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Physical-guided convolutional neural network model for fault diagnosis
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Abstract: This paper conducts an in-depth study on the problem of shortcut learning in convolutional neural networks for predicting
rolling bearing faults, and proposes a physics-guided convolutional neural network model for fault diagnosis and prediction. Using rolling
bearing datasets, this study analyzes the shortcut learning problem that occurs during the training of CNN-based rolling bearing fault
diagnosis models, and reveals the existence of the shortcut learning phenomenon: even though the convolutional network achieves an
accuracy of over 90% on a specific fault dataset, due to the presence of shortcut learning, the model fails to learn the correct fault
features that match the fault theory. Instead, it learns incorrect characteristic frequencies or waveform patterns in the spectrogram. The
study also analyzes the generation mechanism of the shortcut learning phenomenon in fault diagnosis, and reveals the generation
mechanism. Shortcut learning behavior in convolutional neural networks mainly arises from shortcut opportunities in the dataset, caused
by factors such as background noise and assembly, the models tendency to learn simple feature combinations, and data statistical biases
caused by comprehensive errors. Since the fault dataset itself cannot sufficiently constrain the learning of deep neural network models,
this paper designs sensitive frequency bands based on bearing fault characteristics according to the characteristic frequencies of rolling
bearings. It generates physics-guided data through band-pass filters, constructs physics-guided information, and inputs it into the
convolutional neural network model to guide the model to learn correct fault features. Experimental verification shows that the physics-

guided convolutional neural network can effectively avoid the shortcut learning problem, accurately extract core fault features, improve
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the accuracy of fault diagnosis and prediction, and enhance the credibility of the convolutional network-based fault diagnosis model. It

has application prospects in fault diagnosis of high-end equipment in fields such as aerospace.
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Fig. 1 Typical 1D-CNN network model
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Fig.2 Accuracy of 1D-CNN model on PU dataset
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Fig. 3 Heatmap for each category of the PU dataset
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FT7R AR TR A i B T G 1 A P8 3l o AT R S, SRR
W, MR CTERENN £ LA LAY BE o0 A, 50 DR A
PR T T A5 AR Ry Tl 7R A1 BB S B R AT o %o VR Bl 4R i e
FIIE RS 1 B A | 50 A8 [R] A 18 AT 2% 20 31 1 B 1) i e
FRIEAT A
CWRU Bl £E P4 P8 il s A oM BBl B 1) SHAP % 22 &
WE 6 i, R T A5 78 5y H 52 Wil fie K B9 R 10 44
fiE, MBI SHAP fZEEIANE 6 (a) s, BADE 55
L AR Sk P VB B ) EE R AE I AR FIE T Y £ o
AN B ) SHAP i ZFEUNE 6(b) Tz, B AR X Al 4y
SO B R B ET 10 SRR AE B A0 25 A1 18 i s 4 E 4R
Fopwo » TEIEEL 6 FFHT 10 ANRFAF I A A 19 A 35 5B 700 Ay 11
AL E T 1E (A1 52 0 S5 s 2 3 3 4 2 4 200 45 % 1 0 T T
ARSI 25, TR SRR IR LX) T VR sl (Al s
TEFCRAS I REAR 455780 [] AR Y8 A 2 =) 1) 1 1 174 3 e R AE

&
108 -~ -
88
L 30
T 132 <
8 20 - K
) &
§ 0 E
% 90
29
86 - &
20 -10 0 10
R V> M FE
(a) W IBIHBE SHAP 22 &

(a) Inner fault SHAP summary plot



24 f# £ ¥

a6t

210 - i
105 44—
o 207 4 -
T 213 4—- <
M 108 4 K
B o $-- g
g 106 §=- - Py
215 §- -
216 - -
212 = &
0 5 10 15 20 25

e 5 20 A FE
(b) SRR SHAP 5
(b) Outer fault SHAP summary plot

K16  CWRU Bl a5 2l e SHAP Hifj 22141
Fig. 6 SHAP summary plots for CWRU dataset

TCAE e FE T A H 4 1A 1 72 DA A, 38 2 BB A A
IO A, B RIE CWRU S04 F g3 53
WHHANAF () FRAE BE R 30 Fh < w3 M 1 55 — (IR RRAIE
HHSENE” (107 &G B G R AR R A AR 22 S B, B ad 1ot
2 3] R SR SC R RRAE R SE B 4 SR AR, TN IE B IE 4
SIS G R AR BEARAE R 10 156 A TR f £ S
PEBE I AR 25 [F] T IE B AR AR 22 ST LT
1.5 EREFEIHEH

XTSI IR AT, R4S CNN BRI BB I8 AL 1)1 25
Bt A b S BUAR R AR R R (H AN R 1A B T
2 2] B IE B AR BE R AIE , B8 156 -5 5 e 20 R G R 1) Ry
ik, YA ) BRI B ARAE I U LR B T BEAR 2 o) B
% ARSCAEBUBE IS Wi A58k BT XA (L2538 ) (55 1
MR T 2 R B BER R ) S

