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Multi-Band Principal Component Analysis Method

Guo Zhibo', Yan Yunyang®, Pang Chen'

(1. The College of Information Engineering. Yangzhou University, Yangzhou, 225127, China; 2. Faculty of Computer Engineer-

ing, Huaiyin Institute of Technology., Huai'an, 223003, China)

Abstract: Principal component analysis (PCA) is the well-known method in pattern recognition. Howev-
er, expanding original image matrices into the same dimensional vectors in classical PCA increase the
computational complexity. Here one presents a kind of multi-band principle component analysis ( MBP-
CA). The process can reduce the computational complexity thus improving the overall performance.
Firstly, the image is transformed into frequency data by the two-dimensional discrete cosine transform.
Secondly, frequency data is divided into a plurality of frequency bands according to its frequency range.
Finally, a principal component analysis method using a plurality of frequency bands is designed. The ex-
periments on ORL and NUST603 face database show that the proposed method has the ability to quickly
extract image features and performs better than the corresponding principal component analysis.

Key words: principal component analysis (PCA) ; multi-band PCA (MBPCA) ; feature extraction
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Fig.2 Ten images of someone in ORL human face database
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