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Fig. 1  Flow chart of remote sensing image segmentation and contour extraction based on Mask R-CNN
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Fig. 2 Comparison between original images (a) and defogged images (b)
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Fig. 3 Framework for image segmentation and contour extraction based on Mask R-CNN
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Fig. 4 Land segmentation and contour extraction results

on original images (a) and defogged images (b)
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Fig. 5 Land segmentation and contour extraction on defogged images using

Mask R-CNN with Resnet-101-RPN as backbone network
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Abstract

ditional pattern recognition methods to accurately analyze land covers from remote sensing images.On the premise of

Urban spatial planning mainly relies on multiband remote sensing images. However , it is difficult for tra-

accurate land type classification,we propose a method of remote sensing image segmentation and contour extraction
based on Mask R-CNN with ResNet-101-RPN as backbone network.The method includes the following steps: data
acquisition ,image defogging, statistical analysis of land covers on remote sensing image,land segmentation and con-
tour acquisition.The proposed method is trained and tested on a challenging satellite tile dataset.Experimental results
show that the method can obtain satisfactory land segmentation and contour extraction results by 0. 907 of mean av-
erage precision (mAP) and 31.33 pixel of mean average distance error (mADE).
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