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Abstract: In order to study the distribution characteristics of soil organic carbon (SOC) and soil
organic carbon storage (SOCS) among different wetland types in Dandou Sea tidal wetland in
Guangyxi, firstly, based on Sentinel-2 imaging and random forest algorithm, combined with the
existing tidal wetland data, a 10 m resolution tidal wetland dataset in Guangxi from 2019 to 2023
was generated, covering mangroves, salt marshes and tidal flats. The results show that the overall
accuracy of the recognition results is higher than 96%, and the Kappa coefficient is higher than 0.95,
which indicates high accuracy. Subsequently, the distribution characteristics and influencing factors
of SOC and SOCS in different habitats were analyzed. The results showed that the SOC content of
mangroves and salt marshes was higher than that of tidal flats. The SOC content of mangrove, salt
marshes and tidal flats in 0-60 cm soil layer was 5.30-10.42 g /kg, 7.60-9.84 g/kg, and 1.29-2.25 g/kg,
respectively. The changes of SOCS were 12.41-26.48 t/ha, 19.58-24.15 t/ha, and 3.61-6.86 t/ha,
respectively. With the increase of soil depth, the SOC and SOCS of mangroves decreased gradually,
and the SOC and SOCS of salt marshes increased gradually, and SOC and SOCS were mainly affected
by soil bulk density (BD), soil moisture content (MC) and pH.

Keywords: tidal wetlands; Sentinel-2 imagery; soil organic carbon; Dandou Sea

1. Introduction

The coastal zone is the interface between land and sea, possessing unique marine
and terrestrial characteristics, and constitutes a dynamic and complex natural system [1,2].
Coastal wetlands, especially, hold a crucial position in addressing global climate change [3].
According to the definition of the Ramsar Convention, coastal wetlands extend from 6 m
below sea level (often extending to the outer edge of large seaweed growth areas) to areas
above the high tide line connected to freshwater or brackish lakes and marshes in the
hinterland, as well as river sections upstream of seawater ingress [4]. Based on data from
the United Nations Environment Programme (UNEP), the global area of coastal wetlands is
approximately 34 million hectares, accounting for only about 3% to 5% of the world’s land
area, yet around 12% of the world’s soil organic carbon (SOC) is stored in wetlands [5-8].
Therefore, wetlands play a crucial role in regulating the global carbon balance of terrestrial
ecosystems [9-11].

There are many factors influencing SOC in wetlands, such as soil physicochemical
properties [12,13], hydrological conditions [14], microbial types [15], and biophysical factors
like climate [16,17]. However, SOC in wetlands is also influenced by different wetland
types. For example, the study by Ji et al. [18] indicated that different land use types in
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wetlands with varying vegetation cover significantly affect the concentration, distribution,
and chemical structure of organic carbon in different density and particle size fractions.
Vaughn et al. [19] investigated the organic carbon content in mangroves, salt marshes, and
mixed areas of mangroves and salt marshes in northern Florida. The results showed that
the organic carbon content in the mixed vegetation of mangroves and salt marshes is higher
than in the adjacent areas of mangroves and salt marshes. Different geomorphological
conditions also affect the content of SOC in wetlands. By comparing the non-degraded
and degraded marine and estuarine mangroves within the Indonesian archipelago, Weiss
et al. [20] concluded that the SOC content in natural marine mangroves is much higher
than that in estuarine mangroves. De Jong Cleyndert et al. [21] explored the effect of ocean
distance on the SOC content of mangroves in Lindi, Tanzania. The results showed that SOC
was significantly negatively correlated with ocean distance, and SOC content decreased
with the increase of distance from the sea. However, this is different from the results of
the study in Micronesia, where the SOC is greater with the distance from the sea, which
is mainly due to the deeper soil depth [22]. Donato et al. [23] found that in the estuaries
and marine mangroves of the Indo-Pacific region, SOC did not change with the increase of
distance from the sea, which may be due to the fact that all the samples were within 200 m
from the edge of the ocean. It can be seen that soil erosion and soil depth are also important
factors affecting SOC. In addition to common soil physical and chemical factors such as
soil bulk density (BD), pH, and electrical conductivity (EC), salinity may also be a factor
affecting wetland SOC. By using ultrapure water and artificial seawater to sequentially
extract the soluble organic matter (WEOM) in mangrove soil, Kida et al. [24] proposed that
high salinity may be one of the mechanisms leading to SOC accumulation in mangrove soil.
However, Weiss et al. [20] pointed out that salinity did not affect SOC content. Whether
salinity is a factor affecting wetland SOC remains to be further studied.

Additionally, changes in wetland types can lead to substantial variations in SOC
within the same region. Sun et al. [25] investigated the changes in SOC under the invasion
of Spartina alterniflora (S. alterniflora) in mangroves, revealing that the invasion increases
the rate of SOC decomposition, thereby hindering its accumulation. Similarly, Wang
et al. [26] examined SOC content changes during the afforestation of mangroves in tidal
flats, demonstrating a significant increase in SOC content after the tidal flats evolved into
mangroves. Ebrahem et al. [27] evaluated the impact of land use change on SOC caused by
the conversion of mangroves into shrimp ponds. The results showed that the conversion of
mangroves into shrimp ponds would lead to the loss of SOC reserves, which proved that
human factors would lead to the reduction of SOC reserves, and human activities were
also one of the factors affecting the SOC content of wetlands.

The current study mainly focuses on the SOC content of a single wetland category and
its influencing factors, or the change of SOC when a certain wetland evolves into another
wetland. For example, under different geomorphological conditions, the differences in
organic carbon between mangrove ecosystems, as well as the effects of salinity, pH, soil
texture [28] and other factors on SOC and soil organic carbon stock (SOCS). In addition, the
impact of invasive species on SOC and SOCS in tidal wetlands is also a research focus. For
example, the effects of S. alterniflora invasion of mangroves on SOC and SOCS. However,
there are relatively few studies on the SOC content and SOCS characteristics of the whole
tidal wetland, as well as the effects of various soil physical and chemical properties and
related carbon components on the SOC and SOCS of the whole tidal wetland and the
sub-categories of tidal wetland.

Therefore, in order to further explore the distribution characteristics of SOC in differ-
ent wetland soils and their influencing factors, this study has utilized the Google Earth
Engine (GEE) platform, combined with Sentinel-2 imagery and random forest algorithm,
to generate higher-resolution classification data of Guangxi tidal wetlands. Based on this
data, a spatial instead of temporal approach has been adopted to investigate the variations
in SOC and SOCS content across different soil layers (0-20 cm, 20-40 cm, 40-60 cm) in
the Dandou Sea and Tieshan Gulf areas of Guangxi. Additionally, the correlation between
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SOC, SOCS, soil physicochemical properties, and other carbon components have been
analyzed. This study not only fully understands the distribution characteristics of SOC
in Guangxi tidal wetlands, but also finds the influence of different soil depth on SOC
content. It has important theoretical value for further understanding the carbon storage of
tidal wetlands and providing scientific basis and technical support for wetland protection
and management.

