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Research on images restoration of generative adversarial network
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based on improved attention mechanism
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[ Abstract] Aiming at the problems of semantic incoherence and unclear texture in damaged area repair, a generative adversarial
network images restoration method based on improved attention mechanism is proposed in this paper. U—net is used as the backbone
of the generator. In order to fully learn images features and improve the utilization of features in the encoder, an improved channel
attention module is introduced in the coding stage. At the same time, for the purpose of overcoming the dependence on information
over a long distance, a transfer connection layer is added to the jump connection layer to maintain the coherence of images
information. In addition, in the original reconstruction loss function and countermeasure loss function, guidance loss function and
style loss function are added to increase the stability of the whole network. The experimental results show that the proposed method
has achieved good restoration results on Celeb A and Places2 data sets.
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Fig. 1 The network model framework of this paper
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Fig. 3 Experimental results
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Tab. 1 Comparison of different algorithms using center mask
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