1) BARFF AR5

BRI OR B2 > 3 TE A 09 4R TIE A0 232 1T 2 A 108 i IR
B AR AR R0 Ay SRR AIE 81 40, 78 1E 8 IR A Al R
B AT N 4 (a) B/, B 12 i Ks A1 P 4 e 4
R ) R I U R R R R R AR AN R IEF R
SRR 53— Ao B 2 B Il 3 (a) s, B R £
T 5 {F A B RRE A IO 90 ~ 107 Hz 3Bt X FhIR
G WA ERRAE 4 2] 2 B vhn] 58 32 2 £ o R se R
HERFE A T, DN 251 350 U (%) 5 R A

2) B v i

X I P A U 0 23 R (AN 2 DA S A S
E S(b) in i CWRU 4Bl i i, 450750 ] B8 5% [ 2% 2T
TETEASERAE Wi E EL AR B R AE A3 256, 37 i 1T 1 8 1 00
LA REE, RGO T, A5 A 5 A R L A B 4
IR0 A B S T e T e AR i 3 ] 1) Y0 T B S A T
K,

IR RERR A S SR TR T A R I 2 A AL i
WHT S5 T e RS, BRI s L R
& AN RE AR UE S 2 B T 1R A B SRR AT

1.6 FERERFINFEVHSRERN

#£ CNN BRI Ghad F vy, $EAR Sk U5 F AT 1T - 4K
P O EEAR LS, B LS [R) TR 58 N 5% 9830 1) =i e
[P/ ) T BB 5 LA B AN ] 44 S TR R AE 4 6 e SR TR Jli ke 3
PRI, AR DA R 00 B (R A 2 985 ) R AR R 4], DA X
P J7 T AR 2 0]t A B2 W 4 P 1)

1) B h R L2

LI CWRU tdagE R, CWRU H 9 %55d n] LA R 2 7
32 (1) B EA W | B A R S RRRAE 5 (2) £
P AE AR 0 Y — 2 ), AR AR S AOR LA AR S
R S EH; (3) Bl JL-F Jo ik i B R AE | 5 08 7
PAX G5, X PRECERRIE (1 22 REPE AR AR 3 L) & 7 F 1E
T A AR A

(E SR B T o 19 Ak 22 DR 28 v | 2 e PR 3R A A bl
B R/ IN S /B 2k o kg Y ol K B R BT A
ARl 5 R AL ) AN X T e B R T R BT R R SRR B 2
S, VA Hb TR AR: AR SR b 21, A 1T BE B0 B A i ik
pp= Al SR TR B S A K i A A A S H R D,
B 5(a) Fis, X8 o 5E R 26 7= A4 A0 15 SEARAE,
RN TEERNLS , XT CNN BRI , AR
SCRRAEAE U0 2 A P ) E R L S T R BB A

PEAh, 5 e s b R A T R L R
IR A S N R E X O W N 7 7
CWRU #idh £ Hh 11 J il R 07 HL AL A AR 4903 3 7 A= 1)
T M2 2 e B s R M, 3 2 ) AT R Bt
LT RRAE PRI ) B B A B | AR I A8 5 B S0 1 PR R
T, B A TR M LA IR 8 A I A B R 1T e A5 7R e
PL2F 3T B 1E 6 A SRR, T3 N T B4R 24 T bL 2

TREE 2 2] B RCIAEAR AR AR T R 2 T A b
TCHE . SR, 5 EMGOR [ SRIE S ST EL , BILMR L
WS AR T B AR A PR R AT, R I2 B
BT KA R RS/ X A TR B 25 ) = o) 1) jl i
PR BEARAE | HE — 2 3 0 T HEAR 2% S T gk, RO AE
T A« KBAE 32 R PR R R i 7 A Y 2R G0 D
ZEMIRAFAE , P BOR BB 4R th W n] e AL 5 17 Z R AR AL
2o BBCTT L, B A B A A DGR AL = AR IR S 1Y
A,

2) PLSRHL Y HEAR

CNN A5 FF AN 3L fige 20 S vl %) g B dan o o S, A B
TR FRAE ] 5 AR LS A, TS A2 S
FRIE AR (1% 50 18 T LA S B AT A 2 DA 25 o2 B i 46 0t
PRV AR, AR 4 BifoR . REERE R 7R I ot 7
HHR B4 G RIS B 2K, B 2R B o, D) 3 3k S
TR A TERIER

TR (1) i 80 sty 4 1) 2 2] v SRR RRAE L A 9 A
JE 2 5 SO AU ) Tk BEIR L AR A PO 8 B YI 25 B bR i



8 1

KT A BRI | A R 2 100 2 R W N 12k 25

RPAIE T A I 5 A O R AR, 3 o ) i A BE AR
7> A RITRE , PR Yl e 22 MR P 9 SE AR AR
TR ST S R T AN S R A B e 4 P BEA 5T

25 B RTIR SEAR A 2T B B BN R A AL R P 5
AL R RS 2R . Sl iR AL 2 o B BRI T
2 AR SRR B AT BB TR AL £ A A TR SRR U I Y
RGTEMGE— R 17X — A, T HER = 2T
Kt e B R R AR R B AT T AT i PR
RUREMS 7 ~) B FLIE 55 SRR ¢ B AR AE , DA T B o FLAE 52
P 2T H ) AT S P A 5 R

2 BRI SHERME M ERE

2.1 SINEFEHHEMERY IR

TR JEE o 22 10 245 1) R 5 22 A 58 e MOUUIT 24 00 f9 42
THor A, AR LS 5L A0 9 B, 7 B e T HE 2
T, SR B Bl B 2 2T AR U B A R AR G B
B, RIS A 38 3o A S Rt v 7 e T BEAR S B R A
JEO32E, BT YR 3K R A ) A S BB R Ay i
Py BRALBE Y — vk i 2k i 29 3 AR Tk 37 5% b i
IS

