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Application of Interpretable Convolutional Neural Network Enabled
by Bi-Damped Wavelets in Bearing Fault Diagnosis
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Abstract: To address the issues of opacity in decision-making mechanisms and classification criteria in
deep learning models, as well as the mismatch between wavelets such as Morlet and Laplace and
the real fault impulse response of bearings, an interpretable convolutional neural network model,
Bdw-ResNet, is proposed. Firstly, a bi-damped wavelet, weighted by sigmoid activation function, is
designed, and a wavelet convolution layer is constructed, incorporating a plug-and-play lightweight local
attention mechanism. Then, by integrating existing residual neural networks, the Bdw-ResNet
model is established, which is both physically interpretable and compatible with neural networks,
along with a comprehensive fault diagnosis process. The model is validated using the Nanchang
Railway Bureau locomotive bearing dataset and the Qingdao Sifang wheelset bearing dataset.
Finally, the mapping relationships of the Bdw-ResNet model and its components are explored,
discussing priori empowerment and attributional explanation, followed by an interpretability analysis.

The results show that the proposed method achieves recognition accuracies of 98. 73% and 99. 46 %
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on the two datasets, respectively, representing a significant performance improvement over the

benchmark model and other combinations. It provides a viable solution for interpretable deep

learning in fault diagnosis.

Keywords: deep learning; bi-damped wavelets; attention mechanisms; fault diagnosis; explainability
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Fig. 1 Time-domain plots of three common wavelets
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Fig. 2 Time-domain waveform of the fault signal

R 4 iy R s oo 0 07 %) R s A B A R /N
e R B B BR ) A SCHE Laplace /)N B9 & filf B 54 fin
—ANBHJE EE B — R X R R R U A AL
BHJE /N . [RIEE, Ry B Lk A0 B R e L (/N B 2
P2 N 28 g B TG A RS PE L SR sigmoid
G SREGHEAT AL, XUBH @ /N i B = ik X R

o(ws&,8s7,1) =

—¢

sigmoid {Ki e (—7,0)exp {w(tr)

zkxb. xjtu. edu. cn

0.15,0.15,0.03) F ¢, (1 000,0. 2,0.5,0.05) X
ZEHUBEJE /NP ] S8

Pa

[

P3

1
1.01

0.8
0.6

gg: 1 -

E 02}
-04}
_06 -
_08 -
-1.0
0

i/ (m * s7)

0.03 004 005 0.06

i) /s

0.I01 0.62
B3 R ZEA T I OBREJE /N i i 380 0% 0%
Fig. 3 Bi-damped wavelets with different parameter

combination

1.2 WREE/MNESBRE

GBRMEMNER S — 2w TR, FEARL
fiﬁﬁ/\a@%éﬁé%&%ﬁ,%ﬂx% 5 AIE B S 2 5 e 4 A A5

o HH L BPRE CNN B 25— 2 S A G 5 M —
éﬂﬁﬁmmﬂtmféﬁﬁzwﬂﬁﬁw,\,15 X Fifr Fifi
LI IR AL 6 U AN RE N — 2 4R sh 5 5 R BUR 5
e I e o A DG 1 il A A DT A A5 3 ) R AT R S
RKET BB,

FERPI N, N E g, (o ) AT LLE 3 R I
REFRTF s, BB ET o KKAH, Rk
mr

G (D “) (6)

1
Lyl
e oG HEAMBERE RN EE KB S
IR R L ) RUBE TR, 2 2 1l /0N i o ) ol 4
w M T EEEGNEEES
7 8 B A B AE 55 /N A8 4 B AR AL 1 3 T L

BELJE /I B /N 2 BRUZ R U — B R
KRGS S —HSBAAR /DT It ER, &




5T A« — Tl UL JE /NI I BE B T A A A AR o 2 X 246 7l R 8 e 32 W o A 1 213

BRI A S G B0CS SR s e HHRH
N2 B EA — JE 0/ B I S, R ad A A ] 4
Iz . WU JE /N BUZ E LR
vy =) *x D)
A x RRBRBH ;2 WRAFS.
A 5 — B
MBI BT BB

XUREJE /N RZ ATE AT AR B I

TN YEnt

AR

P4 BB /N ARUZ Y A 5 AR

Fig. 4 Mapping of Bi-damped wavelet convolutional layer
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Table 3 Sample structure of wheelset bearings
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Fig. 16 Curve of loss function of case 2
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Fig. 20 Process of bi-damped wavelets and signal
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