PHEALI R S5 EE. 2015. 23(7)

Computer Measurement & Control

» 2288 ¢

B SR B A |

NEHFS:1671 -4598(2015)07 - 2288 - 04

DOI:10. 16526/j. cnki. 11—4762/tp. 2015. 07. 014

FESES TP277 XHRFRIRAG: A

& T LGSPP—Bayes Ry [E42 M 5 P#iR 77 %
3%, TAue

(TH R RHE K2 (5 8 LR Be, Wi 46 621010)
WE. % =I5 (Principal component analysis, PCA) FlRI#IE % 5% (Locality preserving projections, LPP) 75 ¥ 75 1% 4k i3
T 43 531 LR A B 5 AR 0 B IR BN R A L R T R R A 5 R B 10 DL BT R A I 5 HE U5 3% (Local and global

FUAR AR FFAL 25 0] o A5 30 i 24 300 A1 24 1) OO0 e 4 0 I s AR T el B DL 07 0 K A R R AT O A I s R S A I B e e A 5 D0 - A
I A R B RN KA LB RS 5 F LGSPP—Bayes Ji i T TE i Bt . iy 2045 5 5 WX e B i A6 00 00 1 A 05 3 . JF EL vl LLAR 4 3
Ao BB R 2R U Ok

KR ToUOHT RERREREE s DI or 2R AR SRR I s B BN

Fault Detection and Identification Method Based on LGSPP—Bayes

Liu Qin, Yu Chunmei

(College of Information Engineering, Southwest University of Science and Technology, Mianyang 621010, China)

Abstract: According to the method of principal component analysis (PCA) and locality preserving projections (LPP) can respectly re-
tain the global information and local information of the data set in the process of reducing dimension, a novel method named local and global
structure preserving projections and bayes (LGSPP— Bayes) was proposed. Firstly, projecting the original data under normal operating con-
ditions onto a low dimensional feature space to get a data transformation matrix {rom high dimension to low dimension; Then designing bayes-
ian classifier for fault detection; Finally when a fault was detected, identifying which kind of the fault is by calculating bayesian classification
functions. Case applying to Tennessee Eastman process illustrates the new method is better than other methods in the detection of fault. Be-
sides, it is also a good way to identify fault types.
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