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A B S T R A C T   

Accurate information on wetland extent in East Asia is essential to assess progress towards Sustainable Devel-
opment Goals (SDGs) and the use of wetland resources, where wetlands benefit a quarter of the world’s popu-
lation and millions of wild birds in over three global migratory corridors. In this study, using 122,128 Sentinel-1 
and 89,752 Sentinel-2 images acquired in 2021 available on the Google Earth Engine platform, we developed a 
novel two-stage classification for continental-scale wetland mapping and generated the first and up-to-date 10-m 
resolution wetland map of East Asia. Such a two-stage classification method, which integrates automatic sample 
generation and spatiotemporal features, combined an initial object-based random forest classifier with a sub-
sequent hierarchical decision tree for secondary waterbody types. The resulting comprehensive map with 3 broad 
categories and 12 sub-categories in East Asia, named EA_Wetlands, achieved over 88% overall accuracy. Ac-
cording to EA_Wetlands, the total wetland area in this region is 481,802.49 km2, mainly distributed in Northeast 
China and the Qinghai-Tibet Plateau (41.02%). Of all wetlands in East Asia, about 68.26% are inland wetlands. 
The highest proportion (29.67%) is identified for inland marsh among 12 sub-categories. Among five countries, 
China has >88% of the total wetland resources in East Asia, followed by Mongolia (3.57%). South Korea has the 
largest ratio between wetland and national land areas (10.43%). EA_Wetlands, as the first 10-m resolution 
wetland data product, will have great applications and benefit wetland conservation and policy management. It 
will be a critical support for evaluating the implementation of wetland-related international conventions at 
country and continental scale in East Asia.   

1. Introduction 

Wetlands are among the world’s most productive ecosystems and 
play an irreplaceable role in maintaining water balance, reducing the 
risk of floods and droughts, improving water quality and protecting 
biodiversity (Mao et al., 2020). Climate change and intensive human 
activity have profoundly altered the global hydrological cycle, resulting 
in a spatiotemporal redistribution of water resources, which led to a 
drastic reduction of wetland areas and a severe deterioration of their 
ecosystem functions and services (Mao et al., 2022; Wang et al., 2012; 
Zedler and Kercher, 2005). East Asia includes China, Mongolia, Japan, 
North Korea, and South Korea, covering 28% of the Asian continent and 

roughly 25% of people worldwide. The rich wetland resources in East 
Asia have been experiencing severe losses and degradations due to 
human activities and climate change (Davidson and Davidson, 2014; 
Mao et al., 2018; Matsushita and Fukushima, 2009). Previous studies 
have provided valuable datasets of various wetland categories in East 
Asia (Betbeder et al., 2014; Gong et al., 2010; Zhang et al., 2022). 
However, these data are either outdated or inadequate for wetland 
planning and management, particularly due to limitations in spatial 
resolutions, scale consistency and differentiation in wetland types. 
Therefore, it is necessary to explore a feasible method for timely and 
large-scale wetland mapping that can produce an up-to-date wetland 
map with fine spatial resolution and multiple categories. 
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Various sources of satellite data have been applied to identify wet-
lands worldwide (Baghdadi et al., 2001; Tana et al., 2013; Wang et al., 
2023). Among which Landsat series data have been extensively used in 
mapping large-scale wetlands (Jin et al., 2017; Wang et al., 2020). 
Nevertheless, there are several limitations when mapping large-scale 
wetlands using Landsat images. First, Landsat imagery with a medium 
resolution (30-m) could not accurately identify small wetland areas. 
Second, Landsat’s temporal resolution, 8–16 days, may affect high- 
quality observations particularly in low latitudes regions, due to cloud 
contaminations for wetlands with distinct temporal variations such as 
salt marsh and tidal flat (Jia et al., 2021). Open access and freely 
available Sentinel-1/2 images have been increasingly employed in 
wetland classification in recent years because of the 10-m spatial reso-
lution and revisits interval of 2–5 days (Ashourloo et al., 2022; Wang 
et al., 2023). Such fine spatial resolution and dense temporal coverages 
of Sentinel-1/2 images offer the opportunity to map various wetland 
categories and capture their seasonal variations (Feng et al., 2022). 
Additionally, combination of Sentinel-1 SAR data with Sentinel-2 MSI 
optical images can improve wetland mapping accuracy by increasing 
good observations and providing more features for classification. 
Although several studies for wetland mapping used Sentinel-1/2 imag-
ery (Kaplan and Avdan, 2018; Mahdianpari et al., 2020), applications 
towards extensive areas and improved accuracy need to be explored to 
support sustainable management and conservation of wetlands. 

To date, diverse supervised machine learning methods such as sup-
port vector machines, Random Forest (RF), as well as deep learning have 
been widely applied in large-scale wetland mapping (Hosseiny et al., 
2022; Zhao et al., 2022). Most of these studies, at national or continental 
scales (Liu et al., 2022; Peng et al., 2023), are pixel-based classifications 
using only features derived from pixels, which may not be sufficient to 
accurately identify wetlands with high environmental heterogeneity. By 
segmenting satellite imagery into homogeneous objects, object-based 
image analysis (OBIA) can provide more useful features for wetland 
mapping that individual pixels lack, such as shape, texture, and context, 
and support the option of fusing multi-source data to enhance the 
classification accuracy (Blaschke, 2010). Numerous studies have shown 
that object-based machine learning methods have superior efficiency 
and robustness in terms of both computational overhead and model 
performance for landscape classification (Gong et al., 2019). As a non- 
parametric supervised learning approach for classification and regres-
sion problems (Kotsiantis, 2013), a decision tree demands considerable 
prior knowledge that hampers its speed and precision in classifying 
multiple landscape categories over large areas. Yet, it has been proven 
effective in distinguishing various types of wetlands, particularly the 
waterbody, by synthesizing multiple features (e.g., spectral, landscape, 
temporal change, and environmental features) and creating associated 
classification rules (Mao et al., 2020). It is necessary to effectively 
combine the advantages of object-based machine learning and decision 
tree classification, and further to develop a two-stage classification 
framework for fine mapping of wetlands over a large area. 

