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Abstract: In traditional fault diagnosis methods combining the convolutional neural network (CNN) and classifier, there
are problems of low-quality features and long-running time when the CNN is used to extract fault features. In this paper,
to solve the above problems, a fault diagnosis model based on an improved single-layer convolutional neural network
and LightGBM is established. By embedding the feature distance function into the loss function of CNN, the model
improves the ability of CNN feature extraction and enhances the connection between CNN and subsequent classifiers,
thereby improving the fault diagnosis ability of the overall model. At the same time, the improved single-layer convolutional
neural network further shortens the running time of the model and improves its diagnostic efficiency of the model. Through
comparative experiments on two different public data sets, the results show that the diagnostic accuracy and efficiency of
the proposed model are significantly higher than that of other diagnostic models for various bearing faults.
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VR IR AE S S B, TR (131K CNN H 3l X
HFIE Y BE /1 5 K 2RI (K-nearest neighbor, KNN){fj
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5 72 WA ) B R PE. TR (151385 % CNN 5
BRI R FH ML (light gradient boosting machine,
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Fig. 1 GAP-CNN model
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Fig. 3 Flowchart of the ISCNN-LightGBM diagnostic model
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Fig. 4 CWRU experimental platform

CWRU K B K AE AN L 2008 B U R A s e
B EAFEECT, #3500 B A
el b . Ak Rl s, A Al B SR AR S A7 A 96 AN TR R i
BERERE.

AW TCE ISR 5 1, B 0948 kHz TREEM
Hidla, 100MRFE A —FEAR. JEHT0% 1A k4
PRI ZRE, 30% K ol i, MR s
FAREMRIPTR.

% 1 CWRU#%hR £
Table I CWRU bearing data

[19]

MRS WEEA/mm  HEEARE R
B 0 2673/1143 0
0.178 2673/1143 1
ENERI R 0.356 2673/1143 2
0.534 2673/1143 3
0.178 2673/1143 4
PR VB ke 0.356 2673/1143 5
0.534 2673/1143 6
0.178 2673/1143 7
YN PB He 0.356 2673/1143 8
0.534 2673/1143 9

4.1.2 FERIKHE

ASCATHR H IISCNN-Light GBMiZ Wit A Al 43 Ay
PN S ISCNNH FAHIEFEL, Light GBMA] T
PR B2 W, FEHISCNINH 22 ] 2 38 73 2 Kt 1
7K, LightGBMEK FHBRAZ S, HARZHtnZR2 .

I X ISCNN-Light GBM#EAT g2+ 1) S 5 ik
B, P 226 HA B o RS BEAT I ZR AN, e 2

2 IEAIR BB E V400K, BT P2 M 25 AU (T 46
(B AEREALE, D9 PRAESE I 25 R I FT SE PR SRR E 1,
FISBEAT T 102KV ZRATI i

k2 BALHK
Table 2 Model parameters

S ZHA
Mini-Batch 30
22 5] (ISCNN) 0.0001
A e Adam

n 0.01
¢ 0.1

A IRTSCNN-LightGBM 2 Wbt A 4 5 P FIURRAE
PEHLRE T AR, F A5 S CNN-Light GBMIZ i 5
R AZB A R AR S CNNSG 1), {EFlatten )2 5 NN —
JEAE R T RE R A, AR 48 S R I 25
2 ¥ 1) SISCNN-Light GBMA AU {35 — 3. £FFhi2
BARLE I 107 IUIER, 23 515 21 10 M2 s Y. 1)
DR 73 5l %o i e s R R AT M, S A A5 28 0 3K
SERTEAMH.

1.05
1.00 B
0.95r B
i
E 0.90+ B
He
0.85r B
0.80F B
0-75 0 1 2 3 4 5 6 7 8 9 Iy
® CNN-LightGBM = ISCNN-LightGBM
e
% 5 CNN-LightGBM5ISCNN-LightGBM (i ki

Z
Fig. 5 Fault diagnosis accuracy of CNN-LightGBM and

ISCNN-LightGBM

P 5 R il N A 2R TR G 2 TR HERE . IR
SEIHN, FEFAECA 1S 7 R Rl A [ e T 2 W,
ISCNN-LightGBM P42 Wik B IA £ 799.13%. H
o RSN O B BEAE AR (12 WS HEFE TE 31 T 100%.
B AR G AR 28 R S TR M B AR 12 W AR a2, ]
WIS HE L5 RIE R T 97.53%. H LAl %1, ISCNN-
LightGBMIZ Wi v DL 1) 58 il 22 Tl il 2 e
W, 86 HEAS A &% B, ISCNN-LightGBM 12 W
R0} 5 b A 55 14012 W R HE FE LT #1814 48 CNN-
LightGBMiIZ Wit Y. %t T-FR25 N3 FIRR 25 N5 ) b
FEA, M T 458 CNN-LightGBMi2 i i % ISCNN-
LightGBM1iZ Wit 24 12 Wik i B2 73 3 &1 1 7.31% A0
12.03%. H1 3 A] %0, ISCNN-LightGBMi2 Wi 7 ()
B2 W1 RE 1R T4 i CNN-Light GBM2 WAk 7Y
H T390 T (12 16, ISCNN-LightGBM 2 K 15
B BEMR .



