Journal of Mechanical Strength ﬂb {& ’% g 2024, 46(6):1279-1286

DOI: 10. 16579/j. issn. 1001. 9669. 2024. 06. 002

SRR ERR I AR E 12 B 77 7%
ROLLING BEARING FAULT DIAGNOSIS METHOD BASED ON
CONVOLUTIONAL DEEP FOREST

WoE W BT FRET o8 7
(1 &M FIR AL TSR, H3R 224051)
(2. HIRTFIE AR TASE R, IR 224051)
GU Hui'?  SHAO Xing' WANG CuiXiang' GAO Jun'
(1. School of Information Engineering , Yancheng Institute of Technology , Yancheng 224051, China)
(2. School of Mechanical Engineering , Yancheng Institute of Technology ,Yancheng 224051, China )

WE RIS E AL FEA R D ABGHLRE IZ WL T L R AR A, 2 1 T — R B R
& M (Convolutional Deep Forest, CDF) B2 Wi 777k . 1 et — e 4R 8 {5 5 647 10— fh A (& Fr Ftkh 1, 245 F H
A R 22 I 28 68 10 11 2, S s 380 )RR AIE S 3B, SR (08 FH BB ZR AR R EA T 70 BT 95328, i J TR Bl R Bl 4R 8
UE T CDF BYA 2k . IR 45 SRR W], CDF ST 4 S 67 28T 9 R/ AS s 10 RE I o B R o, 26 T 45 S 56 )y
184 BRI 22 19 26 1 CDF TR A6 1 i3 T4 IR T 7155 6 10 50l oA B A 1 A i

KR WIS RFHK RERNK SRBEME

FES%ES THI33.33 TP212 TH212.3

Abstract Aiming at the vibration signal of rolling bearing with problems of nonlinear, small sample size and traditional
machine learning based diagnosis algorithm required expert experience, a convolutional deep forest (CDF) based rolling bearing
fault diagnosis algorithm was proposed. Firstly, the one-dimensional vibration signal was preprocessed through normalization and
transformation into image. Then the convolution neural network was exploited to train the image to complete the end-to-end
feature extraction, and the cascade forest was used to analyze and classify the features. Finally, the effectiveness of CDF was veri-
fied on the bearing data set. The experimental results show that CDF can achieve high accuracy for small or big sample data
under four loads. In addition, the accuracy of convolution neural network and CDF based on two-dimensional image are higher
than one-dimensional , which proves the effectiveness of data preprocessing operation based on signal to image.
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60 ‘g OR7-00000000000.0000 FEEEN0.0000 00000 0.0000 0.0000 0.0000 0.0000
40 . & IR21-000000.00000.00000.0000 [RCELH0.0000 0.0000 0.0000 0.00000.0000
20 L ] f_g IR 14 -0.0000 0.0000 0.0000 0.0000 0.0000 FEEVIEI0.0000 0.0000 0.0000 0.0000
0 (! Eé TR7 - 00000 00000 00000 00000 00000 0.0000 {RLL0.0000 0.0000 0.0000
0 @ 5 4 BF21 -0,0000 00000 00000 00000 00000 0.0000 0.0000 {RMA0.0000 0.0000
g ¢ BF14-0,0000 0.0000 00000 00000 0.0000 0.0000 0.0000 0.0000 [LLL]0.0000
-40 o BF7-0,0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 JLLLY
—60_100 50 0 s 100 Normal OR21 OR14 OR7 IR21 IR14 IR7 BF21 BF14 BF7
BillFR% Predict label
(2)D,(H1243 hp) 1-SNE (h)D,(514% 3 hp) IREIA I
(g)D,(loading 3 hp) t-SNE (h)D,(loading 3 hp) confusion matrix
P10 (-SNE FNR A HERE
Fig. 10 ¢-SNE and confusion matrix
3.4 IREIRERHEE KA P
Seong = IOIg( P ) (9)

