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Sketch Colorization Method with Drawing Prior

DOU Zhi, WANG Ning, WANG Shi-jie, WANG Zhi-hui and LI Hao-jie

College of Software Technology,Dalian University of Technology,Dalian, Liaoning 116000, China
Abstract Automatic sketch colorization has become an important research topic in computer vision. Previous methods intent to
improve the colorization quality with advanced network architecture or innovative pipeline. However, they usually generate results
with concentrated hue, unreasonable saturation and gray distribution. To alleviate these problems, this paper proposes a sketch
colorization method with drawing priors. Inspired by the actual coloring process.this method learns the widely used drawing pri-
ors (such as hue variation,saturation contrast.and gray contrast) to improve the quality of automatic sketch colorization. Speci-
fically,it incorporates pixel-level loss in the HSV color space to gain more natural results with less artifacts. Meanwhile, three
heuristic loss functions that introduce the drawing priors such as hue variation,saturation and gray contrast are used to train our
method to generate results with harmonious color composition. We compare our method with current state-of-the-art methods on
test dataset constructed by real sketch images. Fréchet inception distance (FID) and mean opinion score (MOS) are adopted to
measure the similarity between the distribution of real and generated images and the visual quality,respectively. Compared to the
second-best method, the experimental results show that the FID of our method decreases by 21. 00 and the MOS increases by
0. 96, respectively. All the experimental results prove that the proposed method effectively improves the visual quality of automa-
tic sketch colorization.

Keywords Automatic sketch colorization, Deep learning, Generative adversarial networks (GAN), Drawing prior. HSV color

space
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Table 1 Quantitative comparison of FID and MOS
Algorithm FID MOS
Sketch extractor dataset 53.296 0 —

PaintsChainer Canna 130. 1324 3.0282
PaintsChaier Tanpopo 131.9673 2.0809
PaintsChainer Satsuki 147.1950 2.2290
Ci. et al 89.3694 3.2255

Our Method 68.3651 4.1827
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