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Image stylization transfer using generative adversarial neural networks

DONG Wei, ZHAO Jieyu’
( Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo 315211, China )

Abstract: This paper proposes a novel neural style transfer algorithm. The Structural Similarity Index
Measurement (SSIM) with the Least Squares Generate Adversarial Nets (LSGAN) is adopted to build a model
for image repainting with neural styles. Through the adversarial training and reconstruction constraints, the
model can generate a more realistic and reasonable stylized picture. Two groups of experiments are performed
with CHUK sketch-photo dataset and a Chinese ink-painted style dataset (named beihong-photo which is
constructed by the authors’ lab). Experimental results show that the presented method achieves a more
acceptable state-of-art effect compared with those from the most popular algorithms, including DualGAN,
CycleGAN, Pix2Pix and the classic GAN.

Key words: structural similarity index measurement; least squares generative adversarial nets; image art
stylization; non-photorealistic rendering



