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ABSTRACT:

Coastal wetlands are critical ecological spaces for coastal-zone management, with direct
implications for wetland conservation, shoreline regulation, and nearshore spatial planning.
Here, we present two complementary 10 m datasets for China’s coastal wetlands in 2025: the
China Coastal Wetland Extent Map (CCWEM) and the China Coastal Wetland Inundation
Frequency Map (CCWIF). CCWEM delineates the maximum wetland extent along the Chinese
coast, whereas CCWIF further characterizes internal inundation-frequency gradients within this
extent. To generate CCWEM, we constructed a four-season semantic segmentation dataset
based on multi-season Sentinel-2 observations and developed SeasonMamba, which integrates
shared encoding, seasonal adaptive fusion, and pseudo-MSIC representation learning to achieve
stable delineation of coastal wetlands under varying seasonal and tidal conditions. To generate
CCWIF, the Chinese coast was divided into 58 tidal subregions to account for spatial

heterogeneity in tidal environments, and a region-specific inundation-frequency estimation
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workflow was developed by integrating Sentinel-2 MNDWTI time series with tide gauge
observations. CCWEM mapped 8906.15 km? of coastal wetlands and achieved an overall
accuracy of 94.07%, with an F1 score of 94.83% in low-tide boundary validation. Independent
validation using Sentinel-1 observed water occurrence showed overall monotonic agreement
with the CCWIF classes across all validation regions combined (Spearman’s p = 0.756),
supporting its ability to characterize relative inundation-frequency gradients. To our knowledge,
CCWIF provides the first national-scale dataset describing coastal wetland inundation-
frequency gradients across China. Together, CCWEM and CCWIF provide a consistent high-
resolution spatial dataset for characterizing both the extent and internal hydrological structure
of China’s coastal wetlands, supporting coastal wetland monitoring, assessment, and

management under complex tidal conditions.

Keywords: Coastal wetland dataset; Wetland extent; Inundation-frequency gradients; Earth

observation; Sentinel-2; China

1. INTRODUCTION

Coastal wetlands are critical ecological interfaces between land and sea, providing
irreplaceable ecological and societal benefits, including the maintenance of coastal biodiversity,
blue carbon storage, storm-surge attenuation, and support for coastal socio-economic systems
(He et al., 2025a; Day et al., 2024; Hiibinger et al., 2026). However, under the combined
pressures of global environmental change and intensive human activities, coastal wetlands are
undergoing substantial spatial reorganization and functional transformation, with sea-level rise
widely recognized as a major driver of their long-term trajectories (Schuerch et al., 2018;
Murray et al., 2019). Previous studies have shown that coastal wetlands may face considerable
loss risks under climate change, and that their future responses are strongly mediated by local
sediment supply, accommodation space for landward migration, and coastal management
regimes (Mao et al., 2025; Guimond, 2025). In China, the long and geomorphologically diverse
coastline, pronounced spatial variations in tidal range and tidal regime, and strong regional

differences in coastal landforms together give rise to highly heterogeneous wetland
2
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distributions and tidal inundation patterns (Wen et al., 2024; Wang et al., 2023a). Such spatial
and hydrological heterogeneity creates a strong demand for consistent high-resolution data that
can represent not only where coastal wetlands occur, but also how tidal inundation varies within
them. Therefore, a national-scale dataset that jointly characterizes the maximum wetland extent
and internal inundation-frequency gradients is essential for providing a more complete spatial
representation of China’s coastal wetlands and for supporting analyses of coastal hydrological

processes, wetland dynamics, conservation, and coastal-zone management.

In recent years, large-scale coastal wetland and related water-body products have provided
an important foundation for coastal-zone mapping, although they differ substantially in target
objects, spatiotemporal resolution, and methodological design (Mcowen et al.,, 2017,
Worthington et al., 2024; Zhen et al., 2026; Li et al., 2022). The products most closely related
to this study are dedicated intertidal wetland products. For example, Jia et al. (2021)
automatically implemented the Maximum Spectral Index Composite (MSIC) and threshold
segmentation on the Google Earth Engine (GEE) platform to process Sentinel-2 time-series
imagery over China, producing a 10 m tidal flat map of China. Murray et al. (2022) used long-
term Landsat observations to map the losses and gains of three types of tidal wetlands—tidal
flats, salt marshes, and mangroves—at the global scale from 1999 to 2019. Zhang et al. (2022)
proposed the MTWM-TP method by integrating satellite-derived tidal information and
phenological features and generated a 10 m multi-class coastal wetland product for East Asia,
providing a representative benchmark for regional wetland composition mapping. More
recently, Li et al. (2026a) integrated Sentinel-1/2 observations, field data, and deep learning to
map coastal wetland vegetation in eastern China, further enriching high-resolution coastal
wetland datasets. In contrast to dedicated coastal wetland products, broader wetland dynamic
products place greater emphasis on interannual monitoring continuity and comprehensive
wetland typology. Representative examples include GWL FCS30 (Zhang et al., 2023a) and
GWL_FCS30D (Zhang et al., 2024). The former used 2020 as the baseline year and integrated

multi-source prior products, time-series remote-sensing imagery, automatic samples, and
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hierarchical classification strategies to produce a global 30 m fine-resolution wetland map with
a unified representation of eight wetland subclasses. The latter further extended this framework
to annual mapping from 2000 to 2022 and improved long-term mapping continuity and
robustness through spatiotemporal consistency constraints. In addition, several mature baseline
products have been widely used in wetland studies. For instance, GLWD v2 (Lehner et al.,
2025) integrated multi-source ground and satellite data to construct a global database of 33
water-body and wetland classes, while JRC Global Surface Water (Pekel et al., 2016) used
large-scale Landsat imagery to generate global 30 m layers of surface water occurrence,
seasonality, and change. These products provide important benchmarks for national-scale
comparison and external validation. However, several data gaps remain for the consistent
characterization of China’s coastal wetlands. First, some products focus only on individual
targets, such as tidal flats, mangroves, or coastal vegetation, and therefore cannot fully capture
the complex salt marsh—tidal flat—shallow water transition structure within China’s coastal
wetlands. Second, many products are designed primarily for static or annual-scale mapping and
are not sufficient to explicitly address the state inconsistency at the same location caused by
tidal fluctuations and seasonal variation. Third, existing large-scale products generally
emphasize wetland classification, spatial extent, or temporal change, with limited consideration
of the joint representation of maximum wetland extent and internal hydrological gradients.
Therefore, a remaining data gap is a high-resolution dataset that can consistently characterize
the maximum wetland extent along the entire coast of China while providing a spatial basis for

further describing internal inundation-frequency gradients.

Compared with static wetland mapping, inundation frequency provides a more direct
characterization of tidal hydrological processes within coastal wetlands. Existing studies have
therefore mainly progressed along two lines: the development of dynamic wetland products and
the process-oriented modelling of remote-sensing time series. On the one hand, advances in
long-term remote-sensing archives and cloud-computing platforms have substantially

improved the temporal continuity of wetland dynamic mapping (Hu et al., 2025; Liang et al.,
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2025; Li et al., 2026b). For example, GWD30, built upon the global 30 m Seamless Data Cube
(Chen et al., 2024), provides a global wetland dynamic dataset from 2013 to 2024 at a 4-day
interval. Related global monitoring initiatives, including GlobWetland and Global Mangrove
Watch, have also demonstrated the value of long-term Earth observation for wetland
assessment and change monitoring (Jones et al., 2009; Bunting et al., 2022). On the other hand,
increasing efforts have attempted to link remote-sensing time series with hydrological
processes to improve the physical interpretability of inundation-frequency information (Yang
et al., 2022). For instance, WOfS and its extended applications have demonstrated that long-
term water-occurrence observations can support the characterization of inundation dynamics
and recurrence patterns (Huang et al., 2018; Huang et al., 2019). More recently, WetFramework
(Liang et al., 2026) integrated water-index time series, Fourier fitting, and tide gauge
observations to characterize the pixel-level long-term mean water response and estimate
wetland inundation frequency at the regional scale. Nevertheless, a clear data gap remains for
China’s coastal wetlands. Existing dynamic wetland products primarily describe wetland
distribution and temporal change, whereas available inundation-frequency studies are generally
regional and do not provide a spatially consistent national-scale dataset that explicitly
characterizes internal inundation-frequency gradients under contrasting tidal and
geomorphological conditions. Therefore, a national-scale dataset that integrates stable
maximum wetland extent with regionally calibrated inundation-frequency gradients is needed
to provide a consistent representation of the spatial and hydrological structure of China’s

coastal wetlands.