W2z 2T 5] A S5 MR TT L) I 2 52 TS A iy AT
PN AT A R [R] I AT 50k S FE AR 2 A G, XA
5 AZEBIINHBE S A 3245, 3 BEFT L 2 > AU (1Y
“RRG R M, M SR AR SC B W HR Y AT A R A A T
FHPE,

TR AR AR B Bt 1A P A R AR
AT BB AR 2 o B X S 50 B A A A Bl | ik
(R VR s PR

Lf-02w, f+ Q2w],[2f, -0 2w, 2f, + (2w ],
Ufurro =227, foprot 7211, [ 2 poro =227, 2fypro + &/
251 [ oo =2/27, Yoot 2], fom~22T, fom+
Q27 [ 2oy =21, 2oy + 21 ], [ Bfppy — /2,
3ot 27 ], =27, [+ 21] , [ 2f e =27,
2Upr+ 211 [ Bfpr =2, 3f it 2/27]

Forb /2 2 AR B R AR A S50, T 4 o
R SEIE . PRBIECHE 220 27 e DR e # DB e, 15 B 5 Ak
BRERFE AR SRR . CWRU B8 45 rh—A> S Bl i e
Hn et bk wah PR B9 RRIE S S EUE an s 7 B
7 R TSR I IRIE L2 (R AF ) FS AP
PUE AR (R OAES) | BTN 11 MU
BBER oA, AL B RO RS R T AR B
WORETE K

Ko LAY B AR A0 B fag A BB eh i) LU
R/ VL E BRI AR B AR R S HOE I, 32 i 18 Rk
AR RIS T4 e A Rl A FER AL e Y 2 > i R

3 34 (6]

\.
E3
<]
s

0.35
0.30
025+
4 0.20
0.15
0.10+
0.05
okl- L LP‘AAL UL} el

0 100 200 300 400 500
Fi#E Mz

K7 CWRU il 4 AE AT
Fig. 7 Characteristic frequency bands of CWRU dataset

S5 NZENMBE IR E  R-TE T IR E 2 2 fE B 2 Wi
= NIRRT
2.2 SIANIBANRA SRR EEE

PPN IR G| 5 5 BB K R 2 Wi B D CFG-1D-CNN,
S R R B AR € TS NN € (PSP G B
gy NPT Fp AT 2] BRI R A 8 BT,

€8 WyRRIIG | T AR R AR A
Fig. 8 Physical knowledge guided model architecture

1) P35 B 5 8

PIFLME B 5] S 0 NG 8 A BT A3 B 4,
551 ER RS T, 6 R LR AR o (5 S T A AR
o R B e RE B, 5 2 SR R B S| Sl i, i i
PRI PRI 11 N RRAE BB BE . R L 38 1% TR
PRE T IR EE 1) 3 A5 B, S Y 2 R A T B
WAYRFIELR R, AR 22 S IR AL T 24 B (i AR

2) AL PSR I 24 3

TE N AR SR TR FE 2% 2] rh 45 B 52 2 B () L 7
2,0 A RS ] AR TR RN AL AR 71 5 3 3 L
G Z S B A, 7E 1D-CNN B g A L1
L2 IENEE A DRI R RE

(1)L1 1ENE

L1 1E A 3 o A 50 175 3 ML o A A A R, B



26 % & L F ¥

a6t

V2 EE S04 R 0, CFG-1D-CNN BRI 7 43 25 4%
F A2 L1 1E A S BURRAE S 4 . 38 (SR R
EXF R ) 45 B A R4 T 0, PR B3 5 i e RRAE A% A
KN RS, Y AR B AR e W A

(2)1.2 1ENfL

L2 15 DU 388 e A s il ST SN 7 0 o o7 L AR 7R 5
BERLA M SR04 . CFG-1D-CNN 55 ([l 9 FiR ) 164
TEFEECR SRR M L2 15 Ak 52 30 e 40 HE SC B R IR 1Y
AEE M (L, SRR 1 17 114) B 250 L, T - 1 14 A 3%
AR,

EHERE BEE MR BEE2 LR BYE SRR il
L2IERI 4k L2IERI4E L1IERL

BN BHSWE
A R

9 CFG-1D-CNN HiRIZE
Fig.9 CFG-1D-CNN model

3 KBEHHTSRIE

I IR H 5 LA BN R ) T R AR R A A 5K
PEFNGE M A 3.1 W SEEe ey PU S 4E Al CWRU
B XS RIIEA T IO UE , X E, [RIRS i FH S0 56 2= 4%
B RGO IAE A RN A A EHRES — L UE, L
T 2. 1 T A R B o) i A B 2R A 0 ok Ak B
PSRN EE Ty R0 - A i Bdls , i A CFG-1D-CNN - A] fif
FEPEARAL,

3.1 PUHEESIKER

CFG-1D-CNN #& A 7E PU BdE4E b RS B 4 10
B, YY1 2558 vk M o 80 # IF, AR RN 43 2Kk B 4 i
97. 85% , HAT RAFMI IR

1.0f

091 gyyrse
08

% 07
2 06
&5
04
03
02L . ‘ . ‘ .
0 20 40 60 8 100
V32274

K110  CFG-1D-CNN #E5 PU Hfin 5 roAs 2
Fig. 10 Accuracy of CFG-1D-CNN model on PU dataset

