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Seal GAN: Research on the Seal Elimination Based on Generative Adversarial Network

LI Xin-Li' ZOU Chang-Ming' YANG Guo-Tian' LIU He'

Abstract Invoice is an important part of the financial system. With the development of computer vision and artifi-
cial intelligence technologies, various automatic invoice identification systems have been developed. However, the
seals on the invoice often affect the identification success rate. In this paper, the Seal GAN network structure is pro-
posed, which can automatically eliminate the seal of invoice. Seal GAN network is an improvement based on gener-
ative adversarial network CycleGAN. The two discriminant networks are replaced with two independent classifiers
in the Seal GAN, which reduces the classification requirement of each classifier, and the learning performance of clas-
sifiers can be improved. In addition, it combines the ResNet and UNet structures to construct a downsampling-re-
fining-upsampling generation network, which can generate clearer images of invoice. And the network comprehens-
ive evaluation index, including style evaluation and content evaluation, is proposed to evaluate the performance of
network. Experimental results demonstrate that the Seal GAN network can not only eliminate the seal automatic-
ally, but also retain the invoice content under the seal clearly, and the network performance evaluation index is
higher than that of the CycleGAN-ResNet and CycleGAN-Unet.
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Fig.1  Generative adversarial networks structure
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