To address these data gaps, this study presents two complementary 10 m datasets for coastal
wetlands along the entire coast of China: the China Coastal Wetland Extent Map (CCWEM)
and the China Coastal Wetland Inundation Frequency Map (CCWIF). The datasets follow a
sequential organization in which the maximum wetland extent is first delineated and internal
inundation-frequency gradients are then characterized within this extent. To generate CCWEM,

we constructed a four-season semantic segmentation dataset based on multi-season Sentinel-2

Open Access

Earth System
Science

Data

suoIssnoasiq



https://doi.org/10.5194/essd-2026-758
Preprint. Discussion started: 30 October 2026
(© Author(s) 2026. CC BY 4.0 License.

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

observations and used SeasonMamba to jointly model stable wetland structures, seasonally

variable zones, and pseudo-MSIC representations, thereby improving the consistency of

maximum wetland extent delineation under varying seasonal and tidal conditions. Building on

CCWEM, we further accounted for the spatial heterogeneity of tidal environments along the

Chinese coast by dividing the coastal wetlands into 58 tidal subregions and integrating Sentinel-

2 MNDWI time series with tide gauge observations to generate CCWIF. Together, CCWEM

and CCWIF provide a consistent national-scale representation of both the spatial extent and

internal hydrological gradients of China’s coastal wetlands. The main contributions of this

study are summarized as follows:

(M

2

3)

“)

We constructed a four-season semantic segmentation dataset for China’s coastal
wetlands and developed a multi-season sample joint-modelling strategy, providing a data
foundation for stable delineation of the maximum wetland extent under complex tidal

and seasonal conditions.

We generated the 10 m CCWEM using SeasonMamba, which integrates shared encoding,
season-adaptive variable-length fusion, and pseudo-MSIC representation learning to

delineate the maximum extent of natural coastal wetlands along the coast of China.

We generated the 10 m CCWIF by combining tidal regionalization, Sentinel-2 MNDWI
time-series analysis, and tide gauge observations across 58 tidal subregions, providing a
national-scale representation of relative inundation-frequency gradients within the

mapped coastal wetland extent.

We evaluated the quality of CCWEM and CCWIF through complementary validation
strategies, including stratified product-level validation, low-tide boundary assessment,
and independent Sentinel-1 observed water occurrence validation, providing multiple
lines of evidence for dataset reliability and supporting their use in coastal wetland
monitoring, hydrological analysis, conservation and restoration, and coastal-zone

management.
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2. MATERIALS

2.1. Definition of Coastal Wetlands

The Ramsar Convention adopts an inclusive definition of wetlands, encompassing a wide
range of natural and artificial, permanent and seasonal, inland and coastal aquatic or semi-
aquatic environments. This definition has broad applicability in global wetland inventories and
conservation frameworks (Rakkasagi et al., 2024). However, it remains too broad for fine-scale
remote-sensing mapping of coastal wetlands. Therefore, this study adopts a more operational
definition of coastal wetlands, restricting them to natural wetland systems located in the land—
sea transition zone that are dominated by tidal processes and characterized by periodic
inundation and exposure. Specifically, coastal wetlands in this study include tidal flats, salt
marshes, and mangroves, but exclude aquaculture ponds, salt pans, and other artificial wetlands

(Wang et al., 2020).

2.2. Study Area

China is located along the northwestern Pacific margin, with its coastline spanning the Bohai
Sea, Yellow Sea, East China Sea, and South China Sea. Extending across multiple climatic
zones from north to south, the Chinese coast exhibits pronounced differences in coastal
geomorphology, sedimentary environments, and tidal dynamics (Wang et al., 2023b), as shown
in Fig. 1. Under the combined influence of large river inputs, monsoon climate, and tidal
processes, China’s coastal wetlands show a distinct north—south spatial pattern, shifting from
tidal flats and salt marshes in the north to the coexistence of tidal flats, salt marshes, and
mangroves in the south (Zhao et al., 2023). The study area covers 14 coastal provincial-level
administrative regions of China, including Liaoning, Hebei, Tianjin, Shandong, Jiangsu,
Shanghai, Zhejiang, Fujian, Guangdong, Hong Kong, Macao, Guangxi, Hainan, and Taiwan.
In addition, 200 tide gauges are distributed along the coast, providing the observational basis

for characterizing tidal conditions across different coastal segments.
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192 To support national-scale multi-season mapping of coastal wetlands, we constructed a four-
193 season coastal wetland sample dataset based on Sentinel-2 observations, together with field
194 survey records and MSIC composite regions, as shown in Fig. 2. The remote-sensing data were
195  Sentinel-2 Level-2A products available on the GEE platform. These products have an
196  approximately 5-day revisit cycle and provide atmospherically corrected surface reflectance
197  bands, making them suitable for monitoring vegetation, soil, and water conditions (Gahrouei et
198  al.,2026; Wagner et al., 2026). Across the national coastal zone, the number, spatial distribution,
199  and frequency histogram of good-quality candidate observations are shown in Fig. 2(a). To
200  improve the reliability of sample annotation, we conducted multiple field surveys in
201  representative coastal wetland regions of China during 2024-2025. These surveys covered

202  typical tidal flat, salt marsh, and mangrove habitats, as shown in Fig. 2(b)—(f), and provided

8
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Distribution of tidal types and coastal tide stations along the coast of China.
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Fig. 2. Observation quality, MSIC composite areas, and field survey sites for coastal wetland dataset

preparation. (a) Spatial distribution and histogram of good-quality observations; (b) UAV image from
Daishan Island, Zhejiang; (c) UAV image from Beibu Gulf, Guangxi; (d) Ground photograph from Longhai,
Fujian; (e) Ground photograph from Yuhuan, Zhejiang; (f) Ground photograph from Hangzhou Bay,
Zhejiang.

For seasonal sample construction, Sentinel-2 images acquired in January, April, July, and
October 2025 were selected to represent winter, spring, summer, and autumn, respectively.
Images with cloud cover lower than 10% were retained as candidate samples. Coastal wetland
extents were then manually annotated by combining remote-sensing image interpretation with
field survey information. The images were organized as three-channel inputs (NIR, Red, and
Green), and both images and their corresponding labels were cropped into 512 x 512 pixel
patches for subsequent model training and evaluation. In total, 2131, 1182, 996, and 946

samples were constructed for winter, spring, summer, and autumn, respectively.

Considering the strong spatial autocorrelation that commonly exists among adjacent patches
and the pronounced regional ecological heterogeneity along the Chinese coast, we split the
dataset into training, validation, and test subsets at the Sentinel-2 tile level rather than at the

patch level. This strategy was adopted to ensure both spatial independence and regional
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representativeness. Specifically, all samples from the same tile were assigned to the same subset
and were not split across different subsets. To ensure that the model could learn the major
coastal wetland types and their regional variations along the Chinese coast, each subset included
tiles from the major regional groups T49, T50, and T51, while strict independence was
maintained at the tile level. Finally, the training, validation, and test sets consisted of 45, 9, and
10 tiles, respectively, and were used for parameter learning, model selection, and final

generalization assessment of SeasonMamba. The complete tile list is provided in Table S1.

2.3.2. MSIC composite generation

MSIC is designed to reconstruct composite observations that are closer to the maximum
exposure state of intertidal zones from dense time-series imagery, thereby reducing spatial
inconsistencies in single-date images caused by instantaneous tidal differences (Wen et al.,
2024; Sun et al., 2024). Specifically, this study used 79 Sentinel-2 tiles covering China’s coastal
zone as the basic processing units. For each tile, all available Sentinel-2 Level-2A images in
2025 were collected. After cloud and shadow masking, the normalized difference vegetation
index (NDVI) was calculated for each image and used as a pixel-level quality metric (Jia et al.,
2021). Then, for each pixel location, the observation corresponding to the maximum NDVI
value along the temporal dimension was selected, while all spectral bands from the same
acquisition were retained to generate a multi-band composite image. This procedure was
implemented in GEE using the qualityMosaic function based on the quality metric. Because
tidal inundation generally reduces near-infrared reflectance and suppresses NDVI, whereas

wetland vegetation and exposed tidal flats tend to show higher NDVIunder exposed conditions,

this strategy preferentially preserves surface information closer to low-tide exposure conditions.