IIE:% S

1) Grad-CAM #J7 EIAAREAR 43 Mt

X CFG-1D-CNN AR b () 45 B2 2 1647 ml WAk ik
HAFE]S ORI HE WE 11 R, I R A
TN 11 (a) Fros SR OCH 00 1 — Ui I 2f,, B
PR RE A TR IE F RS T 1 SC B R AR AE . Il — 4
Al B A A 11(b) L (c) Fran , BB G TE Y
FRIEHEA — 2, ERAREHI £ S HOB I, DL R Y P i
BRI £y o PN PBIRR AIE A0 23R 1) 850305 50 JBE o i o 2
JEE BT G AR T, B0 R T AR AR X e R B B 1 e
R, AN —ZOR BRI N 11(d) | (e)
FT 570 5 A A BB 11 0 B R O A0 3R, B LTS D
(2fpr0 3 spr0) o

50.94 Hz 1.0
149.3 Hz
0.03 0.8
0.6
g 00
0.4
0.01 02
0
0 100 200 300 400
B#E/Hz
(a) IEH B ST
(a) Normal bearing heatmap
0.03 25.00 Hz 1.0
50.00 Hz 0.8
00 125.0 Hz '
y 0.6
4o
= 0.4
0.01
0.2
- . - 0
0 100 200 300 400
B#E/Hz
(b) P4 B8 —Zts Rt I
(b) Inner fault level 1 heatmap
1.0
020} 25.00 Hz
0.8
0.15¢
123.5Hz
191;1 0.6
E 010 04
0.051 0.2
L N 't 0
0 100 200 300 400
B#E/Hz
(c) B — s Iy
(c) Inner fault level 2 heatmap
1.0
020 76.00 Hz 08
152.0 Hz 0.6
0.4
0.2
0
0 100 200 300 400
BiF/Hz

(d) S — g T B
(d) Outer fault level 1 heatmap



%5 81 Ko S ARG | S A R 28 ) 4 RS W TR 1k 27
m 1.0 [
025 ™ 76.00 Hz 05 zz — """"'__:'
0.20 N 25 Woren oo e
&5 06 T 123 ¢ —— %
= 04 M 228 e el D
0.10 ' g 50  — g
0.05 0.2 4 I;g '"":’___ £
0 305 —
0 100 200 300 400 124 —
BiF/Hz 1%
(e) SME — gk 1 B A5 -0 500 510
(e) Outer fault level 2 heatmap - iﬁz:?éjé‘ﬂﬁﬁg E
(c) M B — 2Rk SHAP
[75] 11 CFG-1D-CNN *ﬁjﬂﬂg PU ﬁﬁ%?j@ﬁ & (c) Inner fault level 2 SHAP summary plot
Fig. 11 CFG-1D-CNN model’s heatmap on PU dataset 25 -ren-raminss - i
153 Apeies—omtumenn oo
o 76 e
ZE b, 5 AW AY CFG-1D-CNN BB R % 5 7 =T {:— b
> Vi % N SZ D 50 -
55y SHRITEOR I P 8 A 1 A0 23 A 0l e R AR A ) & 123 -— ¢ E
BRG] — 2 T B S T B L R £ 132 — #
AR RRFE SR A IR AE AR A 58 LA 28 A S BB fﬁ “j_
2) SHAP 4% PO RCH 2 T 47 e |
CFG-1D-CNN FBI7E PU itk 442801 SHAP 1% R U

BRI 12 IR, 1EH Rl SHAP Fi 22 EINE 12(a)
FIEoR AR E TR0 £ AN 3f, S e b X, R E
BARHAFAR, 5 EH Bl IR sl g & 4 h TR i i)
FEAL AR AT, P9 R — R gk SHAP fif 22 &
E12(b) (c) Fias AR 35 BT 5600 F, LA K P Bl e e
FROESIR £ o AR 25 3] BT A [R) L IE 86 0 S B R AE
Wit 25 A 7 R BN, T f ey PO XS TR 2 £
RO R K A — GO g SHAP fiE 2 1A

E
TT v v e omm—— e satamtrne *
25 v camnsmes o ametebsoffiif
76 s e = g
= 230 r— %
229 - K
R 153 — o
£ 75 —a} g
98 f—
23 -4
78 . -
1%
25 20 -15 -10 -5 O 5
v FE
(a) IEH B SHAP HZE
(a) Normal bearing SHAP summary plot
[
TT o e mm—- RRRIE
76 e
. 123 e
50 *
ﬁ 124 ——r g
#£ 98 —— &
148 —
75 )
e . t . 1%
-15 -5 0 5

-10
PRIV E R E

(b) P4 B — K% SHAP # 2 &
(b) Inner fault level 1 SHAP summary plot

(d) &MPE — il SHAP #4 2
(d) Outer fault level 1 SHAP summary plot

[
77 ‘ apo e cnmstumnee oo
76 .‘_—.——_
13 wewee comsomeane .....
::N 228 - e—— <
% 25 o K
B 152 S o
& 383 e §
£ 143 .
458
123 -
. : . &
-10 0 10 20
HRIE YD FE

