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Based on Improved DeepLabV3+

QTAO Zhiyong'
(1. Xiamen Kingtop Information Technology Co., Ltd., Xiamen 361008, China)

Abstract: According to the issue of low efficiency and difficulty in quantitative judgment in traditional high consequence area identification

methods for pipelines, we proposed a remote sensing image building extraction algorithm based on improved DeepLabV3+. In order to extract

pixels of the area of interest (AOI), we used recognition algorithm based on a fully convolutional neural network to conduct semantic segmenta-

tion of high-resolution remote sensing images. Then, we employed morphological method to conduct post-processing, and obtained the final

extraction results, which were applied to high consequence area identification. Experimental results demonstrate that the algorithm proposed in

this paper significantly improves the recognition of buildings in high-resolution remote sensing images. Additionally, this algorithm is suitable for

identifying high consequence areas in oil and gas pipelines. Furthermore, it can be combined with other data for a more accurate identification of

high consequence areas.
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