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Semantic Segménfation of Natural Disaster Remote Sensing Image Based on Deep Learning

WANG Guan-Ming, HU Nai-Ping
(College of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266061, China)

Abstract: There are many kinds of natural disasters, and it is relatively difficult to semantically segment remote sensing
images. In order to better realize remote sensing image segmentation, this study proposes a three-layer semantic
segmentation model for remote sensing images based on a generative adversarial network. For the analysis of different
scenes, a multi-level remote-sensing semantic segmentation framework is designed based on ;fuily convolutional
network (FCN). The semantic segmentation of remote sensing images is effectively performed, and thus the segmentation
accuracy of the model is enhanced. Experiments show that this model is effectiv"e, which can be directly observed from
the segmentation results of damaged buildings, with mloU being 8228 %. In addition, this model is compared with other
network models, and its performance evaluation index is significantly better than that of other network models. Finally, a
reliable data report is provided to emergency management departments by analyzing various scene images of natural
disasters. '
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