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Abstract: The long-term use of wetlands stresses wetland ecosystems and leads to degradation
and C loss. This study explored an optimal remote sensing-multivariate linear regression model
(RS-MLRM) for estimating wetland soil organic carbon (SOC) by using a combination of the measured
SOC and above ground biomass (AGB) from 273 samples, textural features, spectral information,
and a vegetation index calculated from Landsat-8 images using the Ningxia Basin of the Yellow
River as the study area. To derive the optimal predictor model for SOC, these variables were
regressed against the measured SOC. These were used to predict SOC and evaluate the contribution
of wetland restoration and conservation projects to soil carbon sequestration and sinks on the Ningxia
Basin of the Yellow River in early (2000 and 2005), intermediate (2010), and recent (2015) years.
The results show that from 2000 to 2015, the project-induced contribution to C sequestration was
20.49 TC, with an annual sink of 1.37 TC. This accounted for 54.06% of the total wetland ecosystem C
sequestration on the Ningxia Basin of the Yellow River. Moreover, there was a significant success of
restoration and conservation projects regarding C sequestration. These restoration and conservation
projects have substantially contributed to CO2 mitigation in the arid area.

Keywords: soil carbon sink; carbon sequestration; texture features; RS-MLRM; ecological restoration
and conservation project; the arid wetland; Ningxia Basin of the Yellow River

1. Introduction

Although the terrestrial biosphere absorbs about 25% of anthropogenic carbon dioxide (CO2)
emissions, the rate of land carbon uptake remains highly unpredictable. This leads to uncertainties in
climate projections [1]. The rise in CO2 concentration has drawn wide attention from governments
and academics worldwide [2]. The signing of the Paris Agreement in 2016 shows that [3] many
countries have reached a general political consensus on international cooperation on global climate
change. In 2018, Nature listed the major events of climate policy as one of the twelve things that need
attention [4]. It has also been ranked amongst the 125 most challenging scientific issues published by
Science [5], positing how high the greenhouse effect makes the earth’s temperature rise.

The Global Carbon Budget report in 2018 stated that CO2 emissions from worldwide fossil fuel
combustion were expected to increase by 2.7% from the previous year. Fossil fuel combustion emitted
990 million tons of carbon into the atmosphere in 2017. In 2018, CO2 emissions were likely to have hit
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a record high, however, the data is not yet available. To achieve the goal of controlling the temperature
increase to 1.5 ◦C in the Paris Agreement, CO2 emissions need to be reduced to 50% by 2030 and
brought to zero by 2050 [6].

Climate change has become a universal problem with global warming as the main feature.
The circulation and distribution of carbon in each cycle has become a trending issue of global climate
change research [7]. Its primary endeavor focuses on how to improve the carbon sequestration
capacity of terrestrial ecosystems and increase carbon storage. All countries are searching for methods
to recollect the carbon emitted from energy consumption and fix it in soils and vegetation [8,9].
In the Paris Agreement of 2015, China stated that by 2030 it would cap CO2 emissions. At present,
China is positioned to make significant contributions to reducing CO2 emissions through its ecological
restoration projects [10].

A wetland is a unique ecosystem formed by the interaction of land and water. It plays an important
but complex role in the global carbon cycle, carbon emissions, and stabilizing global climate change.
This contributes to the regulation of greenhouse gas levels through carbon sequestration [9]. Although
wetland areas only account for 4–6% of the total land area, its carbon storage accounts for 12–24%
of the global terrestrial carbon storage. The huge carbon storage capacity of wetlands makes them
integral to global soil carbon storage [10].

Studies have shown that most wetlands have much higher CO2 fixation than CO2 and CH4

emissions, and large amounts of organic matter are stored in the soil [11]. This makes them the most
efficient net CO2 sinks and contributors to the balancing of carbon-containing greenhouse gases in
the atmosphere [12]. Although wetlands are regarded as one of the largest unknown ecosystems
concerning future C dynamics, particularly carbon budgets [13], they are an important organic carbon
pool [14]. They are equivalent to aquatic and forest ecosystems in terms of their roles in maintaining
the earth’s health [14]. Therefore, it is of great significance to increase attention over the carbon
sequestration capacity as well as to quantify the temporal and spatial changes of carbon storage in
wetland ecosystems.

