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Abstract ; Principal component analysis network (PCANet)is a simple deep learning network model but shows strong appli-
cation potential in many fields,especially in image recognition. In this paper,a new multi-stage feature fusion model based
PCANet (PCANet_dense ) is constructed by analyzing the structure of PCANet. Different from PCANet which only takes the
output of the former layer as the input of the latter layer, PCANet_dense uses the feature information of different layers. In
the two-layer network structure , it firstly cascades the original image features with the output of the first layer network ,and
then takes the fused features as the input of the second layer network. In the three-layer network structure,it cascades the
output of the first and the second layer in series as the input of the third layer network. Due to the use of more information
in each layer(except the first layer)in training process,the new model gets good performance. In order to verify the effec-
tiveness of the proposed method ,several comparative experiments on different face datasets,such as ORL,AR and Extended
Yale B,are established. The network model of PCANet and PCANet_dense are well constructed on CMU PIE dataset before
all the experiments. The experimental results show that the proposed multi-stage feature fusion PCANet method achieves
better performance than PCANet.
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