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Bearing Fault Diagnosis Based on Improved
Stacked Recurrent Neural Network

ZHOU Qicai, SHEN Hehong, ZHAO Jiong, LIU Xingchen
(School of Mechanical Engineering, Tongji University, Shanghai
201804, China)

Abstract: A bearing fault diagnosis model based on improved
stacked recurrent neural network was proposed, which takes
advantage of great nonlinear fitting capability and the
characteristics of propagation though time. Gated recurrent
unit was used to deal with the vanishing gradient problem,
which contributes to classify the bearing health condition. The
data set from Bearing Data Center of Case Western Reserve
University was used to carry out the bearing fault diagnosis
test. Support vector machine, particle swarm optimization-
support vector machine, back-propagation network, AlexNet,
and recurrent neural network were tested as well for
comparison. The results show that the proposed model has

exceptional reliability and generalization.
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Fig.1 Many-to-many structure of RNN model

RUZRAE RS A 4 GE7E A R R a4 2
TG 32815 S8, o 1A 10 B - % B 5 6 77 1 . 70
TAbi 22 D 245 PR I ol Y P R 8 BE T 1, B R T
oAl B AR R BT, I 57 85 BE J7 ) DBl 0N BR ERMEL, LA 3K
B PAk B Y. 3 B H bR eRECH 38 SO B 2% pR A, T
BT IR:

L.(y;50,) =— y.log o,

Ky, Fo, 43500 ¢ 200 B8 K da i E. L o,
R AR R T, ZE B R Bl b R R

aL, _ L, 30, b
W 802 ah".H W

FEED, b =oWh) KRBT h,, 3t H h, =
oWhor TUx D AR T b » W TE S — B 1] 25 B
TE ARG R, TR 516 B i /R 2 S 2 R )
TR 2 ho B %, [FIE, oy 706 B2 S RO 48 X B 2
BRI 1 LA 0 B AL R IR B 6 R, B
T Bl B R 2 TG R T %, TR M i R B T
REBILR , SRR S HOTRR AR SE TR 5 T P
ARV, KA HTICIZ P2 LU R T4 35 B T 45
JTEARAERHR L IEBUR T —E AL
1.2 [1EERET

TG IRERIT B TR P AR B1 40 22 00 45 1) 6
BETH R IR, ‘e AR T 304 22 0 2% (5 O AR HE T
Work. NEESFRITAERNT, — R EHT, —
AREE]. EH R E A AL PR AT ) 2l
B 18] 255 4 2, 1) T A DR A g B ) i A 5
T LA S &, X P T T B R E T HRLE(E R
RABRIBAE N TIEIEER TR B bt D8 2R 22
rp R ROR A OTERA & A R ERT T EE ], A
KA T B 18] S8 AR .

K 2 BN TR IR BT R BAR S5 1. | 2 o,
2, FORER]r, RARE BN b, RGBT,
h, RRLBREEE. b IR BRI TR




1502 B k2% ROH R B2 B

EEVE

z, = oW.x, +Uh, 1)
r, = gD(Wrxz +Uh,)
h, = tanh(Wx, +U(rh, 1))
h, = zh, s+ (1 —z)h,
A ABOE RE W LA T I AR BE. 4
JEHEL o =(0,0,++,0).

hi_

2 [TEEIRATTE

Fig.2 Structure of gated recurrent unit
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Tab.1 Accuracy of bearing fault diagnosis at different

sliding window steps

BHPKESREREZL JIGRERE/ Y WREERE/ X

0.5 99. 4 98.9
0.6 99.5 99.2
0.7 99.6 99.3
0.8 99.6 99.7
0.9 99.5 99. 6
1.0 99.4 99. 4
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Fig.5 Building and training process of ISRNN model
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Fig.6 Time domain waveform at different working states for rolling bearing
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Tab.3 Test results of rolling bearing fault diagnosis based on different algroithms
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Tab.4 Training time of the algorithms
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Fig.7 Training situation of ISRNN and AlexNet
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Fig.8 Fault state misclassification matrix of

rolling bearing
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B, AR A 7 B AERCR S BR AR
T2 3, KRR REA PRI REEA S H 1
7£ 3 LA, AT LA ISRNN ZE7R shih AR s i 12 Wi i 56
HHEUS T A AR R ISR

4 Zhig

(D B TSRS REIR LML, @y
THA RS Wi A ; A -] GRU-RNN 544 SE LR
FEAS R 9 RN S o ) A s G 7 Ao ) 308 T L P o
W BG BHRBUNE B A softmax /M SAR 1T
AR RS B4 IR

(2) &I+ T BB RS R 2 B 56 ok B BT 12
A 3 B ST B el 22 IO 4% AR ) T S A R
JE2] A SVM,PSO-SVM, BP %%, AlexNet Pl K £
32 RNN 1B K% b, B TR SRR NES FIH
LIRS IR AR Y 10 B TARRAS AT 45
R, BARVIGR T A6 5, i it ] w55 F HAb BB, (B
ISRNN A 27 I 2R 4 L i8S BE i 2 7 U A 4R
FIRGEE R G ik R R Y. 5340, Btk B =X
I8 A 22 X 245 A 7 o 2 3 A VR 80P 398 o A 2R B
T AlexNet, 3 i 13 B ot 7 3t 2 =X 06 30 4 ) 4%
BRAE B AR S BRI W 45 B BRI AT 5]
etk

(3) — HLIh7R K R 12 WS 280 %o Bl 7 ) 8 o Wl e
A5 WL Z5 S » BE T A0 [5RS04 P gl 7R
FAIC IR 2 T » 1T G 7 PR A A IR R AN BT )1 5.
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