TESEPR I T 00 ALARAE VPRI il & 2%, 15 K
i Tk S AN ISR BN Gnn] DA B A R IS R
5T AR R R R R IS BT AR A A R

ARG 2 0B COF Bk b s f1. B s
X FEAS BSCHE TS IR 7S B SE PR TR S S, AR
YN T N Ay e R A SR £ D B, L B, B,
FB,, B0 1 hp, FEA B2 EH 4 1 200.,3 000.9 000
F115 000, 155 M L (Signal to Noise Ratio, SNR) A {55
Ty s PR (1t i, A dB &, an=X (9) firs , I
B P WS, P, AR R X

Wk SNR 1B M —4~10 dB, {35 Mk Lb o ( fl f% ik
5 ), R T B

noise

W2 PR, B IR RS IE R R, H ARy
) 4E BE ¥ S — 4k, H v S RE 1) 38 L (Support Vector
Machine, SVM ) #5 AU fefi FH A% o) FE A% pREL . Bl & M5 1Y
B, B IE B R AE AR . SNRIESE T -4 dB
I, BIMEREAS 255 KT 15 000, 4 4 1E 5 R 11K
F50%. 4 SNRAE KT 4 dBH}, BT SVM Ak, 454
R IE R Y 80% . BB FEAZ B 78, 44
BRI 4 TE i SIS 7E [T, CDF IE R SR i . B
Mg P AR /DN | 45 AR (1) T B R AR 7E T, 24 SNR A
10 dB B BB RS2 R AN

F2 BETHERE
Tab.2 Performance in noise
A€ S R EHA# Accuracy/%
Data set Model -4dB -2dB 0dB 2 dB 4 dB 6 dB 8 dB 10dB  JCMEFH None
SVM 18.38 29.75 33.45 37.42 45.89 47.86 48.32 50.51 52.14
Wdenn 35.93 55.68 66.54 75.52 78.32 79.65 80.11 81.33 81.45
B, WdennDF 30.69 49.01 68.88 83.42 90.61 93.09 93.84 94.03 94.28
CNN 28.79 41.95 59.18 71.93 76.05 78.11 79.32 79.63 80.07
CDF 4138 59.32 75.84 89.42 95.17 9732 9854 9886 9904
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it
opise fe AR Accuracy/%
Data set Model -4 dB -2dB 0dB 2dB 4dB 6 dB 8 dB 10dB  JElE None
SVM 22.51 32,51 36.22 39.85 43.12 48.32 52.31 54.32 55.21
Wdenn 38.42 58.39 76.29
B, WdennDF 41.39 69.42
CNN 39.78 67.10 82.16
CDF 43.92 73.26
SVM 25.87 36.22 40.49 48.27 53.65 58.63 60.85 61.75 62.17
Wdenn 39.47 65.12
B, WdennDF 40.86 70.62
CNN 36.19 68.07
CDF 44.17 76.54
SVM 31.28 40.57 53.58 62.17 65.87 67.21 69.65 70.65 70.87
Wdenn 42.65 66.12
B, WdennDF 41.23 72.14
CNN 37.18 70.32
CDF 45.24 76.83
4 gﬁiﬁ deep convolutional networks for visual recognition [J]. IEEE

ASCEE XHR S AR IR S (5 5 HAT AR 2 7 TR
2P P e LARAT AN R DA L 2R AL AR 54
SR T — B S PR BRI, (AT T 2 4%t
I, A DU RS

D) IZRERLEE XS 514000 0.1.2.3 hp Y/MEALRE
T A v B TR TE , 0 T TR S50 TR P AR AR B
L EAI

2) B RS T Ak PRI A B 1) 24 A JEE XA IR Y 5
Wi, K 22 S 14 33032 2 A BB 32 W v BV L, 7 A ST
AR RO rh | B TR S 55 e 4 K RE PRI Y 4 ) 2%
BRI IE A R 5 T — e R 257

3)CDF #6584 B AR BEARAT 0 m AU IE B 3¢, (E 2 17
AR I TR AR RS A

4) B A5 5 v S8 Fe 5 R, CDF AR Y o RE BUATH45
UFY IR
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