Obtaining sufficient and accurate training samples and selecting 
reliable spatiotemporal features that reflect the dynamic of wetland 
ecosystems remains the greatest challenge for wetland mapping in 
extensive continental scale. Most previous studies construct training 
sample sets through ground surveys, visual interpretation based on high- 
resolution imagery, and various dataset, such as public sample data-
bases, historical sample datasets, and land cover datasets (Gong et al., 
2010; Li et al., 2022a). These samples from various sources and dates 
were usually used directly or validated by visual interpretation, which 
might create significant uncertainty. Some studies have proposed sam-
ple migration methods using distance measures, such as the Euclidean 
Distance (ED) and Spectral Angle Distance (SAD), to tackle this problem 
(Huang et al., 2020; Wang et al., 2022). These methods, however, 
typically perform well in landscapes with simple characteristics and rely 
on empirical thresholds, which may not be appropriate to provide valid 
samples for wetland mapping. In addition, due to the high 

environmental heterogeneity and temporal variations of wetland land-
scape, misclassification may occur in wetland mapping process when 
only spatial features derived from a single image are used instead of 
considering their distinct temporal variations. As a result, an improved 
approach that automatically generates training samples and fully ex-
ploits temporal change features is in demand for fine wetland mapping 
at a large scale. 

Given these issues, the objectives of this study are to: (1) develop an 
improved approach for large-scale wetland mapping based on time- 
series Sentinel-1/2 imagery; (2) apply the approach on the GEE plat-
form to produce the first comprehensive wetland map of East Asia in 
2021 with a 10-m spatial resolution, named EA_Wetlands; (3) assess the 
accuracy of the EA_Wetlands map and compare it with other available 
products; and (4) analyze the spatial pattern of wetlands in East Asia and 
the potential application of the EA_Wetlands map. The developed 
method and the generated result are expected to provide a reference for 
wetland resource management and support the evaluation of wetland- 
related targets in the Sustainable Development Goals (SDGs). 

2. Materials 

2.1. Study area 

East Asia covers an area around 12 million km2, or roughly 9% of the 
world’s land (Matsushita and Fukushima, 2009). It is the most densely 
populated region in the world and one of the most active and influencing 
areas in global economics. East Asia has terrain changes from the Ti-
betan Plateau to the coast of Pacific Ocean and encompasses climates 
from the temperate zone in the north to the subtropical and tropical 
zones in the south. It has abundant and diverse wetland resources and is 
home to several Asia’s significant rivers and lakes. The wetlands here 
serve as critical migration corridors and sustain biological diversity. In 
this study, we divided the East Asia into 11 ecoregions based on the 
watershed and administrative boundaries. The ecoregions are named 
Mongolia (MN), Northeast China (NEC), Inner Mongolia-Xinjiang 
Plateau (MXP), Lower and middle reaches of the Yellow River (YER), 
Qinghai-Tibet Plateau (QTP), Yunnan-Guizhou Plateau (YGP), Lower 
and middle reaches of the Yangtze River (YAR), Southeast and South 
China (SSC), Korean Peninsula (KP), Japan (JPN), and Coastal area of 
East Asia (COAST) (Fig. 1). Due to its unique ecosystem and geographic 
conditions, the coastal area was separated into a single ecoregion 
(COAST), which include the zone between a 20-km buffer line inland 
and a 6-m isobaths buffer line offshore. 

2.2. Data sources 

2.2.1. Satellite images and preprocessing 
A total of 211,885 Sentinel-1 SAR and Sentinel-2 MSI images 

covering the entire East Asia in 2021 and available in the GEE platform 
were employed in this study. Among those included 122,128 dual- 
polarized (VV + VH) Sentinel-1 SAR GRD images in ascending and 
descending orbit and 89,752 Sentinel-2 MSI images. Note that 27 
Sentinel-1 images from 2018 were used for areas (south-central MN) 
that lacked observations in 2021. A Refined-Lee filter (Yommy et al., 
2015) was employed for each Sentinel-1 image to reduce the impact of 
speckle noise. The QA60 bitmask band of each Sentinel-2 image was 
applied to mask the low-quality observations caused by cloud. Fig. 2 
presents the spatial distributions and histograms of available Sentinel-1/ 
2 data pixels, respectively. >60 Sentinel-1 observations were available 
for over 90% of the pixels in 2021, while >50 good-quality Sentinel-2 
observations were obtained for over 70% of the pixels (Fig. 2A and B). 
Then, all the processed images were integrated into Sentinel-1/2 dense 
time-series data, which were utilized to provide temporal variation in-
formation for wetland classification. Using the GEE temporal aggrega-
tion function, each pixel across the time-series was further aggregated 
into a single observation by computing their median value, resulting in 

M. Wang et al.                                                                                                                                                                                                                                  



Remote Sensing of Environment 297 (2023) 113793

3

Sentinel-1/2 composite images in 2021. Instead of the original images, 
using composite images generated by temporal aggregation significantly 
reduced data size, improved image quality, and allowed faster and more 

efficient image analysis (Tassi and Vizzari, 2020). 

Fig. 1. Spatial distribution of 11 ecoregions and reference sample locations in the study area.  

Fig. 2. Spatial distribution and the number of observations across East Asia in 2021 by Sentinel-1 (A) and Sentinel-2 (B), respectively. The histograms illustrate the 
number of observations in good data quality accordingly. 
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2.2.2. Reference sample data and preprocessing 
Using digital cameras, hand-held geographic positioning systems 

(GPS), and unmanned aerial vehicles (UAV), we collected 15,808 
wetland and non-wetland samples through a series of field surveys in 
China from 2015 to 2021. To ensure the accuracy of these samples, we 
removed samples that were no longer valid in 2021. These samples were 
used to select the optimal features for wetland classification and to 
automatically generate more training samples. Specifically, 70% of 
these samples were randomly selected to help generate new training 
samples using the automated sample generation method proposed in 
this study, and the remaining 30% were used to validate its perfor-
mance. Finally, all of these reference samples were used to train the 
classification model along with the new training samples generated by 
the automatic generation method (Section 3.2). In addition, using the 
latest Google Earth images, we visually mapped 1000 sample polygons 
for different categories of waterbody, which were ultimately used to 
construct and validate the hierarchical decision tree for waterbody 
subdivision. 

