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Improved Neighborhood Preserving Embedding Algorithm
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(College of Mathematics, Liaoning Normal University, Dalian, Liaoning 116029, China)
Abstract Neighborhood persistence embedding (NPE) is a novel subspace learning algorithm that preserves the origi-
nal local neighborhood structure of the sample set while maintaining dimensionality. In order to further improve the re-
cognition function of NPE in face recognition and speech recognition, this paper proposed an improved neighborhood
preserving embedding algorithm (RNPE). On the basis of NPE, by introducing the interclass weight matrix,the disper-
sion between classes is the largest,the intra-class dispersion is the smallest, distribution constraint between the classes
is increased. The classification experiments are done by the extreme learning machine (ELM) classifier with Yale face

database, Umist face database,Isolet speech database. The results show that the recognition rate of RNPE algorithm is
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significantly higher than NPE algorithm and other traditional algorithms.
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