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ABSTRACT

The line drawing generation model aims to generate stylized line drawing images from original photographs
using style transfer techniques. Prior work trained semantic and geometric information from photographs to
generate line drawing without paired line drawing. It utilized CLIP (contrastive language-image pretraining) for
semantic information and employed depth estimation for geometric information. Due to lack of ground-truth
depth information, baseline used pseudo-labels instead of ground-truth, showing lower performance than using
ground-truth. Therefore, our approach aims to generate high-quality line drawing images by incorporating an
object segmentation method that utilizes ground-truth of depth information. By adding object segmentation
information, it compensates insufficient ground-truth information for depth estimation and added geometric
information such as background and shading. As a result, our approach achieved better performance on the

publicly available various image datasets for line drawing.
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Fig. 1. Visualization of ours and baseline[1]. Data: KITTI[12]
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Table 1. Perceptual evaluation using CLIP Score and User Study for baseline[1] and ours in MIT-Adobe FiveK[10],

COCO-Stuff[9], KITTI[12] datasets
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CLIP AH( 1) User Study( 1) User Study( 1) User Study( 1) User Study( 1)
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