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Fault detection for redundant pressure sensors in main steam system in
nuclear power plants

JIN Dian',XIE Shan'* ,DING Jun', WU Yichun',LI Ning',CAO Peigen®
(1. College of Energy,Xiamen University, Xiamen 361102, China;2. Fuging Nuclear Power Plant, Fuzhou 350300, China)

Abstract : Redundant sensors are installed for measurement of critical parameter in crucial systems in nuclear power plants (NPPs)
to ensure the operation safety, and status of the sensor will directly influence the results of measurements. Now it is difficult for
traditional sensor calibration methods (simple average. instrumentation and calibration monitoring program. parity space. etc. )
commonly used in NPPs to recognize the faulty redundant sensors when redundancy of systematic parameter is 3 or low. In this
article, independent component analysis combined with sequential probability ratio test(ICA-SPRT)is proposed for fault detection in
redundant sensors,and is validated by the dataset {from redundant pressure sensors in main steam system in NPPs. Compared with
results of simple average,the method cannot only outperform traditional ones but also accurately detects the drift of sensors’ signal
in time and provides more time for fault analysis and maintenance of sensors.

Keywords : independent component analysis(ICA) ; sequential probability ratio test(SPRT) ; nuclear power plant; redundant sensors

calibration;fault detection