(e) 51 — ¥ SHAP 52 &
(e) Outer fault level 2 SHAP summary plot

Kl 12 CFG-1D-CNN #&#1) PU 3454 SHAP &
Fig. 12 CFG-1D-CNN model’s SHAP summary plot
on PU dataset

FE12(d) | (e) ias , A7 56 T8 A1 B BB REAE AT £,
2 oo TN 3y AT [ 22 2] B AH ) HIE A A R B4R

1E PU $0 864 L se g 45 - 2 W, CFG-1D-CNN fE
) B HAT Yy B SR REREAE XA ) M R 1Y [
— AR A BB A% 3 o A [ AR I AT 1 I 58 AR
X P AL,

(EAFETERI I fupre F 3f 0, FE IE R ZSF0 P P K
B2 2 SHAP Hf 22 ] v 5 2] £ 1) DUk, 243X
AP T 3R P R {38 A AR 25 705 8 TE IR A | D BB etk
A, TR 2N AL ERIRAS . [RIARE X P P e o
TEAT £y MR AR XU B AW
FRAT Y T i B PR AL~ RR A% ~J 31 5 9 BTG B B il
WL RRE T RE NS R BRI B4



(b) Outer fault SHAP summary plot

Kl 14 CFG-1D-CNN &I CWRU £ 4 SHAP &

28 (O I O Hid46
3.2 CWRU $iBEXh %R N S A
CFG-1D-CNN 4 %1 51 b CWRU 348 4 B9 43 2 46 - 3
FEHET 100% , JER 1808 RAF B9 IO . CWRU % S 5
HEAE 1 A A R Y Grad-CAM 444 g 61 1 PRl 13 5}22 R S s
- 29 — #
R, ® 158 S T ——
o 144 j;:-'-
08 m 88 — —
T 64w fie
06 08 04 02 0 02 04 06
: W v FUAEL
g 04 3215 Hz 06 (a) P4 PR SHAP $%E 8
: 04 (a) Inner fault SHAP summary plot
’ [
02 02 88 .._*F_--
92 ———pom
0 108 - w—fpmem
0 200 400 600 800 N 4 -+ %
SR B 106 -t ot
(a) Py PR RS J 90  A4— e
(a) Inner fault heatmap g 210 s il
[ 1083 Hz 1 o __t
15 0.8 160 -.+~ 1
” 210.5 Hz 0.6 0 050 100 150
= 1.0 e v L F
04 (b) 41 e SHAP #5 2 &
03 02
200 400 800 0

0 600
PFR/Hz

(b) &P e e /7 I
(b) Outer fault heatmap

13 CFG-1D-CNN #2Alf) CWRU Hidls iy /4
Fig. 13 CFG-1D-CNN model’s heatmap on CWRU dataset

PP B AR T B A 1] 13 () T, AR SR 41 1 P
TBERE AR A 2R £, BT 2 A5 000, A1 B s B4 g 141 A
F 13 (b) iR A5 2 ) B S B B R AE AR £, B
2RI, XTI B AR R I IR A Al AR A 3 i A
> S IE AR B BRRRRAE AT Bl AR 7 45 R B 2 S 1
TIE SR A IX 4ok 5 L WY 52 W) A, [l Bkt s il 1 0%
TETEAS R4 S ]

MCHRIAIFE CWRU #0408 48 | 452500 1Y SHAP i 22
EInE 14 fros, o4 PR R Y SHAP $i 22 K1 4N 151 14 (a)
FTR B2 3T F) gl AR P P SRR A AR £ o DRTERY
WA ALHE 162 160,156 1 158 Hyz, X HE4 4 (1) 35 3 n] fig
50K B R R S e Bl s R B 5, 30 5 60 He
BRI AT 3 (R IL f, R 21, ) I 1 ¢ v B XoF P i s 2 R 1
] STk, (FAR IR A ARET SR Sh iR e i AR e G &, mT g
AR R S S AR A AR, AN
SHAP FHELEIANE 14(b) Fis SR 27 3] Sl o1 Rl
FEAEIUR [ , FETE 106 #1108 Hz, 88/92 Hz( XL 3f.)
5 BB Y 30760 Haz Wi i 5520, X TR sh kil
B 0 I DR 785 il i, A R Al 2% ) B T I A I I AR A

Fig. 14 CFG-1D-CNN model’s SHAP summary plot
on CWRU dataset

3.3 EHRFHEHIEE

BN R B RS SE (transmission system fault dataset
TSFD) R4 A anl&l 15 iR s R & | %10
ERIIE S St A TR A S R R ]
AR . SCE IR TSFD b SR T IE il
TR R A RIS AR AR | A R VR Sl A s e B . K
PR I L) SRR DGR AN 2 R

15 fRE RGP &

Fig. 15 Transmission system fault test rig

§i ] 1D-CNN BB F1 CFG-1D-CNN %% TSFD %
PR IEA T4y SERAIE , WG (14 43 JERE B2 43 31 99. 34%
F199. 62% , FEPI LY 43 2K B2 H4 425 100% 19 1% 1
T BRSO A R PR R IR EE BRI B E N E R,
T2, USSR o L B 8 A AR REAS T 16 TR, 1D-
CNN FE AL iy N Bl — D FE A i A T I 16 (a)



