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Fig. 1 Turbine fault tree
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Tab. 1 Fault tree number information
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Fig.2 Bayesian network model
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Fig. 3 Triangular fuzzy number membership diagram
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Tab. 2 Posterior probability and R,y ranking distribution
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Research on Fault Diagnosis of Hydraulic Turbine Based on Bayesian Network
SUN Shao-nan, LI Bo-yu,NIE Xiang-tian
(School of Water Conservancy, North China University of Water Resources and Electric Power, Zhengzhou 450000, China)
Abstract: In order to solve the current situation that hydraulic turbine fault diagnosis relies excessively on expert ex-
perience and has low efficiency, the historical data of hydraulic turbine fault and relevant expert experience were used to
establish the fault tree model for seeking the mapping between risk hidden danger and fault diagnosis. Through the con-
version of fault tree model and Bayesian network model, the probability importance and sensitivity of root node were
deeply studied by using the reverse diagnosis technology of Bayesian network. Hydraulic turbine components and fault
causes were inferred to realize the fault diagnosis.
Key words: Bayesian networks; fault diagnosis; fault trees; sensitivity analysis
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Attention Based Mechanism and Multi-sensor Information Driven

Fault Prediction System for Hydro-generating Units

TAN Gang' ,DU Lei-hao' , HU Bian®, HE Zhi-cheng'
(1. State Key Laboratory of Advanced Design and Manufacturing for Vehicle Body, Hunan University, Changsha
410082, China; 2. Hunan Wuling Power Technology Co. , Ltd. , Changsha 410004, China)

Abstract: To meet the fault prediction needs of hydro-generator units in the context of big data, combining the char-
acteristics of the attention mechanism with good feature extraction ability and the advantages of model robustness for
multi-sensor information driving, this paper proposed a fault prediction system of hydro-generating units based on the at-
tention mechanism and multi-sensor information driving. The system was applied to on-line monitoring of unit © 8 in Au-
gust for a hydropower station in Hunan Province. The actual operation results show that the system can effectively pre-
dict the vibration trend of the hydro-generator set and realize the intelligent prediction of the hydro-generator.

Key words: hydro-generators; deep learning; multi-sensor drive; attention mechanism; fault prediction





