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Abstract On the basis of the Locality Discriminative Canonical Correlation Analysis(LDCCA), this paper proposes a new supervised learning
algorithm called Generalized Locality Discriminative Canonical Correlation Analysis(GLDCCA) algorithm, which can utilize much effectively the
class information of samples in the covariance matrix. Meanwhile , Kernel Principal Component Analysis(KPCA) is used to solve the small sample
problem and avoid the linear constraint which PCA is subjected to. Experimental results on artificial data sets, facial database including ORL and
Yale show that the proposed GLDCCA algorithm is superior to CCA, LDCCA in recognition performance.
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