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Dimension reduction method of fault data set based on BDMA

CHANG Shuyuan ZHAO Rongzhen CHEN Bo HE Tianjing SHI Mingkuan
( School of Mechanical and Electronical Engineering Lanzhou University of Technology Lanzhou 730050 China)

Abstract: Here aiming at the problem of existing multi-manifold learning methods without considering information
of boundary between manifolds to make data after dimension reduction difficult to classify a new boundary margin
discriminant multi-manifold analysis ( MDMA) method was proposed. It was shown that MDMA simultaneously considers
intra—class similarity inter—class difference homogeneous manifold structure and heterogeneous manifold structure of data.
In order to avoid the small sample problem in process of dimension reduction these four points were summarized as the
exponential trace quotient optimization structure when constructing an objective function. This new method was verified
with test data set of 2 rotor systems. The results showed that compared with several other typical dimension reduction
methods the proposed method can more effectively extract the discrimination information contained in data; it can have
better classification performance in fault recognition.
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