It should be noted that the resulting composite images were not used directly as training labels.
Instead, they served as model prediction inputs for extracting the national-scale maximum

wetland extent.
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3. DATASET GENERATION

The overall workflow of the dataset generation is shown in Fig. 3 and consists of five
interlinked components: (a) constructing a four-season dataset of China’s coastal wetlands,
including multi-temporal remote-sensing samples and corresponding annotations for spring,
summer, autumn, and winter; (b) organizing observations from the same spatial location across
different seasons into seasonal groups, and further generating core masks and probability masks
for model supervision; (c) developing the SeasonMamba model, which extracts the maximum
wetland extent through seasonal and pseudo-MSIC branches; (d) integrating water-index time
series and tide gauge records for curve fitting to estimate pixel-level wetland inundation
frequency; and (e) generating the final CCWEM and CCWIF products. Sections 3.1-3.3
describe the multi-season sample organization, the SeasonMamba network architecture, and the

inundation-frequency estimation method, respectively.

(a) Sentinel-2 Coastal (b) Seasonal Group (d) Wetland Inundation Esti
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(e) China Coastal Wetland Products

Spring || Summer
Image Image
Autumn || Winter
Image Image
) Core and

Seasonal Images Same Spatial Patch  Probability Mask

B China Coastal Wetland
Extent Map

China Coastal Wetland
Inundation Frequency

(c) SeasonMamba

] )
Mamba i Mamba Mamba Mamba
N B b IN b
BlockxN1 i | BlockxN2 BlockxN3 i i'| BlockxN4
| Stagel || Stage? | Stage3 || Staged
Encoder Decoder

Fig. 3. Overall workflow for generating the CCWEM and CCWIF datasets.
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3.1. Multi-season Sample Matching and Seasonal Group Construction

To explicitly model the seasonal appearance variability and label uncertainty of coastal
wetlands, this study did not treat each single-season image patch as an independent training
sample. Instead, observations acquired at the same spatial location in different seasons were
organized into a seasonal group, as shown in Fig. 3(b). Specifically, image—label pairs were
first matched within the winter, spring, summer, and autumn datasets, and the tile ID,
acquisition date, and spatial location index were parsed from the file names. A cross-season
spatial matching key was then constructed to aggregate samples from different seasons that
corresponded to the same spatial location. For the i-th seasonal group, the input can be

expressed as:

X =" 1, Iy, N ef{l,2,3,4 )

where " denotes the three-channel image patch at the same spatial location in the k-th

available season, and N; is the number of valid seasonal observations in the group. Because of
cloud contamination, observation conditions, and data availability, valid samples were not
necessarily available for all four seasons at every spatial location. Therefore, a seasonal group
can be regarded as a variable-length input consisting of N; three-channel patches, conceptually
organized as N; x C x H x W, rather than as a conventional fixed-form single-image tensor.
This organization enables the model to learn more stable wetland representations from multi-
season observations at the same location, rather than relying on the instantaneous appearance

of a single season.

For each seasonal group, the corresponding multi-season labels were further fused into two
types of supervision information: a core mask and a probability mask, which were used to
describe seasonally variable zones and label-uncertain regions. Let ¥ denote the binary

label of the k-th available season in the i-th group. The core mask and probability mask are

defined as:
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where M represents pixels labelled as coastal wetlands in all available seasons,

emphasizing stable and high-confidence wetland areas. M™ represents the occurrence
probability of wetland labels across multiple seasons and provides soft supervision for tidal flat

exposure—inundation transition zones and other seasonally variable areas.

With this construction, each training sample is no longer a single-date image, but consists of
a variable number of seasonal observations X, and their corresponding dual supervision
masks, M™ and M™ . This provides the input basis for the subsequent multi-season joint

modelling in SeasonMamba.
3.2. SeasonMamba
3.2.1. Seasonal branch

The seasonal branch is designed to jointly model multi-temporal observations acquired at the
same spatial location across different seasons, thereby extracting more stable wetland

representations from temporally heterogeneous but spatially aligned inputs. Specifically, for
each seasonal image 7 in a seasonal group, a parameter-shared stem is first used to extract

initial features. This design preserves spatially consistent structural information across seasons
while reducing the model’s dependence on the appearance pattern of any single season. The
shallow features from all available seasons are then organized as a feature set and fed into the

season-adaptive variable-length fusion (SAVF) module for adaptive integration, producing the
seasonal fused feature F for the corresponding seasonal group. This process can be

formulated as:

E = e {0 (1)) o

k=1
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The core objective of this branch is not to fit the surface appearance of a fixed season, but to
identify spatially stable wetland structural patterns from multi-season observations. Meanwhile,
it suppresses short-term appearance disturbances caused by tidal-level differences, residual
water, illumination changes, and phenological variation. By organizing the input as a variable-
length seasonal group, the seasonal branch can also naturally accommodate missing seasons or
imbalanced seasonal coverage, thereby improving the robustness of the model under complex

real-world observation conditions. The detailed workflow of this branch is shown in Fig. 4(a).

(a) Seasonal Branch (b) Pseudo-MSIC Branch (¢) Mamba Block

‘ Layer Norm —l
Linear Linear
[Projection, [Projection,
———————————————————————————————— —
Shared Stem CASM Conv

Conv — Norm— Conv Reorganize — Synthesize | - l

P = veasu(X) sicv | [ sio |

e RC xHxW
‘ Nonlinearity
""""""""""""""""" Artifact Encoder ]
SAVF Conv — Down — Conv Linear\ . |
| [Projection,
‘ Drop Path

%

Overview of the proposed SeasonMamba framework

Fig. 4.

3.2.2. Pseudo-MSIC branch
The pseudo-MSIC branch is designed to reduce the training—inference domain mismatch
between multi-season observations used for model training and MSIC composites used for
inference, enabling the model to learn wetland features that are closer to the actual prediction

scenario (Ji et al., 2025). Specifically, all available seasonal observations X, are first fed into

the composite artifact synthesis module (CASM), which generates a pseudo-MSIC image I’

through cross-season reorganization and synthesis. This process does not aim to reconstruct any
real single-season image. Instead, it simulates the overall appearance of the same spatial
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location under composite observation conditions, so that the generated image better resembles

the MSIC image used for subsequent prediction in terms of texture organization, boundary

morphology, and local mixed patterns. The pseudo-MSIC image I’ is then fed into an artifact

encoder to extract multi-scale auxiliary features {Af}?zl, which supplement the backbone

network in modelling composite-image representations. The whole process can be summarized

as:

{Avl }?:1 = ¢aux (¢CASM ('X; )) 4

Different from the seasonal branch, which mainly focuses on modelling cross-season stable
wetland structures, the pseudo-MSIC branch explicitly simulates the composite-observation
style through CASM and uses the artifact encoder to learn feature patterns introduced by the
compositing process. This design improves the robustness and generalization ability of wetland
delineation under composite-image prediction scenarios. The detailed workflow of this branch

is shown in Fig. 4(b).
3.2.3. Encoder—decoder architecture and optimization

Considering that coastal wetland targets are often characterized by narrow and elongated
boundaries, fragmented patches, and broad spatial continuity, the encoder adopts a hierarchical
architecture composed of multi-stage Mamba blocks (Gu et al., 2023). This design is used to
model long-range spatial dependencies with relatively high computational efficiency. The

internal structure of the Mamba block is not further expanded here and is shown in Fig. 4(c). In
SeasonMamba, F** is fed into the main encoder, while {4'}} ~are injected into

corresponding encoder stages as auxiliary composite-style features. The former represents
cross-season stable wetland structural information, whereas the latter provides supplementary
texture, boundary, and local contextual information that is closer to the MSIC composite-
observation style. During decoding, we adopt a lightweight design consistent with the
SegFormer decoder (Zhang et al., 2023b), in which multi-scale features are progressively

restored and fused. By combining high-level semantic information with low-level spatial details,
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the decoder reconstructs more refined wetland boundaries. The overall encoder—decoder

process is illustrated in Fig. 3(c).

