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FGreen + Pnir

AHEL T MNDWI, ENDWI %5 4 1 i [ 1 I 35 1
SRSV IRINILE, SRS SRR .

Hrh, NDWI. MNDWI. ENDWI 3 #5753 X
WAX M RAEE MR 1. K2 fin. NEBPTLUE
H, E3 X AN A X A ENDWI J5 VA #2241 T NDWI
M MNDWI J7i%, 7r2BREFERILELF, B R ZEE AN

F 1 RIX 3 PRSI R B DR A 1
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NDWI 86.43 0.62 46.34 0.04
MNDWI 96.52 0.88 18.05 0.16
ENDWI 97.45 0.91 13.89 0.16
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NDWI 93.02 0.72 38.28 0.70
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Summarize of Research on Water Recognition and
Detection based on Remote Sensing Image
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Abstract: Surface water survey is of great significance
to coastline changes, environmental protection, disaster
prevention and mitigation, and water quality detection.

With the help of remote sensing images, the temporal and



spatial distribution characteristics of surface water can be
quickly, repeatedly, and accurately obtained. The article
investigates the research results of domestic and foreign
scholars in the direction of remote sensing image water
body recognition, and briefly describes the water body
recognition method based on remote sensing technology.
Among them, the threshold method analyzes the spectral
curves of water bodies and background features, and
selects appropriate thresholds for image segmentation.
The operation is simple and convenient, and there is a
problem of low signal-to-noise ratio and easy to confuse
water bodies with background features. The decision tree
method and the automatic water extraction method solve
the significant shortcomings of the threshold method, but
it is difficult to further improve the accuracy. In recent
years, with the widespread application of deep learning, it
has gradually been used for water extraction from remote
sensing images. Deep learning methods have excellent
feature extraction capabilities and have greatly improved
the extraction accuracy. However, deep learning overly
relies on labeled samples Data, so it has certain limitations.
It takes a lot of time and manpower to label samples, so
unsupervised learning is of great significance for water
recognition in remote sensing images.

Key words: water body identification; sar image; threshold

value method; deep learning method; neural network
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