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[ Abstract] In order to improve the classification accuracy of convolution neural network, an improved Stacking
algorithm combining multiple convolution neural networks is proposed. The convolution neural network is used as the
base classifier to classify the data, and the new sample is then classified by the meta-classifier. In order to reduce the
dimension and correlation of the input data in meta-classifier,the dimension of output data of base classifier are reducted
by Principal Component Analysis( PCA) . Experimental results on classification accuracy of data sets show that,compared
with traditional Stacking,average posteriori probability based algorithm and class voting based algorithm , the classification
accuracy of the proposed algorithm is higher and more stable in similar networks and different types of networks.
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