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Abstract: Kernel partial least squares (KPLS) is a multivariate statistical method that is widely used in process mon-
itoring. However, the KPLS adopts oblique decomposition, which leads to the existence of redundant information in the
quality-related space and results in false alarms. Therefore, this paper proposes an efficient kernel partial least squares
(EKPLS) model. The proposed method orthogonally decomposes the kernel matrix into quality-related space and quality-
unrelated space through the singular value decomposition (SVD), which effectively reduces the redundancy information in
the quality-related space. Then, the principal component analysis (PCA) is used to decompose the quality-related space
into quality primary space and quality secondary space according to the variance. In addition, to further reduce the false
alarms caused by quality-unrelated faults, an orthogonal signal correction (OSC) preprocessing method based on the quality
estimation is proposed, and an OSC-EKPLS algorithm, combined with the EKPLS model, is proposed. The OSC-EKPLS
performs OSC preprocessing on the measured data through the quality estimation value, which reduces the computational
complexity and the false alarm rate. Finally, it is verified that the OSC-EKPLS has good fault detection and lower false
alarm rate by numerical simulation and Tennessee-Eastman process.
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Table 3 FDRs of MKPLS, OSC-EKPLS and TKPLS for Faultl and Fault2 with different fault magnitudes

| 2
f MKPLS/% OSC-EKPLS/% TKPLS/% f MKPLS/% OSC-EKPLS/% TKPLS/%
(T3) (T; Q) (Ty) (T (T; Q) (T
0.1 100 100 100 0.001 89.5 88 89.5
0.2 100 100 100 0.002 94 94 94
0.3 100 100 100 0.003 955 95.5 95.5
04 100 100 100 0.004 9 97 96
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Fig. 5 The change of y when Fault3 occurs Fig. 6 The detection results of MKPLS for Fault3
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Table 4 FDRs of MKPLS, OSC-EKPLS and TKPLS for Fault3 and Fault4 with different fault magnitudes

b3
f MKPLS/%  OSC-EKPLS/% TKPLS/%
(T3) (Ty5Q) (T3)
0.1 0.5 0 0.5
0.2 1 2.5 1
0.3 0.5 1.5 0.5
0.4 0 0 0

Hifsa
f MKPLS/%  OSC-EKPLS/% TKPLS/%
(T3) (T Q) (T3)
0.001 0.5 1 0.5
0.002 0 0 0
0.003 1.5 0.5 1.5
0.004 0.5 0 0.5

4.2 Tksepl

ARG N gl PE -7 3 2 5 B2 (tennessee east-
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DU A 2
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G(XMEAS35)/E At Hy. M SCHR [26] /08 i, #
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% 5 MKPLS, OSC-EKPLS #= TKPLS # | TEP /&
¥ 18X ¥ %49 FDRs
Table 5 FDRs for TEP quality-related faults detected by
MKPLS, OSC-EKPLS, and TKPLS

IDV  MKPLS/% OSC-EKPLS/% TKPLS/%

(T (T75Q) (T3)

1 93.00 87.88 79.63
2 89.63 88.38 89.63
5 15.50 23.25 24.50
6 95.50 99.25 97.75
7 55.38 44.63 47.75
8 64.75 87.50 74.00
10 73.13 72.63 66.25
12 76.75 85.88 78.00
13 82.63 87.63 85.63

2) Jii BTG R A

PAIDV (4) 91, Bl 12-14%) % &7~ T MKPLS, TK-
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Table 6 FDRs for TEP quality-unrelated faults detected
by MKPLS, OSC-EKPLS, and TKPLS

IDV  MKPLS/% OSC-EKPLS/% TKPLS/%
(1) (T254Q) (T
3 8.13 8.00 11.13
7.13 6.13 8.88
9 6.88 7.13 8.13
11 10.88 9.88 11.75
15 10.38 10.13 12.88
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