2.2.3. Auxiliary data 
A digital elevation model (DEM) with a 30-m spatial resolution from 

the Shuttle Radar Topography Mission (SRTM) was utilized to produce 
topographic information such as elevation, slope, and surface rough-
ness. The 6-m isobaths buffer line offshore was obtained from the 
ETOPO1 dataset (Amante and Eakins, 2009), which was used to deter-
mine the coastal area in this study. The spatial location of dams around 
the waterbodies, obtained from OpenStreetMap and the Global Geore-
ferenced Database of Dams (GOODD) (Table. 1), helped us to classify the 
waterbodies. Several existing datasets (Table 1) with various scales and 
spatial resolutions, including the land cover and thematic data for 
wetland and non-wetland, were collected for automatic sample gener-
ation in this study. Among these, the wetlands result generated in this 
study was contrasted with five datasets, i.e., ESA_Worldcover (Zanaga 
et al., 2022), CAS_Wetlands (Mao et al., 2020), China_Tidal Flat (Jia 
et al., 2021), China_CAP (Wang et al., 2023), and CAS_Mangroves (Jia 
et al., 2018). 

3. Methods 

This study classified the wetlands in East Asia into 3 broad categories 

and 12 sub-categories (Table 2) based on the wetland definition by the 
Ramsar Convention and the wetland classification systems used by 
various studies (i.e. Gong et al., 2010; Mao et al., 2020). In addition, 
other main land cover types were added as the non-wetland categories 
for classification, including woodland, grassland, barren land, cropland, 
built-up land, and snow/ice. Applying this classification system, we 
implemented a novel two-stage classification for mapping different 
categories of wetlands at a continental scale. First, we developed an 
object-based RF classification by integrating automatic sample genera-
tion and spatiotemporal features. In this stage, the wetlands in East Asia 
were classified into waterbody, inland/coastal marsh, inland/coastal 
swamp, and tidal flat, respectively. Secondly, waterbody from the initial 
results was further separated into lake, river, pond/reservoir, canal/ 
channel, coastal waterbody, coastal aquaculture pond, and salt pan, 
respectively, using hierarchical decision tree classification. Specifically, 

Table 1 
Auxiliary datasets used in this study.  

Dataset 
type 

Name Resolution Date 

Land cover 

ESA_Worldcover (Zanaga et al., 2022) 10-m 2021 
FROM-GLC10 (Gong et al., 2019) 10-m 2017 

DynamicWorld (Brown et al., 2022) 10-m 2015 ~ 
now 

China_Cover (Wu, 2014) 30-m 2015 
MCD12Q1 500-m 2001–2006 

Wetlands 

CAS_Wetlands (Mao et al., 2020) 30-m 2015 
Global Lakes and Wetlands Dataset ( 
Lehner and Döll, 2004) 

1-km – 

China_Tidal Flat (Jia et al., 2021) 10-m 2019 
Global Intertidal Change (Murray 
et al., 2019) 

30-m 1984–2016 

CAS Coastal Aquaculture (Ren et al., 
2019) 30-m 1986–2016 

China_CAP (Wang et al., 2023) 10-m 2016–2021 
CAS_Mangroves (Jia et al., 2018) 30-m 2015 
Global Mangrove Watch (Bunting 
et al., 2018) 

30-m 1984–2016 

JRC-GMW (Pekel et al., 2016) 30-m 1984–2019 

Others 

EULUC-China-2018 (Gong et al., 
2020) 30-m 2018 

GAIA (Gong et al., 2020) 30-m 1985–2018 
GFSAD1000 (Thenkabail et al., 2012) 1000-m 2000–2021  
GOODD (Mulligan et al., 2020) – 2017  

Table 2 
The classification system for mapping wetlands in East Asia.  

Category I Category II Description Image 
Example 

Inland 
Wetland 

River 
Natural linear waterbody with 
flowing water in inland areas 

Lake 
Natural polygon waterbody 
with standing water in inland 
areas 

Inland swamp 

Natural wetland with 
dominant woody vegetation in 
inland areas including forested 
wetland and shrub wetland 

Inland marsh 
Natural wetland with 
dominant herbaceous 
vegetation in inland areas 

Coastal 
wetland 

Coastal swamp 

Natural wetland with 
dominant woody vegetation in 
coastal areas including 
forested wetland and shrub 
wetland 

Coastal marsh 
Natural wetland with 
dominant herbaceous 
vegetation in coastal areas 

Tidal flat 

The intertidal flat with no or 
very low vegetation coverage 
including sand beach, rocky 
shore, and coral reef 

Coastal 
waterbody 

Natural waterbody in coastal 
area, such as the lagoon, 
shallow marine water, and 
estuarine water 

Human- 
made 
wetland 

Reservoir/pond 
Artificial polygon waterbody 
with standing water generally 
with obvious dam 

Canal/channel 

Artificial linear waterbody 
with flowing water, generally 
with the obvious dam or the 
straight boundary 
straight boundary 

Salt pan 
Artificial flat depression 
ground covered with salt and 
other minerals close to sea 

Coastal 
aquaculture 
pond 

Polygon waterbody used for 
aquaculture with regular shape 
and close to river or sea 

Note: the image examples in displays are Sentinel-2 MSI data (R:G:B=Band 
8:4:3) acquired in 2021. 
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we divided the wetland mapping process into four major components: 
extraction and selection of spatiotemporal features, automatic genera-
tion of training samples, wetland mapping using a two-stage classifica-
tion approach, and accuracy evaluation (Fig. 3). 

3.1. Extraction and selection of spatiotemporal features 

To improve the spatial detail of images, a total of 86 spatiotemporal 
variables were generated for mapping wetlands (Table 3). Multiple 
spatial variables were extracted from Sentinel-1/2 composite images in 
2021, including intrinsic bands of Sentinel-1/2 imagery, 5 polarization 
indices, 8 spectral indices, 16 red-edge indices, 3 main components of 
the tassel cap transform (Wang et al., 2022), 5 texture features, and 3 
topographic features. Besides extracting the widely used variables 
above, this study reconstructs the time-series of NDVI, NDWI, VV, and 
VH from the dense time-series Sentinel-1/2 images using the Harmonic 
Analysis of Time Series algorithm (HANTS) (Jakubauskas et al., 2002; 
Zhou et al., 2015). Then, various temporal variation features, including 
maximum, minimum, median, mean, standard deviation, amplitude, 
and phase, were extracted to reflect the seasonal variation patterns of 
different landscapes (Fig. 4). HANTS can link the spatial distribution and 
temporal variation patterns of landscapes, whilst reconstructing the 
time series variation curves to truly reflect the cyclical variation patterns 
of landscapes (Fig. 4A). The above temporal features clearly enhance the 
differences between wetlands and other easily confused land cover types 
(Fig. 4C), which is difficult to achieve using only standard spatial fea-
tures (Fig. 4B). Combined with the reconstructed NDVI, NDWI, VV, and 
VH time series images and the OTSU algorithm (Otsu, 1979), we also 
extracted the frequency of landscape’s vegetation and water coverage 
throughout the year (Table 3). Those were used to characterize the 

spatial and temporal dynamic information related to vegetation or water 
bodies. 

