35 10 Vol. 35 No. 10
2018 10 Application Research of Computers Oct. 2018

PCA '

1 2% 2 2 2
(1. 530023; 2.
541004)
: PCA .
PCA ;
TP181; TP301.6 DA © 1001-3695( 2018) 10-3147-04

doi: 10.3969/j. issn. 1001-3695. 2018. 10. 062

PCA hashing for image data retrieval
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Abstract: In order to solve the inefficiency and time-consuming of traditional image retrieval algorithms this paper proposed
an image retrieval algorithm based on PCA hash. Specifically by combining PCA and manifold learning it reduced the di-
mensionality of the original high-dimensional data and then obtained hash function and the binarization by minimum variance
rotation. Then it converted the raw data matrix to a hash coded matrix. Finally obtained the sample similarity by calculating
the Hamming distance between samples. The experimental results on three public datasets show that the proposed hash algo—
rithm outperforms the existing algorithms under multiple evaluation criteria.
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