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Research on an Improved Method of Generative Adversarial
Networks Image Coloring
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Abstract : It is time—consuming and labor—intensive to take a black and white photo/image and then paint it with a hand holder. In order
to improve the efficiency and visual effect of black —and — white photo/image, we propose a coloring algorithm based on improved
generative adversarial networks with deep learning convolutional neural network. The U-shaped structure of the original model pix2pix
(image—-to—image translation with conditional adversarial networks) is adopted and a self-attention mechanism is introduced to improve
the color diversity of the output image. Followed by the use of instance normalization to further optimize the network structure, the
generator and discriminator continue to compete against each other during network training, while the model continuously learns and
optimizes the mapping of black and white photo/image to corresponding color images. Finally the automatic coloring of black and white
photo/image is realized, and the experimental results using objective quantitative indicators ( MSE, PSNR and SSIM) are evaluated,
which show that the proposed algorithm can quickly and effectively achieve the unsupervised coloring of black and white photo/image
while maintaining better visuals.
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