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A Novel Method for Deep Causality Graph

Modeling and Fault Diagnosis

TANG Peng' PENG Kai-Xiang' DONG Jie!

Abstract To achieve integrative modeling of fault detection and
diagnosis for complex industrial process, this paper proposes a
novel deep causality graph modeling method. The deep causality
graph model is constructed based on recurrent neural network.
Group Lasso sparse penalty term is introduced into model
training to detect the causality among process variables
automatically. Then the conditional probability prediction
models learned from deep causality graph model are used to
establish single variable monitoring index for each process
variable. An integrated global monitoring index is obtained for
fault detection in the whole industrial process. Once fault is
detected, the variable contribution indexes are built to isolate
fault-related variables, and the local causality directed graph
network built by fault-related variables is used for root cause
diagnosis and propagation pathway identification. Finally, the
proposed framework is simulated by the Tennessee Eastman
benchmark process data. The experimental results verify the
effectiveness of the proposed method.
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Fig.1  The network structure of single node prediction model for deep causality graph
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The fault detection and diagnosis based on deep causality graph model
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