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Tidal flats extraction in the coastal zone based on time-series
Sentinel-2 imagery and near-infrared tidal flats indices
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(1. The School of Traffic and Transportation Engineering, Changsha University of Science and Technology ,
Changsha 410114, China;

2. School of Water Conservancy, Yunnan Agricultural University, Kunming 650201, China)

Abstract: When extracting coastal zone tidal flats using remote sensing transient images, the influence of tides greatly
limits the accuracy of tidal flat spatial distribution extraction. With the purpose of weakening the influence of tides, a
method of extracting coastal zone tidal flats by combining time-series Sentinel-2 images and tidal flat index is proposed.
First, based on the Sentinel-2 time-series image data, we use the quantize synthesis method to generate high- and low-
tide images, and then analyze the spectral reluctance characteristics of different land classes on the high- and low-tide
images. A NIR-band tidal flat extraction index that excludes the interference of the tidal transient is constructed. Second-
ly, the image spectral information and the tidal flat extraction index are input into a machine learning algorithm to real-
ize fast and efficient extraction of the tidal flat. In addition, the study discusses the separability of the tidal flats index
and the generalizability of the methodology. The results show that the tidal flat's extraction index constructed in this re-
search had a good separability for tidal flats, the overall accuracy of tidal flats extraction was 93. 02%, the Kappa coeffi-
cient was 0. 86, and the proposed method has good applicability to remote sensing images containing near-infrared
bands. This method can realize automatic and rapid tidal flat extraction, and provide data support for the sustainable

management and protection of coastal zone resources.
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Fig. 5 Plot of tidal flats extraction index results
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Fig. 7 Tidal flat results of three classification methods: (a) minimum distance classification; (b) maximum likelihood classifica-

tion; (c) support vector machine
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Table 1 Accuracy evaluation of the three classification methods in the study area (a)

Minimum Distance Classifica-

tion

Maximum Likelihood Classification Support Vector Machine

calegories
non-tidal non-tidal
tidal flats tidal flats tidal flats non-tidal flats
flats flats

tidal flats 197 1 237 54 217 3
non-tidal flats 40 326 0 273 20 324
Minimum Distance Classification Overall precision 92.73% Kappa factor 0.85
Maximum Likelihood Classification Overall precision 90. 43% Kappa factor 0. 81
Support Vector Machine Overall precision 95.92% Kappa factor 0.92

Zhuhai-1

Landsat

Sentinel-2

Bl 8 A BRI IS S (a) BRI — 5 ; (b) Landsat; (¢) P e =%
Fig. 8 Tidal flat extraction results from different data sources: (a) Zhuhai-1; (b) Landsat; (c) Sentinel-2
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Table 2 Accuracy evaluation of tidal flat results from different data sources

Zhuhai-1 Landsat
categories
tidal flats non—tidal flats tidal flats non—tidal flats

tidal flats 270 9 210 0
non—tidal flats 12 206 15 180
OHS Overall precision 95.77% Kappa factor 0.91
Landsat Overall precision 96.30% Kappa factor 0.93
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