758 oA R 5 N A

40 3

NG IFISCNN-LightGBM 2 K 455 7 (1 3@ Pk, A
IR e T N2 5 N3 i AR R AR AT
T REENAR. I HoN T U B LightGBM 43 2K 28 A &
PE, ARSCd$E 7 FoAl ) LR S e 73 SR BAE Jyxd B
X B8 ) R FESVM, KNNAIBE ML £k A (random
forest, RF), HS5 308 FHERIASEL. [RIFEXS St
AT 10N ZR SR, B 2845 TN 10U MR HA1H.
3N IR RILEA [F) A T 0 W 12 W kS o
M, FANMN A5 12 Wk 1 b 22,

HI 23 7] A1, TR E AT FR 74, ISCNN-LightGB-
M2 W A58 20 0 A5 5 f v T AR5 12 T RS oA . ot 3%
47] DL 1, ISCNN-LightGBM 12 Wi 1 A 4 35 %5 /N )
TR HE AR ZE, DRI Z AR AT A R i R e
1 LL_E 43 B AT %0, ISCNN-LightGBMiZ Wi 45 25 45
TR IE 1, FEAN IR 47 3 AR BRI B s i ks
1 B AR R R 112 W I g 18 I CNNS T A 2 5
CNN-LightGBMi2 i 15 4 10 47 %6} Le, AN HEFH H, A
LightGBMAE A 73 281 SURHR AL i e 2 Wi e )1
Ftest.

k3 RRAEE TR AT 98B W A3
&
Table 3 Average accuracy of fault diagnosis for
different models under different loads

ik 15595%  259531%  35%51/%
CNN 95.27 95.68 97.93
CNN-LightGBM 96.30 96.71 98.22
ISCNN-SVM 99.01 98.21 98.59
ISCNN-RF 98.33 97.33 98.06
ISCNN-KNN 98.28 97.21 97.36
ISCNN-LightGBM 99.13 98.58 98.82

& 4 REVERE TR 57 BT A9 4 s AT R
£
Table 4 Standard deviation of fault diagnosis accuracy
of different models under different loads

k=4 15 01%  25%711%  3%71/%
CNN 0.2267 0.1911 0.0577
CNN-LightGBM 0.2090 0. 1253 0.0910
ISCNN-SVM 0.0513 0.2247 0.14319
ISCNN-RF 0.0850 0.1296 0.1474
ISCNN-KNN 0.1063 0.1820 0.1975
ISCNN-LightGBM 0.0438 0.0987 0.0789

M3 5RAT LA H, 0T o s Wi, ff A
LightGBMAE A7 R4 TR TE I A L8 T, Wik 2 b
REAERE S5 i T HAR3 b 73 2828, I B 5 AR e .
HHISCNN-SVM 2 i Y f # 5ISCNN-Light GBM
W S OB e Wit e, (HIE RS T LA H,
ISCNN-SVM 2 Wits 84 i)~ 35112 Wi i [8] /2 ISCNN-Li-
ghtGBMZ Wit () 104% 2 45 . #H%FF CNN-LightGB-

M 5 , ISCNN-LightGBM [ £5 44 B T4 AiF 25 25 2R %5
(RN T AR5 2%, AT B2 i B 5 R A5 21 B
AT, TTKNNI T B S 455 50 N R R )
BUEME, S EISCNN-KNN2 Wi 7 {1 - 1512 Wi i) (]
KT H AR, i IR A %1, ISCNN-LightGBMiZ i
BERUE T A SCHR B H AR IS WY, ot il 2 e B2 W
FER RIS

k5 TR R A -F 4500 )

Table 5 Average diagnosis time of different diagnostic

models
AR 15 77/s 2551 35 77/s
CNN 0.2739 0.2817 0.2817
CNN-LightGBM 0.2878 0.3060 0.2926
ISCNN-SVM 2.7649 2.9034 2.8973
ISCNN-RF 0.3556 0.3504 0.3525
ISCNN-KNN 7.8824 6.8709 7.1805
ISCNN-LightGBM 0.2961 0.2885 0.2909

4.2 PaderbornflZ&EHE
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F 4T G LA Rk B A2 I 88 T R IR B 15 5
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T S BTE AR B0 (5 5 1. DRk, e e ke
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Fig. 6 Fault diagnosis accuracy of CNN-LightGBM and

ISCNN-LightGBM
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Table 7 Comparison of different diagnostic models
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ISCNN-LightGBM 93.04 0.4411
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