Related research on wetland carbon storage began in the late 1990s. Many researchers had mainly
focused on wetland types [15], estimation methods [16], and influencing factors [17]. In recent years,
the research on the carbon sequestration and sinks of wetlands has shown an obvious upward trend.
This has attracted more and more attention [18] and has prompted extensive academic interest.

As a highly important ecological factor in wetland ecosystems, soil organic carbon (SOC) provides
information on several key processes, such as biomass production, necromass degradation, and organic
carbon storage [19]. It plays an important role in the global carbon cycle and has a significant impact
on wetland ecosystem productivity, terrestrial ecosystem greenhouse gas emissions, atmosphere
regulation, and global warming [20]. SOC is the most important carbon pool in wetlands. Although it
is also an important global carbon stock and could represent 20–30% of global soil carbon [21], the rate
of land carbon uptake remains highly unpredictable, leading to uncertainties in climate projections [22].

The long-term use of wetlands leads to ecosystem degradation and carbon loss. Recent studies
have indicated that the implementation of the ecological restoration projects has significantly increased
ecosystem carbon sequestration across the region [4]. It has also improved ecosystem services,
by preventing carbon loss from vegetation and soil, subsequently enhancing carbon stocks and carbon
sinks [23,24].

The wetland ecosystems of arid regions are an indispensable part of the broader terrestrial
ecosystems. However, in arid regions, wetland SOC of restoration and conservation projects have not
been well-studied and estimating SOC from space remains a challenge. Previous study areas include
the arid regions around Xinjiang Ebinur Lake [25], the Baotou section of the Yellow River wetland [24],
and the Central Asia arid zone of the Aral Sea [26]. There are relatively few studies on the construction
of wetland biomass types and soil inversion models, soil carbon and sink, together with the relationship
between spatial distribution and environmental factors. Therefore, a comprehensive analysis and
evaluation of arid wetland soil is still required [27]. In the context of global climate change and
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increasing carbon emissions, there is an urgent need for carbon sequestration and carbon sink studies
for wetland restoration and conservation projects.

The Ningxia Basin of the Yellow River is part of the arid region of Northwest China. Since 2002,
a series of wetland ecological restoration and conservation projects have been successively carried out
in the Ningxia Basin of the Yellow River, such as the restoration of farmland from the lake and dredging
operations. Additionally, various other projects have improved connectivity in smaller water systems.
The wetland areas and the coverage of vegetation have continuously increased. These projects have
successfully protected the regional environment and have restored degraded wetland ecosystems,
countered wetland shrinkage in the region, and brought substantial increases in vegetation biomass
since 2010. This has brought ecological, social, economic, and environmental benefits.

There are two national wetland nature reserves, five national wetland parks, and an international
wetland city (Yinchuan City), which was accredited in the first batch of international wetland cities
on 25 October 2018. Ningxia Yellow River Irrigation District was included in the World Cultural
Heritage sites in October 2017. However, the total carbon sequestration benefit arising from the wetland
restoration projects has not yet been systematically evaluated for the Ningxia Basin of the Yellow River.
The carbon sequestration achieved in some individual projects has been investigated [28]. The potential
of wetlands to store carbon, especially in soils, often exceeds that of other terrestrial ecosystems in
the arid regions of the upper Yellow River. Related studies which assessed wetland soil carbon stocks
have been neglected to date. Nonetheless, as these systems are sensitive to global climate change and
represent a significant proportion of the global carbon stocks, they require urgent attention [17].

The Ningxia Basin of the Yellow River has long been affected by complex and multi-variable
factors such as water and sediment changes, river channel swings and sand invasion, human activities,
and climate change. It exhibits the characteristics of a diverse wetland, distinct spatial differentiation,
growing wetland area, and fragile ecosystems. It forms a unique irrigation and drainage system [20]
and has extremely high scientific research value. However, most research on the Yellow River wetlands
in the Ningxia arid area has focused on dynamic changes [5], ecological assessments [29], biodiversity
surveys, and ecological restoration [29]. There are few studies on wetland soil carbon sequestration,
soil sinks, and their temporal and spatial dynamic evolution, and more emphasis on the construction of
single factor inversion models. The remote sensing (RS) images and parameters selected are different in
the constructed model. The inversion objects are mostly single species of the same type, but the inversion
accuracy needs to be improved. It is difficult to accurately estimate wetland SOC in such complex areas
using single-factor models; therefore, either or both a multi-factor and multi-characteristic variables
model are required [28]. This will improve the accuracy and usefulness of developing a SOC inversion
model using a combination of spectral information, texture features, principal components, vegetation
indices, and field measurements.

