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Research on Intelligent Extraction Method of Spatial Objects from Online
High-Resolution Remote Sensing Images based on Tile-overlapping Strategy

YU Zhengyang', CHEN Jun', JIANG Minghua', MA Shiyan', QIN Xin’
(1. College of Resources and Environment, Chengdu University of Information Technology, Chengdu 610225, China;2. Sichuan water
conservancy Research Institute,Chengdu 610072, China)

Abstract ; The intelligent extraction of spatial objects from online remote sensing images is an important approach for the
machine intelligence perception of earth surface. However, how to use the Mask R-CNN model which limits the size of a
single image to effectively extract the spatial objects in the specified spatial range on the online remote sensing images is
a key problem to be solved. In this paper, an extraction method of spatial objects based on tile-overlapping strategy is
proposed to realize the intelligent extraction of spatial objects from online high-resolution remote sensing images. Firstly,
according to the size of the spatial objects on the high-resolution remote sensing images, the width and height of the de-
tection unit are set to 512 pixels, and the adjacent tiles are spliced into a series of overlapping detection units according
to a certain overlap rate. Then, Mask R-CNN is used to extract the spatial objects from each of the detection units. The
local coordinates of each extracted spatial object are converted to spatial coordinates through the coordinates and spatial
resolution of the upper left corner of the prediction box. Finally, the repeated objects of adjacent detection units are
fused through spatial overlap analysis to obtain the final spatial object sequence. Taking part of Chengdu urban area
(with an area of 33.4 km”) as the experimental area, set different overlap rates for spatial object extraction, and evalu-
ate the performance and accuracy of different tile overlap rates. The experimental result indicated that the higher the o-
verlap rate, the more opportunities there are to repeatedly identify the same object from different " fragments" at the
same location, so as to reduce the leakage. On the other hand, repeated identification of the same location also increases
the number of false identification. When the overlap rate is 50% , it can achieve high extraction accuracy with the best
performance. Taking the playground, urban intersection and river crossing bridge on the online map as examples, the
spatial objects of some cities in China were extracted from online remote sensing images with the the overlap rate set to
50% . The results show that the average object extraction rate is about 80% , which provides a new way for the intelligent
perception of earth surface.

Keywords : artificial intelligence; Mask R-CNN; object extraction; online remote sensing images; machine intelligent

perception of earth surface



