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Fig.2 Deep learning framework of building segmentation

in remote sensing image
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Fig.3 Deep learning framework
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Fig.10 Building segmentation result with intricate road
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Fig.17 Building segmentation in remote sensing image

with multi-resolution
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Building Segmentation in High Resolution Remote Sensing Image
by Deep ResNet
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Abstract: This paper addresses the buildings segmentation in high resolution remote sensing image and propos-
es an Encoder-Decoder architecture of deep learning with End-to—End model, in which Encoder is based on
ResNet, and the features needed by segmentation are exacted automatically, and the Decoder produces the seg-
mentation result by deconvolution. Furthermore, in the training process, batch normalization is employed to de-
crease the gradient competition, so as to reduce the difficulty of training the deep neural network. The experi-
ment results show that the algorithm effectively exacts the bulk feature and edge information of building in the
high resolution remote sensing image, therefore the complex road disturbance is suppressed convincingly, and
the building segmentation precision is improved effectively, the segmentation precision for three typical build-
ings, the building besides complex road, the ordered buildings and the complex single building, are 0.836 5,
0.892 4, and 0.629 7 respectively; and the F—-measure are 0.851 4, 0.878 6 and 0.729 8, respectively. Mean-
while, the experiment results for multi—resolution remote sensing images show that the method can be general-
ized to the multi—resolution image within limits.

Key words: High resolution remote sensing image ; Building segmentation; Deep learning ; ResNet; Batch nor-

malization



