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Study on probabilistic principal component analysis fault detection based on
full information of multimodal data
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Abstract; Aiming at the complex data distribution characteristics of industrial processes, this paper proposes a probabilistic principal
component analysis fault detection method based on local neighborhood standardization ( LNSPPCA ) to solve the problem of
unsatisfactory fault detection effect caused by multi-modal characteristics and uncertainty of process data. Firstly, LNS is used to solve
the data multi-modal problem, so that the standardized data obey a single Gaussian distribution as much as possible. Then, the PPCA
method is used to analyze the data from the perspective of probability, which can take into account the randomness of the data, so as to
describe the data more realistically, extract more comprehensive and valuable information, and effectively detect faults in the complex
data distribution process. Therefore, the LNSPPCA method can effectively improve the industrial process fault detection capability in
multi-modal process complex data distribution. Numerical examples and TE process were used to conduct application experiments, and
the test results are compared with those of principal component analysis (PCA) and PPCA methods, which verifies the effectiveness of
the LNSPPCA method.
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Table 3 Summary of the detection rates for three methods

%
WS PCAT? PCASPE PPCAST  LNSPPCAST
1 44. 69 99.19 93.44 99. 69
2 37.50 69. 50 85.31 98. 81
3 3.63 6.50 5.44 7.07
4 4.50 5.81 6.56 6. 81
5 46.75 51.06 50. 38 51.31
6 95. 88 98.13 98.13 98.13
7 7.69 10. 88 11.19 25.19
8 81. 81 94.81 93.81 98.12
9 7.00 11.56 10. 88 16.19
10 5.75 18.81 67.75 89.25
11 28.38 37. 44 70. 69 91.63
12 49.81 56.75 58.81 67.06
13 84.94 89.75 93. 88 95.19
14 4.69 10.25 69. 06 98. 63
15 3.63 6.13 94 11.13
16 4.00 5.88 .69 6.31
17 12.75 75. 06 83.63 93.63
18 47.25 51.31 59. 44 84.50
19 40.38 46.81 59.38 61.94
20 77.19 82.19 90. 13 94.13
21 3.44 5.81 5.56 5.94
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