A large number of input variables in classification may lead to multi- 
collinearity and information redundancy, hence increasing the 
complexity of the classifier and degrading its performance (Zou et al., 
2015). In this study, the Relief-F algorithm (Kononenko, 1994) was 
employed to filter the usable features from the high-dimensional data for 
mapping wetlands and further to minimize feature redundancy and 
enhance classifier performance. The Relief-F algorithm is a feature se-
lection algorithm that is efficient and robust against outliers, which have 
been widely utilized in numerous studies on optimal feature selection 
(Wang and Makedon, 2004). Since the geographic conditions and land 
cover types of each ecoregion vary, we applied the Relief-F to determine 
the optimal features for each ecoregion using their samples (Section 
2.2.2) and all spatiotemporal features, respectively. 

3.2. Automatic sample data generation 

Although we have conducted multiple field surveys and collected 
some reliable sample data (Section 2.2.2), these samples were not suf-
ficient for mapping wetland across East Asia. Therefore, we imple-
mented a method for automatically generating training samples based 
on multi-source data to generate a sample set suitable for continental- 
scale wetland classification. The main steps of the method are 
described below. 

3.2.1. Determining potential sample selection regions 
The potential sample selection regions for various wetland and non- 

wetland categories were determined through multi-source datasets and 
spatial overlay analysis. First, we extracted the spatial extent of each 

Fig. 3. General workflow for wetland mapping.  
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wetland and non-wetland category from the different datasets as 
described in Section 2.2.3. Then, the spatial overlay method was used to 
obtain the intersection areas among the various spatial extents of spe-
cific categories extracted from different products. These overlapping 
regions derived from multiple datasets greatly reduce the difference 
between various datasets and can be used as possible sample selection 
regions. Finally, the potential sample selection regions for various cat-
egories were determined. 

3.2.2. Automatic generation of initial training samples 
To obtain sufficient sample data for wetland classification, we 

generated initial samples covering the entire study area based on various 
potential sample selection regions described above. First, we produced 
uniformly dispersed points at 0.05-degree intervals across the study 
area. Then, based on their locations, the points within each potential 
sample selection regions were classified as the corresponding sample 
type. Finally, samples outside of the potential sample selection regions 
were eliminated and the initial sample data were generated. 

3.2.3. Automatic sample migration by isolated forest algorithm 
The initial samples generated in the previous step are likely to be 

inconsistent due to differences in spatial resolution, acquisition time, 
and classification accuracy across the data products. This study 
employed the Isolated Forest algorithm (iForest) to identify and elimi-
nate outliers in all categories of training samples for wetland mapping. 
The iForest is an effective data anomaly detection method that can 
handle high-volume and high-dimensional data (Liu et al., 2012). It 
computes an anomaly score for each value, which indicates how 
different it is from the normal. In this study, we mixed the field samples 
described in Section 2.2.2 with the initial samples, and then detected the 
anomaly samples using iForest, which can further increase the 

discrimination between outliers and normal values to improve the 
detection accuracy. Finally, the anomaly scores of all training samples 
are measured on optimally selected spatiotemporal variables using 
iForest, and samples with anomaly scores within the 5% probability 
range before and after are determined as outliers and be eliminated. 

3.2.4. Accuracy assessment of automatic sample generation 
To verify the accuracy of the automatically generated samples, we 

constructed two sample sets using random sampling both containing two 
sample groups. The first set contains samples from both the automati-
cally generated samples and the field samples (Section 2.2.2). The sec-
ond set contains two different sample groups from field surveys alone. 
Each group has the same number of samples (1200, with 100 per cate-
gory). We calculated the Euclidean Distance (ED) and Spectral Angular 
Distance (SAD) between the samples of both groups within each set, and 
then compared these distances to verify the accuracy of the automati-
cally generated samples in this study. 

3.3. Two-stage classification for wetland mapping 

3.3.1. Generation of homogeneous landscape objects by image segmentation 
The Simple Non-Iterative Clustering (SNIC), an efficient super pixel 

image segmentation algorithm (Achanta and Süsstrunk, 2017), was used 
to generate homogeneous landscape objects in this study. Due to the 
strong environmental heterogeneity and spatiotemporal fluctuation of 
wetlands, using an empirical segmentation threshold is insufficient to 
accurately extract various wetlands with varying sizes and shapes. A low 
threshold will drastically increase computing work, whereas a high 
threshold will result in inhomogeneous results. Thus, an effective 
approach for optimal segmentation threshold determination was 
designed in this study. There are four steps to determine the threshold: 
(1) Select small, highly fragmented patches as typical objects for each 
wetland category, since they are typically the most direct factor 
affecting segmentation accuracy (Fig. 5A). (2) Calculate the standard 
deviation of NDVI (NDVI_SD) within the object to measure its homo-
geneity, and further construct the change curve of NDVI_SD at different 
segmentation scales (5–100) (Fig. 5B). (3) Determine the critical point 
on NDVI_SD curve for each wetland type using the sliding window al-
gorithm, i.e. the segmentation threshold where the homogeneity of the 
objects begins to vary. (4) The smallest value among the critical 
threshold of wetland type was ultimately chosen as the optimal seg-
mentation scale, as it enables effective segmentation of even the smallest 
wetland patches. According to the above method, the critical threshold 
for each wetland type in this study ranged from 18 to 35, and the optimal 
segmentation threshold for mapping wetlands in East Asia was deter-
mined to be 18 (Fig. 5B). 

3.3.2. First-stage classification using object-based RF algorithm 
Based on the spatiotemporal features as well as the training samples 

described in Section 2.2.2 and 3.2, the object-based RF algorithm was 
used for the initial classification of wetlands. First, independent RF 
classifiers were trained for each ecoregion. Second, each ecoregion was 
partitioned into 0.3◦ × 0.3◦ grids, and image segmentation was con-
ducted per grid using the SNIC. Object-based classification was then 
performed for each ecoregion using their classifier. Finally, the initial 
wetland map, including the water body, inland marsh, coastal marsh, 
inland swamp, coastal swamp, and tidal flat, was generated by inte-
grating the results from all ecoregions. 

