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Deep Convolutional Neural Network for Visual SLAM Deblurring
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m In this paper, an efficient deep convolutional neural network (CNN)—based
image deblurring method is proposed. The network architecture is based on
conditional generative adversarial network integrated with stacked encoder—decoder
architecture and skip connections. Experiment results show that the proposed
method achieves good image deburring performance and in the meanwhile reduce
the testing time and required memory resource.

image deburring; CNN; generative adversarial network
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