In our study of large-scale carbon content in ecosystems, the estimation of SOC by remote sensing
(RS) shows the advantages of this method, including a high degree of accuracy. At the same time,
it shows how this method overcomes the difficulties associated with obtaining ground station data.
The main methods include RS information parameters for fitting biomass, and a combination of RS
data and process models, artificial neural network model methods, and reference plot methods [11].
The combination of “3S” technology and actual field data can solve the problem associated with organic
carbon estimation from point to region [19–21]. The combination of spectral information, texture
features, vegetation indices, and measured data to establish a SOC estimation model can promote
the precision of SOC estimation.

The status of wetland carbon storage is especially important in the global carbon cycle and carbon
balance accounting. Nevertheless, the current spatial information of regional wetland carbon storage is
extremely lacking and is easily overlooked when conducting large-scale assessments and establishing
models. To a certain extent, it hinders the correct estimation of wetland carbon storage.

In our study, we explored the potential of texture features, a vegetation index, and principal
component analysis (PCA) of multi-source remote sense data for estimating SOC. We also evaluated
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the contribution of wetland ecology restoration and protection projects to C sinks from 2000 to 2015.
The spatial distribution rules of SOC were analyzed in the Ningxia Basin of the Yellow River in early
(2000 to 2005), intermediate (2010), and recent (2015) years during the restoration stages of the wetland
ecosystem. The objective of this research was to estimate SOC in wetlands using a combination of
texture features, vegetation index, PCA (principal component analysis), vegetation biomass, and soil
factor detection data.

Five specific objectives were established to accomplish this:

(1) Identify the best texture features, vegetation index, and PCA to use for estimating SOC;
(2) Establish the regression models between texture features and/or PCA, vegetation index,

and field-measured SOC;
(3) Assess the potential and accuracy of estimating SOC using multi-factor biomass prediction models

including texture features and/or PCA;
(4) Estimate the net SOC density of a wetland ecosystem by comparing the changes between the years

of the project from 2000 to 2005, an intermediate year (2010), to a recent year (2015);
(5) Estimate the wetland project-induced carbon contribution against the total ecosystem soil carbon

sequestration by comparing the change in ecosystem carbon stocks between the carbon sink of
the project region and a reference area (the carbon sink of the reference area was equivalent to
the average soil carbon density of the wetland areas of the Ningxia Basin of the Yellow River
during the same period).

The wetland SOC was then used to construct a spatial distribution map, which was analyzed to
explore environmental factors. The model and approach used in this study will be a useful reference for
future studies on the effect of climate change, the Yellow River, and human activities in large river-basin
areas. The research results have important theoretical and practical significance for deepening the study
of wetland formation. These results will help improve the monitoring methods in wetland ecosystems,
conserve freshwater ecosystems, and protect rare, endangered birds along with other wildlife.

2. Materials and Methods

2.1. Study Area

The climate type is continental temperate arid, with an annual average temperature of 9.0 ◦C and
rainfall of 180–200 mm. The potential annual evaporation is 1825 mm, the average annual humidity is
55%, and the Palmer Drought Severity Index is 7.8–8.0.

Located in the arid inland region of Northwest China and the upper Yellow River, the Ningxia
Basin of the Yellow River (37◦46′ N to 39◦23′ N and 105◦5′ E to 106◦56′ E) has a fragile ecological
environment that is sensitive to climate change. The Yellow River runs from south to north through
the Yinchuan Plain for 193 km and crosses canals and ditches that provide water for irrigation and
extensive wetlands. The soil types are swamp, saline–alkali, and silty soil.

The biodiversity is high. The dominant vegetation types are Cattails, Phragmites australis, and Suaeda
glauca. Phragmites australis are widespread over the Ningxia Basin of the Yellow River, and account for
70–90% of the vegetative cover; many other types of vegetation are widely distributed. There are 9
wetland vegetation types, 30 sub-types, and 132 groups in the Yinchuan Plain. There are 202 species of
119 genera, and 52 families of vascular plants that live in the wetland plant resources. There are 29
families and 67 genera in phytoplankton, mainly distributed in the Yinchuan, Wuzhong, and Shizuishan
areas on both sides of the Yellow River.

