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Study of multi-model soft close-doop fault-tolerant control with sensor faults
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(1. College of Electrical & Information Engineering Lanzhou University of Technology Lanzhou 730050 China; 2. Dept. of Electrical & Elec—
tronic Engineering Lanzhou Petrochemical College of Vocational Technology Lanzhou 730060 China)

Abstract: There were some problems in domain of fault detection of sensor and fault-tolerant control such as difficult estab—
lishment of a precise mechanism model for a type of nonlinear system and the unreliability of the fault detection and fault
tolerance with a single model. In order to solve those problems this paper proposed a fault-tolerant control approach of multi—
model soft closedoop with sensor faults based on the data-driven and studied the stuck fault constant gain fault and constant
deviation fault in nonlinear system. Firstly this approach established three type prediction models of RBF neural network least
square support vector machine and kernel partial least squares for the system with historical data. The residual errors generated by
the multi-model could detect the sensor fault based on the SPRT( sequential probability ratio test) algorithm. Secondly it used the
fusion values of the multipredictive-models for the system instead of the output of the sensor when a sensor fault was detected
thus the approach of soft closedoop achieved the goal of fault<tolerant control of sensor faults for the system. And finally the
experiment applied the proposed method into the one-order tank liquid level control system. The experimental results show that
sensor fault diagnosis becomes more reliable based on integration of multiple residual errors and SPRT and the approach of soft
closedoop with optimized fusion of multiple predictive values can possess high safety and performance of fault<olerant.
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