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Learning-based weakly—- and semi-supervised for image semantic segmentation
WANG Lei, ZUO Wangmeng
( School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] Image semantic segmentation is dedicated to recognizing the content of the image, and will recognize the category of
the pixel at each position in the image. The semantic segmentation method based on Fully Convolutional Networks (FCN) has made
great progress. However, this method requires a large number and extremely time—consuming pixel—-level labels. In order to solve
this problem, research based on weak supervision and semi—supervision has gradually attracted attention. How to make full use of
bounding box labels is a very difficult problem. In the current weakly supervised and semi—supervised algorithms, most of them use
handcrafted algorithms to generate image region proposals, which is relatively blunt and rough, and does not make full use of the
image s bounding box annotations. In response to the above problems, this paper proposes an image semantic segmentation algorithm
based on weakly and semi-supervised learning. Based on the fully convolutional segmentation network, the bounding box is used to
annotate information to learn a general image binary segmentation model, and then generate image region suggestions. This learning—
based algorithm generates image region suggestions, which can make better use of the global information of the image and the
position information of the bounding box. The experimental results on the benchmark dataset Pascal VOC mloU 67.6 prove that the
performance of the algorithm in this paper has surpassed the current best state—of—the—art algorithm.
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Fig. 1 The framework of weakly supervised semantic segmentation
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