3.3.3. Second-stage classification by hierarchical decision tree 
In this study, geographic location, area, shape, topography, and 

temporal change features of waterbody objects were jointly employed to 
create a hierarchical classification tree that subdivided waterbodies 
based on the previous classification results (Fig. 6A). We determined its 
rule sets and thresholds by the sample polygons described in Section 
2.2.2. First, we divided the water body objects into coastal and inland 

Table 3 
Spatiotemporal features extracted in this study.  

Feature category Feature name (Number) Datasource 

Polarization 

Polarization 
bands 

VV, VH (2) 
Sentinel-1 

Polarization 
indexes 

VV + VH, VH-VV, NDV_VV, 
NDV_VH, VH/VV (5) 

Spectral 

Spectral bands B1 ~ B12 (13) 

Sentinel-2 

Spectral indexes 
NDVI, EVI, DVI, GNDVI, NDWI, 
mNDWI, NDBI, NDMI (8) 

Red edge 
indexes 

NDVIre1, NDVIre1n, NDVIre2, 
NDVIre2n, NDVIre3, NDVIre3n, 
PSRI, CIre, NDre1, NDre1m, 
NDre2, NDre2m, SRre1, SRre2, 
MSRre, MSRren (16) 

Tasseled cap 
transform 

Brightness, Wetness, Greenness 
(3) 

Texture – 
ASM, Contrast, Entropy, 
Correlation, Dissimilarity (5) 

Sentinel-2 

Terrain – Elevation, Slope, Roughness (3) DEM 

Temporal 

HANTS_NDVI 

NDVI_min, NDVI_max, 
NDVI_mean, NDVI_median, 
NDVI_std, NDVI_phase, NDVI_ 
amplitude (7) 

Time-series 
Sentinel-1/ 
2 

HANTS_NDWI 

NDWI_min, NDWI_max, 
NDWI_mean, NDWI_median, 
NDWI_std, NDWI_phase, NDWI_ 
amplitude (7) 

HANTS_VV 
VV_min, VV_max, VV_mean, 
VV_median, VV_std, VV_phase, 
VV_ amplitude (7) 

HANTS_VH 
VH_min, VH_max, VH_mean, 
VH_median, VH_std, VH_phase, 
VH_amplitude (7) 

HANTS 
_Frequency 

NDVI_frequency, 
NDWI_frequency, VV_frequency, 
VH_frequency (4) 

Note: The NDWI used in this study was calculated using the green and near- 
infrared bands of the Sentinel-2 image. 
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ones according to the extent of the coastal area, i.e., the zone between a 
20-km inland line and a 6-m isobath line. For the inland waterbodies, we 
first used shape indices, includinglandscape shape index and compact-
ness, to classify them into linear and polygonal categories. Then, linear 
water bodies were further subdivided into river and canal/channel by 
judging whether they were regular in shape and contained dams. Among 

the polygonal categories, we determined those with an area larger than 
1 km2 and without obvious dams as lakes, and the rest as reservoirs/ 
ponds. For the coastal waterbody objects, we first classified them as 
natural or artificial by judging whether they were regular in shape and 
contained obvious dams. We determined the natural part as coastal 
water bodies. Then, we classified artificial waterbodies in the coastal 

Fig. 4. Temporal features extracted in this study, (A) presents the Sentinel-2 data (R:G:B=Band 8:4:3) and their temporal changing images (compound by the 
NDVI_amplitude and NDVI_phase images) reconstructed by HANTS, (B) shows the correlation of spatial features between the wetland and non-wetland samples, and 
(C) shows the difference of temporal features between the wetland and non-wetland samples. 
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area into coastal aquaculture ponds and salt pans based on their tem-
poral change characteristics. Aquaculture ponds and salt pans are usu-
ally undergo periodic drainage and storage of water in a year, and salt 
pans exhibit more pronounced periodic changes compared with aqua-
culture ponds. 

3.4. Accuracy assessment of wetland classification results 

In this study, stratified random sampling method was employed to 
assess the accuracy of the 2021 wetland map of East Asia. Firstly, the 
resultant wetland map was partitioned into 18 strata including 12 
wetland categories and 6 non-wetland categories. Secondly, referencing 
the previous studies (Olofsson et al., 2014), we estimated the total 
number of random samples (41,742) and allocated the corresponding 

Fig. 5. The determining process of optimal SNIC segmentation scale. A shows the segmentation result for various wetlands at different segmentation scales, and B 
presents the NDVI_SDCC curves for various wetlands at different segmentation scales. 
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sample size to each stratum according to their area proportion. In 
particular, we adjust the allocation by increasing the sample size for the 
rarer classes, such as tidal flat, salt pan, and snow/ice, making the 
sample size per stratum more equitable than what would result from 
proportional allocation. Then, random points were generated in each 
stratum according to the sample size allocation, and each sample point 
was visually examined and interpreted using high-resolution Google 
Earth images. Finally, a confusion matrix of the resultant wetland map 
was created to evaluate the accuracy of the results, and their standard 
errors were further calculated to quantify sampling variability. The ac-
curacies were presented with a 95% confidence interval. To assess the 
accuracy of the shapes and areas of different wetlands derived from our 
map, we also compared our mapping results with five wetland datasets. 

4. Results 

4.1. Performance of automatic sample generation method 

A total of 48,123 sample points were automatically generated using 

the developed method (Fig. 7). Wetland and non-wetland samples 
accounted respectively for 48.25% and 51.75% of the total generated 
samples, respectively. Waterbody and inland marsh samples comprised 
52.13% of all wetland samples, whereas coastal swamp samples were 
the least abundant (7.43%). Due to the apparent disparities in area and 
landscape type among ecoregions, the sample sizes differed significantly 
(Fig. 7B), with the most samples in the QTP (18.03%), followed by the 
NEC (15.75%), and the fewest in the KP (2.21%). 

Using the random sampling proposed in Section 3.2.4, we evaluated 
the similarity of the samples generated by the automatic method 
(Auto_S) and the samples collected by a series of field surveys (Field_S) 
for all spatiotemporal features. Fig. 8 compares the ED and SAD of these 
samples. The results show that the automatically generated samples in 
this study and the field samples are highly consistent for all features, 
with similar values between ED (Auto_S, Field_S) and ED (Field_S, 
Field_S) and between SAD (Auto_S, Field_S) and SAD (Field_S, Field_S). 
This indicates reliable accuracy of the automatic sample generation 
method for different sample types. In particular, vegetated wetlands 
(marshes and swamps in inland and coastal areas) have larger EDs and 

Fig. 6. Hierarchical decision tree for waterbody classification: (A) shows the decision tree model. Where LSI and COM represent the landscape shape index and the 
compactness, respectively. SD(T_NDWI) is the standard deviation of the NDWI change over one year. (B) shows the COM, LSI, and time-series NDWI value among 
various waterbody. RV: river, LK: lake, CA: canal/channel, RP: Reservoir/pond, AP: coastal aquaculture pond, SP: salt pan, CW: coastal waterbody. 
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smaller SADs than other samples, which means more sample variability. 
This is mainly due to the spatial heterogeneity of vegetated wetlands, 
which can be addressed by regional strategy for large-scale wetland 
classification proposed in this study. 