8 1 ES

IS RS 5 (045 R 22 I 245 3R W T 12 29

R2 ZTREHIREEMRHRFERE

Table 2 Laboratory dataset rotational frequency and

bearing characteristic frequency (Hz)
FHIESHL B VS 6T
L 20
PN PBIRSAE 431 2R Soprr 108
HMNEEEIES R fypro 72
TRENRFFIESR fogp 48
PRIFARFEST R [y 8
004 30Hz m'o
I3 o _—~107 Hz 08
0.03
o 0.6
2 0.02
0.4
0.01 “ ‘ ‘ 0.2
| l ll al lnlll llll el b b 0
0 100 200 300 400 500
Bi#/Hz
(a) 1D-CNN 7 py Bl e s 34 7 &
(a) Inner fault heatmap of 1D-CNN model
0.04K40Hz 107 Hz o
0.8
0.03
o 0.6
= 0.02
0.4
0.01 l l 0.2
J ” aal ll“l llll [N l I\ ll L ln 0
0 100 200 300 400 500

PZ/Hz
(b) CFG-1D-CNN #2 py F dfe  hs J F
(b) Inner fault heatmap of CFG-1D-CNN model

16 1D-CNN FI CFG-1D-CNN %7k 4 Pl fi s 3 g [ %) L

Fig. 16  Comparison of bearing inner ring fault heatmaps

between 1D-CNN and CFG-1D-CNN models

FER 0] LA SRR Bk T 7 P B K B R A A0 R £, DA
FHERT £ TN AES 2f, A, IR ST 30 Hz A5R 1140
SRANTE R R 1) 7 AE D5 56 S AH L () A5 45 B . CFG-1D-CNN
R fiy PR B e o 4 6 7 BN 8] 16 (b)) s, #5280 S T Y
TN PE BRI, LA AR 2f, THBR T 1D-
CNN A AR AR 22 2T B

1D-CNN #5514 7 P Bl A o1 P s 11 SHAP 4 22 &
mE 17 Fros, MECHE 5 2 1 &, X F B, a0
& 17 (a) Fi7n, ID-CNN AR T 75l K P B RRAE A5 %
Soper FNZABFG B 2f A0, B R 0 O 1 T 41 B RR AR 33 %
Foproo X THMEIECEE 415 17 (b) FrzR, 1D-CNN 5 80 Bx
T RIEANE BRI R £, P AEFEN 2f A1, B HE TR
KT NP BRAFAE ST £, 0 T 1D-CNN A Y X 73N
el 55 s 15 471 R A I 1 — A R 141 Hz FRAEAR R AP

2 yproo HILATIL, 1D-CNN BERUAEAE A $EAR 7 ), B2 )
BRI FRAE 53 KA

39 P [T - '”_"
70 & s
40 .. P PR
Z 107 & - — <
¥ 71 s 2 — X
& 108 ¢ — g
g 141 — re >
109 ¥ e -
28 ¢ e~
29 —
4 1%
20 0 20 40 60
R MU R E
(a) U BB SHAP i EE
(a) Inner fault SHAP summary plot
390 <o e
70 4 —_—
o 40 62 -
L 107 - %
ﬁi‘ 71 (tome K
%108 ¢ - g
£ 141 = &
109 =
28 -
» i
0 50 100 150
W v R B
(b) 5Bl R% SHAP #EE
(b) Outer fault SHAP summary plot
[ 17 1D-CNN ##f) TSFD $4#E4E SHAP [

Fig. 17 1D-CNN model’s SHAP summary plot on TSFD dataset

CFG-1D-CNN #5275 %y 7 PN Bl Fi A1 P i) SHAP 4% 22
FEInE 18 Frs, S 82 A, XF T o Bl ke, an
[l 18 (a) 7R, CFG-1D-CNN A5 T 5 1 P P i s A il 5
R foper TN ARHEIT 2 T A/ R I i 445 AF 471 % 6 3] 472 1)
fER ., X F AR, @&l 18 (b) i 78 CFG-1D-CNN
PR G 3 A VB 50 I R 0 00 238 0, , T PRY D S 5 2R A
B oo T BN AE 25 G 0 BB SRR R A P R
SHAP $it 2 &1 0] DLW EE B, fopry 5 fopro 72 TR, 2
Froprr B9 SHAP AE K, fyr0 [ SHAP B /N, CFG-1D-CNN
P W B R [ 2 e 2o AR R, X S
S BEAIL R AR — 3K

107 < —— #
39 P | et
108 ’ ctpaame =
=40 *t— - <
H 0 - - g
B 71— h 2 &
§ 109 4 ——— #
211 - ¢
422 - ¢
281 ' ©
2100 10 20 30
PRI > FE
(a) W B # SHAP 5 2 &

(a) Inner fault SHAP summary plot



#H Faetk

30 8 L F£ %
70 A o i
71 & ———
o 107 = +
T 68 ‘. - %
B o108 —ef ot
g 69 — g
# 109  -— § &
141 -}
211 {-
67 ." I3
20 0 20 40 60 80
PR R
(b) &Ml SHAP 2 E

(b) Outer fault SHAP summary plot

[%1 18 CFG-1D-CNN #E#I ) TSFD #4i 4 SHAP [5]
Fig. 18 CFG-1D-CNN model’s SHAP summary plot
on TSFD dataset

H 4R 1D-CNN F1 CFG-1D-CNN # 8 7E TSFD %48 4 1Y
Ay HEEEAAIE] {2 CFG-1D-CNN 843 28t 55 2 <7 76 1IE #f
SRR IR A b ELAT SR T {5 B, DA T FH A
HriE.

