2013+ # 37 % ¥ E G RFFR(ERFFR) Vol.37 No.2
%24 Journal of China University of Petroleum Apr. 2013

XEHS :1673-5005(2013)02-0170-06 doi;10.3969/j. issn. 1673-5005. 2013. 02. 028

He T gh ARG R PR ¢ 32T 40 e it e B A ) 5 7k

MW, = N
KO, ¥R, KEF
(TEBMRE ZaEEH T2, LA 58 266580)

FEE 5 R RAE S B2 AT TR R AE 15 ., 48 & 4k T A8 n s Ao U PR e, 42 ) — b i T 3 A8 S5 M fR 35
F IS5 HT (DSPPCA) 9 Bl A U 532 o o 58] B A B R FH AR AR DG Mk b e o7, ) [l AR TR A 35 Bl S
TR AR | i — 2B 2755 B 050 HT 1k (PCA) FURIFF M A (LLE) 3B 2% 2 SRk rh S04 d 22 [ I 4R 5C &, il
HA5 A EAR sREL, R, 32 FH R 3B Gtk 00 U5 19 7 vk 3R A5 i 4R RE A 19 ik A WS, R AE 42 B 72 R 11 28 (8] R ik 25 23
(] 73 4G 35 WS AR e i AT MO AG I, Swiss-roll 20 AR AR LS5 AL X TE S R 19 15 BT 5 45 AL 3R B, DSPPCA ik
AL AR B W R AR B BRSO | LA 358 R0 R e I s DU P 7

KR . BhALE RAF F0TH AT WIB AR s AHOCHESIAT s FRARERIRG A U

hESYES . TP 277 XERFRETG A

Fault detection method based on dynamic structure
preservation principal component analysis

ZHANG Ni, TTAN Xue-min, CAI Lian-fang

(College of Information and Control Engineering in China University of Petroleum, Qingdao 266580, China)

Abstract: In order to make full use of the feature information of data in the chemical process, a fault detection method based
on dynamic structure preservation principal component analysis was proposed to improve the performance and efficiency for
fault detection. It firstly established auto-regression model through correlation analysis so that the dynamic feature sets could
be obtained to characterize the original data. Furtherly, principal component analysis and locally linear embedding were fused
together to obtain a new objective function. Besides,locally linear embedding algorithm could preserve the neighbor relation-
ship between data collected. At the same time, local linear regression was used to find the projection that best approximated
the mapping from high-dimensional samples to the embedding for on-line application furtherly. Statistics were constructed in
the two spaces for process monitoring after feature extraction respectively. Simulation results of Tennessee Eastman process
and Swiss-roll data show that DSPPCA-based method is more effective for feature extraction and process monitoring.
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Table 1 Comparison of fault detection rate
by different methods

PCA SPPCA DSPPCA

E&Bﬁ 0 2 VA

Q 1 Q 1 Q 1
IDV(1) 0.9988 0.9925 0.9925 0.9988 0.9938 0.9988
IDV(2) 0.9850 0.9863 0.9838 0.9850 0.9850 0.9888
IDV(3) 0.0488 0.0063 0.0113 0.0963 0.1223 0.1063
IDV(4) 1.0000 0.2613 0.8375 1.0000 0.9575 1.0000
IDV(5) 0.3150 0.2288 0.3525 1.0000 0.7788 1.0000
IDV(6) 1.0000 0.9825 1.0000 1.0000 1.0000 1.0000
IDV(7) 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
IDV(8) 0.9250 0.9725 0.9738 0.9788 0.9850 0.9875
IDV(9) 0.0365 0.0150 0.0063 0.0750 0.0975 0.2150
IDV(10) 0.6238 0.2475 0.5663 0.9375 0.6288 0.9613
IDV(11) 0.6750 0.4350 0.4788 0.7400 0.7338 0.9050
IDV(12) 0.9500 0.9825 0.9863 1.0000 0.9975 1.0000
IDV(13) 0.9500 0.9450 0.9425 0.9563 0.9525 0.9688
IDV(14) 1.0000 0.9850 0.9988 1.0000 0.9988 1.0000
IDV(15) 0.0650 0.0050 0.0375 0.1300 0.1450 0.1675
IDV(16) 0.4013 0.0850 0.2275 0.9113 0.4638 0.9300
IDV(17) 0.9550 0.7625 0.9025 0.9650 0.9188 0.9750
IDV(18) 0.9075 0.8900 0.8925 0.9063 0.9038 0.9188
IDV(19) 0.1625 0.0638 0.0063 0.8725 0.0813 0.9900
IDV(20) 0.5475 0.2413 0.4125 0.9013 0.6013 0.8788

IDV(21) 0.5075 0.4413 0.5638
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Table 2 Comparison of fault detection time
by different methods

