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Image semantic segmentation of weakly supervised model with

bounding box annotations data

XU Shukui' , ZHOU Hao®
(1. Mobile Postdoctoral Center, The 28th Research Institute of China Electronic Technology Group Corporation, Nanjing 210007, China;

2. College of Systems Engineering, National University of Defense Technology, Changsha 410073, China)

Abstract: For the pixel level marked data of image segmentation is time consuming and expensive, the image segmentation under the weak

supervised model with bounding box annotations was studied. The high-resolution pixel features were extracted by a pyramid densely sampled fully

convolution network, and then the weakly supervised data by the GrabCut algorithm was transformed. Finally, the image features and the labeled

data were jointly trained. A model of weakly supervised image semantic segmentation based on fully convolution network was constructed and

verified on public data set. Experiments show that the constructed weak supervised model has a better segmentation effect compared with DET3-

Proposed model, expectation-maximization model and Bbox-Seg model.

Keywords : image semantic segmentation; fully convolution network ; weakly supervised model; GrabCut algorithm
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Fig.1 An example graph of the weak data of

bounding box annotations
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Fig.3 Comparison of two convolution layers
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