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A water edge extraction method based on deep learning for remote sensing images

SI Jun-hao, SHAO Feng-jing, SUI Yi, SUN Ren-cheng
(College of Computer Science and Technology Qingdao University, Qingdao 266071, China)

Abstract: The paper proposes a pixel-level sea-land semantic segmentation network A-Unet based on the
attention mechanism to extract water edges. The network refines the A-Unet classification results through
conditional random fields to realize the pixel-level semantics of remote sensing image water edges
segmentation. Using the historical remote sensing images of Tianjin coastal area and Weihai area as data
source, the paper extracts the coastline of Tianjin area of the past ten years and anaylses its change trendency
qualitatively and quantitatively. Moreover, the natural waterline of Weihai area is employed to verify the
accuracy of proposed model. Experiments show that compared with other waterfront segmentation methods, the
proposed network can obtain more refined results, which can provide a better decision-making and reference
basis for the rational development of urban marine resources and the protection of marine ecological

environment.
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Fig. 1 Study area
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Fig. 2 The examples of data enhancement
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Fig. 3 Coastline extraction and analysis technology
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Fig.4 The architecture of A-Unet
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Tab.1 Coastline segmentation accuracy evaluation table based on
different segmentation methods
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CRF-AUnet 0.941 0.853 0.948 0.871

ZH0CR 0.853, K5 5K 6 434 TS IX I 1
SR8 X3, 2 By 43 E 25 5, nT LUE W, ot e Y
7] LU SO A S 4R T TR T B

& ==Y

f;’ i
(a) AR

(b) J bt

(c) A-Unet 43#2%

(d) CRF Ji b FiLk

5 X 1 SEILERIEE

Fig. 5 Segmentation results of study area 1
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Fig. 6 Segmentation results of study area
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