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Fig.1 Framework of the multi — tasking network
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Tab.3 Building object segmentation results of remote sensing image by using different methods
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Tab.4 Visualization of the boundary distance prediction layer output
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Fig.2 Line chart of training period and loss value
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Fig.3 Building object segmentation results of a factual remote sensing image by using different methods
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Multi - task learning for building object semantic segmentation of
remote sensing image based on Unet network

LIU Shangwang' ™, CUI Zhiyong'”, LI Daoyi'”
(1. College of Computer and Information Engineering, Henan Normal University, Xinxiang 453007, China; 2. “Intelligent
Business and Internet of Things Technology” Henan Engineering Laboratory, Xinxiang 453007, China)

Abstract: In order to accurately segment the building object of high — resolution remote sensing image , this paper
proposes a multi — task learning method based on Unet network . Firstly, boundary distance map is generated from
the ground — truth map of the building object remote sensing image ; the boundary distance map , original remote
sensing image and ground — truth map together are regarded as the input of Unet network . Then, based on the
ResNet network , a multi — task network is built by adding the building object prediction layer and the boundary
distance prediction layer at the end of the Unet network . Finally, the loss function of the multi — task network is
defined , and the network is trained by using Adam optimization algorithm . Experiments on the Inria aerial remote
sensing image building object dataset show that , compared with the full convolutional network combined with the
multi — layer perceptron method, the intersection — over — unions of VGG16, VGG16 + boundary prediction,
ResNet50 and this method have been increased by 5. 15, 6.94, 6.41, and 7. 86 percentage points, and the
accuracy has been increased to 94. 71% , 95.39% , 95.30% , and 96. 10% respectively , which ensures that the
building object of high — resolution remote sensing image can be segmented effectively .

Keywords: Unet network ; multi — task learning ; remote sensing image ; semantic segmentation ; ResNet network
(RERE: BF &)