PCA SPPCA DSPPCA
B
7 Q T Q T
IDV(2) 173 172 172 166 170 166
IDV(4) 161 189 168 161 162 161
IDV(10) 178 205 175 182 173 179
IDV(11) 167 167 166 167 165 161
IDV(17) 182 189 185 177 182 167
IDV(19) 189 187 171 161 169 161
IDV(20) 195 250 239 225 172 237




%3745 %2

RO F A THEEMBER I ALK ERN T &

- 175 -

4 LHRiE

PR T —FhELT DSPPCA FY Ak T sk Al [ )
T TR e AR i B T A A e ST
2w A BAGEH AL, Bl 2 ] LLE 8035 Ry 4
R FEM R, Al A A 55 PCA R LLE 53k, 78
PCA 4 Jay R fiE 42 A [R] B PR A7 B85 5 2 8] B Jey 35
VAR ZR , [, iz P Ry 2 o [ml U ) 2 30 v 4
SR A G I A A B R 6 R R FE A
25 ()R 1 A FHL ) W9 9 T o S it A R A I, 32
Swiss—roll (4% . TE 13 F2 09 1E % T80 UL B AN [5] B s
T — A IR SRR AT A R
PCA 73 3 H (0 77 3 AT DA Sk A 5 b 3R B v 4 4
P OSSR AE | BOREASI fr) 22 AP A v, 4 el R
s ]y ] s A 7 1 i B R 3y T — 2 R B Y
PR, T DA SR A 50 A A R G N R S PR

SE L

[1] RUSSELL L H, BRAATZ R D. Fault detection and diag-
nosis in industrial system [ M]. London: Springer Verlag
Press, 2001 .31-94.

[2] LEE J M, YOO C K, CHOI S W, et al. Nonlinear
process monitoring using kernel principal component a-
nalysis [ J]. Chemical Engineering Science, 2004, 59

(1):223-224.

[3] YIN S, DING S X, HAGHANI A, et al. A comparison
study of basic data-driven fault diagnosis and process mo-
nitoring mehods on the benchmark Tennessee Eastman
process [ J]. Journal of Process Control, 2012,12(9) .
1567-1581.

(4] ARmENI, 2R A7 i Rl 2 K 5 i T IR &

JRE[)]. AR AR, 2005,29(6)
157-163.
DENG Xiao-gang, TIAN Xue-min. Present situation and
prospect of process fault diagnosis technique[ J]. Journal
of the University of Petroleum, China( Edition of Natural
Science ) , 2005,29(6) :157-163.

[5] ODIOWEI P P, CAO Y. State-space independent compo-
nent analysis for nonlinear dynamic process monitoring
[J]. Chemometrics and Intelligent Laboratory Systems,

2010,103(1) :59-65.

(6] XRmENI, MR ST Sl 7 p o i 52 S0 ) i

(7]

(8]

(9]

[10]

[11]

(12]

(13]

[14]

BT KA B2 Wb BT[], b Aoy
e AR, 2012,36(3) :187-191.
DENG Xiao-gang, TIAN Xue-min. One-class support
vector machine based on dynamic independentcomponent
and its application to fault diagnosis [ J]. Journal of Chi-
na University of Petroleum ( Edition of Natural Science) ,
2012,36(3) .187-191.
SHAO Ji-dong, RONG Gang. Nonlinear process monito-
ring based on maximum variance unfolding projection
[J]. Expert Systems with Applications, 2009,36(8) :
11332-11340.
ZHANG Mu-guang, GE Zhi-qiang, SONG Zhi-huan, et
al. Global local structure analysis model and its applica-
tion for fault detection and identification [ J]. Industrial
& Engineering Chemistry Research, 2011,50(11) :6837-
6848.
g U, AR BT AR R R A LM g A A
MIFk[T]. Ll R, 2011,45(8) :1202-
1206.
ZHANG Ni, TIAN Xue-min. Nonlinear dynamic fault de-
tection method bhased on isometric mapping [ J]. Journal
of Shanghai Jiaotong University, 2011, 45 (8 ) 1202-
1206.
LI Ben-wei, ZHANG Yun. Supervised locally linear em-
bedding projection (SLLEP) for machinery fault diagno-
sis [ J]. Mechanical Systems and Signal Processing,
2011,25(8) :3125-3134.
B SRR, WUIE 2 T I 7 A O ) AT 5 [
A AL S R, 2009.
ZENG Xian-hua.

D]. Jb

Study on several issues of spectral
method for manifold learning[ D]. Beijing: Beijing Jiao-
tong University, 2009.
KU W, STORER R H, GERGAKIS C. Disturbance de-
tection and isolation by dynamic principal component a-
nalysis [ J]. Chemometrics and Intelligent Laboratory
Systems, 1995,30(1) :179-196.
SAUL L K, ROWEIS S T. Think globally, fit locally:
unsupervised learning of low dimensional manifolds [ J].
The Journal of Machine Learning Research, 2003, 4
(4):119-155.
DOWNS J J, VOGEL E F. A plant-wide industrial
process control problem [ J]. Computers and Chemical
Engineering, 1993,17(3) :245-255.
(%% BRR)



