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Adversarial grayscale image colorization combined
with global semantic optimization
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(1. Changchun Institute of Optics, Fine Mechanics and Physics ,
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Abstract: The current colorization algorithms generally suffer from color boring. color bleeding and
detail loss. In order to address these problems, this paper proposes a adversarial colorization algorithm
combined with global semantic optimization. The generator adopts the improved U-Net network. On
the one hand, the improved U-Net gradually obtains multi-scale features and global feature by

multiple convolution during the downsampling process. At the same time, the global feature and
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multi-scale features get adaptive fused in the skip connections, thus it can effectively enhance
algorithm’s ability to understand global semantic and ease the color bleeding. On the other hand, the
improved U-Net network integrates the channel attention module in the upsampling process, which
can effectively suppress the noise and reduce the feature redundancy when the convolutional features
are extracted. The discriminator mainly adopts full convolution structure and achieves the purpose of
optimizing the generator by reverse error transfer. In addition, the loss function combines the optimi-
zation idea of WGAN-GP with color loss to solve the gradient disappearance and mode collapse prob-
lems in the training of traditional GAN. The proposed algorithm is tested on Place365 test set, and the
PSNR, SSIM and IE indexes are 24.455 dB, 0.943 and 7.489, respectively. The test results show that

the proposed algorithm can alleviate color bleeding, and has certain advantages in detail retention and

color saturation.

Key words: global feature; channel attention module; WGAN-GP; image colorization
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