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Avoiding checkerboard artifact in convolutional neural networks including
upsampling layers
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Abstract In convolutional neural networks with upsampling layers, represented by super-resolution methods, it
is known that checkerboard artifacts are generated. These artifacts are caused in upsampling layers such as de-
convolution and sub-pixel convolution layers. A condition to avoid the checkerboard artifacts for convolutional
neural networks is considered in this paper. Moreover, it is shown that the artifacts can be avoided by adding the
convolutional layer with a filter which satisfies the condition. To confirm the effectiveness of the proposed methods,
a number of experiments on state-of-the-art super-resolution methods are carried out. The experimental results
demonstrate that the proposed method can completely overcome checkerboard artifacts.

Key words Convolutional Neural Network, Checkerboard Artifact
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