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Accurate Segmentation Method of Aerial Photography Buildings Based on Deep Convolutional
Residual Network
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Abstract In order to solve the problems of high cost of obtaining the top plan view of the main outline of the building in the 3D
modeling scenario,low segmentation accuracy of the aerial photography building,interference on the roof of the building,etc. ,a
method of accurately segmenting the aerial photography building based on deep residual network is proposed,in which the posi-
tions of five points are expressed as heat maps as additional input channels of the network, and good segmentation effect is
achieved in the task of accurately segmenting the aerial photography building. Experimental results show that the proposed
method has higher segmentation accuracy and segmentation efficiency than the traditional semi-automatic segmentation method
Grabcut. It has better robustness and anti-interference than DEXTR method. This method can provide high-precision top-view
contour map and top-view picture of buildings for 3D reconstruction of buildings,and can also be used in the production process
of aerial photography building data sets as an accurate and effective mask annotation tool or semi-automatic contour annotation
tool to improve the annotation efficiency of datasets.
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Fig. 1 Aerial view of buildings with interference
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Fig. 2 Visualization of heat maps generated by two methods
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Fig. 4 Schematic diagram of E-DEXTR model
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Fig.5 Segmentation effect of the trained E-DEXTR model
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