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Abstract: The traditional local kernel principal component analysis (SLKPCA) does not consider the difference of
samples when constructing the improved residual, so that the fault sample information is easily covered by other
samples. This paper proposes a new fault diagnosis method of nonlinear chemical process based on weighted
statistical local kernel principal component analysis (WSLKPCA). Firstly, the score vectors and the eigenvalues are
obtained using KPCA and the residual function is constructed. Then, a weighting strategy based on the distance
between the test sample and the training sample is designed to construct the weighting improved residual, which
assigns larger weights to samples with strong incipient fault information to enhance the impact of fault samples.
Finally, the contribution graph is constructed based on the weighted mutual information between the measured
variables and monitoring statistics to identify the fault source variables. Simulation results on continuous stirred

tank reactor and TE process show that the proposed method can effectively detect incipient faults, and has better
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fault recognition performance.
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Table 3 Fault detection rates of 5 faults/%

e KPCA SLKPCA WSLKPCA
SPE 7 SPE 7 SPE
1 7.14 071 5871 2571  60.29 54
2 2.71 171 5157 61.29 56 62.57
3 129 357 7.14 60.86  15.71 61
4 1 071 2529 2257 5371  37.29
5 143 371 5.86 90.86  16.14  90.86
SFH 271 200 2971 5226 4037  6l.14
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CSTR 2 il 22 Gt 114 P 20 108, 38 W0 s 50 4 4 0B 6 Rk
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JNG3 R 25 F130.
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FE 55 303 AR AR B 2046 0 B 5 BE 7. 5 1558 KPCA
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R 235 S 5 SLKPCA AR [, RSP 249 0 B A 13 2R [ B
IR BT RO 23 3R 99.79% F1199.93% . 3X J&:
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AR . Tl F A =R i LA AR SO i
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Table 4 Fault detection rates of significant faults/%

N KPCA SLKPCA WSLKPCA
ik b
e SPE T SPE K SPE
6 99.86 99.86  99.86  99.86  99.86  99.86
7 99.86  99.86  99.71 100 99.71 100
SEH 9986 99.86 99.79  99.93  99.79  99.93

£S5 BEWERHER N E

Table 5 Fault detection times of significant faults/%

o KPCA SLKPCA WSLKPCA
[
SPE T2 SPE T SPE
6 302 302 302 302 302 302
7 301 301 303 301 303 301
Y 301.5 301.5 302.5 301.5 302.5 301.5
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PRIEST Sk = il B e 4 38 DL 3% 6.0 AEAR S FH 2111
TE s B2 05 R T 1460 A4~ 1E 7 481 R Il 5
£ HAx 21 Pl e 35 40 B 960 AR AR il iR 4 |
H N 161 ARAESTT IR i R8s . T 2 9%
P& 7T LL A http://web. mit. edu/braatzgroup/links. htmi.
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Table 6 Fault patterns for TE process
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Table 7 Fault detection rates of TE process/%

N KPCA=22 SLKPCA®2 WSLKPCA
i e
SPE T SPE T SPE
3 3.2 0.4 25.5 0.6 32 2.13
9 3.7 0.5 16.9 0 26.5 23.63
15 8.9 1.1 25.6 14 20.75 20.13

-1y 5.27 0.67 22.67 4.87 26.42 15.30
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