2. Materials and Methods
2.1. Study Area

The coastal zone of Guangxi is located along the continental coastline within Guangxi
territory (107°57" E-109°48' E, 21°00" N-22°15" N), stretching from the Beilun River es-
tuary at the China-Vietham border in the west to the Ximi River estuary at the Guangxi-
Guangdong border in the east, covering the administrative areas of Qinzhou, Beihai, and
Fangchenggang. Major harbors include Qinzhou Bay, Fangchenggang Bay, Dafengjiang
River Estuary Bay, Nanliujiang River Estuary Bay, Tieshan Bay, and Pearl Bay, among
others. This study focuses on a 10-km buffer zone along the Guangxi coastline as the
research area (see Figure 1), which is determined based on the definition of coastal wet-
lands. This research area includes three natural reserves: the Beilun River Estuary National
Nature Reserve, the Maowei Sea Autonomous Region Nature Reserve, and the Shankuo
National Nature Reserve. The coastline data are sourced from OpenStreetMap (OSM,
https://osmdata.openstreetmap.de/, accessed on 2 August 2023).

109°0'E

0 25 50 km )N\

% Natural Reserves

Figure 1. Illustration of the Study Area and Location of Natural Reserves (The yellow in the figure
represents the administrative region of Guangxi, and the red represents the three natural reserves in
Guangxi. In the base map, the Sentinel-2 satellite image is displayed as a true-color composite, with
black areas representing water and green areas indicating vegetation).

2.2. Data Source
2.2.1. Sentinel-2 Data

The Sentinel-2 satellite is a high-resolution multispectral imaging satellite consisting
of two polar-orbiting satellites (Sentinel-2A and -2B), equipped with a Multi-Spectral
Instrument (MSI). It operates at an orbit height of 786 km and is primarily used for land
monitoring. It provides image data covering aspects such as vegetation, soil, water cover-
age, inland waterways, and coastal areas, and can be utilized for emergency rescue services.
Sentinel-2 offers publicly available multispectral images covering 13 discrete spectral bands
ranging from 440 to 2200 nanometers. Its spatial resolutions are 10 m, 20 m, and 60 m,
with a revisit period of 10 days for one satellite, complemented by two satellites, resulting
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in a revisit period shortened to 5 days. This relatively high spatiotemporal resolution
significantly increases the possibility of obtaining cloud-free images and detecting small
tidal wetland patches under low /high tide conditions.

Through the GEE platform, users can directly access Sentinel-2 level-1C (L1C) and
level-2A (L2A) data products. The Sentinel-2 data used in this study were L2A products,
which mainly consist of atmospherically corrected surface reflectance data. The FMask
algorithm [29] was applied to remove poor-quality observation pixels such as clouds, cloud
shadows, and haze. Images from 2019 to 2023 with cloud cover of less than 70% were
selected for the identification of tidal wetlands along the coastal areas of Guangxi. The
Sentinel-2 image data used in the study are shown in Table 1. Table 2 lists the relevant
parameters of the remote sensing images used.

Table 1. Sentinel-2 Image Data Used in the Study.

Year Imaging Time Range The Number of Available
Images (Scenes)

2019 1 January 2019-31 December 2019 412

2020 1 January 2020-31 December 2020 451

2021 1 January 2021-31 December 2021 490

2022 1 January 2022-31 December 2022 363

2023 1 January 2023-31 December 2023 381

Table 2. Relevant Parameters of the Sentinel-2 Images Used in the Study.

Band Name Wavelength (nm) Spatial Resolution (m)
Blue 496.6 10
Green 560 10
Red 664.5 10
NIR 835.1 10
SWIR1 1613.7 20
SWIR2 2202.4 20

2.2.2. DEM Data

The ALOS World 3D-30 m (AW3D_30) [30-32], developed by the Japan Aerospace
Exploration Agency (JAXA), is a global digital surface model (DSM). Its horizontal resolu-
tion is approximately 30 m, with a vertical accuracy of about 5 m. This dataset is obtained
using the Panchromatic Remote-sensing Instrument for Stereo Mapping (PRISM), which
is onboard the Advanced Land Observing Satellite (ALOS). In this study, we acquired
AW3D_30 data from the GEE platform to calculate elevation, slope, and aspect, assisting in
the identification of coastal tidal wetlands.

2.2.3. Existing Tidal Wetland Datasets

To ensure accurate and comprehensive sampling, this study combined the high accu-
racy of visual interpretation methods with the advantages of rapidly generating sample
points using various existing wetland datasets, thus generating sample points with high
confidence levels. Throughout the research process, a series of relevant tidal wetland
datasets were collected, covering mangrove and salt marsh data with different spatial and
temporal resolutions. Additionally, global 30-meter tidal flat data [33] from 1999 to 2019
were gathered, with a new global tidal flat dataset generated every three years, achieving
an overall accuracy of approximately 85.4%. All these data products exhibit high accuracy.
For instance, the GMW v3.0 [34] dataset has an accuracy ranging from 91.4% to 94.6%,
while the accuracy of the spatial distribution data for Chinese S. alterniflora reaches 98.36%.
The specific tidal wetland datasets used are listed in Table 3.
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In addition to the tidal datasets, two land cover datasets, namely GLC_FCS30 [35] and
GlobeLand30 [36], were collected. These land cover products were utilized to generate non-
wetland sample points as supplementary data, aiming to reduce potential errors in the tidal
wetland identification process and enhance the confidence level of the identification results.

Table 3. Relevant Tidal Wetland Datasets Used in the Study.

Dataset Name Data Author Type Year Resolution
World Atlas of Mangroves (WAM) Spalding et al. [37] 2010 1:1,000,000
Global Mangrove Watch (GMW v3.0) Bunting et al. [34] 1996-2020 30 m
A global biophysical typology of mangroves .
(GBTM) Worthington et al. [38] Mangrove 1996-2016 30m
Global Mangrove Classification Products (GMCP) Xiao et al. [39] 2018-2020 10m
Global distribution of mangroves USGS ..
(GDM_USGS) Giri et al. [40] 2011 30m
Spatial distribution of S. alterniflora in China Mao et al. and Liu et al. [41-43] Sal h 2015 30m
Guangxi distribution of S. alterniflora Huang [44] alt mars 2009-2020 30 m
Global distribution of tidal flat wetland Murray et al. [33] Tidal flat 1999-2019 30m

ecosystems

2.3. Collection of Sample Points and Determination of the Maximum Extent of Tidal Wetlands
2.3.1. Determination of Tidal Wetland Sample Points and Maximum Range

In this study, coastal tidal wetlands were divided into three categories: mangroves, salt
marshes, and tidal flats. For mangrove sample points, to ensure their reliability, data from
five mangrove datasets with different spatiotemporal resolutions were initially collected.
Subsequently, by analyzing the temporal consistency of three mangrove datasets, namely
GMW v3.0, GBTM, and GMCP, stable mangrove pixels were obtained. Then, the cross-
consistency among these five mangrove datasets was analyzed, and pixels consistently
identified as mangroves were selected as stable sample points. Finally, the spatial extent
of these five mangrove datasets was combined to form the maximum mangrove range.
The method for generating salt marsh sample points was similar to that for mangrove
sample points. Firstly, the temporal consistency analysis was conducted on the Guangxi
distribution of S. alterniflora data to obtain temporally stable salt marsh pixels. Secondly,
the cross-consistency analysis of two salt marsh datasets was performed, and stable sample
points for salt marshes were generated based on pixels consistently identified as salt
marshes. This process is detailed in Equations (1) and (2).

