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Fig.2 Example of non - building change area removal
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Building change detection method combining Unet and IR - MAD

XU Rui', YU Xiaoyu', ZHANG Chi', YANG Jin', HUANG Yu’, PAN Jun'
(1. State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing, Wuhan University,
Wuhan 430079, China; 2. Wuda Geoinformatics Company Limited, Wuhan 430223, China)

b

Abstract: The change detection of urban buildings through remote sensing images can help researchers grasp the
planning and implementation of urban buildings comprehensively , and assist urban managers to find and investigate
illegal buildings. This paper proposes a method for urban building change detection that combines Unet with IR -
MAD. This method first uses weighted small Unet and IR — MAD to detect suspected change pixels in remote
sensing images , and then fuses the suspected change pixels detection results based on voting to find out change
pixels. For optimizing the change pixel areas , morphological operations are performed to remove speckle noise and
fill holes in the changed pixel area. Finally, non — building change areas are removed based on the shadow
characteristics of the building to obtain building change detection results . Experiments show that this method can
detect building changes in remote sensing images more accurately than using only Unet or IR — MAD.

Keywords: convolutional neural segmentation network ; iteratively weighted multivariate change detection ; change

detection
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