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Fault Detection of Multi-mode Processes Employing

Sparse Residual Distance

GUO Xiao-Ping® LIU Shi-Yang' LI Yuan'

Abstract For multi-mode processes, a new fault detection method employing sparse residual distance (SRD) is proposed
in this paper. Firstly, standardized normal multi-mode process data is directly used for sparse decomposition to extract
correlation between multi-mode data, and a global detection model is established using the obtained dictionary and
corresponding sparse coding, so as to avoid distinguishing modes and highlight data characteristics. Then calculating the
approximate value of the normal multi-mode process data to construct the sparse residual space, in which sparse residual
k-nearest neighbor distance is proposed, thus the nonlinear and multi-mode features of the process can be captured further
by using k-nearest neighbor. Finally, the effectiveness of the proposed method is verified by a numerical example and the
Tennessee Eastman (TE) production process.
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RO I 2 L KSVD-R 774 Bl s T 8.2 %
H1 8.4 %5 BE— 2515 W 5% 22 2% 1) 5 N BE 25 G0 V1 Sy 52
AT AT Al R A W 1 R

3 R G HRICRE
Table 3  False alarm rate and detection rate

summary table

) KSVD—3 SRD \

AR (%) Rl (%) R (%) R (%)
1 4.50 0.10 100 100 2.00 0 100 100
2 4.50 0.10 100 98.6 2.00 0 100 100
4 4.50 0.10 100 100 2.00 0 100 100
6 4.50 0.10 100 100 2.00 0 100 100
7 4.50 0.10 100 100 2.00 0 100 100
13 4.50 0.10 89.6 82.1 2.00 0 97.8 90.2
16 450 0.10 94.6 90.2 2.00 0 98.6 94.7

L R 3 PR AR R E s, SRR R
95 % BRI, SEIE RIS EEHI Y 99 % BOKE

3 HRIE

ARTCHR T PO R 3 20 iR ke 22 L )
Z LU RSB I 75, 1275 0% 2 TOUEER R
T, SEIBCER R AL, K TRAT 10 B e ik v 5
A R He 5 I AR K 22, AE Sk 22 23 ) RS TN
k f AR e vk AT A . SRD Uik
KSVD-R JiiEAf b, e I RCR A W] 32 . (A
(VRS RP I DS AR Ei NS 4 R ANIS/P T AN S RV
KOl AL B, $2 T 2 LI R RS U P AT 2

¥ SRD J5iis T2 LU RE A bae s A7« b o)
FEREIEHE TN
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