MaxExtentmangrove = Mwam U Mamw U Mgerm U Mamer U Mapm_uscs 1

MaxExtents,ir marsh = Utzgzz%ogGuangxi S. alterniflora, U China S. alterniflora  (2)

where MaxExtentyangrove represents the maximum extent of mangrove, which can serve as
the boundary for mapping mangrove. Mwam, Mamw, MgerMm, Mamcp and Mgpwm uscs are
the spatial distributions of five global mangrove products listed in Table 3. MaxExtentsai; marsh
represents the maximum extent of salt marsh, which can serve as the boundary for mapping
salt marsh. Guangxi S. alterniflora; and China S. alterniflora are the spatial distributions of
two S. alterniflora products listed in Table 3, t represents the spatial distribution data of S.
alterniflora in Guangxi in in year t, with t ranging from 2009 to 2020.

The tidal flat samples were collected using the 1999-2019 global tidal wetland data [33].
To ensure the accuracy of sample points, a temporal consistency analysis was conducted on
the 1999-2019 global tidal wetland data, resulting in temporally stable tidal flat pixels, from
which stable tidal flat sample points were generated. Additionally, the tidal flat data from
1999 to 2019 were combined to obtain the maximum tidal flat range. Furthermore, to ensure
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the accuracy of tidal flat land class identification, a 10 km buffer zone was created along
the coastline as the potential area for tidal flats. This process is detailed in Equation (3).

U201 o Tidal flat;,
MaxExtentrigal flat = { L*;I}S% ta110 km
coasta

)
where MaxExtentrgq, f1at Tepresents the maximum extent of tidal flat, which can serve as the
boundary for mapping tidal flat. Tidal flat is the spatial distribution of tidal flat products
listed in Table 3, t denotes the tidal flat data in years, and the value range of t is 1999-2019.
Line gasta1 10 km is a 10 km buffer zone towards the sea.

Finally, using high-resolution imagery from Google Earth and Sentinel-2 satellite data,
a visual interpretation method was employed to compare and remove sample points that
did not belong to their respective categories, resulting in stable sample points for tidal
wetlands. Simultaneously, by combining the maximum extents of mangroves, salt marshes,
and tidal flats, the largest possible area of tidal wetlands was generated, serving as the
restricted zone for tidal wetland identification.

2.3.2. Obtaining Non-Wetland Stable Sample Points from Previous Land Cover Products

In the process of identifying tidal wetlands, collecting sample points of non-wetlands
is essential in addition to sample points of tidal wetlands. This is because when generating
the maximum tidal wetland extent, it is inevitable to include some non-wetland areas
inland, and some non-wetland land cover types may have spectral similarities with tidal
wetland land classes. Therefore, in addition to the sample points of the three types of
tidal wetlands, sample points of five additional non-wetland land classes were also col-
lected, including forests, croplands, grasslands, impervious surface, and water [45]. To
automatically extract sample points of non-wetlands, this study collected two types of land
cover data, GLC_FCS30 [35] and GlobeLand30 [36], and conducted time consistency and
cross-consistency analyses on these two types of land cover data to extract stable sample
points of the five non-wetland land classes, defining them as the ‘Other” category.

Throughout the process of collecting sample points, 800 sample points each were
generated for mangroves, salt marshes, and tidal flats, while 1500 sample points were
collected for the ‘Other’ category.

2.4. Methods
2.4.1. Calculation of Spectral Indices

Before generating various water levels and phenological features, multiple spectral
indices were calculated for each image in the dataset. These include Normalized Difference
Vegetation Index (NDVI) [46], Modified Normalized Difference Water Index (mNDWI) [47],
Normalized Water Difference Index (NDWI) [48], Land Surface Water Index (LSWI) [49],
Enhanced Vegetation Index (EVI) [49], and Mangrove Vegetation Index (MVI) [50], with
formulas as follows.

NDVI = PNIR — PRed (4)
PNIR 1 PRed
NDWI = PGreen — PNIR )

POGreen + ONIR

mNDWI = ©PGreen — PSWIR1 (6)
PGreen + OSWIR1

LSWI — PNIR — OSWIR1 @)
ONIR + OSWIR1

ONIR — PRed
EVI =25 x 8
PNIR + 6 X PRed — 7.5 X PBlue + 1 ®

MVI = PNIR — PGreen (9)
PSWIR1 — PGreen
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where Pplue, 0Green, PRed, OPNIR and pswiri represent the green, red, near-infrared, and
shortwave infrared band 1 of the Sentinel-2 images, respectively.

2.4.2. Generation of Water Levels and Phenological Characteristics

The spectral characteristics of wetlands vary with seasonal or daily changes in water
levels [40]. For example, during the rising tide in tidal wetlands, some wetland patches
may be submerged, leading to misidentification as water pixels during the identification
process. Therefore, to ensure the most comprehensive capture of submerged tidal wetland
patches, it is necessary to generate composite images of the highest and lowest water levels
when identifying tidal wetlands. Previous studies have shown that the NDVI of tidal flats is
negatively correlated with tidal height, while the NDWI of tidal flats is positively correlated
with tidal height [51]. Therefore, by using the “imageCollection.qualityMosaic()” function
in the GEE platform with the maximum synthesis algorithm, maximum NDVI synthesis
and maximum NDWTI synthesis can be performed to generate images of the lowest and
highest tides. Additionally, to better distinguish between vegetation and non-vegetation,
water and non-water, this study also included the spectral values of Sentinel-2 images
corresponding to the maximum NDVI and maximum NDWTI in the spectral characteristics
(e.g., Blue_NDVIMax, Blue_NDWIMax in Table 4), which were also used to calculate the
six spectral indices mentioned above.

Table 4. Training Features of Tidal Wetlands.

Type Features Description Number Source
Blue, Green, Red, NIR,
SWIR1, SWIR2,

Blue_NDVIMax,

Green_NDVIMax,
Red _NDVIMax, The 15th, 30th, 50th, 70th, and
NIR _NDVIMax, 85th percentile values for the

Spectrum SWIR1_NDVIMax, 6 base bands of all images 1 Sentinel_2

SWIR2_NDVIMax, available during the study
Blue_NDWIMax, period, as well as the maximum

Green_NDWIMax, NDVI and the maximum NDWI
Red _NDWIMax,

NIR _NDWIMax,

SWIR1_NDWIMax,

SWIR2_NDWIMax

NDVI, NDWI, mNDWI,

LSWI, EVI, MVI,

NDWI _NDVIMax,

mNDWI _NDVIMax, The 15th, 30th, 50th, 70th, and
LSWI _NDVIMax, 85th percentiles of the 6 spectral
Spectral Indices EVI _NDVIMax, indices for all images available 40 Sentinel_2

