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Incremental dimensionality reduction algorithm based on data
manifold boundaries and distribution state

ZHAO Guanghual, YANG Tao'”, FU Dongmeil’2

(1. School of Automation and Electrical Engineering, University of Science and Technology Beijing, Beijing 100083, China;
2. Shunde Innovation School, University of Science and Technology Beijing, Foshan 528300, China)

Abstract: To eliminate the impact of noise on incremental manifold learning and conduct manifold dimensionality re-
duction on new data under different distribution states, an incremental dimensionality reduction algorithm is proposed
based on data manifold boundaries and distribution state. In the algorithm, the probability distribution of noises is ana-
lyzed while simultaneously performing data noise reduction. The manifold shape of the data with noise reduction is de-
termined as the main manifold, wherein the distribution form of noise is represented to obtain the approximate manifold
boundary of the original data. Subsequently, the distribution state of the new data is determined based on the manifold
boundary. Finally, the new data distributed inside and outside the original manifold shape are mapped to the low-dimen-
sional space. Experiments reveal that the algorithm can effectively achieve the excavation of the low-dimensional fea-
tures of incremental high-dimensional noisy data based on manifold learning.

Keywords: incremental learning; manifold dimension reduction; noise; manifold boundary; probability distribution; pro-

jection; outlier detection; classification
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Fig. 8 Low-dimensional features of the datasets
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