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Fig. 1 Algorithm flow chart
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Fig. 2 U-Net structural diagram
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Table 1 Experimental results of GAN assisted packaging appearance design with double discriminator
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Table 2 Comparison table of experimental results of draw bar box
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Appearance Design Method of Packaging Product Based on Dual Discriminator GAN

LI Jiaxin, SUN Liujie, WANG Wenju

( College of Communication and Art Design, University of Shanghai for Science and Technology, Shanghai 200093 )

Abstract: To solve the problems of long design cycle, great design difficulty and relatively high design cost in
the traditional packaging product design, the dual discriminator GAN was applied to the packaging product design. On
the basis of BicycleGAN, a local discriminator was added, and the corresponding loss function and objective function
were reconstructed. In the experiment, the input object was the image pair of "edge image + original image", and the
output object was the image with the top 10 authenticity probability. The experimental results were evaluated from three
aspects: diversity, PSNR value and SSIM value. The results showed that the image generated by dual discriminator Gan
not only had better diversity, but also improved the image detail quality. Therefore, it was feasible to apply the dual
discriminator Gan to the appearance design of packaging products. On one hand, it could provide designers with design
inspiration, on the other hand, it could save human and material resources, and improve working efficiency.

Keywords: dual discriminator GAN; appearance design; image translation
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