MVI _NDVIMax,
NDVI _NDWIMax,
mNDWI _NDWIMax,
LSWI _NDWIMax,
EVI _NDWIMax,
MWI _NDVIMax

during the study period, as well
as the maximum NDVI and the
maximum NDWI
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Table 4. Cont.
Type Features Description Number Source
NDVI_StdDey,
NDWI_StdDev, Standard deviation of NDVI,
Temporal statistics mNDWTI_StdDev, NDWI, mNDWI, LSWI, EVI and 6 Sentinel-2
LSWI_StdDev, EVI_StdDev, MVI
MVI_StdDev
. Slope and aspect calculated from
Topography Elevation, slope and aspect the AW3D_30 data 3 AW3D_30
Location Longitude and latitude Longitude and latitude for each 2 N/A

pixel

Many studies have shown that multi-temporal phenological features help distinguish
between vegetation wetlands and non-wetland land cover types [52,53]. Generally, there
are two methods for acquiring vegetation phenological features, including seasonal com-
positing [35,54] and percentile-based compositing [35,55,56]. Azzari et al. [57] found that
these two compositing methods have similar accuracy in land cover classification. Because
percentile-based compositing considers the long-term trend of data, it helps analyze the
variation of phenological features between different years. In contrast, seasonal composit-
ing may overlook annual changes and may not be comprehensive enough when focusing
on long-term trends. Considering the performance of both compositing methods, this
study chose to use the percentile-based compositing method to generate phenological
features, calculating the 5 percentile values (15th, 30th, 50th, 70th, and 85th) of the 6 ba-
sic bands (Blue, Green, Red, NIR, SWIR 1, and SWIR 2) and 6 spectral indices (NDVI,
NDWI, mNDWI, LSWI, EVI, and MVI) in Sentinel-2 images. Additionally, considering the
variation of spectral characteristics of different land cover types throughout the year, the
standard deviation of the above 6 spectral indices was also calculated to further highlight
phenological features.

Additionally, terrain variables are also important factors in determining the spatial
distribution of wetlands [52]. Therefore, in this study, elevation, slope, and aspect calculated
based on AW3D_30 data are considered as terrain features. In total, there are 93 features
(listed in Table 4), including 88 optical features from Sentinel-2 images, 3 terrain features
from AW3D_30 data, and 2 geographic coordinates.

2.4.3. Random Forest Algorithm

The conceptual basis of the Random Forest algorithm (RF) is the CART decision tree.
It consists of multiple decision trees, and after training, determines the final classification
result through a voting mechanism. Its core idea is to combine multiple weak classifiers into
a strong classifier to improve overall classification or regression performance. Compared to
other complex machine learning algorithms, Random Forest is relatively easy to implement
and tune, and it has a certain level of robustness [58].

Therefore, in this study, the RF algorithm available on the GEE platform is used to
identify tidal wetlands, as shown in Figure 2. To avoid overfitting, 70% of the sample
points are randomly selected for training the RF classifier, while the remaining 30% are
kept as test samples for evaluating the accuracy of the classification. The classification
features inputted into the RF classifier are the water level and phenological features derived
from the Sentinel-2 image collection (see Table 4). The number of decision trees in the RF
classifier is set to 400, while other parameters remain at the default values provided by the
GEE platform.
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Sentinel-2 II AW3D_30

A 4 ) A 4
Spectral Temporal
Indices statistics

Spectrum Topography Location

Coastal wetland
samples and extents

2019-2023 Coastal
wetland results

Random Forest

No-wetland samples

Figure 2. The Flowchart for Identifying Tidal Wetlands Using Water-Level, Phenology, Topography,
and Geographic Location Features.

2.5. Sediment Sampling and Sample Treatment

Considering the accessibility constraints of field sampling, this study chose the Dan-
dou Sea and Tieshan Gulf areas in Guangxi as the research area for soil organic carbon.
Utilizing high-resolution imagery from Google Earth, Sentinel-2 image data, and the 2023
identification results of Guangxi tidal wetlands, sampling points were selected in the man-
grove, tidal flat, and salt marsh areas of Dandou Sea and Tieshan Gulf based on random
and equal principles. According to the ‘“Technical Specifications for Soil Environmental
Monitoring’, sediment samples at different depths were collected from 9 July 2023, to 12
July 2023. The specific distribution of sampling points is shown in Figure 3.

109°38'E 109°40'E 109°38'E 109°40'E
(a) N ' ' (b) [N ' ;

A A

21°36'N
21°36'N

4
Beihai Beihai Beihai o
¥ Dandou Sea il ¥ B Ko Beihai

21°34'N
%
21°34'N

* Mangrove

¥ Tidal flat l i Tieshan Gulf % Saltmarsh 0 1 2km

Tieshan Gulf

Figure 3. Geographical Locations of Field Sampling Points: (a) Tidal Flats and Mangroves, (b) Salt
Marshes.
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At these sampling points, there were 4 tidal flats, 9 mangroves, and 11 salt marshes,
totaling 24 sampling points, each with a 0.25 m? quadrat established. Within each plot, a
five-point sampling method was employed, and soil columns from depths of 0-60 cm were
collected using a soil sampler, including samples from depths of 0-20 cm, 2040 cm, and
40-60 cm. After removing soil impurities, the samples were placed in sealed polyethylene
bags and transported to the laboratory immediately. Subsequently, the samples were dried
in a cool, ventilated room, and various indicators such as SOC and soil physicochemical
properties were determined. The methods for determining sediment physicochemical
properties are shown in Table 5.

Table 5. Monitoring Methods for Sediment Soil Physicochemical Properties.

Monitoring Program Analytical Method Instrument According to the Standard
pH Potentiometry pH-meter HJ962-2018
MC Gravimetric method - GB17378.5-2007
BD Cutting-ring method Cutting ring NY/T1121.4-2006
EC Conductivity meter method Conductivity meter F-HZ-DZ-DXS-0006

In addition, SOC content was determined using the potassium dichromate external
heating oxidation method (NY /T 1121.6-2006, Ministry of Agriculture and Rural Affairs of
China, 2006). Easily oxidizable organic carbon (EOC) was measured using the potassium
permanganate method. Dissolved organic carbon (DOC) was measured by applying the
same method used for SOC after the soil samples were centrifugally filtered.

2.6. Data Analysis
MC represents soil moisture content (%), with the formula:

_ FW —DW

M
c FW

x 100 (10)
where FW denotes the soil fresh weight; DW denotes the soil dry weight.
BD represents soil bulk density (g/cm?), with the formula:

1
BD = g x g x (100 + MC) (11)

where g denotes the fresh weight of ring knife soil (g); v denotes the ring knife volume
(100 cmd).
SOCS represents soil organic carbon stock (t/ha), with the formula:

SOCS =Y 'C; x BD; x E; x 0.1 (12)

where Ci denotes carbon mass fraction in i soil depth (g/kg); BDi denotes the soil BD in i
soil depth (g/cm?); Ei denotes thickness of soil in i soil depth (cm); n denotes the number
of soil depth layers.

The corresponding abbreviations and nomenclatures are shown in Tables A1 and A2.

