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Abstract

Bearings have a wide range of applications in modern machinery and equipment, and their main
function is to support rotating or linear moving parts, reduce friction, carry loads, and ensure the
smooth operation of equipment. Predicting the remaining service life of bearings can not only re-
duce the risk of failure and unnecessary downtime, but also reduce maintenance costs, improve
equipment reliability and production efficiency, and is an important means for enterprises to man-
age equipment assets and improve production levels. In this paper, the vibration frequency dataset
of a bearing is extracted, and then the extracted features are analyzed, and the remaining service
life of the bearing is predicted by different classification methods.
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2.1. BERAREMEE(Gradient Boosting Decision Trees, GBDT)
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2.2. PFEIEZE (Grid Search)

PR R — A TESEAL R BOR, TN TS IR AR e . 3 2 Ao il
1 P gs e K S BT E], PR SHA S, NIRRT P RE[S]. AR R A 5T H. 5
TER, T R BB S0 W b A W RS, AT RS & BHRAE AT S EE S 4

BBEA — MR P SRR EAE TS, 207009 C A gamma, C A AT LAZ[0.1, 1, 10], gamma f
fERTLA2[0.01, 0.1, 1] FATATLHESHII A AT RERUE S 1ok, HIRMEEAT RS, fhidremt 2R
Pk ik, R &1 RSHPrA R AL

Table 1. Possible values for parameters
= 1. BYFTREEE

Cc=01 Cc=1 C=10
gamma = 0.01 C=0.1,gamma=0.01 C=1,gamma=0.01 C=10,gamma=0.01
gamma = 0.1 C=0.1,gamma=0.1 C=1,gamma=0.1 C=10,gamma=0.1
gamma=1 C=0.1,gamma=1 C=1,gamma=1 C=10,gamma=1

3. /&

AL T Foh 7 1R AT R P ) A A R DR T, B —nT DL T 5 5 #R (root mean square,
RMS) K F-$R Al AR & A= b Ry s [R5 05, 28l DA R 2 RIE, 1B 2 RRHME T8 S, FHRE&
B UANMERAE, A 20 28317 20 S M ek 7 1 81 4 166 P B 1) 3R AT F0000 o
3.1. RMS 3%

X — b S T (A R JE 2R T v, FRATT R IS R 1) RMIS S A 0 el A % () — MR B B FE A [ 6]
FTCAFRATT AT L5 AF 15 25K 1K) RMS {8, RMS 15 A 2R
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PX IR, &T 10 AR R S X, )5k — J5 vk R T A ST A . AR BRI R )

R BE — Mt ds gy, RIGHIN— SR EIEET, FIEE . WETAFINE IR =AM, 3

HBAATEARE — D . ARG IR — DN BENLAR MR F SR PR B AL (R BB M, RTS8 I RT 10 R

FRIE, M4 IX AT 10 FEEAHRFAE, 47 H LightGBM Al Catboost 732548 6 b E 47 7025, M e iR 5h
MR R FOIRS .

4. SEHILE
4.1. WIESE

s Sk IR kaggle, %44 https://www.kaggle.com/datasets/vinayak123tyagi/bearing-dataset. 1% %55
FR T NI LR MR B PR R M) 5256, DAl 23 AE — M b, Jie e 1 B2 1 € 7 2000 RPM,
BT SRS R T A . B A rh Bk i SO A R, X ST DU E TR R S 1 AR ENS SR
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Figure 1. Data for eight channels on 22 October 2003
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42.1.RMS 3%

T 26 A 15 ANEE SO — AN X R EOINEE E ) RMS {8, 28045 a0 2 iz, i RMS (E s,
MK 3 AR 4 2IEIEE R, HILRATHAT 25 REMOES, THHEAT 25 R RbRAEZE ML E, 4551
Wl 3 R, 13315 RMS B2 1.2562, KX /ME BN IEF I BIE, 8 3X AME B 3AE SR
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Figure 3. The number of times different RMS values occur
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Figure 4. Bearing failure results
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Figure 5. Top 20 characteristics in importance
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Table 2. The accuracy of the forecast

= 2. FUMEETRE

Toh B B 50 o) 4% LightGBM Catboost
Accuracy 0.94 0.9417 0.9471
Time 35h 9s 1m29s
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