During training, we used a joint loss function composed of core supervision, probabilistic
supervision, and a feature consistency constraint. First, for the core mask, binary cross-entropy
loss and Dice loss were jointly used to strengthen the model’s ability to identify stable wetland
areas while maintaining consistency in both region-level classification and boundary overlap
(He et al., 2025b). Second, for the probability mask, an additional binary cross-entropy loss
was introduced to explicitly exploit seasonal wetland occurrence information and reduce the
hard-label bias caused by transition zones and uncertain regions. Furthermore, to enhance
domain consistency between the seasonal-group representation and the MSIC-style
representation, we introduced a lightweight high-level feature consistency constraint.
Specifically, the high-level features from the seasonal fused main branch and the corresponding
high-level features from the pseudo-MSIC branch were separately processed by global average
pooling, and their semantic proximity was constrained using mean squared error. This
encourages CASM to learn domain-invariant wetland semantics, rather than merely generating
auxiliary representations that superficially resemble composite images. The final loss is defined

as:

L=L +A L +Ai L[

core ‘prob”~"prob cons”~cons ( 5 )

where £, denotes the supervision term based on the core mask, £ , denotes the

probabilistic supervision term based on the probability mask, and £

cons

denotes the high-level

feature consistency constraint. 4 . and 4, are balancing coefficients for the corresponding

b
loss terms. Because this study uses variable-length seasonal groups as input units, Group
Normalization was used instead of Batch Normalization during training to improve stability
under small-batch conditions. The main training configuration of SeasonMamba is summarized

in Table S2.
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3.3. Inundation Frequency Estimation
3.3.1. Coastal partition and MNDW!I time-series construction

After obtaining the national-scale maximum wetland extent, namely CCWEM, we further
estimated pixel-level inundation frequency within this extent. Given the pronounced spatial
heterogeneity in tidal regime, tidal range, and tidal dynamics along the Chinese coast, applying
a single national-scale mapping relationship would likely introduce substantial regional bias.
Therefore, this study adopted a partition-based modelling strategy. The coastal wetland
distribution zone of China was divided into 58 subregions, within which modified normalized
difference water index (MNDWTI) time series were constructed separately to support subsequent

curve fitting and parameter mapping.

To ensure the representativeness of the time series, each month was divided into three fixed
temporal windows: days 1-10, days 11-20, and day 21 to the end of the month, resulting in 36
ten-day temporal units. For each temporal window, all Sentinel-2 observations acquired within
the same window in the target year and the preceding year were extracted and merged, and a
median composite was then generated to reduce the effects of residual clouds, anomalous
observations, and short-term noise. Compared with using observations from a single year only,
this cross-year same-window compositing strategy increases the number of valid observations

and improves spatial coverage while maintaining consistent seasonal phases.
3.3.2. Temporal fitting and key parameter extraction

After obtaining the MNDW!I time-series image stack, we applied a Savitzky—Golay (S-G)
filter to reduce noise and improve data quality, as illustrated in Fig. 5(a) (Liu et al., 2024). The
smoothed time series was then fitted using a Fourier function, as shown in Fig. 5(b) (Sun et al.,

2023). The fitting function is defined as:

¥ =a, +a, cos(wx) + b, sin(wx) + a, cos(2awx) + b, sin(2wx) (6)
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401  where y denotes the fitted MNDWI value, x represents the temporal position, w is the frequency
402  coefficient, ay is the constant term, and a;, a2, b;» bz characterize periodic variations at different
403  temporal scales.
404 This procedure extracts the periodic water-related signal from the MNDW!I time series and
405  isolates the constant term ay as the stable response after smoothing and fitting. Hydrologically,
406  ap can be interpreted as a pixel-level proxy for the long-term mean water-covered condition at
407  the annual scale. Statistically, ap summarizes the persistent component of the MNDWI temporal
408  signal jointly shaped by local tidal processes and microtopographic variations, thereby
409  providing an intermediate variable for subsequent regional calibration against the tidal level—
410  annual inundation days relationship. The main parameter settings for S-G filtering and Fourier
411  fitting are summarized in Table S3.
Annual MNDWI {7777 Otfshore wetland ® @ @ Intermediate wetland @ @ @ Nearshore welland ¢ a0 Map
Time Series P S.G fitgred Fourier fitting H
i S} H
) e\ » 1;9‘1 H
E { m High |2 .
‘\ ‘ M s W e w0 w0 3 0@ e 0 w0 w0 w0 s, b
= tow | Temporal Fiting "y =@+ arcos(w) + bysin(ws) +ascos(2wn) + basin(2wz) | —T_
Tide Gauge B ——enmmn= 777777777'; 7777777777 i Inundation
‘Observation - s \ H Frequency Map
' R N N ‘ ;
\\ Threshold 7 E
ca g matching % [T !
o <@ :
pecific i 1
412 T
413 Fig. 5. Workflow of region-specific inundation frequency estimation, illustrated using Pearl Bay,
414 Fangchenggang City as an example. (a) S-G filtering of annual MNDWI time series; (b) Fourier fitting and
415 extraction of the key parameter as; (c) Regional tidal level-annual inundation days curve derived from tide
416 gauge observations; (d) Cumulative area curve of ao.
417  3.3.3. Region-specific mapping from a, to inundation frequency
418 After obtaining pixel-level ay, we established a region-specific statistical mapping within
419  each subregion to convert ay into annual inundation-frequency classes, considering the
420  differences in tidal hydrodynamic conditions among coastal segments. This conversion does
421 not directly retrieve instantaneous tidal level, absolute water depth, or land-surface elevation
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from ay. Instead, it is based on a monotonic ranking assumption within each region: within a
tidally coherent subregion, pixels with higher long-term mean water response are generally
expected to experience longer annual inundation duration. Therefore, ay is defined in this study
as a relative hydrological response indicator that characterizes the pixel-level mean inundation
condition at the annual scale, serving as an intermediate variable that links remote-sensing

water-index time series with tide-gauge-derived statistical information.

Specifically, for each subregion, tide gauge observations were first used to construct
a tidal level-annual inundation days relationship, which describes the annual inundation
duration associated with different tidal-level conditions. Based on the predefined annu
al inundation duration thresholds of 30, 90, 180, and 300 d, the corresponding tidal-le
vel nodes and temporal proportions were identified from this relationship, as shown in
Fig. 5(c). The names of the subregions and their corresponding area-percentage thresh
olds are provided in Table S4, and the tidal level-annual inundation days curves and
threshold nodes for all 58 subregions are shown in Fig. S1. Hourly tidal-level records
from 200 tide gauges along the Chinese coast were obtained from the National Marin

e Data Center (https://mds.nmdis.org.cn/pages/tidalCurrent.html).

Meanwhile, all wetland pixels within each subregion were ranked according to their a, values,
and their cumulative area percentages were calculated to construct the regional ay cumulative
area curve, as shown in Fig. 5(d). The temporal proportions corresponding to different
inundation-duration thresholds in the tidal level-annual inundation days relationship were then
matched with the ay cumulative area curve to determine the corresponding ay thresholds within
each subregion. In other words, tide gauge observations provide the tidal-level exceedance
probabilities, or temporal proportions, associated with the annual inundation-duration
thresholds, whereas the @y cumulative curve provides the spatial ranking of relative inundation
intensity among wetland pixels. Together, these two components enable region-specific

calibration from the remote-sensing-derived ay response to inundation-frequency classes.
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Through this procedure, continuous ay values were divided into five annual inundation-
frequency classes: <30 d, 30-90 d, 90-180 d, 180-300 d, and >300 d. Finally, the ay thresholds
obtained for each subregion were mapped back to the spatial domain to classify all wetland
pixels within that subregion, and the results were integrated to generate CCWIF. This region-
specific mapping strategy avoids the systematic bias that may arise from applying a single
national threshold and allows the final product to better adapt to the differences in tidal
background and wetland hydrological processes among coastal segments. Therefore, the
resulting inundation frequency emphasizes the relative differentiation of annual-scale
inundation intensity among wetland pixels, rather than instantaneous water-level variations

during individual tidal events.

4. RESULTS

4.1. Performance and Transferability of the CCWEM Generation Framework

To evaluate the performance of SeasonMamba and its multi-season learning framework for
coastal wetland delineation, we first calculated semantic segmentation accuracy metrics using
the independent test set. SeasonMamba achieved strong segmentation performance, with a
mean intersection over union (mloU) of 93.25% and a mean pixel accuracy (mPA) of 96.22%.
For the target class of coastal wetlands, the precision, recall, and F1-score reached 93.88%,
92.97%, and 93.43%, respectively, with a corresponding IoU of 87.66%. These results indicate
that the proposed multi-season joint training framework can effectively extract cross-season
stable wetland structural features, thereby providing reliable support for national-scale coastal

wetland mapping and inference.

To further assess the effectiveness and transferability of the multi-season learning framework
in complex coastal wetland delineation, we conducted analyses from two perspectives: internal
model ablation and cross-backbone transferability. The former was used to examine the
contributions of the seasonal branch, pseudo-MSIC branch, and multi-season input

organization to the performance improvement of SeasonMamba, whereas the latter was used to
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verify whether the proposed multi-season learning strategy can be consistently transferred to

different types of backbone networks.

