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Concise line portrait generation method based on semantic segmentation

WU Tao'"?, DONG Xiaoli’, MENG Wei'?, XU Jian’, QIN Hong™, LI Weijun*
(1. School of Information Science and Technology, Beijing Forestry University, Beijing 100083, China; 2. Engineering Research

Center for Forestry-oriented Intelligent Information Processing of National Forestry and Grassland Administration, Beijing 100083,
China; 3. Institute of Semiconductors, Chinese Academy of Sciences, Beijing 100083, China; 4. School of Microelectronics, Uni-

versity of Chinese Academy of Sciences, Beijing 100045, China)

Abstract: Currently, mainstream line extraction algorithms have weak detection capabilities for edges with inconspicu-
ous regional contrast, and they use an undifferentiated and unified processing strategy for all regions. The generated line
drawings are often complex, which is very unfavorable for robot manipulator drawing. Given this situation, this paper
proposes a concise line portrait generation based on the semantic segmentation (CLPG-SS) method. In this method, se-
mantic segmentation is performed on the face image, and the face is divided into different regions. Edge contour and fa-
cial detail lines are extracted based on different regions, and edge tangent flow is optimized to enhance the direction in-
formation. On this basis, the line image is used to generate the harmonic image, and the optimized edge tangent flow, fa-
cial semantic segmentation results, and harmonic image are used to adjust the parameters of the line extraction method
for different segmentation regions to realize the line filtering of the detail independent region and line enhancement of
the detail focus region, generating a concise line portrait. The experimental results showed that the proposed CLPG-SS
method could effectively extract the main contour lines of a human face, adjust the detail lines for different regions, and
improve the rendering efficiency of a robot manipulator.

Keywords: semantic segmentation; region contour; edge tangent flow; concise line portrait; face line extraction; fdog;

parameter adjustment
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Table3 Comparison of the drawing time of the line por-

trait manipulator generated by different methods
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