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A Building Segmentation Method Based on Deep Convolution
Networks for Remote Sensing Imagery

YU Wei,LONG Hui-yun
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Abstract ; Building extraction technique based on large—scale optical remote sensing images plays an important role in the field of remote
sensing image analysis. But in the real environment,due to the big range of urban building’ s size,the complexity of building’ s colors,
texture and contour, the occlusion of trees,as well as the illumination intensity, the precision of building segmentation is decreased. In
order to improve the accuracy of building segmentation, two kinds of end—to-end full convolution networks (FCN) are proposed and re-
alized , then crop layer is added to these two models to solve the visible boundary on predicted patches. Meanwhile IOU index are added
into the loss function to improve the segmentation accuracy. These two networks use different scale images as input,and the two output

images are fused in a weighted way. The experiment on Inria aerial imagery dataset shows that this method is effective in building seg-

mentation of remote sensing imagery.
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