The internal ablation results are shown in Table 1. The following observations can be made:
1) The complete model (E1) achieved F1uetana of 93.43% and mloU of 93.25%, outperforming
all other configurations. Removing either the pseudo-MSIC branch (E2) or the seasonal branch
(E3) led to varying degrees of decline in both metrics, indicating that both branches contributed
stable performance gains. The larger performance degradation caused by removing the seasonal
branch further suggests that cross-season stable structure modelling is a more critical source of
improvement. 2) When the input was reduced from four seasons to three seasons (E1 to E4),
the model accuracy decreased only slightly. In contrast, when the model was degraded to the
single-season baseline (E6), the performance drop became more pronounced. This indicates
that the proposed framework is robust to partial seasonal missingness, while complete multi-

season inputs provide the most discriminative wetland representations.

Table 1.  Ablation experiments on the proposed multi-season learning framework and branch design (%)

Seasonal Seasonal Pseudo-MSIC Seasons
ID Flwettana mloU
Group Branch Branch used
El v v v 4 93.43 93.25
E2 v v X 4 92.78 92.63
E3 v X v 4 92.52 92.38
E4 v v v 3 93.27 93.09
ES v v v 2 92.25 92.12
E6 X X X 1 90.64 90.60

The results of the cross-backbone transferability experiments are presented in Table 2. Two
main observations can be made: 1) All backbones achieved consistent improvements after
incorporating the proposed framework, indicating that the framework is not specifically
dependent on SeasonMamba. CNN-based, Transformer-based, and Mamba-based hierarchical
backbones all benefited from the proposed multi-season learning strategy. 2) The magnitude of
improvement varied across different backbones. ConvNeXt (Woo et al., 2023) and SegFormer

(Zhang et al., 2023b) showed relatively larger gains, whereas MambaVision (Hatamizadeh et
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al., 2025), despite achieving higher absolute performance, exhibited a smaller relative
improvement. This suggests that the proposed framework does not simply replace the
representational capacity of the backbone itself, but rather complements conventional single-
season training by improving cross-season information organization and adaptation to

phenological and tidal-state perturbations.

Table 2.  Transferability of the proposed multi-season learning framework to different backbone networks

(%)

Backbone Setting Flwetlana mloU AF1vetiand AmloU

ConvNeXt Baseline 89.13 89.23 — —

ConvNeXt + Proposed framework 91.58 91.49 245 2.26

SegFormer Baseline 90.34 90.33 — —

SegFormer + Proposed framework 92.70 92.55 2.36 222
MambaVision Baseline 91.62 91.53 — —
MambaVision | + Proposed framework 93.61 93.43 1.99 1.90

Together with the ablation experiments, the transferability results further demonstrate that
the core value of the proposed method lies in establishing a multi-season learning mechanism
that is relatively decoupled from the specific encoder architecture. Specifically, the training
organization based on seasonal groups, the seasonal branch for modelling cross-season stable
structures, and the pseudo-MSIC branch for alleviating the representation gap between training
and inference jointly constitute the main sources of performance improvement. Importantly,

these improvements can be consistently transferred to different types of mainstream backbones.

4.2. Coastal Wetland Extent Characterized by CCWEM

Based on the national-scale inference results, CCWEM was used to characterize the spatial
pattern and provincial composition of the maximum wetland extent along the Chinese coast, as
shown in Fig. 6. Overall, China’s coastal wetlands exhibit a distribution pattern combining
continuous and patchy forms along the coastline. Large continuous coastal wetlands are mainly
distributed in Bohai Bay, the Yellow River Delta, the Jiangsu coast, the Yangtze River Estuary,

Hangzhou Bay, and the Beibu Gulf. In contrast, along parts of the southeastern coast, coastal
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wetlands are generally narrow, fragmented, and discontinuous due to the influence of

mountainous and hilly coasts, artificial shorelines, and fragmented bay systems.
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Fig. 6. Spatial distribution and provincial composition of the CCWEM. (a) National distribution of
mapped coastal wetlands and provincial percentage composition; (b) Liaohe Estuary; (¢) Yellow River
Estuary; (d) Yancheng coastal wetland, the largest coastal wetland area in China; (e) Yangtze River Estuary;
(f) Minjiang Estuary; (g) Pearl River Estuary.

The area statistics are shown in Table 3 and Fig. 6(a). The total area of China’s coastal
wetlands was 8906.15 km?. At the provincial level, Jiangsu had the largest coastal wetland area,
with 2411.07 km?, accounting for 27.07% of the national total. It was followed by Shandong
and Liaoning, with areas of 1463.19 km? and 967.39 km?, accounting for 16.43% and 10.86%,
respectively. Fujian, Zhejiang, Guangdong, and Shanghai also contained relatively large coastal
wetland areas, accounting for 8.68%, 7.92%, 7.67%, and 7.53% of the national total,
respectively. In contrast, Tianjin, Hainan, and Taiwan had relatively small proportions,
accounting for 0.84%, 1.80%, and 2.24%, respectively. Overall, Jiangsu, Shandong, and
Liaoning together accounted for more than half of China’s total coastal wetland area, indicating
that China’s coastal wetlands are mainly concentrated in large muddy tidal flats, estuaries, and

bay regions in northern and eastern China.
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Table 3.  Provincial areas and percentage composition of the CCWEM product in China.

Region Coastal wetland (km?) Percentage (%)
China 8906.15 100.00
Liaoning 967.39 10.86
Hebei 283.14 3.18
Tianjin 74.88 0.84
Shandong 1463.19 16.43
Jiangsu 2411.07 27.07
Shanghai 670.91 7.53
Zhejiang 705.26 7.92
Fujian 772.84 8.68
Guangdong 682.99 7.67
Guangxi 514.32 5.77
Hainan 160.54 1.80
Taiwan 199.61 2.24

Note: For statistical reporting, Hong Kong and Macao were merged into the Guangdong region. The same

treatment was applied to all subsequent province-level statistics.

4.3. Product-level Accuracy and Low-tide Boundary Reliability of CCWEM

To further assess the product-level reliability of CCWEM for national-scale mapping, we
evaluated its accuracy from two complementary perspectives: conventional stratified random
sampling and boundary-point validation under low-tide conditions. The former was used to
examine the overall classification accuracy of CCWEM at both national and provincial scales,
whereas the latter specifically targeted the maximum wetland extent emphasized by CCWEM

and further assessed its spatial consistency along intertidal boundary zones.

First, a stratified random sampling strategy was adopted for product-level accuracy
assessment of CCWEM. Considering the boundary uncertainty inherent in coastal wetland
mapping, validation samples were divided into three strata: coastal wetland, adjacent water, and
adjacent inland. The latter two strata represent neighbouring water bodies and inland non-
wetland areas within 1 km of the wetland boundary on the seaward and landward sides,
respectively. Within each stratum, 1000 validation points were randomly generated, which can
be implemented in GEE using the stratifiedSample function. These points were then manually

interpreted with reference to high-resolution Google Earth imagery. Based on the interpretation
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results, a binary confusion matrix was constructed, and the User’s Accuracy (UA), Producer’s

Accuracy (PA), Overall Accuracy (OA), and F1-score of the wetland class were calculated.

The stratified random sampling results indicate that CCWEM showed high consistency with
manual interpretation at the national scale. At the national level, UAuyetiand, PAwetiand, F lwettand,
and OA reached 92.50%, 90.39%, 91.43%, and 94.07%, respectively, as shown in Table 4. In
terms of regional differences, provinces with extensive tidal flat distributions generally
achieved higher accuracy, such as Jiangsu, Liaoning, and Shandong. By contrast, accuracy was
slightly lower in Zhejiang, Guangdong, and Hainan, where coastlines are more fragmented and
neighbouring water bodies and artificial surfaces are more spatially intermixed. The complete

province-level confusion matrices are provided in Table S5.

Table 4. Accuracy metrics of the CCWEM product based on stratified random sampling at the national
and provincial levels (%).

Region UAuwetland PAwetland Flwettana OA
China 92.50 90.39 91.43 94.07
Liaoning 94.53 90.98 92.72 94.60
Hebei 93.33 89.36 91.30 92.73
Tianjin 89.66 89.66 89.66 91.67
Shandong 94.41 90.48 92.40 93.47
Jiangsu 95.74 93.92 94.82 94.27
Shanghai 91.04 88.41 89.71 92.31
Zhejiang 87.32 88.57 87.94 93.95
Fujian 91.40 88.54 89.95 95.23
Guangdong 85.29 89.23 87.22 95.36
Guangxi 91.11 85.42 88.17 92.03
Hainan 89.66 83.87 86.67 92.79
Taiwan 87.88 90.63 89.23 94.85

Because CCWEM is designed to delineate the maximum wetland extent of coastal wetlands,
the reliability of its boundary should be evaluated under low- or near-low-tide conditions. In
this study, nine key validation regions distributed along the Chinese coastline were selected.
These regions cover representative temperate, subtropical, and tropical coastal zones in China
and include diverse geomorphic settings, such as estuaries, bays, and open coasts. They are also

located under different tidal environments, thereby reflecting regional variations in the
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intertidal wetland edge along the Chinese coast. A total of 1500 boundary sample points were
selected to evaluate the ability of the product to delineate the boundary between wetlands and

non-wetlands.