The Ningxia Basin of the Yellow River consists of river, lake, marsh, and constructed wetlands.
In 2002, the Ningxia government implemented a series of wetland ecology restoration and protection
projects, such as Wuzhong Yellow River National Wetland Park, Huangsha Gudu National Wetland
Park, Yuehai National Wetland Park, Mingcui Lake National Wetland Park, Xinghai Lake National
Wetland Park, Shahu Lake National Wetland Nature Reserve, and Qingtongxia Reservoir National
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Wetland Nature Reserve. In addition, various other restoration projects have addressed connectivity in
smaller water systems. These projects have successfully countered wetland shrinkage in the region
and brought substantial increases in vegetation biomass since 2010. Such increases have provided
ecological, social, economic, and environmental benefits.

2.2. Image Data Acquisition

The RS image data used in this study were determined from thematic mapper (TM) images
(resolution 30 × 30 m) acquired on 17 July 2000, 18 July 2005, and 27 July 2010. The Landsat-8 OLI
(Operational Land Imager) images (resolution 30 × 30 m) were acquired on 28 July 2015. Images taken
during the wet season were chosen to ensure comparability. The image data met the requirements of
this study as it has shown the characteristics needed to determine vegetation indices, texture features,
and principal components.

2.3. Sample Layout and Experimental Data

Applying the OLI-8 image in 2015, seven Wetlands Restoration and Conservation projects
(including the five National Wetland Parks and the two National Wetland Nature Reserves) were
selected in the Ningxia Basin of the Yellow River. Sampling plots were evenly distributed throughout
the wetland restoration and conservation projects areas. Field measurements were conducted in
the seven project areas from August 2014 to 2015 to obtain wetland vegetation data and soil monitoring
data, which were essentially the same as the RS image.

Furthermore, thirteen representative sample sites were selected within each project area using
a grid selection method; therefore, a total of 91 sample areas were identified. Three sample squares
(1 × 1 m) were then randomly selected in each sample area. During this time, a total of five sample
strips and 273 effective sample points and sample squares were arranged, including 60 river sites,
75 lake sites, 87 marsh sites, and 51 sample sites in the constructed wetland. The sample strips were
laid from the center of the lakes and marshes to the lakeshore area, and from the Yellow River channel
to both sides. This was done to understand the changes through time in wetland vegetation biomass,
as shown in Figure 1.

Sample sites were located using the same GPS device. A selection of vegetation was harvested at
each sample plot. The vegetation type, coverage, plant height, and the number of plants in the sample
were recorded, and then the aerial parts of the plants were collected and immediately weighed to obtain
the fresh weight. All sampled vegetation was put in polyethene bags, and were accordingly marked,
sealed, and taken to the laboratory. They were then dried at 85 ◦C to reach a stable weight (accuracy of
0.01). The plant’s soil, and its salt, nutrient, and water conditions directly affect the distribution of
plant species and their biomass.

Therefore, we chose three replicate sample spots for soil sampling based on gathered plant samples.
Soil organic carbon (SOC), total nitrogen (TN), total phosphorus (TP), salinity, soil pH, soil bulk density,
and soil water content were determined from the total of 273 soil samples taken in the field within
the sampling quadrats. These were based on collected vegetation samples, which were according to
the concentration of the distribution of fabric roots in the study area, as well as referring to the method
of stratified sampling of wetlands in the arid area [25].

In each sample, soil columns of 0–40 cm were collected using a cylindrical metal sampler (3 m
in length and 5 cm in diameter). Each soil column was divided into four layers (0–10, 10–20, 20–30,
30–40 cm) along the diagonal of the sample and drilled into the soil. After which, the same soil layers
were evenly mixed, placed in a sealed and numbered sample bag, and sent back to the laboratory. Then,
the samples were air-dried, passed through a 60-mesh sieve, sealed, and placed in a small refrigerator
in the laboratory.
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At the same time, the ring knife method was used to take another four-delamination cut soil column
samples from each quadrat [30]. These samples were placed into sealed bags for soil bulk density (BD)
analysis. Each soil sample was analyzed for SOC and soil total nitrogen (STN), which was determined
using the Elementar Vario MACRO analyzer. The total soil phosphorus (STP) content was determined
using a UV-visible spectrophotometer (UV-2450, Shimadzu, Japan). Soil samples were oven-dried at
105 ◦C at a constant weight so that the BD and water content could be determined from the mass change.
Total salts were measured using a conductivity meter (DDS-307A, Rex Shanghai, China), and soil pH
was measured using an acidity meter (PHB-5, Beijing Xin Yu Tengda Instrument Equipment Co. Ltd.,
Beijing, China) [30]. The detection methods were strictly carried out in accordance to the industry
standards (organic matter, NY/T1121; nitrogen, LY/T1228-1999; phosphorus, HJ 632-2011; water-soluble
salt, NY/T1121.16-2006; pH, NY/T 1377-2007; soil moisture content, NY/T 52-1987).

