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Ensemble principal angle and its application to fault detection
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2. School of Mathematical Sciences, Jiangsu Normal University, Xuzhou Jiangsu 221116, China)

Abstract: Ensemble principal angle is proposed to deal with the instability of a sparse kernel principal angle. Groups
of approximate basis are found in the Reproducing Kernel Hilbert Space. Eigenvectors for the principal angle problem are
limited to the spaces spanned by the approximate basis. Eigenvalues in different subspace are integrated to make up for the
sparsity. Ensemble principal angle (EPA) can be applied to online multivariable process for fault detection in complicated
conditions. An example is given to illustrate the application in fault detection by performing experiments on the tennessee

eastman data set.
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1 5|3 (Introduction)
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# F 43 & 4> Mi(kernel principal component analysis,
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pendent component analysis, KICA)*%5 4y 45 i 1.
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SCHEHAE R T ffi (ensemble principal angle, EPA).
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4 EPAMN H T # k& & 3] (Ensemble principal
angle for fault detection)
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Fig. 1 Convergence of EPA
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Fig. 4 Fault detection process
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KPCAFIKPCA (3% 5 43 1850 B IR il 45 2R 2
3 H SR [15], EPAZIR 2 A SCHE H A 7 v 1R 48
TR, R R, FE T EPA MRS I [ 25 S K5 1
A i TKPCATT v BRI 45 . FHIEPA SIKPCA .
SKPAXF7ZH AH 7] (1) il b B4 35 A7 40 00, EPA 641 %4
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Table 1 Comparison of error rations

ST K AR
03 04 09 11 13 15 21
SPE(KPCA) 1.00 1.00 1.00 0.99 097 099 1.00
T2(KPCA) 097 098 096 0.70 0.21 091 0.72
SPE(IKPCA) 099 100 1.00 0.51 0.18 0.86 0.70
T2(IKPCA) 0.75 0.83 083 0.12 0.15 074 033
COSINE(SKPA) 090 0.01 093 0.11 0.04 040 0.34
COSINE(EPA) 0.86 0.01 0.72 0.17 0.03 0.38 0.28

5 458 (Conclusions)
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WA Ay — i 7 A I 9. R )
L SKPATVAI LLEE, UL WIA SCEE T IR 0 T -5
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XS AR E A IR A BB R, S 18 S A
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