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An improved segmentation algorithm based on GrabCut

Wang Qian, He Xiaohai, Wu Xiaohong , Wu Xiaoqgiang , Teng Qizhi
(Institute of Image Information, School of Electronics and Information Engineering , Sichuan University ,

Chengdu 610065 , China)

Abstract: To slove the problem that GrabCut does not have satisfactory segmentation effect for images with obscure fea-
tures and complex textures and it needs user interaction, an improved segmentation algorithm based on GrabCut was pro-
posed. Firstly, image enhancement was used, to improve the image with less detailed features. Secondly, YOLOv4 net-
work was trained and the image was put in YOLOv4 to get the rectangular position of the foreground target. Thirdly,
Gaussian Mixing Model (GMM) was incorporated location information of image pixels and texture feature information extract-
ed by LBP operator, to optimize GMM model parameters and improve GrabCut algorithm. Finally, the original segmented
image was obtained by combining the segmented image mask with the original image. The experimental results show that
the proposed method performs better on images with less detailed features and complex texture information.
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