4.2. Classification accuracy of wetland categories 

The assessment based on 41,742 validation samples showed that the 
generated 2021 wetland map of East Asia had an overall classification 
accuracy of 88.74% (Table 4), which is highly consistent with validation 
samples. The user’s accuracy (UA) and producer’s accuracy (PA) of 
every wetland category exceeded 78.46% and 80.09%, respectively. 
Lake category had the highest classification accuracy (UA: 91.85%, PA: 
87.31%), followed by the river (UA: 91.17%, PA: 91.79%), and both 
inland marsh and coastal marsh had relatively lower accuracy with UA 
and PA <79% and 72%, respectively. The confusion matrix for each 
ecoregion showed that the overall accuracy (OA) of the wetland classi-
fication results was larger than 84% in each of the ecoregions. The MN 
had the highest accuracy (OA: 91.97%), followed by the MXP (OA: 
91.22%), while the JPN (OA: 85.77%) and KP (OA: 84%) had slightly 
lower accuracies. 

4.3. Area and distribution of wetlands in East Asia 

Fig. 9 shows the up-to-date spatial pattern of wetlands in East Asia. 
Wetlands are widely distributed across East Asia with notable spatial 
heterogeneity, covering an estimated total area of 481,802.49 km2, of 
which 68.26% were inland wetlands, followed by coastal wetlands 
(17.31%) and human-made wetlands (14.43%). Among the 12 sub- 
categories, inland marsh had the highest proportion (29.67%), fol-
lowed by lake (20.98%), while coastal swamp had the lowest (0.07%). 
Among the inland wetland, inland marsh covered 142,932.35 km2 

(43.46%) with a concentration in NEC and QTP. Lakes and rivers 
accounted for 30.74% and 23.30% of the whole inland wetlands, widely 
observed throughout East Asia. In comparison, inland swamp comprised 
only 2.49%, predominantly in northern NEC. Among the coastal wet-
lands, the coastal waterbody has the largest area of 72,197.79 km2 

(86.55%). Tidal flats were widely distributed along the coast, account-
ing for 9.15% of the coastal wetlands, followed by coastal marsh being 
3.93%. Coastal swamp comprised only 0.38%, primarily on China’s 
southeastern coast. Approximately 80.87% of the total human-made 
wetlands in East Asia were reservoirs/ponds. Coastal aquaculture 
ponds with an area of 8676.67 km2 were concentrated along China’s 

Fig. 7. Spatial distribution and number of training samples generated in this study, (A) presents the spatial distribution of training samples, and (B) shows the 
number of training samples for each ecoregion. 
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coast, occupying 12.48% of human-made wetlands. Canal/channel and 
salt pan distributed sparsely with an area proportion of only 5.03% and 
1.62%. 

Detailed measurements of wetlands for each country and ecoregion 
are presented in Fig. 9C-D and Table 5. China has 88.97% of the wetland 
resources in East Asia, and its wetland resources are composed of 
70.78% inland wetlands, 14.93% human-made wetlands and 14.28% 
coastal wetlands. Among the seven ecoregions in China, the NEC has the 
largest wetland area (26.63%), containing 46.80% of China’s inland 
marsh and over 84.28% of inland swamp. The QTP has widely distrib-
uted lakes (37.92%) and inland marshes (28.04%), comprising 19.48% 
of China’s wetland area. The YAR has the highest proportion of reser-
voirs/ponds and tidal flats in China (27.63% and 38.96%), while the SSC 
has the most coastal swamps (75.57%), and the YER has the most coastal 
aquaculture ponds (40.55%) and salt pans (35.40%). Mongolia has 
3.57% of East Asia’s wetlands, of which 89.80% are inland wetlands 
consisting primarily of lakes (91.96%). Wetlands in Japan, South Korea, 
and North Korea are predominantly coastal wetlands, of which coastal 
waterbodies account for the largest proportion of 50.34%, 72.17%, and 
55.62%, respectively. Note that the wetland results in the COAST were 
counted in the corresponding NEC, YER, YAR, SSC, KP, and JPN ecor-
egions, respectively. 

5. Discussion 

5.1. Two-stage classification for wetland mapping at continental scale 

This research presents a novel two-stage classification for mapping 
wetlands at continental-scale. It is the first attempt on continental-scale 
wetland mapping at 10-m spatial resolution using the OBIA method. 
Using Sentinel-1/2 data and GEE platform, this novel two-stage 

classification enabled the successful implementation of wetland map-
ping for five countries in East Asia. Specifically, the main improvements 
of this approach are as below. 

First, we developed a novel method for automatically generating 
training samples to provide sufficient and reliable samples for 
continental-scale wetland mapping, significantly reducing the uncer-
tainty of obtaining samples by visual interpretation in previous studies. 
Potential extents for sample generation were derived by combining 
multiple high-quality data, thereby significantly lowering the compu-
tational cost and inaccuracy of subsequent sample migration. In addi-
tion, by integrating the iForest with optimal spatiotemporal features, 
invalid samples that cannot be detected by visual interpretation or single 
features can be identified, ensuring the accuracy of sample migration. 
The iForest employed here has a lower time complexity and computa-
tional cost than distance-based and density-based outlier detection al-
gorithms, making it more suitable for high-dimensional data (Liu et al., 
2012), especially when combined with the Relief-F method in this study. 
As shown in Fig. 8, the developed method can automatically generate 
enough training samples that are highly consistent with field survey 
samples, as well as provide a feasible means of generating training 
samples for various large-scale classification studies. 

