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Braking Noise Classification Based on
Wavelet Scattering Deep Sequential
Neural Network
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201804, China)

Abstract: A data driven classification method based on
wavelet scattering collaborative deep sequential neural
network is studied to achieve intelligent braking noise
recognition. Wavelet scattering transform is used to
extract the features of caliper vibration signals relating to
braking noise, which form the multidimensional wavelet
scattering feature vectors. These feature vectors are input
respectively to a standard one layer 1D convolutional
neural network (1IDCNN) and a one layer bi-directional
long short-term memory (BiLSTM) network. The testing
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results show that the accuracy for braking noise
classification can be improved significantly by both
networks input with multidimension features from
wavelet scattering transform compared with one-
dimension features from Shot-time Energy and Shot-time
mean zero crossing rate. Modified 4-layer deep 1DCNN
and 3-layer deep BiLSTM network are further proposed to
reduce training underfitting from standard one layer
networks to enhance the capability of feature capture and
further improved the classification accuracy. According to
F, indicator the 4-layer deep 1DCNN shows a better
overall performance than that of 3-layer deep BiLSTM

network, which also has advantages of fewer training

parameters.
Key words: braking noise; wavelet scattering; deep
learning; 1D convolutional neural network; long short-

term memory network
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Fig.1 Microphone and accelerometer arrangement
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Fig.2 Time domain waveform from four types of

brake caliper vibration

2 INERU B R AEFR Y

M 2 0T UE 51 & 6 s R 8k 2 5
SIE TR BRGSO AR e S A R IR
BRREIE I A /N A i &2 = R R fE 5. R
FH /NI TBC5 725 ok £ U 3 e 75 15 55 T A2 4 1 e
i, AR — 5 R 1 S S 4 2k, [ A O P 4%
ARZ[E I AT X o3
2.1 INEBSTHREER

— /IR AR A /N A R U E 2R
fEANh AT 3 20 b B, R R

SA(A) f=| frgalx) [, (0
() /N BRE o () Fem /NI AR 4 )5 1Y)
A L, s RUE BRER

155 2/ NI U AR5 | /N R AE R B0 X 453
JEE i AR, 38 3 g 25 A 7 A T IR D8 R 3
FRHIE R BT . (55 00 2 HU S AT R 3
FoR. T 205 A /N I2E U, £, MRE
TR G B /NI B AR ST R

U_Af:{UAf’ SJ(A)f}:{ |f*</’x(1) |’ ‘f*‘/’A(I) |*¢J} 2

SRR JZ AR, T R — RN B R BRI

[5(0),5(1), -+, S(n)}.

&S — 1 * gl —|If =gl # gl == — | |[1f = al = oal| -+ | —
¢l ¢l ¢l ¢
5(0) s(1) 5(2) S(m)
E3 ESE&NEBGTEEE
Fig.3 Signal propagating through wavelet scattering

layers
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Fig.4 Hierarchical feature extraction framework of

wavelet scattering
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Fig.5 First layer 1D features from wavelet scattering
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Fig.6 Second layer 94-dimension features from
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wavelet scattering
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Fig.7 Third layer 402-dimension features from

wavelet scattering
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