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Condition recognition of high-speed train based on multi-view
weighted clustering ensemble

RAO Qi, YANG Yan™, TENG Fei
(School of Information Science and Technology s Southwest Jiaotong University s Chengdu 611756, China)
Abstract; With the rapid development of China’s high-speed train industry, some safety problems arising
from the high-speed train operation are attracting more attention. Since the monitoring signals of the high-
speed trains collected by sensors are nonlinear and non-stationary, it is difficult to identify the fault
conditions of high-speed train. Therefore, in this paper., a multi-view clustering ensemble model based on
weighted non-negative matrix factorization (WNMF) is proposed to it. Firstly, the vibration signals are
analyzed the frequency domain, time-frequency domain and time domain. And the multi-views are obtained
by extracting the eigenvector from the four aspects of the vibration signal, which are fast Fourier
transform, wavelet packet energy, approximate entropy and fuzzy entropy of empirical mode
decomposition, and the mechanical statistical characteristics. And then the clustering result of each view is

obtained by the K-means. Secondly, two kinds of weight of the views are generated respectively by the
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contribution and the similarity of the clustering partitions. Finally, the output results of multiple

clustering and the weights are combined for WNMF to ensemble. The experimental results show that the

model can better identify fault conditions of high-speed trains.

Key words: high-speed train; condition recognition; multi-view; clustering ensemble; feature extraction
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Tab.1 NMI of every views at the different speed

Speed Viewl View2 View3 View4d NMF WNMF1 WNMEF2
120 km/h 0.866 0 0.711 2 0.762 5 0.629 8 0.898 7 0.909 4 0.933 3
140 km/h 0.793 7 0.685 2 0.808 2 0.643 3 0.892 1 0.922 2 0.932 4
160 km/h 0.826 0 0.668 6 0.736 8 0.762 5 0.884 7 0.929 4 0.903 9
200 km/h 0.732 7 0.559 7 0.801 1 0.709 8 0.868 6 0.916 8 0.921 5
220 km/h 0.855 5 0.639 2 0.679 6 0.652 5 0.865 6 0.895 7 09157

F2 AEEETHRWED F-measure &
Tab.2 F-measure of every views at the different speed

Speed Viewl View?2 View3 View4 NMF WNMF1 WNME?2
120 km/h 0.824 5 0.739 3 0.758 6 0.708 4 0.893 3 0.955 9 0.958 8
140 km/h 0.801 7 0.791 9 0.813 7 0.779 9 0.881 0 0.959 7 0.967 6
160 km/h 0.825 7 0.718 6 0.799 3 0.805 5 0.900 8 0.904 9 09151
200 km/h 0.784 7 0.630 1 0.800 1 0.746 0 0.879 2 0.904 7 0.946 3
220 km/h 0.815 7 0.682 1 0.842 9 0.731 6 0.905 2 0.946 2 0914 7

x3 AEEETHEZAEEEN NMIE
Tab.3 NMI of multi-view algorithms at the different speed

Speed RMKMC KASC CRMS RMSC NMF WNMF1 WNMEF2
120 km/h 0.716 6 0.806 5 0.871 6 0.785 4 0.898 7 0.909 4 0.933 3
140 km/h 0.701 2 0.866 4 0.927 8 0.828 7 0.892 1 0.922 2 0.932 4
160 km/h 0.667 1 0.820 1 0.887 3 0.818 1 0.884 7 0.929 4 0.903 9
200 km/h 0.549 2 0.883 4 0.938 9 0.744 8 0.868 6 0.916 8 0.921 5
220 km/h 0.486 6 0.918 5 0.932 2 0.745 3 0.865 6 0.895 7 09157
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Tab.4 F-measure of multi-view algorithms at the different speed
Speed RMKMC KASC CRMS RMSC NMF WNMF1 WNMEF2
120 km/h 0.690 2 0.771 6 0.849 0 0.759 8 0.893 3 0.955 9 0.958 8
140 km/h 0.679 3 0.832 1 0.939 8 0.837 9 0.881 0 0.959 7 0.967 6
160 km/h 0.648 3 0.787 8 0.890 9 0.804 1 0.900 8 0.904 9 0.915 1
200 km/h 0.605 4 0.892 4 0.944 5 0.730 4 0.879 2 0.904 7 0.946 3
220 km/h 0.576 1 0.892 8 0.960 7 0.734 9 0.905 2 0.946 2 0.914 7
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