Second, in addition to the commonly used features derived from a 
single image, we have incorporated many temporal features into the 
classification, which are essential for classifying wetlands as they 
highlight the dynamics of wetland and enhance their differences (Li 
et al., 2022a; Feng et al., 2022). Comparing inland marsh vs. grassland 
and inland swamp vs. woodland, for example, spatial features such as 
spectra, polarization, and texture are highly consistent (Fig. 4B), while 
there are apparent differences in temporal changes (Fig. 4C), which is 
the key to effectively distinguishing them. A >40% of selected optimal 
features for each ecoregion were temporal variables, as shown in 

Fig. 8. Distance analysis between field samples (Field_S) and samples generated automatically in this study (Auto_S) for all spatiotemporal features. ED and SAD 
denote the Euclidean Distance and Spectral Angle Distance, respectively. 
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Fig. 10A, indicating that they were crucial for wetland classification. In 
addition, it can be seen that among the selected optimal features in each 
ecoregion, the temporal features generally had higher weights than 
other common features, meaning that they were more important for 
accurate classification, especially in the KP, MXP, and QTP. Our results 
show that adding various temporal features can enhance the overall 
classification accuracy by 1% to 5% (average 2.35%) (Fig. 10B). 

Third, a two-stage classification developed in this study ensured the 
accuracy of wetland mapping in East Asia. It is challenging to accurately 
classify all categories of wetlands at once using sample-based machine 
learning methods, as many wetlands have similar spectral, textural, and 
temporal features, such as the lake, ponds/reservoirs, and coastal 
aquaculture ponds in this study. The two-stage classification effectively 
resolves this issue. Based on the initial classification results generated by 
the object-based RF algorithm, a hierarchical decision tree based on 
multi-features (e.g., shape, texture, topography, and temporal variation) 
is constructed for the secondary classification, achieving fine wetland 
classification. Additionally, this study applied a novel sub-regional 
strategy to divide the study area into various ecoregions and then 
train the classification models independently. This strategy could 
significantly minimize the computational memory required for model 
training, facilitate the implementation of large-scale wetland mapping 
using the two-stage classification, and greatly reduce misclassification 

between similar landscapes. 
The accuracies of wetland mapping in this study were inevitably 

affected by some factors. First, some ecoregions suffer from uneven 
sample size, which might lead to abnormal classification. To prevent this 
issues during the classification process, we can only rely on manual 
sample size adjustment to maintain sample balance. While automati-
cally generating a sufficient number of training samples, it is necessary 
to design strategies for maintaining the evenly of samples’ quantity and 
distribution (Gong et al., 2019; Huang et al., 2020). Second, given the 
strong spatial heterogeneity and spatio-temporal dynamics of wetland 
landscapes, the regional strategy and optimal segmentation threshold 
adopted in this study may still introduce uncertainties in the wetland 
delineation result, especially in the adjacent areas between task grids. 
More advanced image segmentation algorithms and automated methods 
to determine the optimal segmentation threshold should be explored in 
future studies to reduce the potential discrepancies in the resulting 
wetland maps across different regions. In addition, numerous studies 
have revealed that multi-year, continuous monitoring of the spatio-
temporal dynamics of wetlands have greater practical value for the 
protection and wise use of wetlands (Gong et al., 2010; Mao et al., 2022). 
Thus, studies for interannual dynamics of wetlands over a large-scale 
remain need to further explore in future studies. 

5.2. High resolution wetlands map of East Asia 

Fig. 11 compares the resulting wetland map in this study with other 
wetland datasets (Table 1), including the 30-m national wetland map of 
China in 2015 (CAS_Wetlands), 10-m products of global land cover in 
2021 (ESA_WorldCover), and three national maps of tidal flats, man-
groves, and coastal aquaculture ponds of China (e.g., 10-m China_Tidal 
Flat map in 2019, 30-m CAS_Mangroves map in 2015, and 10-m Chi-
na_CAP map in 2021). To minimize the negative impact of different 
generated years on comparisons between datasets, we identified regions 
with low inter-annual dynamic variation for the final contrast. 
Compared to the CAS_Wetlands, this study provides the up-to-date 
wetland map of 2021 with a finer spatial resolution of 10-m. In addi-
tion, this study provides a more consistent extent of wetlands compared 
to ESA_WorldCover, which can be primarily related to their distinct 
classification methods. ESA_WorldCover was generated using pixel- 
based classification approach, which was influenced by the “salt and 
pepper” effect, especially for inland and coastal marshes. In contrast, 
this study uses an object-based classification method that combines 
super-pixel segmentation and RF classification to reduce such noise and 
provide more accurate mapping. We also compared the area of three 
coastal wetland categories (tidal flat, coastal swamp, and coastal 
aquaculture pond) with those from three existing datasets (China_Tidal 
Flat, CAS_Mangroves, and China_CAP) for each coatasl province of 
China, respectively (Fig. 9B). Our results were highly consistent (p <
0.001) with all these existing datasets. The differences in area may stem 
from the different methods of data generation. The coastal swamp area 
estimated in this study was significantly larger than that of CAS_Man-
groves for all provinces (Zhejiang, Fujian, Guangdong, Guangxi, Hainan 
and Taiwan). This discrepancy can be attributed to two main factors: 
firstly, CAS_Mangroves only covers the single type of coastal swamp, 
namely mangroves, while this study also includes other categories. 
Secondly, the difference in resolution also affects the area estimate, and 
the finer resolution of this study allows for more detailed information 
capture. 

5.3. Implication of continental-scale wetland map with finer spatial 
resolution 

At a 10-m spatial resolution, this study generates the first wetland 
map for East Asia (EA_Wetlands). Such continental-scale wetland dis-
tribution product with fine spatial resolution and multiple categories 
will be of great potential applications in scientific research and 

Table 4 
Confusion matrix for accuracy assessment.  

(a)     

Category I Category II Samples 
number 

User’s acc. Producer’s 
acc. 

Inland 
wetland 

River 1778 91.17 ± 1.31 91.79 ± 1.53 
Lake 1865 91.85 ± 1.24 87.31 ± 1.77 
Inland swamp 806 75.43 ± 2.97 69.97 ± 4.18 
Inland marsh 2051 78.94 ± 1.77 70.61 ± 5.24 

Coastal 
wetland 

Coastal swamp 908 79.19 ± 1.77 68.94 ± 3.13 
Coastal marsh 1599 76.17 ± 2.09 71.44 ± 4.24 
Tidal flat 501 80.44 ± 3.47 72.35 ± 3.73 
Coastal 
waterbody 

103 93.20 ± 2.88 53.93 ± 5.88 

Human-made 
wetland 

Reservoir/pond 1258 87.92 ± 1.80 69.87 ± 1.72 
Canal/channel 196 77.04 ± 3.93 61.63 ± 5.27 
Salt pan 306 75.82 ± 3.81 66.10 ± 4.87 
Coastal 
aquaculture 
pond 

707 80.76 ± 2.91 74.84 ± 3.71 

Non-wetland 29,664 90.97 ± 0.33 90.97 ± 0.82 
(b)     

Region 
Wetland 
samples 
number 

User’s acc. 
Producer’s 
acc. Overall acc. 