3. Results
3.1. Accuracy Assessment

As shown in Table 6, the overall classification accuracy of tidal wetland identification
results for five different years is above 96%, with Kappa coefficients all exceeding 0.95,
indicating high accuracy of the identification results. In addition, this study calculated con-
fusion matrices based on validation sample points and compiled the confusion matrices for
the “mangroves”, “salt marshes”, “tidal flats”, and “other” categories for each year, while
also computing the user accuracy (UA) and producer accuracy (PA) (see Tables A3-A7).
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Table 6. Accuracy Assessment of Tidal Wetland Identification Results (2019-2023).
Year 2019 2020 2021 2022 2023
Overall accuracy (%) 96.88 98.63 97.66 96.31 98.86
Kappa 0.95 0.98 0.97 0.95 0.98

21°50'N

21°30'N

108°0E

3.2. Spatial Pattern of Coastal Tidal Wetlands in Guangxi

The spatial distribution of tidal wetlands in Guangxi in 2023 is shown in Figure 4.
The results indicate a specific pattern of spatial distribution of tidal wetlands in Guangxi.
Within the study area, tidal flats are predominantly distributed along the coastline, with
fewer occurrences near impermeable surfaces and more occurrences farther away from
impermeable surfaces. Mangroves are primarily located in three natural reserves and near
the Nanliu River basin, while the distribution of salt marshes is more scattered, mainly
found near the Nanliu River basin, Tieshan Gulf, and the Dandou Sea area. The spatial
distribution pattern of tidal wetlands from 2019 to 2022 is similar to that of 2023, as shown
in Figure A1.

108°30'E 109°0'E 109°30'E

[ Mangrove

Salt marsh
Tidal flat

0 25 5|0 km A

Figure 4. Spatial Distribution of Tidal Wetlands (Using 2023 as an Example. In the base map, the
Sentinel-2 satellite image is displayed as a false-color composite, with black areas representing water
and red areas indicating vegetation).

Quantitative statistics were conducted on the three categories of tidal wetlands to
obtain the total area and percentage from 2019 to 2023, as detailed in Figure 5 and Table 7.
Overall, in the coastal tidal wetlands of Guangxi, tidal flats account for the largest propor-
tion, comprising approximately 80% of the total area, while mangroves account for around
15%, and salt marshes constitute the smallest proportion, at less than 10% of the total
area. Regarding the trend of individual wetland categories from 2019 to 2023, mangrove
wetlands had the largest proportion in 2023, reaching 7558.60 ha, and showed a gradual
increase over the five-year period. The area of salt marsh wetlands generally increased first
and then decreased, reaching its maximum in 2020 and subsequently decreasing each year.
Meanwhile, the area of tidal flat wetlands remained relatively stable overall.
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Figure 5. Proportional Area of the Three Wetland Categories from 2019 to 2023.
Table 7. Total Area of the Three Wetland Categories from 2019 to 2023.
Mangrove (ha)  Salt Marsh (ha) Tidal Flat (ha) Total (ha)
2019 7274.41 3414.55 44,633.90 55,322.86
2020 6932.94 4429.53 47,232.70 58,595.17
2021 7322.94 4320.15 45,284.10 56,927.19
2022 7505.67 3234.21 49,829.60 60,569.48
2023 7558.60 3301.55 42,920.70 53,780.85

3.3. Distribution Characteristics of SOC in Different Habitat Types

SOC content varies significantly among the three different habitats in tidal wetlands,
with notably higher levels observed under various vegetation covers compared to the tidal
flats (see Figure 6). This indicated the significant impact of vegetation on SOC content
in wetland soils. Additionally, there were significant differences in SOC content under
different vegetation covers. Due to variations in vegetation types, development stages, and
distribution patterns, each soil depth exhibited distinct characteristics in SOC content.

14 b

—_— —_—
(=] N

(o]

SOC content (g/kg)

Tidal flat

Mangrove Salt marsh

020 cm [ 2040 cm [ 4060 cm

Figure 6. The Content of SOC in Three Different Habitats (Tidal Flats, Mangroves, and Salt Marshes).
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From a vertical distribution perspective, the SOC content beneath the sampling points
in mangrove wetlands was highest in the surface layer (0-20 cm), at 10.42 g/kg, which was
approximately twice that of the deeper layer (40-60 cm); the SOC content fluctuates less
in the depth range of 20-60 cm, with an average of 6.02 g/kg. In salt marsh wetlands, the
SOC content varies little between the 0-20 cm and 2040 c¢m soil depths, while in the soil at
a depth of 40-60 cm, the organic carbon content could reach 9.84 g/kg. This may be due
to the presence of long-standing salt marsh wetlands in the sampling area, which have
relatively stable natural conditions, and as the years of growth increase, there was a clear
trend of organic carbon accumulation. In contrast, the SOC content in tidal flats was lower
across different soil depths. In the depths of 0-20 cm and 2040 cm, the organic carbon
content was relatively similar, while in the 40-60 cm layer, the organic carbon content
decreases. This may be due to the influence of tidal fluctuations, which are not conducive
to the accumulation of organic carbon.

3.4. Characteristics of SOCS in Different Habitat Types

The SOCS in different habitat types are illustrated in Figure 7. The results indicated
that in the surface soil, the SOCS in mangrove wetlands was the highest, reaching up
to 26.48 t/ha. However, with increasing soil depth, the SOCS in mangroves gradually
decreases. By the depth of 40-60 cm, its content decreases to about half of that in the
surface soil.

35F

30 |

20F | o

15 |

é e

Mangrove Salt marsh Tidal flat

[ ]020cm [ 2040 cm [ 40-60 cm

Figure 7. The Content of SOCS in Three Different Habitats (Tidal Flats, Mangroves, and Salt Marshes).

SOCS content (t/ha)

In salt marsh wetlands, the SOCS remained relatively stable at depths of 0-20 cm and
20-40 cm, but showed an increasing trend at a depth of 40-60 cm, reaching twice the SOCS
level of mangroves at a depth of 40-60 cm. Compared to mangroves and salt marshes, the
SOCS in tidal flat wetlands was lower. There was little difference in SOCS at depths of
0-20 cm and 2040 cm, but a decreasing trend was observed at a depth of 40-60 cm.

3.5. Correlation between SOCS, SOC, Their Components, and Various Factors

The soil physicochemical properties and carbon components of mangroves, salt
marshes, and tidal flats are shown in Table 8. The correlation between soil physicochemical
properties of tidal wetlands and SOC, SOCS is shown in Table 9. The results indicated that
SOC was positively correlated with MC, SOCS, EOC, and POC, and negatively correlated
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with BD and pH. SOCS was positively correlated with MC, SOC, EOC, POC, and DOC,
and negatively correlated with BD and pH.

Table 8. Soil Physicochemical Properties and Carbon Components of Different Habitat Types (Mean
=+ Standard Deviation).

