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Abstract: Remote sensing image classification and semantic segmentation is a very valuable computer vision task. Due to the higher
demand for remote sensing information in real life, the research on high-resolution remote sensing images in the field of computer vision
is increasingly active. It is widely used in the fields of land resource monitoring,road extraction and land division. The detection of the
damage degree of buildings after natural disasters is also one of its application fields,and the purpose is to detect and evaluate the damage
degree of buildings after disasters. In recent years, with the development of deep learning, great progress has been made in the field of
remote sensing images. The application of deep learning in remote sensing image classification and semantic segmentation has achieved
great success, making it faster to analyze remote sensing image information and extract substrate features. It also greatly improves the
accuracy of processing remote sensing image—-related tasks. Therefore,the computer vision technology in deep learning is of great help to
the detection of the damage degree of buildings after natural disasters. We introduce the related tasks, difficulties and development status

of building damage degree detection after natural disasters based on deep learning. Then,the xBD dataset is introduced,and the related e-
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valuation criteria of different algorithm models are explained. Then, several convolutional neural network models applied to building

damage detection in deep learning methods are summarized and compared. Finally,the existing problems and possible future development

directions are discussed.

Key words:remote sensing image ;deep learning ; computer vision ; natural disasters ; building damage detection
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