YGP 1239 
71.78 ±
1.80 83.28 ± 2.11 88.93 ± 0.12 

YER 1283 
86.36 ±
1.95 

80.44 ± 1.82 91.62 ± 0.02 

YAR 1360 81.07 ±
1.71 

78.75 ± 1.25 88.51 ± 0.02 

SSC 1211 
81.16 ±
1.73 81.09 ± 1.82 89.75 ± 0.02 

QTP 1566 
67.99 ±
1.63 81.41 ± 1.58 86.58 ± 0.02 

NEC 1366 
71.35 ±
1.89 

81.74 ± 1.18 86.93 ± 0.03 

MXP 1209 88.86 ±
1.88 

79.16 ± 2.03 90.22 ± 0.02 

MN 1005 
83.35 ±
2.39 77.71 ± 1.85 89.97 ± 0.02 

KP 917 
78.93 ±
1.34 76.17 ± 1.57 84.00 ± 0.03 

JPN 922 
78.46 ±
2.37 

80.38 ± 1.09 85.77 ± 0.03 

Summary 12,078 78.46 ±
1.28 

80.08 ± 0.57 88.74 ± 0.03  
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sustainable management including biodiversity conservation, migratory 
bird habitat assessment, and carbon storage or sink estimation. In 
addition to accurately estimating the total wetland area in East Asia, the 
EA_Wetlands also provides the precise extent of 3 broad categories and 
12 sub-categories of wetlands. Biodiversity conservation and sustainable 

ecosystem management in East Asia will benefit significantly from such 
detailed wetland classification. For example, fine spatial distribution 
information of swamp and marsh in coastal and inland areas is helpful 
for better understanding their ecological functions and services, and is of 
great importance for carbon sink studies in terrestrial ecosystems. The 

Fig. 9. Distribution and areal statistics of wetlands for EA in 2021, (A) presents the spatial distribution and area in latitude of wetlands, (B), (C), and (D) show 
wetland area statistics for different categories, countries, and ecoregions. 

Table 5 
Area of various wetland categories in five East Asian countries.  

Category I Category II China Mongolia North Korea South Korea Japan Summary 

Inland 
wetland 

Lake 73,203.16 777.65 735.78 716.74 1210.80 76,644.13 
River 83,091.61 14,217.80 477.70 376.98 2914.84 101,078.93 
Inland swamp 7965.08 132.59 10.26 21.16 75.39 8204.48 
Inland marsh 139,167.10 332.73 897.21 1104.26 1431.04 142,932.35  
Total 303,426.95 15,460.77 2120.95 2219.14 5632.06 328,859.88 

Coastal 
wetland 

Coastal swamp 302.00 0.00 8.57 1.45 3.57 315.59 
Coastal marsh 3096.35 0.00 38.17 50.24 91.79 3276.55 
Tidal flat 6894.29 0.00 59.55 189.65 486.44 7629.94 
Coastal waterbody 50,963.25 0.00 4038.33 9175.34 8020.86 72,197.79  
Total 61,255.89 0.00 4144.62 9416.69 8602.67 83,419.87 

Human-made 
wetland 

Reservoir/pond 50,792.60 1750.59 959.66 1049.07 1670.55 56,222.47 
Canal/channel 3453.85 5.29 2.61 13.31 21.52 3496.59 
Coastal aquaculture pond 8628.80 0.00 31.87 13.82 2.17 8676.67 
Salt pan 1122.52 0.00 1.02 1.19 2.27 1127.01  
Total 50,792.60 1750.59 959.66 1049.07 1670.55 69,522.74 

Summary 428,680.62 17,216.65 7260.74 12,713.23 15,931.25 481,802.49  
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various natural and human-made wetlands in urban areas can be used 
for evaluating the conservation and utilization status of urban wetlands, 
providing invaluable information for sustainable urban planning and 
management (Wang et al., 2022). In the coastal zone, the accurate de-
limitation of tidal flats, which providing dominant foraging habitats for 
migratory birds, could provide data support for conservation of migra-
tory water birds on the East Asia-Australia Flyway (EAAF) (Jia et al., 
2021; Li et al., 2022b; Qiu et al., 2022). And the latest extent of aqua-
culture ponds and salt pans can be used for monitoring the development 
intensity of coastal zones and supporting coastal wetland protection and 
restoration decisions (Ren et al., 2019; Wang et al., 2023). Additionally, 
EA_Wetlands also provides a critical reference for evaluating the 
implementation of the Ramsar Convention and SDGs in China and other 
East Asia parties (Mao et al., 2021). According to the Ramsar Conven-
tion, 154 wetland sites in East Asia have been included in the list of 
wetlands with international importance to date, and China has the most 
wetland cities in the world. EA_Wetlands can provide the latest data 
support on the status of wetlands in these important wetland sites and 
wetland cities. Among various wetland-relevant indicators of SDGs, SDG 
6.6.1 focuses on tracking changes over time in water-related ecosystems, 
and the method developed for continental-scale wetland mapping in this 
study can directly contribute to it. 

6. Conclusions 

Using the Sentinel-1/2 time series imagery and the GEE platform, we 
developed a novel two-stage wetland mapping framework that 

integrates object-based RF and hierarchical decision tree classification, 
and firstly generated the up-to-date 10-m resolution wetland map of East 
Asia with 3 broad categories and 12 sub-categories. Various spatio-
temporal features and an effective method for automatically generating 
samples were incorporated into the fine classification of wetlands, 
further ensuring the classification accuracy. The resulting wetlands map 
of East Asia has an overall classification accuracy of 88.74%, revealing 
an estimated area being 481,802.49 km2 for this continent, and a pri-
mary distribution in China’s NEC and QTP. Among all wetlands, 68.26% 
are inland wetlands, 17.31% are coastal wetland, and 14.43% are 
human-made wetland, whilst inland marsh had the highest proportion 
(29.67%). China has the largest wetland resources (88.97%) and North 
Korea has the smallest (1.51%) among five East Asian countries. The 
novel method and resulting wetland product could contribute directly to 
evaluating targets of SDGs and provide a critical reference for achieving 
the fine global wetland map. 
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