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Fig. 1 Technical scheme
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Fig.2  Variation of marsh producer accuracy with features
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Fig. 3 Classification results of six schemes
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W s WM et (K4) . dilE4F L, S
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HEWRADEIEI, BENEFREITRZ1E T

K. I Bt S5O BRI N8O 20 8] . &0
Bt AL AR AR E 2 5 T8 2 B I EDRS R T 13.16%,
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Table 4 Classification accuracy statistics
2551 P JKH AT M3 S Lh i b bS] WK T S 1% Kappa
PA/% 62.75 88.08 69.79 70.25 84.78 66.23 96.02
ES! 75.20 0.71
UA/% 64.55 93.09 73.54 64.07 77.08 70.88 96.88
PA/% 70.31 88.85 85.53 71.90 86.96 56.07 96.02
EY) 77.53 0.73
UA/% 69.56 92.03 84.45 69.60 87.72 63.81 95.18
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Extraction of marsh wetland in Heilongjiang Basin based on GEE and
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Abstract: Wetland is an important ecosystem on the planet and plays a pivotal role in maintaining global ecological environment security.
Traditional wetland monitoring requires a lot of manpower and financial resources due to the unique hydrological characteristics of
wetlands, and extracting large-scale wetland information is also difficult. Compared with traditional field surveys, remote sensing
technology, which has the advantages of wide observation range, short update cycle, has played an important role in large-scale wetland
information extraction. However, remote sensing monitoring of march wetland mainly uses optical images traditionally, which are severely
affected by weather such as clouds and rain, making large-scale marsh wetland extraction challenging. The use of radar and terrain data can
combine the spectral information and scattering mechanism, which has great potential for marsh wetland information extraction.
Nevertheless, there are few studies that evaluate the differences of optical, SAR, and topographic features in importance for the extraction of
marsh wetland information. The rise of big data and cloud computing has enabled large-scale and long time series spatial data processing.
On the basis of the Google Earth Engine (GEE) cloud platform, this study uses Sentinel-1 synthetic aperture radar data, Sentinel-2 optical
data, and terrain data to explore their importance to the extraction of marsh wetland at large scale, and verify the feasibility of JM distance to
find the optimal feature combination to the extraction of marsh wetland. Random forest algorithm is also used to extract marsh wetlands in
Heilongjiang Basin in 2018. In order to explore the importance of red edge, radar and topographic features and the best features conducive to
marsh wetland extraction, six experimental schemes are designed. Scheme one uses the combination of spectral feature, vegetation index
and water index. Scheme two uses the combination of spectral feature and red edge feature. Scheme three uses the combination of spectral
feature and terrain feature. Scheme four uses the combination of spectral feature and radar feature. Scheme five uses the combination of
spectral feature, vegetation index, water index, red edge feature, terrain feature and radar feature. Scheme six uses all features, which are
optimized by JM distance. The research shows that (1) Sentinel-2 red edge bands and Sentinel-1 radar bands and terrain data are conducive
to marsh wetland information extraction. Compared with vegetation indexes and water indexes, the producer accuracy of marsh increased by
7.56%, 5.04%, and 4.48%. (2) The separation obtained using JM distance shows that the order is red-edge features > other optical features >
terrain features > radar features. The marsh wetland in scheme six has the highest mapping accuracy and user accuracy. After using the JM
distance to select features, the producer and user accuracies of the marsh wetland increased by 1.45% and 3.02%, respectively. The overall
accuracy of the combined random forest algorithm was 91.54%, and the accuracy of marsh extraction was 88%. This study uses the GEE
cloud platform, multisource remote sensing data, and machine learning algorithms to accurately, quickly, and efficiently extract large-scale
marsh wetland information. This method has great application potential.
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Supported by National Key Research and Development Project of China (No. 2017YFC0404503); National Natural Science Foundation of

China (No. 41601529); Laboratory of Watershed Geographic Sciences, Nanjing Institute of Geography and Limnology, Chinese Academy of
Sciences (No. WSGS2017002); Central Public-Interest Scientific Institution Basal Research Fund (No. Y518002)



