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Chemical industrial process fault detection based on sample
reconstruction multi-scale siamese CNN

Wang Xiang,Ke Liuting,Ren Jia

( Department of Automation, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract ; Data-driven based fault detection method has become important means for the fault detection of practical industrial processes,
however, in practical application it is often limited by the size of process historical data, so that it is difficult to achieve satisfactory fault
detection accuracy. In this paper, aiming at this problem a sample space reconstruction strategy is proposed, which constructs the sample
pairs of the same or different categories based on random sampling. While the data size is expanded, the strategy transforms complex
classification modeling problem into the comparison problem of the similarity among the samples, which effectively reduces the complexity
of the task and the amount of the data needed for modeling. Based on the reconstruction strategy, the siamese CNN is introduced and
improved, a chemical industrial process fault detection method based on Multi-scale Siamese Convolutional Neural Networks ( Multi-scale
Siamese CNN) is proposed. The test results on the Tennessee-Eastman (TE) process dataset verify the effectiveness of the proposed
algorithm. The test results show that the average fault detection accuracy of the proposed algorithm reaches 89. 66% , which is improved
by 8% above compared with that of conventional data-driven fault detection algorithm.
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2.1 Siamese CNN
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Fig.1  Convolutional neural network model structure
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Fig.2 Siamese network structure
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Fig.3 Multi-scale feature extraction structure
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Table 1 Detection accuracy of six different methods on

TE process fault dataset (%)
Ik
[
Sl Multi-scale ~ Siamese-  RBF- Linear- NN PCA
Siamese CNN ~ SVM SVM SVM

IDV1 99. 38 99. 69 99. 38 99.90 87.88 99.88
IDV2 97. 40 98. 02 97.71 97.40 97.63 98.75
IDV3 74.90 68. 13 61.67 45.10 44.50 12.88
IDV4 100. 0 100. 0 99. 89 99.89 69.63 100.0
IDVS 87. 40 77. 81 99.79 99.90 59.88 33.63
IDVe6 100. 0 93.75 99. 69 99.90 98.75 100.0
IDV7 100. 0 100. 0 99.90 99.90 80.13 100.0
IDV8 97. 40 97. 40 89. 48 54.06 77.88 98.00

IDV9 58. 54 53.96  58.44 50.73 44.50 8.38
IDV10 86.35 78.65 73.02 43.54 51.75 60.50
IDV11 86. 46 83.75  69.38  45.83 39.38 78.88
IDV12 98.96 98.85 93.44  70.21 74.63 99.13
IDV13 95.83 95.10 82.60 47.29 64.75 95.38
IDV14 99. 90 99.90  79.38  48.65 48.38 100.0
IDV15 68.75 60.73  63.36 55.73 47.00 14.13
IDV16 84. 06 77.40  79.17  61.88 40.75 55.25
IDV17 93.02 95.10 82.50 94.17 54.75 95.25
IDV18 91.77 91.04 90.52  90.21 90.50 90.50
IDV19 84.17 82.81  71.35 50.21 64.50 41.13
IDV20 85.13 76.56  76.98  83.85 54.38 63.38
IDV21 93.39 83.13  26.88  25.00 46.00 52.13
P 89. 66 86.27 80.69 69.68 63.69 71.29
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