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Fault diagnosis of planetary gearbox based on deep learning
with time-frequency fusion and attention mechanism

Kong Ziqian, Deng Lei, Tang Baoping, Han Yan

(State Key Laboratory of Mechanical Transmission, Chongqing University, Chongqing 400044, China )

Abstract: The vibration signal of planetary gearbox has the complexity of frequency component and time-varying. To solve this problem,
the fault diagnosis method based on deep learning with time-frequency fusion and attention mechanism is proposed. Firstly, the wavelet
packet decomposition is used to transform the original vibration signal into two dimensions of frequency band and time, which are adopted
as input data. Then, the convolutional neural network is applied to fuse the frequency band characteristics of the data. The bidirectional
gated recurrent unit is employed to fuse the timing features. The attention structure is adopted to weight and merge the features of different
time point adaptively and dynamically. Finally, the classifier is used to identify the end-to-end fault diagnosis of the planetary gearbox.
Experimental results show that this method has higher accuracy than the existing deep learning fault diagnosis model. It can accurately
diagnose various health states of planetary gearbox.
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Fig.1 The illustration of wavelet packet transform

CNN J&—Fh EA a5 I8 BE T (0 A 22 1 48 25 44, 38
T JR v R A ) 2 71 A A BRAZOR 13 il i A\ B | 4
SRR B A VSRR, DR EC iR K AR R IR 2% ST e Bz
T EURR S ES . CNN T R ol £m b

v = f( Y kg + b)) (1)
s o RS L2 S ARRER T oA (L= 1) 2
(O 5R i AR IR s ey R 585 i AN ARRAE I 5565 ) AR AE ] %
PR B b N BT+ S BURAE /() BT bR
B, AR 2k 1 8 T (rectified linear unit,
RelU) , HLpRBGRIA AT

f(x) =max{0,x} (2)

ARTSCR ] —4E CNN R 547 B 5 e H Ik sh 5 5/
Wb AR A R AR A B )RR, i R AR BT 2 B d
U2 2oy P R S N I T RS R 1R Y S i
GOHRRIE . R, BERY AT DL 3 N b2 AT B A 4
GiE R EREL MR T E S SO R L ch R S Py =N
HTRRE . T —4e s BUAL 2 U A /NI A R AR 6 I
()%t ) 77 [y HEAT 448, B DA s Hh AR A % T[]
A PERRRAE

2 PURRRIE RS R
Fig.2 The illustration of band feature fusion
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Fig.4 The expansion view of bidirectional GRU layer
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Fig.5 The illustration of attention block
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Fig.6 The framework of deep learning model of time-frequency fusion and attention mechanism
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Table 1 Parameters of the model

W 4% 25 4 ERLAE S - REn
HBRE1
T 5x128 : Rel
B O fle)s fiehn
BRE2
RN 3x128 { : Relu
AR e e
BiGRU I E K128 0, : Hard Sigmoid ¢, : Tanh
R II45H v s % 256
RSk
EreuE: 3= g 512 S(g) : Relu
Dropout E#HFO0.5
EEE Rt ¢ f(g) : Softmax
N
L=- Ztl.logyj (13)

K Vg B B 2 B O B RE AR R sy,
Softmax F) % Ak HE

{iEF RMSprop fEALFEAE ARG s , 72
T AR P o R BRI A X B 2 0, A A Y ) 245 24



5 6 1]

FLFIE A5 BT PR A A RO LR A TR R 2 >0 47 BN R AT e 2 W 7 T 225

FHGE T H S0, RMSprop REAE R S 18] 14 6 1L 12 A
JE TR IR , (15 2% BERE DA EORS B A TH IR 4528

3 ZBRRERSH

3.1 XWigiE

FIH BN 1A% shi G & R SEI0 0 5 R SR AN ) e ik
THL N R R S5 S  iXg S 45 & 7 IR, i
PRAT R F RGO AT I 545 3 REMI L, B e 46 S
BNk 2 R, SEE Bl AT B FEAE 1) O Fh g AR
A PR E A IE H AR 4 Pl 58 SR AT 4 B R R
W3R 3 FroR . Nk AR AR AL B AR5 — G T R IAR Ab,
# 5  PCB352C03, {55 R4 28 N19234 ¢, SRkk
Bk 25 600 Hz, SRARHT B B0 48 s, 8 1 3 45 1
AR AL, rE AL A R AR BRI E 1 200 rpm 3
ST 1900 rpm, A T REAKBEALE K (14 5200, 42
FRARZSHH 8 5 R 4R 4 1K

K7 shhifeshzrails s

Fig.7 Drivetrain dynamics simulator
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Table 2 Parameters of planetary gearbox
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Table 3 Nine kinds of health states of the planetary

gearbox in the experiment
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Fig.8 Testing accuracy of each test under ten validations
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