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Abstract: A new object contour partition model based on the fully convolutional network, combined with the
idea of generative counter network and consistent attributes is proposed. Firstly, the image region partition
network is used as a generator to divide the image region. Then the structural similarity is used as the
reconstruction loss of regional division to supervise and guide model learning from the perspective of visual
system. Finally, the global and local context discrimination networks are used as double-path similarity to
supervise the reconstruction loss of regional division and guide model learning from the discriminators to
distinguish the truth and falsity of the results of regional division, and a joint loss is proposed to train the
supervision model in combination with the adversarial loss, so as to make the content of regional division true,
natural and with attribute consistency. The instantaneity and effectiveness of the method are verified by living

examples.
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