To ensure that the validation samples represented the maximum exposed boundary of the
intertidal zone, tide-level information corresponding to Sentinel-2 overpass times was further
obtained from nearby tide gauges in each region. Sentinel-2 images acquired at low or near-
low tide were preferentially selected as the reference basis for boundary validation. The tide
gauges, Sentinel-2 overpass times, instantaneous tide heights, and tidal states corresponding to

the nine validation regions are summarized in Table 5.

For the boundary validation, Pearl Bay was used as an example to illustrate the selection of
boundary points, as shown in Fig. 7(a). The boundary points were mainly distributed along the
interface between wetlands and non-wetlands and were used to assess the capability of the
product to characterize intertidal boundary positions. Fig. 7(b)—(j) show the tide-level variations

corresponding to the Sentinel-2 overpass times for the nine validation regions.

Table 5. Selected coastal tide stations and tidal conditions at the Sentinel-2 transit times for the nine
validation regions.

Region Province Station Transit time Instantaneous Tide status
tide height (m)

Liaohe Estuary Liaoning Yingkou 2025-06-11 10:51:51 0.82 Low tide

Haihe Estuary Tianjin Tanggu 2025-08-11 10:55:41 0.83 Low tide

Yellow River Estuary Shandong Weifang 2025-09-02 10:45:29 0.86 Low tide
Yancheng Jiangsu Jiang Harbor ~ 2025-03-20 10:41:40 1.06 Near low tide

Yangtze River Estuary Shanghai Zhongjun 2025-01-22 10:39:20 1.41 Low tide
Hangzhou Bay Zhejiang Ganpu 2025-03-18 10:35:51 1.03 Near low tide

Jiulong River Estuary Fujian Shima 2025-01-17 10:40:31 1.73 Low tide
Anpu Harbor Guangdong Xiabo 2025-04-21 11:05:29 1.00 Near low tide
Pearl Bay Guangxi Pearl Harbor ~ 2025-10-08 11:21:51 1.43 Near low tide
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593 Fig. 7. Edge-point sample illustration and tidal conditions at the Sentinel-2 transit times for the nine
594 validation regions from north to south along the coast of China. (a) Edge-point sample illustration in Pearl
595 Bay; (b) Liaohe Estuary; (c) Haihe Estuary; (d) Yellow River Estuary; (e) Yancheng; (f) Yangtze River
596 Estuary. (g) Hangzhou Bay; (h) Jiulong River Estuary; (i) Anpu Harbor; (j) Pearl Bay.
597 The point-by-point validation results based on the 1500 boundary sample points are
598  presented in Table 6. For the wetland class, the F1 score and OA reached 94.83% and 94.67%,
599  respectively, while the PA and UA were 97.87% and 91.98%, respectively. These boundary-
600  point validation results indicate that the proposed CCWEM product can accurately delineate
601  the maximum exposed boundary of the intertidal zone and shows high consistency with the
602  observed boundary positions.
603 Table 6. Confusion matrix and accuracy metrics for the edge-point validation, with accuracy values
604 reported in percent.
Class Wetland Non-wetland Total UA F1 OA
Wetland 734 16 750 91.98 94.83 94.67
Non-wetland 64 686 750 97.72 94.49
Total 798 702 1500
PA 97.87 91.47
605
606  4.4. Inundation-Frequency Gradients Characterized by CCWIF
607 Based on the regionalized inundation-frequency estimation results, CCWIF was used to
608  characterize the spatial pattern and provincial composition of inundation-frequency gradients
609  within China’s coastal wetlands, as shown in Fig. 8. Overall, pronounced inundation-frequency
610  gradients were observed within China’s coastal wetlands. High-frequency inundation zones
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were mainly distributed in low-lying tidal flats near the seaward side and areas adjacent to tidal
channels, whereas low-frequency inundation zones were mostly located along landward
margins, salt marsh vegetation zones, and relatively elevated tidal flats. This land-to-sea
increasing inundation pattern was particularly evident in typical tidal flat and estuarine wetland
regions, including the central Jiangsu coast, the Yellow River Estuary, the Yangtze River
Estuary, Hangzhou Bay, the Minjiang River Estuary, and the Pearl River Estuary. These results
indicate that CCWIF can effectively characterize the internal tidal exposure—inundation

gradients of coastal wetlands.
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Fig. 8. Spatial distribution and provincial composition of the CCWIF. (a) National distribution of CCWIF
classes and provincial area composition of five inundation-frequency classes; (b) Liaohe Estuary; (c) Yellow
River Estuary; (d) Yancheng coastal wetland, the largest coastal wetland area in China; (e) Yangtze River
Estuary; (f) Minjiang Estuary; (g) Pearl River Estuary.

The area statistics are shown in Table 7 and Fig. 8(a). The total area represented by CCWIF
was 8906.14 km?>. Among the inundation-frequency classes, areas with annual inundation
duration lower than 30 days occupied the largest area, reaching 2274.67 km?. This was followed
by high-frequency inundation zones with annual inundation duration greater than 300 days,
covering 2149.80 km?. At the provincial level, Jiangsu remained the province with the largest
CCWIF area, with a total of 2411.07 km?. The areas of its five inundation-frequency classes
were 606.60, 317.64, 401.24, 545.13, and 540.46 km?, respectively, indicating a relatively

complete tidal-flat inundation gradient. Shandong and Liaoning had the second and third largest
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CCWIF areas, respectively. Overall, CCWIF inherits the spatial clustering pattern of China’s
coastal wetlands revealed by CCWEM, while further characterizing hydrological differences
within wetlands. The results also suggest that tidal inundation characteristics of coastal
wetlands along the Chinese coast are jointly controlled by regional tidal dynamics, geomorphic

settings, and wetland types, resulting in pronounced spatial heterogeneity.

Open Access

Table 7. Provincial areas of the five CCWIF classes across China (km?).

Region <30d 30-90d 90-180d 180-300 d >300d Total
China 2274.67 1227.43 1438.72 1815.52 2149.80 8906.15
Liaoning 270.69 144.38 164.08 194.57 193.68 967.40
Hebei 43.11 34.03 38.27 72.16 95.58 283.14

Tianjin 13.12 9.20 14.46 17.87 20.23 74.88
Shandong 385.68 224.95 228.03 256.22 368.31 1463.19
Jiangsu 606.60 317.64 401.24 545.13 540.46 2411.07
Shanghai 197.33 103.15 106.93 111.34 152.17 670.91
Zhejiang 162.25 80.91 110.67 165.85 185.57 705.26
Fujian 171.30 87.54 136.80 177.16 200.03 772.84
Guangdong 203.65 93.97 90.72 111.85 182.80 682.99
Guangxi 139.98 84.14 83.60 85.97 120.63 514.32
Hainan 41.79 24.85 27.92 29.94 36.04 160.54
Taiwan 39.17 22.69 36.00 47.46 54.30 199.61

4.5. Independent Validation of CCWIF Using Sentinel-1 Observations

Because CCWIF was generated from Sentinel-2 MNDWI time series and tide gauge
observations, an independent data source is needed to evaluate its ability to characterize relative
inundation-frequency gradients. In this study, Sentinel-1 SAR-derived observed water
occurrence (OWO) was introduced as an independent reference in nine representative coastal
wetland regions. For each validation region, Sentinel-1 GRD images acquired during 2024—
2025 were collected. Within the CCWEM extent, water bodies were extracted from the VV
backscatter of each image using a local Otsu thresholding method. Sentinel-1 OWO was then
calculated as the ratio between the number of times a pixel was identified as water and the
number of valid Sentinel-1 observations. This validation procedure is independent of the

Sentinel-2 MNDWI time series used to generate CCWIF.
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Sentinel-1 OWO was subsequently spatially overlaid with the five CCWIF classes. To reduce
the effects of spatial autocorrelation and differences in area among inundation-frequency
classes, stratified random sampling was conducted within each validation region according to
the CCWIF classes, with 5000 pixels randomly selected from each class. Based on these
samples, the distribution of Sentinel-l OWO corresponding to each CCWIF class was
summarized, and Spearman’s rank correlation test was used to assess the monotonic
consistency between CCWIF classes and Sentinel-1 OWO. This validation design primarily
evaluates whether higher CCWIF classes correspond to higher independent SAR-derived water

occurrence. The results are shown in Fig. 9 and Table 8.

