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Abstract: Incipient faults often manifest as the subtle nature of their fault symptoms, and the presence of potential
variable collinearity in high-dimensional data can lead to ill-conditioned or even non-invertible covariance matrices. This
makes it difficult for traditional multivariate statistical analysis methods to detect faults at an early stage. To address this is-
sue, this paper proposes a method for detecting small faults based on sparse canonical variate difference analysis (SCVDA).
Firstly, an improved penalized matrix decomposition (IPMD) algorithm is constructed to perform matrix decomposition on
the Hankel matrix to obtain sparse canonical variates. This enhances the intuitive understanding of potential relationships
between variables and helps identify fault variables. Secondly, the covariance and pseudoinverse of the canonical variates
in the normal phase are used to weight the state vectors and residual vectors, respectively. Sparse canonical variates are
then used to construct an incipient fault detection index based on conditional expectation. Additionally, the kernel density
estimation is employed to determine control limits for statistical indicators under non-Gaussian distributions. Finally, the
case studies on the Tennessee Eastman (TE) process and continuous stirred tank reactor (CSTR) process demonstrate that,
compared to SCVA and CVDA, the proposed method achieves 29.0% and 16.6% improvements in detection rates in the TE
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Table 3 Comparison of detection performance of differ-
ent algorithms

CVDA SCVA  SCVDA
[

Dk Q@ T* @Q CR Q
1 100.0 67.1 6.9 99.3 100.0 99.4
2 99.6 93.6 99.0 98.6 100.0 96.7
3 194 126 164 133 205 52.7
4 95.7 14.1 8.9 100.0 100.0 98.9
5 100.0 100.0 34.1 27.6 100.0 28.4
6 100.0 100.0 99.9 100 100.0 99.7
7 552 958 542 100 99.8 100
8 98.7 945 98.7 97.6 983 98.7
9 189 112 156 133 30.6 16.5
10 927 297 91.8 374 974 329
11 205 739 187 753 925 493
12 100.0 92.9 100 99.2 100.0 98.1
13 96.7 952 957 937 995 96.5
14 19.8 929 14.8 100 100.0 99.6
15 216 112 134 88 80.1 10.8
16 955 538 96.6 17.6 97.1 67.3
17 70.8 952 69.8 93.1 99.7 97.6
18 90.7 88.8 92.0 89.8 946 92.5
19 90.1 10.6 972 112 94.6 313
20 912 447 87.6 433 965 652

21 563 362 60.7 31.6 80.1 389
Average FDR: 73.0 62.6 60.6 64.3 89.6 70.0
Average FAR: 0.06 0.01 0.05 0.02 0.03 0.01
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Table 4 Comparison of detection rates of different algo-
rithms for incipient faults in the TE process

% PE-PCA/% ms-PDA/% SCVDA/%
3 7.5 45.7 52.7
9 23 19.7 30.6
15 53 55.9 80.1
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Fig. 6 Schematic diagram of the CSTR system
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Table 5 Constant values in the CSTR model

S5 PEEY 18 BAfT

Q ANERE  1.00e2 L/min

Vo EERR 1.50e2 L

Ve EEFEM 1.00el L
AHy  RMN#H —2.00e5 cal/mol
Uy EWEH 7.00e5  cal/(min- K1)
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