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Research on Fault Diagnosis Method of High-dimensional
Complex Industrial Process based on SFFS-RBPCA
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Nanjing, China, Post Code: 210096)

Abstract: The reconstruction-based fault isolation method can suppress the influence of the smear effect
and effectively reduce the false alarm rate. However, the computational cost of these methods will in-
crease exponentially with the system dimension as well as the number of fault variables, making it chal-
lenging to directly apply in the real-time fault diagnosis of high-dimensional complex industrial process.
Therefore, a new fault diagnosis method integrating the sequential floating forward selection aided recon-
struction-based principal component analysis ( SFFS-RBPCA) was proposed, the PCA monitoring model
was established based on historical samples, and the combined index was used to detect the faults of real-
time data. Then, the sequence feature selection method was introduced to locate fault variables in the
fault isolation process. Furthermore, a simulation example and a practical industrial case were employed
to verify the diagnostic performance of the proposed method. The results show that the proposed method

can ensure a high fault detection rate and a low false alarm rate by consuming a small amount of computa-
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tion, achieving a good balance between diagnostic accuracy and diagnostic efficiency. The proposed

method can effectively deal with the complex faults of high-dimensional systems and meet the online diag-

nosis requirements.

Key words: fault diagnosis, principal component analysis ( PCA ), complex industrial process,

feature selection
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Tab. 1 Comparitive fault data sets of mathematical

fa
I

simulation examples

G5 I REUEE WK WA R
1 1 10 2 000 1 (2,3)
2 1 10 2 000 2 (2,3)
3 1 10 2 000 3 (2,3)
4 1 10 2 000 4 (2,3)
5 1 10 2 000 5 (2,3)
6 2 20 2 000 1 (2,3)
7 2 20 2 000 2 (2,3)
8 2 20 2 000 3 (2,3)
9 2 20 2 000 4 (2,3)
10 2 20 2 000 5 (2,3)
11 2 20 2 000 6 (2,3)
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Tab. 2 Fault diagnosis results of each algorithm of 10-dimensional simulation data
r— BAB-RBPCA LASSO-RBPCA SFFS-RBPCA
5
FDR/% FAR/%  TC/ms MC FDR/% FAR/%  TC/ms MC FDR/% FAR/%  TC/ms MC
1 99.95 1.68 0.48 11.90 100. 00 1.56 0.04 1.14 99.95 0.54 0.12 10.44
2 99.93 1.16 0.81 22.11 100. 00 3.74 0.11 2.31 99.95 0.87 0.40 21.52
3 99.77 1.29 1.41 41.36 100.00  12.51 0.16 3.93 99.83 1.16 0.68 30.97
4 99.99 0.20 2.39 77.09 98.15 31.66 0.27 6.18 99.69 0.81 1.03 43.08
5 99.98 0.30 3.97 128.13 93.47 51.39 0.35 7.94 98.79 3.97 1.60 58.30
R3 20 KFEBEREZHEISHER
Tab. 3 Fault diagnosis results of each algorithm of 20-dimensional simulation data
P BAB-RBPCA LASSO-RBPCA SFFS-RBPCA
g
FDR/% FAR/%  TC/ms MC FDR/% FAR/%  TC/ms MC FDR/% FAR/%  TC/ms MC
1 97.40 0.50 9.07 202.30 98.25 0.81 0.08 1.14 98.25 0.22 0.25 20.44
2 97.63 0.41 16.61 340.00 99.98 1.82 0.17 2.33 98.30 0.30 0.66 41.26
3 97.53 0.44 24.54 498.36  100.00 2.73 0.24 3.46 98.45 0.26 1.14 59.87
4 96.93 0.42 30.89 682.53  100.00 3.57 0.41 4.57 97.95 0.16 1.81 76.94
5 95.89 0.61 89.15 2271.98 100.00 5.33 0.38 5.80 97.23 0.16 2.04 93.11
6 94.87 0.60 211.56 5509.57 100.00 6.09 0.53 6.85 96.16 0.04 2.77 107.72
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Fig. 1 Fault diagnosis results of each algorithm

of simulation data
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Fig. 2 Temperature measurement data and diagnosis

results of PS18Z pipeline of platen superheater
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Fig. 3 Fault diagnosis results of each algorithm

in actual engineering process
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