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Abstract At present, building extraction from high-resolution remote sensing images using deep neural network
is viewed as a binary classification problem, which divides the pixels into two categories, building and non-
building, but it cannot distinguish individual buildings. To solve this problem, the U-Net modified with Xception
module and multitask learning are combined to apply to the instance segmentation of buildings, which both
acquires the binary classification and distinguishes the individual buildings. Inria aerial imagery is used as the
research dataset to validate the algorithm. The results show that the binary classification performance of U-Net
modified with Xception outperforms U-Net by about 1.4%. The multitask driven deep neural network not only
accomplishes the instance segmentation of buildings, but also improves the accuracy by about 0.5%.
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Fig. 1 Inria aerial image dataset
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Fig. 2 Multi-task driven instance segmentation model
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Fig. 3 Overall flow chart of instance segmentation and low-dimensional visualization of high-dimensional feature vectors
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Fig. 6 Building extraction by different network architectures
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Fig. 7 Instance segmentation of sparse buildings
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Fig. 8 Instance segmentation of dense buildings
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Fig. 9 Example of instance segmentation and low-dimensional visualization of high-dimensional feature vectors
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