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Feature learning and fault diagnosis in multivariate process
with convolutional neural network

CHEN Shumei, YU Jianbo
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Abstract: A multivariate process fault diagnosis model is proposed based on convolutional neural network (CNN) ,
aiming at extracting effective features from complex multivariate processes and improving fault diagnosis
performance. First, the high-dimensional process signals are normalized and then converted into images. Second, a
lightweight CNN network composing of multi-layer convolution filters and sub-sampling filters is convolved with
images through multiple convolution kernels, using local connections and shared weights to remove noise and
interference information to obtain the high-level abstract representations of process data. Finally, a Softmax layer is
used in a supervised way to implement fault diagnosis. Tennessee Eastman Process is used to verify the effectiveness
of proposed model and compare the performance between the proposed model with classical classifiers and deep
neural networks. The results show that the fault diagnosis accuracy is improved by converting high-dimensional
process signals into images. The t-SNE visualization analysis method is used to illustrate the powerful feature
extraction ability of proposed model. The features extracted by the proposed model are sent to the traditional
classifiers and the accuracy of fault identification is significantly improved, which further illustrates the benefit of
effective feature extraction for improving the fault diagnosis accuracy and reliability. Compared to unsupervised
learning, the proposed model with the guidance of label helps to extract more efficient, stable, and abstract feature
representations.
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process based on MPCNet
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Tab.3  Confusion matrix for fault diagnosis results based on MPCNet

%
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Tab.4  Comparison of fault recognition rates between MPCNet and conventional classifiers %
‘ b
Gy Average
4 5 11 13 14 16 19 21

MPCNET 86.88 90.27 78.50 84.30 92.73 90.22 74.56 88.77 85.78
SDAE 79.92 50.34 66.89 73.75 83.87 81.27 85.20 54.80 72.01
BPN 79.92 84.56 69.84 76.68 83.87 80.94 68.95 65.48 76.28
SVM, ¢ 80.30 40.93 22.95 64.78 34.76 80.93 45.13 63.70 54.19
SVMggr 79.92 89.26 72.79 76.41 84.22 82.94 83.75 81.14 81.30
LVQ 74.62 42.95 27.54 68.77 79.57 75.25 56.32 60.50 60.69
KNN 69.32 40.27 25.90 73.09 83.87 54.18 37.91 58.72 55.41
DT 78.79 74.83 70.16 75.42 84.95 69.90 63.18 79.36 74.57
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Tab.5 Fault recognition rates of conventional classifiers based on features extracted by MPCNet %
; {3
ZES G Average
4 5 11 13 14 16 19 21
BPN 86.17 80.89 85.71 94.12 94.97 87.32 85.51 89.47 88.02
SVM, ¢ 89.36 77.47 86.41 95.16 96.31 85.14 74.56 85.61 86.25
KNN 87.23 70.99 70.03 84.78 84.90 77.17 55.83 69.82 75.09
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Tab.6  Comparison of five-cross validation between MPCNet and conventional deep network models %
B o
i st Average
4 5 11 13 14 16 19 21

85.20 91.19 85.48 85.56 92.06 96.41 67.02 82.99 85.74

84.18 80.21 72.43 83.96 91.53 92.82 80.32 87.05 84.06

VPCN 85.71 86.98 78.38 83.33 93.12 91.79 72.34 83.94 84.45
ot 85.20 80.21 71.89 84.95 87.23 90.26 65.78 87.56 81.64
83.16 81.25 84.32 87.63 86.70 86.60 62.03 83.94 81.96

83.57

46.52 48.53 20.51 53.52 28.98 15.34 0 0 26.68

50.75 53.89 0 33.51 63.13 0 0 34.92 29.53

DBN 51.55 41.62 11.98 37.81 64.10 0 0 0 25.88
51.81 49.01 12.43 52.76 0 0 0 69.61 29.45

56.44 53.51 6.06 25.81 0 0 87.20 28.63

28.03

46.52 50.49 47.69 46.95 48.86 23.81 44.38 30.41 42.39

48.75 59.59 31.55 46.91 40.22 42.70 61.06 43.39 46.77

SDAE 51.03 43.15 29.94 38.81 33.33 56.78 38.83 47.69 42.45
51.30 50.00 25.95 51.26 40.31 66.01 23.63 43.09 43.94

53.37 54.59 24.75 48.39 42.39 39.47 73.97 39.34 47.03

44.52

79.08 73.58 45.70 62.03 84.58 81.03 42.55 64.43 66.62

83.67 69.27 56.22 57.75 78.61 83.59 42.02 63.21 66.79

Veol6 87.76 73.44 57.30 60.22 82.09 82.05 42.05 60.62 68.25
&8 79.08 69.79 52.43 54.84 77.50 85.64 45.45 61.66 65.80
84.69 67.19 56.22 68.82 74.00 82.99 46.52 61.14 67.70

67.03

79.59 67.17 45.16 63.64 83.58 81.54 43.62 64.43 67.22

83.16 70.31 54.05 60.43 79.60 83.08 48.94 69.95 68.69

Vggl9 87.76 73.96 50.81 61.29 80.60 81.54 39.36 64.77 67.51
80.10 72.40 52.97 54.84 78.50 85.64 43.32 62.18 66.24

82.65 69.79 52.97 70.43 74.50 82.99 41.18 65.80 67.54

67.44

79.59 65.80 42.47 52.94 82.09 81.03 40.96 61.45 63.28

83.67 60.42 48.65 52.94 75.12 82.56 47.34 63.21 64.24

87.24 64.06 52.43 51.08 80.60 82.05 39.89 64.77 65.27
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