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Attention Capsule Network based on Transfer Learning
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[ Abstract] In recent years, Capsule Network (CapsNet) has received great attention in image classification because it replaces
traditional neurons with capsules and overcomes the defects of losing position information in Convolutional Neural Network ( CNN).
Since the research of CapsNet is still in its infancy, most research results of CapsNet have poor classification performance on
complex datasets. To solve this problem, a new capsule network is proposed to complete the image classification task, named
Attention Capsule Network based on Transfer Learning, by improving the feature extraction network through transfer learning and
integrating the attention module. Firstly, a 9-layer feature extraction network with the ELU activation function is used to extract
features; secondly, the parameters obtained from the feature extraction network training on the ImageNet dataset are used on the
CIFARI10 dataset through Transfer Learning; thirdly, the attention module is stacked after the feature extraction network to extract
key features. Finally, experiments on public datasets including CIFAR10, SVHN, MNIST, and FashionMNIST show that the
proposed Attention Capsule Network based on Transfer Learning can achieve ideal classification accuracy on both simple and
complex datasets.
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Fig. 1 The sketch of capsule in a CapsNet
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