109°0°0"E 0 100E 109°200"E

Spearman o = 0391,p < 0001 Spesrman p = 0,610, p <0001 Spearman = 0308, p< 0001

0 = H
%ﬁ%% %E%% . %E%%
H
(d) (e)
;lu
109°00"E 109°10°0"E 109°200"E k]
A
(b) @ i (h)
£ = = g ]
g 3 B L T T e )
| ) Spearman & = 0885, p < 6001 . Spearman @ =081, p <0000 . Spsarman 3= 08462, p < 00401
= ? =) [
H
i i H k
H U] 0| )

109°007E TV T COWIFClass COWIF Class

Fig. 9. Sentinel-1 validation of CCWIF across nine regions. (a) CCWIF classes in the Yellow River
Estuary; (b) Sentinel-1 OWO in the same region; (c—k) boxplots of Sentinel-1 OWO across the five CCWIF
classes in nine validation regions: (c) Liaohe Estuary; (d) Haihe Estuary; (e) Yellow River Estuary; (f)
Yancheng; (g) Yangtze River Estuary; (h) Hangzhou Bay; (i) Jiulong River Estuary; (j) Anpu Harbor; (k)
Pearl Bay.

Table 8. Sentinel-1-based validation statistics for CCWIF across nine representative wetland regions.

Region Province Images Spearman p p-value  Median OWO trend
Liaohe Estuary Liaoning 73 0.891 <0.001 increasing
Haihe Estuary Tianjin 57 0.610 <0.001 increasing

Yellow River Estuary Shandong 104 0.808 <0.001 increasing
Yancheng Jiangsu 164 0.685 <0.001 increasing
Yangtze River Estuary Shanghai 61 0.890 <0.001 increasing
Hangzhou Bay Zhejiang 126 0.753 <0.001 increasing
Jiulong River Estuary Fujian 123 0.885 <0.001 increasing
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Anpu Harbor Guangdong 71 0.815 <0.001 increasing
Pearl Bay Guangxi 131 0.862 <0.001 increasing

As shown in Fig. 9(a-b), in the Yellow River Estuary, the spatial pattern of Sentinel-1 OWO
was generally consistent with the CCWIF classes. Furthermore, Fig. 9(c—k) shows that
Sentinel-1 OWO increased overall with increasing CCWIF class across the nine validation
regions. The Spearman’s rank correlation coefficients ranged from 0.610 to 0.891, and all
correlations were statistically significant (p < 0.001). Among the validation regions, the Liaohe
River Estuary, Yangtze River Estuary, Jiulong River Estuary, Pearl Bay, Anpu Harbor, and
Yellow River Estuary showed strong monotonic agreement. Although the correlations were
relatively lower in the Haihe River Estuary and Yancheng, the median OWO still increased
with increasing CCWIF class, indicating that the relative inundation gradients were effectively

captured.

These results provide independent evidence that CCWIF can characterize relative
inundation-frequency gradients within coastal wetlands. They also support the rationale for
using ay as a regionalized hydrological response proxy and provide independent evidence for
the regionalized ap—inundation frequency mapping strategy. It should be noted that the Sentinel-
1 validation mainly reflects relative consistency rather than the absolute accuracy of annual
inundation days, because SAR-based water extraction may still be affected by vegetation

structure, surface roughness, wind waves, and other factors.

5. DISCUSSION

5.1. Added Value of CCWEM Relative to Existing Coastal Wetland Products

The added value of CCWEM relative to existing coastal wetland products lies not only in
differences in mapped area and spatial boundaries, but also in its target definition and
methodological design. Existing coastal wetland products at the Chinese or regional scale
mostly rely on spectral-index thresholds, tide-assisted rules, traditional machine-learning
approaches, or classification strategies designed for specific wetland types. In contrast,
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CCWEM was generated using a multi-season deep-learning semantic segmentation framework.
Through SeasonMamba, CCWEM jointly models cross-seasonally stable wetland structures,
seasonally variable zones, and representation differences in MSIC composite imagery, making
it better suited for delineating the maximum wetland extent of natural coastal wetlands,
including tidal flats, salt marshes, and mangroves, under complex tidal conditions. To further
clarify this added value, we compared CCWEM with CTF (Jia et al., 2021), MTWM (Zhang et
al., 2022), and GWL_FCS30D (Zhang et al., 2024) in terms of provincial area composition and

spatial details in representative regions.

The area comparison with existing products reveals clear differences in the total mapped area
and provincial distribution of China’s coastal wetlands, as shown in Fig. 10. Overall, the total
coastal wetland area extracted by CTF was smaller than that of CCWEM, whereas MTWM and
GWL_FCS30D both reported larger areas than CCWEM, with GWL_FCS30D showing the
largest mapped area. These differences indicate that discrepancies among products are related
not only to spatial resolution, but also closely to target class definitions and mapping strategies.
Fig. 11 presents subset comparisons for Anpu Harbor in Guangdong, Sanmen Bay in Zhejiang,

and Jiaozhou Bay in Shandong.
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Fig. 10.  Provincial area comparison of coastal wetlands derived from CCWEM, CTF, MTWM, and
GWL_FCS30D across China (km?). Note that the area of Taiwan Province was not included in MTWM.
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Fig.11.  Comparison of coastal wetland maps derived from CCWEM, CTF, MTWM and GWL_FCS30D
in three representative coastal regions: (a) Anpu Harbor, (b) Sanmen Bay, and (c) Jiaozhou Bay.

The differences between CTF and CCWEM are first related to their target mapping objects.
CTF was designed for tidal flat mapping in China. Its core methodology constructs composite
images under high- and low-tide conditions from Sentinel-2 time series and extracts exposed
tidal flats within the intertidal zone, but it does not separately identify mangroves or salt
marshes as target classes. The differences between MTWM and CCWEM mainly arise from
their classification strategies. By jointly using tidal and phenological features, MTWM
identifies tidal flats, salt marshes, and mangroves simultaneously. It is therefore more likely
than CTF to retain vegetated coastal wetlands, resulting in a larger mapped area than CTF and
a spatial extent closer to CCWEM. GWL_FCS30D shows the largest discrepancy from the
other products, mainly because it is based on a global 30 m annual wetland mapping framework.
This product uses Landsat time series to generate global annual wetland maps from 2000 to
2022 and includes eight wetland subclasses, among which only mangroves, salt marshes, and
tidal flats were selected for comparison in this study. Owing to its global-scale design and 30

m spatial resolution, GWL_FCS30D is more susceptible to mixed-pixel effects in China’s
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coastal zone, where shorelines are highly fragmented, aquaculture ponds are densely distributed,
and tidal channels are complex. As a result, parts of nearshore transition zones, aquaculture-
pond margins, and scattered patches may be included within the wetland extent, leading to a
substantially larger total area than CCWEM. Overall, CCWEM, generated using a multi-season
deep-learning framework, provides a national-scale representation of the maximum wetland
extent that is more consistent with the definition of natural coastal wetlands and exhibits more

coherent spatial detail.
5.2. Necessity of Coastal Tidal Regionalization for CCWIF

The tidal environment along the Chinese coast exhibits pronounced spatial heterogeneity,
with substantial differences among coastal segments in tidal range, tidal-wave propagation, and
tidal-regime structure. If a unified set of parameters were applied directly at the national scale
to retrieve coastal wetland inundation frequency, regional differences in tidal controls would
likely be overlooked, thereby affecting the stability and comparability of the results. Therefore,
this study partitioned the Chinese coast according to representative tidal characteristics derived
from tide gauge observations. Specifically, harmonic analysis was first performed on tide gauge
water-level time series to extract major tidal parameters. The M2 amplitude and M2 phase
represent the amplitude and phase of the principal lunar semidiurnal constituent, respectively,
and were used to characterize the strength of the semidiurnal tidal component and the
alongshore propagation of tidal waves. In addition, the form number F was introduced to

characterize tidal-regime structure:

F=(K,+0))/(M,+S,) @)
where K; and O; denote the amplitudes of the principal diurnal tidal constituents, and A and
S> denote the amplitudes of the principal semidiurnal tidal constituents. Thus, F represents the
relative strength of the principal diurnal constituents to the principal semidiurnal constituents
and can be used to distinguish tidal regimes. A smaller F' indicates dominance of semidiurnal

tides, whereas an increasing F indicates a stronger diurnal component and a gradual transition
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toward mixed or diurnal tidal regimes. On this basis, mean tidal range was further combined
with these parameters to comprehensively characterize tidal intensity, the degree of semidiurnal
tidal control, tidal-wave propagation, and tidal-regime differences across coastal segments,

which were then used for tidal partitioning.