Sediment

Type Depth (cm) BD (g/cm®) MC (%) pH EC (us/cm) SOC (g/kg) EOC (g/kg) POC (g/kg) DOC (g/kg)  SOCS (t/ha)
0-20 cm 1.26 +£0.13 4216 £ 9.26 6324055  3.04+048 1042 +2.40 21341 7.76 +1.26 021+021 2648 +7.25
Mangrove 20-40 cm 1.31+£0.2 37.19 £ 12.2 533+ 2.1 261+ 1.1 6.47 £ 3.16 1.48 £ 0.89 526 + 241 041+072 1824 +£991
40-60 cm +0.18 48.04 £ 2.57 627 £019  2.58 4+ 0.04 530 + 1.14 1.6 & 0.09 371+ 1.06 007 +003  1241+377
0-20 cm 0.15 3525 +11.68  626+1.06  3.08 + 044 7.60 & 3.44 1.32 £ 0.96 6.28 & 3.00 018+0.13  19.58 + 8.68
Salt marsh 20-40 cm 21 3336 +1549 579+ 144  3.09 + 049 758 + 4.60 152 + 1.02 6.05 &+ 3.75 013+012 1951 +9.88
40-60 cm 23 393241558  557+119 356+ 091 9.84 4 3.84 1.78 £ 1.05 8.06 &+ 3.23 019+012  2415+745
0-20 cm 11 26.97 + 8.58 6554062 299+ 0.83 2254 0.99 0.33 & 0.34 1.92 + 0.66 0.08 & 0.02 6.86 + 3.44
Tidal flat 20-40 cm 16 26.71 + 4.31 701+£079 326+ 042 2334 1.85 1.08 £ 0.62 3.39 + 245 0.16 & 0.09 6.89 & 5.80
40-60 cm 02 31.63 + 0.63 6.61£021 333+ 041 1.29 +0.37 0.14 + 0.08 1.14 + 045 0.04 + 0.03 361 +1.16
Table 9. Correlation between SOC and its Active Components with Other Soil Physicochemical
Properties.
BD MC pH EC SOC SOCS EOC POC DOC
BD 1
MC —0.943 ** 1
pH 0.503 * —0.436 1
EC 0.350 —0.412 0.205 1
SOC —0.591 % 0.616 * —0.637 * 0.034 1
SOCS —0.544 * 0.566 * —0.658 * 0.011 0.995 ** 1
EOC —0.559 * 0.705 * —0.509 * —0.172 0.894 ** 0.884 ** 1
POC —0.447 0.492 —0.594 * 0.142 0.976 ** 0.978 ** 0.89 ** 1
DOC —0.115 0.155 —0.640 * —0.298 0.467 0.538 * 0.499 * 0.520 * 1

**p<0.01,*p<0.05.

For individual habitat types, as shown in Tables A8-A10, SOC in mangrove wetlands
was significantly positively correlated with EC, SOCS, EOC, and POC, while SOCS was
significantly positively correlated with BD, EC, SOC, EOC, and POC. SOC and SOCS in salt
marshes were significantly positively correlated with MC, EC, EOC, POC, and DOC, and
negatively correlated with BD and pH, with a positive correlation between them. As for
tidal flats, SOC and SOCS were significantly positively correlated with BD, EOC, POC, and
DOC, and negatively correlated with MC and EC, with a positive correlation between them.

4. Discussion
4.1. Comparison with Other Tidal Wetland Data

To comprehensively understand the classification performance of tidal wetlands in
this study, three existing tidal wetland datasets (GMW v3.0, GMCP, and Murray’s tidal
flat) were selected for comparative analysis, as shown in Table 2. Figure 8 presents the
classification results of mangroves in 2020 for three typical regions (Maowei Sea area,
Nanliu River Basin, and Dandou Sea area) compared with GMW v3.0 and GMCP. Overall,
there was good consistency among the three mangrove identification results. This is mainly
because mangroves have distinct and strong vegetation reflectance characteristics, making
them easier to identify compared to other wetlands [49]. Specifically, the mangrove area
in the Maowei Sea area was significantly underestimated in GMW v3.0, which may be
due to the identification method. GMW v3.0 was based on the GMW v2.5 [59], which was
established in 2010 and mapped the potential change areas of mangroves by calculating
the difference between the maximum and minimum scattering in HH and HV polarization
directions for each pixel in potential change areas. The mangrove existence areas were
determined by setting difference thresholds. However, the setting of difference thresholds
was determined by visual interpretation based on reference sites worldwide, and due
to the uneven distribution of reference sites globally, with only one site set in Asia, the
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obtained threshold may not be fully applicable to the coastal areas of China, resulting in
poor identification performance. GMCP showed the highest consistency with this study
in the Maowei Sea area and Nanliu River area, but there was an omission of mangrove
identification in the Dandou Sea area. However, overall, the use of high-resolution imagery
can more accurately identify the spatial patterns of mangroves.
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Figure 8. Cross-comparison of this study with two mangrove datasets (GMW v3.0 adapted with

permission from Ref. [34]. 2022, Bunting et al.; GMCP adapted with permission from Ref. [39]. 2021,
Xiao et al.).
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Figure 9 shows the comparison between the tidal flats identified in this study and
Murray’s tidal flat V1.2 [33] from 2019, along with the corresponding minimum tide image
of the area. Overall, both methods effectively captured the spatial pattern of tidal flats in the
area with a high degree of consistency. However, comparing the original and minimum tide
images with the identification results of Murray’s tidal flat V1.2 revealed that some coastal
aquaculture ponds are misidentified as tidal flats, whereas the tidal flat identification in this
study successfully excludes these coastal aquaculture ponds. Additionally, in the Nanliu
River area, Murray’s tidal flat V1.2 misclassified a significant portion of salt marshes as
tidal flats, while this study distinguished between salt marshes and tidal flats, as shown in
Figure 10.

109°15'E 109°20E 109°10'E 109°15'E 109°20'E

21°25'N

0 4 8km
I Murray’s tidal flat ¢ ) '

109°15'E 109°20'E 109°10'E 109°15'E 109°20'E

1

21°25'N

0 4 8km
I This research L : !

Figure 9. Comparison between the tidal flats identified in this study and Murray’s tidal flat from
2019 (a) Original image, (b) Minimum tide image.

4.2. Differences in the Distribution of SOC and SOCS among Different Habitat Types

Overall, there were different trends in the SOC content among the three habitat types
with increasing soil depth. Specifically, in mangrove wetlands, SOC gradually decreases
with soil depth, while in salt marshes, SOC content increases with depth. Conversely, in
tidal flats, SOC content remains relatively uniform across different soil depths. Previous
studies have indicated that factors such as litter input, distribution pattern of plant roots,
root exudates, and decomposition of root residues influence the distribution of SOC along
soil profiles in different habitat types [60,61].
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Figure 10. Comparison of tidal flats and salt marshes in the Nanliu River area with Murray’s tidal flat.

As shown in Figure 11, in the surface soil layer (0-20 cm), the organic carbon content
of each habitat type was as follows: mangroves > salt marshes > tidal flats. The highest
organic carbon content is found in mangrove soil, primarily due to the high productivity
and biomass accumulation capacity of mangrove ecosystems [19]. Mangroves can absorb
large amounts of carbon dioxide through photosynthesis and convert it into organic matter,
facilitating the accumulation of SOC. Moreover, mangroves are typically located in estuarine
areas where terrestrial organic matter input, such as suspended solids and plant debris
carried by rivers, enriches the surface SOC content [62]. In contrast, salt marshes have
lower productivity than mangroves and are often located in tidal plains or estuaries,
where surface soils are mainly influenced by seawater input. However, seawater generally
contains lower organic matter content, resulting in lower SOC content in salt marshes
compared to mangroves.

