation Study

Page 22/18



Appendix —work4

,
©

Accuracy (%)

B2 4y 8] 1

Teacher Domain

@ Cl [ Y o @ 4

 91.7

- 90.6

- 8O.5

- 884

100
& ©
®

90 4

o
R0 4

o
70 ®
o
® °

60 4

T¢ TS TS TS

Test Task

R MR E

84.0

Accuracy (%)

100 1 Attack domain is class-complete i Attack domain
93.9 and locally imbalanced i is class-incomplete
91.1 { and globally imbalanced
901 g6 584 g3 |
i
= |
§ 801 i
> i
= |
8 i
s 701 :
“ 1
< |
b |
60 A i
i
|
i 7.9
501 !
i I'?,\O-X Kl:l
| KI18 KB27 KII$ KB2
40 . £ - : : : KAIS' KB23 }L‘\IS' KB23 }L&I;‘ KB23
0 2 4 6 8 10 12 14
Num of Missing Classes
H SRR AR
=
LC+CC+DC 93.94%
LC+CC 68%
]
2 LC+DC 92.25%
"
=
2
=
5] LC
5]
9]
g CC+DC
3

DC A I 87.19%
CC - 86.56%

T T T T T 1

84 86 88 90 92 94 96
Accuracy (%)

Ablation Study

Page 23/18




,
©

Norm of Parameters (161})

Norm of Parameters (1613)

A di k4
= o -
% 17500 ‘.:e'
E 13000 z
e g
E 10000 B
£ 7500] <
Cr mrr.n:i;g Epochs T ol MITrlin‘lsng E.::cm ST
(a)TE )1 .
. . WM B DT
S =
- g, R
1500 é i 92 2 3 4 5 6 7
12500 5 Number of Source Domains
: ] i B B
7500 Zﬂ
A Y MilegEpecs ® KOOI ® KAIS ® KAM ® KIS o KI2I ® KB27 o KB23 @ KB24
(C) Tac (d) Tf Benign Defense Optimization Generalization Simulation Unseen Attack
%, " oo
_ . L 3 o B el & _Ea
110 I Clean [ Target Noise [ Source Noise ! E P
L o ,.'. Y N
i e R W mﬁn,ff -
2 %ﬁ-$ % BT r WG AR
. ¥ R e
— -1.0% =12.5% =24.0%
g - 82.6 —82.2 } 3 s
P
g Benign Defense Optimization Generalization Simulation
g = B
g—.- % . % “ "" %
z v & gﬁ" Y ¥ w?
¥ 4 &

SNR (dB)

ﬁ@ﬁﬁﬁ

&
FHE 1 T R

Page 24/18