The necessity of this partitioning can be illustrated more clearly by the Zhejiang—Fujian
coastal segment. As shown in Figs. 1 and 12, this segment is generally located within a
continuous regular semidiurnal tidal-regime zone. If only tidal-regime categories were
considered, it could be treated as a single region. However, tidal characteristics along this
segment are not spatially uniform, but instead vary continuously from north to south. On the
one hand, tidal range and M2 amplitude fluctuate among different coastal sections, indicating
that tidal energy is not spatially homogeneous, as shown in Fig. 12(a-b). On the other hand,
alongshore variations in M2 phase indicate that tidal-wave propagation is not synchronous
across the entire segment, but instead shows phased propagation and adjustment among
different coastal sections, as shown in Fig. 12(c). In other words, although this continuous
coastal segment shares the same dominant tidal regime, its internal tidal dynamics are not
uniform, and the response relationships between water-index time series and tidal inundation
processes may differ across locations. Accordingly, this study further divided the continuous
Zhejiang—Fujian regular semidiurnal tidal-regime zone into 10 subregions. This example
demonstrates that the purpose of tidal partitioning is not only to identify broad tidal-regime
zones, but also to capture fine-scale alongshore differences in tidal environments under a
broadly consistent tidal-regime background. Following the same principle, the entire Chinese

coast was further partitioned at the national scale, resulting in 58 tidal subregions.
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Fig. 12.  Tidal regionalization of China’s coastal wetlands and spatial variations in representative tidal
characteristics along the coast. (a) Mean tidal range; (b) M2 amplitude; (c) Unwrapped M2 phase; (d) Form
number F.

To further examine the rationale for using the fitted constant term ay as a stable annual-scale
water-response indicator, we compared pixel-level ay values with the observed annual mean
MNDWI within the above 10 representative subregions. It should be noted that this comparison
is not intended as an independent accuracy validation. Rather, it is used to examine whether ay
extracted from Fourier fitting can stably preserve the long-term mean water response embedded
in the original MNDWTI time series. As shown in Fig. 13, the two variables show high
consistency across all subregions, indicating that ay can effectively represent the relative
annual-scale water-cover status of each pixel. This supports its use as an intermediate variable

linking remote-sensing-derived water responses with tide-gauge-based statistical information.
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Fig. 13.  Consistency between fitted @9 and annual mean MNDWI across 10 subregions along the Zhejiang—
Fujian coast.

5.3. Potential Applications of CCWEM and CCWIF

CCWEM and CCWIF provide complementary spatial information on the extent and internal
hydrological structure of China’s coastal wetlands and can be used individually or jointly
depending on the application. A single wetland extent map can answer the question of “where
wetlands are”, but provides limited information on tidal exposure intensity and hydrological
differences within wetlands. By jointly characterizing the maximum wetland extent and internal

inundation-frequency gradients along the entire Chinese coast at 10 m spatial resolution,

CCWEM and CCWIF extend the information provided by traditional static wetland extent maps.

The two datasets can therefore support a range of applications related to coastal wetland
monitoring, ecological assessment, hydrological analysis, conservation and restoration, and
coastal-zone management, including needs emphasized in the 2030 Agenda for Sustainable

Development (Colglazier, 2015) and the National Wetland Conservation Plan (2022-2030).

Specifically, CCWEM delineates the spatial boundaries and regional distribution of natural
coastal wetlands and can provide a spatial baseline for mangrove restoration (Nie et al., 2026),
monitoring and management of Spartina alterniflora invasion (Chen et al., 2025), carbon stock
assessment, biodiversity conservation, and coastal wetland resource inventories (Liu et al.,
2026). Building on this spatial extent, CCWIF further characterizes relative hydrological
differences within coastal wetlands, ranging from low- to high-frequency inundation zones. It
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can be used to describe regional inundation-frequency patterns and provide observational
constraints for hydrodynamic process modelling (Kramer et al., 2026; Shen et al., 2026),
including potential coupling with models such as Delft3D, FVCOM, and SCHISM. In addition,
CCWIF can provide auxiliary information for exploring regional tide level-elevation
relationships and can serve as prior spatial information for sediment transport, vegetation
expansion, and ecological suitability modelling. Under sea-level rise and increasing coastal
development pressure, the inundation-frequency gradients represented by CCWIF may also
help identify spatial differences in the sensitivity of coastal wetlands to water-level changes and
hydrodynamic disturbances. When used together, CCWEM and CCWIF can support
assessments of enhanced inundation, tidal-flat contraction, and constrained landward wetland
migration (Payandeh et al., 2026; He et al., 2026), thereby providing complementary spatial
information for coastal wetland vulnerability analysis, adaptive management, and future-

change assessment.

5.4. Limitations and Uncertainties

Although CCWEM and CCWIF provide a systematic national-scale characterization of the
maximum wetland extent and inundation-frequency gradients of China’s coastal wetlands,

several limitations and uncertainties remain.

First, for CCWEM: 1) SeasonMamba still relies on four-season samples and manual
annotations. The training samples may remain imbalanced in terms of regional distribution,
seasonal completeness, and label accuracy, which may affect the model’s generalization ability
in complex coastal settings, especially in highly turbid estuaries, areas with dense aquaculture
ponds, and regions dominated by mangroves or high-coverage salt marshes. 2) MSIC
representation is inherently dependent on optical time-series compositing. Its results are still
constrained by cloud contamination, observation frequency, and tidal conditions at the time of
image acquisition. Therefore, the generated maximum-exposure appearance does not

necessarily correspond to the absolute lowest-tide exposure state in a strict physical sense.
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Second, for CCWIF: 1) The reliability of inundation-frequency gradient estimation is
affected by wetland cover conditions. In bare tidal flats and low-vegetation-cover tidal flats,
MNDWI time series can relatively directly capture transitions among open water, wet mudflats,
and exposed sediments. In sparsely vegetated areas, inundation signals may be affected by
mixed pixels and seasonal phenology. In densely vegetated areas, such as mangroves, reed beds,
and high-coverage salt marshes, optical signals mainly reflect canopy-surface characteristics
and may underestimate under-canopy inundation processes. 2) Sentinel-1 OWO provides
independent validation and demonstrates good monotonic consistency between CCWIF and
SAR-derived water occurrence. However, Sentinel-1 OWO may still be affected by vegetation
structure, surface roughness, wind waves, and double-bounce scattering. Therefore, Sentinel-1
validation mainly supports the relative inundation-frequency gradients rather than the absolute
accuracy of annual inundation days. 3) The regionalized mapping of CCWIF relies on the
monotonic ranking assumption between ay and annual inundation duration within the same tidal
subregion. In areas with dense tidal channels, complex artificial shorelines, or hydrodynamic
conditions altered by engineering structures, this relationship may be weakened. Therefore,
CCWIF is better interpreted as a regionally calibrated product of relative inundation-frequency
gradients for characterizing internal hydrological structure and tidal exposure differences

within wetlands, rather than as a pixel-level retrieval of absolute annual inundation days.

6. CONCLUSION

This study presents two complementary 10 m datasets for coastal wetlands along the entire
coast of China in 2025: CCWEM and CCWIF. Following a sequential strategy of first
delineating the maximum wetland extent and then characterizing internal inundation-frequency
gradients, CCWEM was generated from multi-season Sentinel-2 observations using a four-
season coastal wetland sample dataset and the SeasonMamba model, while CCWIF was derived
by integrating tidal regionalization, Sentinel-2 MNDWI time series, and tide gauge
observations across 58 tidal subregions. CCWEM delineated 8906.15 km? of natural coastal

wetlands and achieved an overall accuracy of 94.07%, with an F1 score of 94.83% in low-tide
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boundary validation. Independent Sentinel-1 observed water occurrence validation further
showed overall monotonic agreement with the CCWIF classes (Spearman’s p = 0.756),
supporting the capability of CCWIF to characterize relative inundation-frequency gradients
within coastal wetlands. To our knowledge, CCWIF provides the first national-scale dataset
describing coastal wetland inundation-frequency gradients across China. Together, CCWEM
and CCWIF provide a consistent high-resolution representation of both the spatial extent and
internal hydrological structure of China’s coastal wetlands and can support coastal wetland
monitoring, ecological and hydrological analyses, conservation and restoration, and coastal-
zone management. Future improvements may incorporate higher-temporal-frequency remote-
sensing observations, longer tide gauge records, and complementary SAR, LiDAR, and
hydrodynamic information to further improve dataset quality in complex coastal environments

and densely vegetated wetlands.
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