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Incipient Fault Recognition of Rolling Bearings Based on Manifold Learning and One—class SVM
Liu Lijuan Chen Guo Hao Tengfei
Nanjing University of Aeronautics and Astronautics, Nanjing,210016

Abstract: A method was presented for incipient fault recognition of rolling bearings,which was based on
manifold learning and one— class SVM. Firstly, the original feature space was constructed with the domain pa-
rameters of bearing signals,and then the LE was used to compress the feature samples and acquire the sensi-
tive fault features, Finally the classification and recognition of all status were implemented with one — class
SVM. Besides, with the actual fault data of rolling bearings the method was confirmed and the feasibility was
indicated from the comparison of LE and principal component analysis.
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