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Data Enhancement Method Combining Image
Matting and Copy-Paste

YANG Tiancheng, YANG Jianhong, CHEN Weixin

(College of Mechanical Engineering and Automation, Huaqiao University, Xiamen 361021, China)

Abstract: A data enhancement method (matting-paste) based on image matting and copy-paste is proposed.
Using the image matting method to obtain the precise contour of a single waste instance, and rotation and
brightness transformation are carried out for each instance. Instances are pasted onto the background image ac-
cording to the object’s contour information, and new annotated data can be generated without additional manu-
al annotation, which improves the diversity and complexity of the dataset. The results show that the recogni-
tion precision of mask after dataset augmentation is improved 0. 039 compared with before dataset augment.
Matting-paste can effectively augment the data and further improve the the recognition precision of the model.
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Fig. 3 Segmentation effect of MODNet
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Fig. 5 Annotation contours with different methods
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