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Vibrant fault diagnosis for hydro-turbine generating unit using minmax kernel
K-means clustering algorithm

ZHANG Xiaoyuan', ZHANG Xinping®, SU Baoping'
(1. College of Electrical Engineering, Henan University of Technology, Zhengzhou 450001, China;
2. XJ Group Corporation, Xuchang 461000, China)

Abstract: Fault diagnosis methods based on clustering analysis can cluster the fault samples into a certain class according
to their similarities without supervision, and thus become one type of effective fault diagnosis strategy. To overcome the
problem that traditional clustering methods are susceptible to the initial clustering centers, and thus poor local optima is
easily obtained, a MinMax kernel K-means clustering algorithm is introduced. In the proposed method, clusters are
assigned weights relative to their variances. And kernel trick is introduced to deal with linear inseparable problem in input
space. The proposed method is compared with the traditional K-means and K-means++ in some international standard
datasets. The comparison results show its effectiveness and advantage. Then, a fault diagnostic model based on MinMax
kernel K-means clustering algorithm is proposed. At last, the fault diagnosis model is applied in fault diagnosis for
hydro-turbine generating unit. The results illustrate the effectiveness of the proposed method.
This work is supported by National Natural Science Foundation of China (No. 51409095).
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Table 2 Comparison of global recall rate for

different algorithms
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