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Abstract

With the rapid development of industry in recent years, the requirements for the stable operation
of mechanical equipment have continuously increased. As a result, ensuring the efficient and smooth
operation of machinery has become an important issue. Traditional fault detection methods for me-
chanical equipment heavily rely on human experience, leading to inefficiency and significant dis-
crepancies in detection results. This paper proposes a bearing fault detection method based on a
hybrid deep learning model. The method effectively captures both spatial and temporal features of
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the bearing signals. Experimental validation using the bearing dataset from Case Western Reserve
University in the United States demonstrates a significant improvement in model efficiency and ac-
curacy, enhancing both detection efficiency and accuracy compared to traditional methods.
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B A Rh 2 A B PR R T R H 25 34, FlRE NI S A T s e s E il f e R
AR ERENEM . B2, hFRKeESAAEeE. BEREMREAR D FEEH, HAGEHIRZ
FhZ PERIMOREL R, GBs . SEGUMREITE, ™ 5 AR I8 ] B 238 OB WA B f e &g ).
U, 0% Kk AN AERA AR I H i AR ) S A T A b AR = RE E R L B, DU TR T4
AR TSI 7 347 85 2 AL AR RS 0 A AR S5 1 10

VENUAIRBNE 5 AR Rl R (R s A 2 b, o —FhELLE 2 e kar ) () — b B R A, 72 LR Sk b
RIS 2 o Li E[210 8 7 —FhisET GRU-DeepAR A5 5 (1177 )y b 7 ol 4 A5 FH 7 iy UM 532, )P P&
B R ML v TR o B PR R BN 5 SRR E, R ERIEM B, L PRZEREE, IR 2R A
WREVIE, SEIRIGIE T ORI ORI e . e B3R T AR TR R ST RO B KL
R MBS WIE, SEBBMA ML (CNN) B 1M T (BIGRU) FBEHLAR MR (RF) 73 2588, fif ok
FREAD SES W AR R MRS S5 (415 T — P T IR FE AR AR U4 I 45 (DCGAN) IR 7735,
TAENBEAR AR TP 7 IR S AR« L Bt - RAEGA(USCONV) JZ, fift itk T 15 58 J7 v I BLEAR 2%
JOLA] R, AN o S 2 W R A 2 . R S [S1ER T — R T BB B 22 I 45 (GCN) (1) 7R Bl il AR i
BEISWT 75 o B PR B AR O AR B (5 B S S, B AR, I GCN FRIUCT AR
fE, BRAAEHAERZ M Softmax 23R8 TR . Seab s AR, 1% 7 IR BRI S IR R A Ll AE
GipLas o I R AR IR, AT S i e SR AP R . Lin SE[6]42H T —Fh R FIRE S I A
BeWirE, TG DU e P s ZE R S U AR s .l s YOLOVS #688Y, 4h6 2 RIERINE . AL
PREERHLAIAD Alpha-CloU, BT 7/ BARKEIIPERE, $2m TR IHER S, RS IR4t 76 5
YR FEREARSETIHRE T R EE AU S R E A e N, TR R R 2 . @i SE-
ResNet fl CBAM-ResNet £ 84, ¢ - 1 A R A AN [\ T8 T O AERf 26 A1z AL P e, 78 S48 AL T-4% 4t ResNet,
WAIE T IR 2 . Kaya S5[81R H T —Fh & & 8/ N il AR (CWIT) AR BE T 76 2 21 75 102 E Bl R
b RH2WH AR . 8IS RSG5 A N SRR, R 22 PR 25 SIS RS AT M RS TR0, iR 3R
%5 96.67%Z 100%.

JEAER S JEEA L I 4% (RNIN)E RS 7] 7 51 B0 R A T2 308 AT A 5 1R s B Az, 11450834 5 JL(GRU) M
KT AZ N 25 (LSTM) S FLARARLE o 18] )3 37 S50 AT A 1 42 35 (R BR o AR SOKs b 7 i a4l 5 15 5 X —
TR R R 8 ) B A AR R, ESCR A LSTM Jvk ik ir oot S, [ 51N CNN SRHRECas A
REAEFEUR /AT LSTM W 245 8 1 3R A N i, J80/IN g B R R B L
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Figure 1. RNN structure diagram
& 1. RNN 549
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Figure 2. CNN structure diagram
& 2. CNN &4
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Figure 3. Schematic diagram of LSTM structure
[ 3. LSTM &9 [R 1R [E

76 LSTM w1, B 275 B o MR (5 BN BRIR S B30, XA 2l il s 1RSI
ft:O'(Wf '[ht—llxt]+bf) @
B R IR T R AT AR AT BRI EFER N BN ] R W A T B R R,
1M tanh JZ AR s — AN B R E &, N — Pt S & .
A :O'(Wi '[ht—l'xt]-i_bi) (2
C, :O—(WC'[ht—l'Xt]—i_bC) 3)
HOPEHIBAACIRG, EIRES f AR, EFAERERNGE, BEM LI «C, , Xt Bk
8, R MRS #IT2.
Ct = fr *Ct—l + it *ét (4)
JE, TEYE R, XN H R TR . i — A sigmoid JZ R A e A0 IR S 7F B
Iy, SRS BN UIRS N tanh ZEEE T 403, IF H 5 sigmoid JZ (1% Hi AH 3R IA 2 RUR .
0 =a(W,[h.,x]+b,) 5)
h, =0, *tanh(C,) (6)
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Figure 4. Design of the CNN-LSTM model framework
[ 4. CNN-LSTM #E&IHESRIG T
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CNN ZfiHt: CNN ZHXEN 3 /=, B EEEI Bl A R . A3 E O A\l TE 4
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Table 1. Specific parameters of the network model
=1 MEREAKSY

SRR LDAGIBEE S A Hh e BRI LSTM 2%k ZHHE
Convld(1) 1 128 3 512
Conv1d(2) 128 128 3 147,584
Conv1d(3) 128 128 3 147,584

LSTM 2 65,536

Linear 10 1290
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Figure 5. Model training accuracy
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Table 2. Comparison of different network models
= 2. FEIMEIERIXTEL

W PR %
BP #1245 87.3%
CNN 94.6%
KT 98.06%
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