ZrAy L 3 A%k 4L ) BRI i i # ) Bl 5 SHAP
AR LA B, CFG-1D-CNN A5 R 1 oy 27 2] 3] H A7 4 #
SOCHERIE A BRI S X AL T HE
ST AT i RS RSB o5 T i a2 T A T A M iR
B TR ) R SE R R T R

4 # i

Bl R S A 2R T o 28 I 45 A B2 W P B 2 2 i
AR T AT IR | SRR A M R
FIH CWRU il PU P B I 4R JETTRIT 7S, 70 # T A& 58—
e PN 22 I ERAE B2 W AT 55 TP A AR I 56 T R AR AE
AEAEYPRRRAE AT 70 2 A ML B AR 27 o [A) L 7R 1 3%
P2 MR FEAR 27 >) 3 BT AR AU A 1w~ ~J ] B IE 4
G UM RGN RSB BIRE S TR 25, 763
filt b, B BH T BEAR A 2] 7 AR AL AT R SRR, 36 E T
S T AL T W BRI S | 0 A U 2 o 4 A 4 B A% 3 B
SEAR S (AL R OIS R, 5T A D 8 i IR
JEE A 22 [ 248 R 12 W VIS B 4 08 TR O vk AR A S AR
TR A5 AU e S e A B2 IR R B A
B3 3k
(1] XA, #EH, BB SRS T 3T ACYCBD-MTF-

MobileViT {4l 7K i Rt 12 Wi 0F 5¢ [ 1], 4R 3l 5w i
2024, 43(24) . 34-47.

LIUJ, TAN Y T, YANG N. A study on bearing fault
diagnosis based on ACYCBD-MTF-MobileViT under
strong noise[ J ]. Journal of Vibration and Shock, 2024,

(2]

(3]

[4]

[5]

(6]

(7]

[8]

(9]

[10]

43(24) . 34-47.
CHEN G, YUAN J L, ZHANG Y Y, et al. Enhancing
through comprehensive

reliability interpretability: A

survey of interpretable intelligent fault diagnosis in
rotating machinery [ J]. IEEE Access, 2024 ( 12):
103348-103379.

HOANG D T, KANG H J. A survey on deep learning
based bearing fault diagnosis [ J ]. Neurocomputing,
2019, 335. 327-335.

FENG Y, ZHENG CH Y, CHEN J L, et al. Beyond
deep features: Fast random wavelet kernel convolution for
weak-fault feature extraction of rotating machinery [ J ].
Mechanical Systems and Signal Processing, 2025, 224
112057.

RS, BRSEA RIE, . THURAEATT /N AR
RSN Tl HLE8 NSRRI [T ], AN R W,
2024, 45(9) : 166-176.

LI GQ, WEIMR, WUD F, et al. Wavelet knowledge-
driven mechanical equipment fault detection with zero-
fault samples[J]. Chinese Journal of Scientific Instru-
ment, 2024, 45(9) : 166-176.

TONG J Y, LIU C, ZHENG J D, et al. Multi-sensor
information fusion and coordinate attention-based fault
diagnosis method and its interpretability research [ J].
Engineering Applications of Artificial Intelligence, 2023,
124. 106614.

GUO L, GU X, YU Y X, et al. An analysis method for
interpretability of convolutional neural network in bearing
fault diagnosis[ J]. IEEE Transactions on Instrumentation
and Measurement, 2024, 73, 1-12.
BRTE AR IR, G — ] g R s A A
R L ALURR S REIZ OB HE SR [ 1], IR
7, 2025, 46(2) ; 51-69.

LI X J, LIU ZH X, YANG T G, et al. A new intelligent
diagnosis framework for wind power insulated bearings
based on spatio-temporal models of interpretable
lightweight[ J 1.
2025, 46(2) : 51-69.

ZHANG SH, ZHANG SH B, WANG B N, et al. Deep

Chinese Journal of Scientific Instrument,

learning  algorithms for bearing fault diagnostics-a

comprehensive review [ J]. IEEE Access, 2020, 8.

29857-29881.
GRAE SRl BEPCO, 25 LT CNN-GraphSAGE 43



8 1 *

IS RS 5 (045 R 22 I 245 3R W T 12 31

(11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

SRFERLG SRR RIS W ()], I
1024, 2025, 39(3) : 115-124.

HAN Y, WU D, HUANG Q Q, et al. Gearbox fault
diagnosis method based on CNN-GraphSAGE dual-branch
feature fusion[ J]. Journal of Electronic Measurement and
Instrumentation, 2025, 39(3) ; 115-124.
TRB, XE s, FHE, 5. FT FBSE-ESEWT (115 481
Bei2 Wi vk (1], W70 5 R 2 4, 2025,
39(4) ; 234-246.

ZHANG R, LIU T T, WANG Y, et al.
diagnosis method based on FBSE-ESEWT[J]. Journal of
2025,

Gear fault

Electronic Measurement and Instrumentation,

39(4) . 234-246.

