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Abstract: With the expansion of industrial production processes, it is increasingly important to ensure the safe, stable
and efficient operation of production processes. Therefore, it is meaningful to monitor the industrial processes timely and
effective. Generally speaking, data collected from industrial processes often contain strong dynamicity. Thus it is extremely
important to extract and analyze the dynamic information of process data. In this paper, we propose a new fault diagnosis
framework based on dynamic-inner principal component analysis and combined with hidden Markov model. The dynamic
process fault detection and classification are realized by this framework. Firstly, the dynamic-inner principal component
analysis is used to extract the dynamic relationship among the normal data; then, dynamic features are modeled to build
the fault detection framework using hidden Markov model; and the fault data are also modeled by hidden markov model to
build the fault classification model; finally, the Tennessee Eastman process is used to test the effectiveness and superiority
of the proposed framework.
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Table 2 Fault detection rate and alarm rate

DiPCA
i
R SR K% SR %

DiPCA-HMM

1 99.8 1.6 99.8 1.2
2 99.1 1.9 99.3 1.2
4 91.7 32 100 1.8
5 26.6 3.1 25.2 1.9
6 99.6 1.9 100 04
7 75.7 3.8 100 4.1
8 97.7 2.6 99.4 1.9
10 26.8 1.3 49.3 0.9
11 71.04 7.1 92.2 6.7
12 97.8 1.9 99.7 1.5
13 95.3 32 95.9 0.6
14 99.8 4.5 100 2.5
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