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Abstract: As a traditional feature extraction algorithm, Canonical Correlation Analysis (CCA) has been

excellently used for the field of pattern recognition. It aims to find the projection direction that makes the

maximum of the correlation between two groups of modal data. However, since the algorithm is an

unsupervised linear method, it can not use intrinsic geometry structures and supervised information hidden in

data, which will cause difficulty in dealing with high-dimensional nonlinear data. Therefore, this paper proposes

a new nonlinear feature extraction algorithm, namely Graph Enhanced Canonical Correlation Analysis

(GECCA). The algorithm uses different components of the data to construct multiple component graphs, which

retains effectively the complex manifold structures between the data. The algorithm utilizes the probability

evaluation method to use class label information, and the graph enhancement method is utilized to integrate

the geometry manifolds and the supervised information into the typical correlation analysis framework.

Targeted experiments are designed on the face and handwritten digital image datasets to evaluate the

algorithm. Good experimental results show the advantages of GECCA in image recognition.
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