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[ Abstract] For the limitations of sub-space model in face recognition with image sets,a face recognition method with
image sets based on Gabor wavelet transform and K-L Gaussian Riemannian Manifold ( GT-GRMD ) discriminant is
proposed. Firstly , Gabor wavelet transform is used to characterize feature vectors of faces in image sets. Then, Gaussian
components with priori probabilities in Gaussian Mixture Model (GMM ) are used to represent each image data set, and
credible K-L kernel function is used to represent different distances between Gaussian components. Finally, the proposed
weighted kernel discriminant analysis is applied to maximize distance between the Gaussian distributions, accessing the
underlying data distribution. Experimental result show that,compared with the method based on linear affinity sub-space,
the one based on nonlinear manifold and the one based on statistical model, the proposed method has higher recognition
rates on YTC and COX,and the ROC curve area on YTF is up to 85.91, with the best performance. Testing and training
time conparision results also show that this method is more suitable for off-line system of face recognition with image
sets.
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