At depths of 20-40 cm and 40-60 cm, the organic carbon content of each habitat type
was as follows: salt marshes > mangroves > tidal flats. Except for the surface soil layer,
the organic carbon content in mangrove wetlands is lower than that in salt marshes. This
may be because mangroves, as compared to salt marshes, are closer to inland areas and
are submerged in tidal water for shorter periods, making organic carbon in surface soils
more susceptible to oxidation. Salt marshes, on the other hand, are submerged in water for
longer periods, resulting in prolonged anaerobic conditions that inhibit microbial activity
and slow down organic matter decomposition [63]. This could lead to lower organic carbon
content in mangroves than in salt marshes at depths of 20-40 cm and 40-60 cm. The organic
carbon content in tidal flats is generally lower across all three depth layers, possibly due
to their long-term inundation and frequent exposure to tidal flushing, which transports
deposited organic carbon into the oceanic carbon pool.
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Figure 11. The SOC Content in Different Habitats at Various Soil Depths (0-20 cm, 20-40 cm,
40-60 cm).

As shown in Figure 12, in the surface soil layer (0-20 cm), the SOCS of each habitat type
were ranked as follows: mangroves > salt marsh > tidal flats. The SOCS of mangroves reach
their maximum value in this soil layer, being 3.86 times that of tidal flats and 1.35 times that
of salt marshes. Meanwhile, the SOCS of salt marshes are 2.85 times that of tidal flats. As
the soil depth increases to 20-40 c¢m, the difference in SOCS between mangroves and salt
marshes remains minimal, staying at approximately 2.65 and 2.83 times that of tidal flats,
respectively. However, at a depth of 40-60 cm, the SOCS of salt marshes exhibit a significant
increase, reaching 6.70 times that of tidal flats, while mangroves are only 3.44 times that of
tidal flats. These findings indicated that both mangroves and salt marshes demonstrate
considerable carbon sequestration capabilities, with mangroves exhibiting the strongest
capacity in surface soil layers, while salt marshes excel in deeper soil layers.

Through the correlation analysis between SOC, SOCS, and soil physicochemical factors
(see Table 9), it was observed that soil physicochemical factors have an impact on SOC
and SOCS. Compared to inland wetlands, forests, and agricultural fields, tidal wetlands
are characterized by longer periods of waterlogging, higher MC, and prolonged anaerobic
conditions. This inhibits the activity of aerobic microorganisms, reduces SOC consumption,
and promotes SOC accumulation. As shown in Table 8, soils in mangroves and salt marshes
are weakly acidic, while those in tidal flats are weakly alkaline. Research has indicated that
soil pH can affect the growth, quantity, and activity of microorganisms [64]. In acidic soils,
microbial diversity is limited, with fungi dominating, which slows down the turnover rate
of labile organic carbon fractions and promotes SOC accumulation [65]. BD represents soil
compaction and is one of the parameters for calculating SOCS. From Table 9, it is evident
that SOC and SOCS are negatively correlated with BD. This is mainly because BD affects
soil porosity, with higher bulk densities usually associated with lower soil porosity, which
is unfavorable for organic matter accumulation [66]. In this study, at a depth of 0-20 cm,
mangroves have lower BD compared to salt marshes and tidal flats, higher MC than both,
and acidic soil conditions, resulting in higher SOC and SOCS than salt marshes and tidal
flats, demonstrating that soil physicochemical factors influence SOC and SOCS.
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Figure 12. The SOCS Content in Different Habitats at Various Soil Depths (0-20 cm, 20-40 cm,
40-60 cm).

5. Conclusions

In previous studies, many global wetland data and regional wetland data have been
published. For example, Zhang et al. [49] generated the world ‘s first 30 m wetland product
in 2020; the East Asian tidal wetland data with 10 m resolution in 2020 generated by
Zhang et al. [51], but there is still a lack of continuous 10 m tidal wetland dataset for the
coastal zone of Guangxi. Therefore, by integrating the existing tidal wetland data, based
on the Sentinel-2 L2 A time series images, combined with the random forest algorithm,
this study generated a 10 m tidal wetland dataset in Guangxi from 2019 to 2023, including
mangroves, salt marshes and tidal flats. Subsequently, based on the classification results of
tidal wetlands in 2023, the method of time instead of space was used to explore the changes
of soil organic carbon and soil organic carbon storage under different habitat categories of
tidal wetlands.

The results showed that the overall accuracy of tidal wetland identification in Guangxi
from 2019 to 2023 was higher than 96%, and the Kappa coefficient was higher than 0.95,
indicating that the identification results had high accuracy. Compared with other tidal
wetland data, the phenomena of misrecognition and missed recognition are reduced, which
proves that the research method is suitable for the identification of tidal wetlands in complex
landform areas. Quantitative statistical analysis shows that in Guangxi’s tidal wetlands,
tidal flats account for about 80% of the total area, mangroves account for about 15%, and
salt marshes account for less than 10% of the total area. Additionally, experimental results
indicated that in the surface layer (0-20 cm) of soil, soil organic carbon and soil organic
carbon storage were ranked in the following order across habitat types: mangroves > salt
marshes > tidal flats. Whereas at depths of 20-40 cm and 40-60 cm, soil organic carbon
and soil organic carbon storage were ranked as follows: salt marshes > mangroves > tidal
flats. The study results also suggested that certain soil physicochemical factors, such as
bulk density, moisture content, and pH, were among the driving factors influencing soil
organic carbon and soil organic carbon storage in tidal wetlands.
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However, there are still many uncertainties and limitations in the proposed wetland
identification methods and identification results. In the process of generating stable sample
points, the collected tidal wetland datasets are current up to 2020, and after that, the wetland
category may change, which may lead to a certain proportion of errors in the sample
points automatically generated based on the existing datasets. Therefore, it is necessary
to further collect multi-source datasets to fill these gaps and improve the accuracy and
comprehensiveness of wetland identification. In addition, in this study, only four carbon
components of soil organic carbon, dissolved organic carbon, easily oxidized organic carbon
and particulate organic carbon, were explored. Other carbon components in the soil were
not analyzed and studied, such as mineral-associated organic carbon, microbial biomass
carbon, etc. In the future, it is necessary to further study the soil carbon components
and soil carbon pool composition of tidal wetlands in Dandou Sea area of Guangxi. This
is conducive to a more comprehensive understanding of the carbon storage and cycle
processes of wetland ecosystems, and provides a scientific basis for wetland protection and
sustainable development.
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Appendix A

Table A1l. List of Abbreviations.

Abbreviation Definition
BD Bulk density
EC Electrical conductivity
EOC Easily oxidizable organic carbon
EVI Enhanced Vegetation Index
GEE Google Earth Engine
LSWI Land Surface Water Index
MC Moisture content
mNDWI Modified Normalized Difference Water Index
MVI Mangrove Vegetation Index
NDVI Normalized Difference Vegetation Index

NDWI Normalized Water Difference Index
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Table Al. Cont.

Abbreviation Definition
NIR Near-infrared
PA Producer accuracy
POC Particulate organic carbon
RF Random forest
S. alterniflora Spartina alterniflora
SOC Soil organic carbon
SOCS Soil organic carbon stock
SWIR1 Shortwave infrared band 1
UA User accuracy

108°0'E 108°30E 109°0'E 109°30E 108°0'E 108°30E 109°0E 109°30E
T T T T

0 25 50 km 0 25 50 km

[ Mangrove
Salt marsh

Tidal flat

\

[ Mangrove
Salt marsh
Tidal flat

21°50'N
21°50'N

21°30N
21°30N

t 2019 2020
108°0'E 108°30'E 109°0E 109°30E 108°0E 108°30'E 109°0E 109°30E
T v T T
£ N N
] Mangrove 0 25 50 km A ] Mangrove 0 25 50 km A
[ —| e

z Salt marsh z Salt marsh
2 : 2 :
a, Tidal flat 95 Tidal flat
A =

21°30N

Figure A1l. Spatial Distribution of Tidal Wetlands from 2019 to 2022(In the base map, the Sentinel-2
satellite image is displayed as a false-color composite, with black areas representing water and red
areas indicating vegetation).