RUDIN C. Stop explaining black box machine learning
models for high stakes decisions and use interpretable
models instead[ J].
1(5) ; 206-215.
LAPUSCHKIN S, WALDCHEN S, BINDER A, et al.

Nature Machine Intelligence, 2019,

Unmasking Clever Hans predictors and assessing what

machines really learn[J]. Nature Communications,
2019, 10; 1096.

SONG R, LI'Y J, SHI L D, et al. Shortcut learning in
in-context learning: A survey[ J]. ArXiv preprint arXiv:
2411. 02018, 2024.

GEIRHOS R, JACOBSEN J H, MICHAELIS C, et al.
Shortcut learning in deep neural networks [ J]. Nature
Machine Intelligence, 2020, 2. 665-673.
SARANRITTICHAI P, MUMMADI C K, BLAIOTTA C,
et al. Overcoming shortcut learning in a target domain by
generalizing basic  visual factors from a source
domain[ C]. Computer Vision-ECCV, 2022, 294-309.
KIM B, KIM H, KIM K, et al. Learning not to learn:
Training deep neural networks with biased data [ C ].
2019 IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2019 9004-9012.

SELVARAJU R R, COGSWELL M, DAS A, et al
Grad-CAM: Visual explanations from deep networks via
gradient-based IEEE
Conference on Computer Vision, 2017 618-626.

LUNDBERG S M, LEE S I. A unified approach to

localization[ C]. International

interpreting  model  predictions[ C].  International

Conference on Neural Information Processing Systems,

2017 4768-47717.

[20] LESSMEIER C, ENGE-ROSENBLATT O, BAYER C,
et al. Data acquisition and signal analysis from measured
motor currents for defect detection in electromechanical
drive systems[ C]. PHM Society European Conference,
2014, 768-771.

[21] SMITH W A, RANDALL R B. Rolling element bearing
diagnostics using the Case Western Reserve University
data; A benchmark study[]J].
Signal Processing, 2015, 64-65. 100-131.
FEFSTN, T, P BH, 45, SEF 4R 20 i 1 AL A R
R E RS W R A (1] JE ATl AR R,
2015, 41(11) .1681-1687.

CUI L L, ZHANG Y, GONG X Y, et al.

Mechanical Systems and

[22]

Vibration

mechanism based quantitative diagnosis and quantization

analysis of rolling bearing fault [ J]. Journal of Beijing
University of Technology, 2015, 41(11) . 1681-1687.

EEE N

K GEFEIEHR ), 1993 4TI B T
REFRAGF A, 1996 AR Foh E B LKA
(Ab3%) FRAF A A2 407, 2009 4F F b 5t i 4
MR K FIRAG 2507, A AL B R
KRR, FEDTI 7 10 0 B F A5 ik
TH DL AT S TR
E-mail : mijie@ bistu. edu. cn

Mi Jie( Corresponding author) received her B. Sc. degree from
North China University of Science and Technology in 1993,
received her M. Sc. degree from China University of Mining &
Technology , Beijing in 1996, received her Ph.D. degree from
Beihang University in 2009. Now she is a professor at Beijing
Information Science and Technology University. Her main
research interests include digital integrated design and mechanical
reliability engineering.

08,2003 4 T AT Lol EBe ks
27,2009 ARJEHTHE TR SR 2 A
WAL G BRHE R AF B E 01 IR
75 1) A ¥ B 35 PRS0 5 N G2 3 3
J1% iz S
E-mail ; chaoma@ bistu. edu. c¢n

Ma Chao received his B. Sc. degree from Shenyang Aerospace
University in 2003, his Ph. D. degree from Beijing Institute of
Technology in 2009. Now he is an associate researcher at Beijing
Information Science and Technology University. His main

research interests include rotor dynamics and signal detection.



32 % & L F ¥

a6t

Big# 2021 4F THEERFEFIGH 1%
fiL,2025 4FE T AR F BRHE R 2= AT 122
AL, BN AR B3R w) TR, £
LRy A Ot 3ot (A e a
E-mail :2319736435@ qq. com

—

Zhou Hailong received his B.Sc. degree from Jimei
University in 2021, his M. Sc. degree from Beijing Information
Science and Technology University in 2025. Now he is an
engineer at Xiaomi Corporation. His main research interest is
three-dimension structure design.

BE, 2013 4F ALt 5 BRMH R 3k
g2, 2016 4F T L mUfF B R R
SEARA A, B A B RO
BB A5 B3, 2 BRSO 1) S AL AT 4
TR
E-mail ; 15810912087@ 163. com

Zhen Zhen received her B.Sc. degree from Beijing Information

Science and Technology University in 2013, her M. Sc. degree
from Beijing Information Science and Technology University in
2016. Now she is an assistant researcher at Beijing Information
Science and Technology University. Her main research interest is
mechanical reliability engineering.

SfE, 1993 4F T AL TR g2k
A, 2000 AR TR Al RS I ST A B
A AL, A AL s e FHECE BHE AT R
DRI, ST T 1) Ay e e P -5 it B
S
E-mail ; jacob71_zhang@ 163. com

Zhang Jian received his B.Sc. degree from North China
University of Science and Technology in 1993, his M. Sc. degree
from China University of Mining & Technology in 2000, Beijing.
Now he is a consultant in Beijing Longke Digital Intelligence
Technology Co., Lid. His main research interests include

prognostics and health management.