Table A2. Nomenclature.

Mathematical Symbol Meaning Source of Mathematical Symbols
BD; The soil BD in i soil depth (g/ cm?) Formula (12)
(@A Carbon mass fraction in i soil depth (g/kg) Formula (12)
China S. alterniflora Spatial distribution of S. alterniflora in China data Formula (2)
DW The soil dry weight Formula (10)
E; Thickness of soil in i soil depth (cm) Formula (12)
FW The soil fresh weight Formula (10)
g The fresh weight of ring knife soil (g) Formula (11)
Guangxi 5. alterniflora; The distribution datfa of S. alterniflora in Guangxi Formula (2)

or year, t

Linepasta) 10 km A 10 km buffer zone towards the sea Formula (3)
MaxExtentMangrove The maximum extent of mangrove Formula (1)
MaxExtentgait marsh The maximum extent of salt marsh Formula (2)

MaxExtentriqal flat The maximum extent of tidal flat Formula (3)
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Table A2. Cont.

Mathematical Symbol Meaning Source of Mathematical Symbols
MGeTM A global biophysical typology of mangroves data
Mcpm_uscs Global distribution of mangroves USGS
Mamcp Global Mangrove Classification Products data Formula (1)
Maomw Global Mangrove Watch data
Mwam World Atlas of Mangroves data
n The number of soil depth layers Formula (12)
Tidal flat, The global tidal v(;retland ecosystem distribution Formula (3)
ata for year, t
\% The ring knife volume (100 cm?) Formula (11)

OBlue The blue band in the Sentinel-2 images Formula (8)

OGreen The green band in the Sentinel-2 images Formulas (5), (6) and (9)
PRed The red band in the Sentinel-2 images Formulas (4) and (8)
ONIR The near-infrared band in the Sentinel-2 images Formulas (4), (5) and (7)—(9)

OSWIRL The shortwave infral;f;iazizd 1 in the Sentinel-2 Formulas (6), (7) and (9)

Table A3. Confusion Matrix for “Mangroves”, “Salt Marshes”, “Intertidal Flats”, and “Other”

Categories in 2019.
Type Mangrove  Salt Marsh  Tidal Flat Other PA
Mangrove 277 1 0 0 0.987
Salt marsh 0 204 4 5 0.958
Tidal flat 0 6 231 10 0.935
Other 2 0 4 393 0.985
UA 0.991 0.976 0.947 0.958

Table A4. Confusion Matrix for “Mangroves”, “Saltmarshes”, “Intertidal Flats”, and “Other” Cate-

gories in 2020.
Type Mangrove  Salt Marsh  Tidal Flat Other PA
Mangrove 239 0 0 0 1
Salt marsh 1 230 4 2 0.970
Tidal flat 0 4 261 1 0.981
Other 1 1 2 425 0.991
UA 0.992 0.979 0.978 0.993

Table A5. Confusion Matrix for “Mangroves”, “Salt Marshes”, “Intertidal Flats”, and “Other”

Categories in 2021.
Type Mangrove  Salt Marsh  Tidal Flat Other PA
Mangrove 237 2 1 0 0.988
Salt marsh 0 228 2 3 0.979
Tidal flat 0 7 227 5 0.950
Other 0 0 5 437

UA 0.988 0.970 0.974 0.975
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Table A6. Confusion Matrix for “Mangroves”, “Salt Marshes”, “Intertidal Flats”, and “Other”

Categories in 2022.
Type Mangrove  Salt Marsh  Tidal Flat Other PA
Mangrove 216 0 0 1 0.991
Salt marsh 2 244 6 8 0.938
Tidal flat 0 10 219 3 0.961
Other 1 2 11 414 0.965
UA 0.986 0.953 0.928 0.972

Table A7. Confusion Matrix for “Mangroves”, “Salt Marshes”, “Intertidal Flats”, and “Other”

Categories in 2023.
Type Mangrove  Salt Marsh  Tidal Flat Other PA
Mangrove 240 0 0 0 1
Salt marsh 0 224 5 0 0.961
Tidal flat 0 0 220 2 0.991
Other 0 0 2 444 0.995
UA 1 1 0.969 0.987

Table A8. Correlation between SOC and its Active Components in Mangrove Soils and Other
Physicochemical Properties of Soil.

BD MC pH EC socC SOCS EOC POC DOC
BD 1
MC —0.990 ** 1
pH —0.726 * 0.816 ** 1
EC 0.246 —0.107 0.488 1
SOC 0.399 —0.265 0.342 0.987 ** 1
SOCSs 0.577* —0.456 0.143 0.934 ** 0.979 ** 1
EOC 0.016 0.126 0.676 * 0.973 ** 0.923 ** 0.826 ** 1
POC 0.547 * —0.424 0.178 0.946 ** 0.986 ** 0.999 ** 0.845 ** 1
DOC 0.958 ** —0.989 **  —0.893 ** —0.043 0.118 0.318 —0.272 0.284 1
“p <0.01,*p < 0.05.
Table A9. Correlation between SOC and its Active Components in Salt marsh Soils and Other
Physicochemical Properties of Soil.
BD MC pH EC SOC SOCS EOC POC DOC
BD 1
MC —0.808 ** 1
pH —0.104 —0.502 * 1
EC —0.570 * 0.945 ** —0.757 * 1
SOC —0.591 * 0.953 ** —0.740 * 1.000 ** 1
SOCS —0.596 * 0.955 ** —0.736 * 1.000 ** 1.000 ** 1
EOC —0.176 0.722 % —0.961 ** 0.909 ** 0.898 ** 0.895 ** 1
POC —0.667 * 0.978 ** —0.672 % 0.992 ** 0.995 ** 0.996 ** 0.851 ** 1
DOC —0.999 ** 0.839 ** 0.050 * 0.614* 0.635* 0.639 * 0.229 0.706 * 1

*p <0.01,* p < 0.05.
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Table A10. Correlation between SOC and its Active Components in Tidal flat Soils and Other
Physicochemical Properties of Soil.

BD MC pH EC SOC SOCS EOC POC DOC
BD 1
MC —0.959 ** 1
pH 0.672* —0.435 1
EC —0.377 0.623 * 0.433 1
S50C 0.965 ** —1.000 ** 0.455 —0.606 * 1
SOCS 0.947 ** —0.999 ** 0.400 —0.653 * 0.998 ** 1
EOC 0.867 ** —0.691 * 0.952 ** 0.135 0.707 * 0.662 * 1
POC 0.934 ** —0.795 * 0.892 ** —0.021 0.808 ** 0.771* 0.988 ** 1
DOC 0.929 ** —0.786 * 0.899 ** —0.006 0.799 * 0.761 * 0.990 ** 1.000 ** 1

**p<0.01,*p<0.05.
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