2.4. Data Processing Method

2.4.1. RS Image Preprocessing

The RS image data were geometrically corrected, cut out, mosaicked, merged, strengthened,
radiated calibration, and corrected for atmosphere applying the ERDAS 8.0 software. The corrected
error was 0.5 pixels. After pretreatment, Band 2, Band 3, and Band 4 of the OLI images and Band 3,
Band 4, and Band 5 of the TM images were selected for use. The RS images were manually pictured for
the study region using the ENVI 5.2 and ArcGIS 10.2 software packages to incorporate terrain, water,
and locations of wetland projects in the Ningxia Basin of the Yellow River. Locations and ranges of
wetland projects in 2000, 2005, 2010, and 2015 were determined from the longitude and latitude of
GPS field investigation and from manually obtained geographic indicators, which is more precise than
an automatic abstraction.
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2.4.2. Characteristic Variables from Landsat-8

The extracted RS information consisted of band reflectivity, textural features, and vegetation
indices. The Landsat-8 OLI RS image has 11 bands, of which Band 2, Band 3, and Band 4 were sensitive
to wetland vegetation. In the Landsat TM image, Band 3, Band 4, and Band 5 were sensitive to
vegetation. Landsat Band 4-3-2 combination and OLI-8 Band 5-4-3 combination images were close to
the natural color, had rich information, good layering, less interference, and clear texture. Therefore,
the contrast between vegetation and non-vegetation on the image was increased, which improves
the accuracy of vegetation identification. Therefore, Band 2, Band 3, and Band 4 of the Landsat-8
OLI, and Band 3, Band 4, and Band 5 of Landsat TM were selected for the reflectance extraction of
each sample.

According to the characteristics of the study area, seven vegetation indices of NDVI
(normalized difference vegetation index), RVI (ratio vegetation index), DVI (difference vegetation
index), MSVI (modified soil-adjusted vegetation index), OSAVI (optimized soil-adjusted vegetation
index), SAVI (soil adjusted vegetation index), and RDVI (renormalized difference vegetation index),
three principle component analyses of PC1, PC2, and PC3, and eight texture features of CON
(contrast), COR (correlation), DI (dissimilarity), EN (entropy), HOM (homogeneity), ME(mean),
ASM (angular second moment), and VAR (variance), were selected as indicators for constructing
the inversion model.

2.4.3. Meteorological Data Collection and Calculation

Using data from 10 meteorological stations in the Ningxia Basin of the Yellow River, the Kriging
space interpolation method was used to calculate the annual mean temperature and annual precipitation
of each sampling point in ArcGIS 10.2 software. Differences in significance were analyzed using
one-way ANOVA, and the correlation between environmental factors (climate, vegetation, and soil
physical and chemical properties) and SOC density was studied using correlation analysis. The effects
of environmental factors and human activities (tourism in tourist wetlands such as Shahu Lake,
Mingcui Lake, and Yuehai Lake, which implement wetland management measures) on SOC density
were studied using stepwise regression analysis. Tourism data were obtained from the wetland
administration and tourism bureau.

Firstly, RS factors were extracted from RS images. Then, the correlation between each of the RS
factors and environmental factors and SOC was analyzed. Finally, factors with high correlations
were used as independent variables, and the SOC of the sample was used as the dependent variable.
A stepwise regression method was used for constructing a remote sensing multivariate linear regression
model (RS-MLRM) for soil organic carbon in the wetlands. The optimal model was selected based
on the change of decision coefficient and the decision coefficient of adjustment. In order to analyze
the impact of human activities on the soil carbon content of wetlands in the Yellow River and Ningxia
Basin, this study introduces a tourism intensity index (the number of tourists per unit area), and uses
a regression analysis method for a fitting analysis of tourism intensity index, and soil physical and
chemical properties index [25,29]. The number of tourists data were obtained by collecting the number
of tourists received in each wetland administration. RS images were processed and mapped in ArcGIS
10.2 and ENVI 5.2.

2.5. SOC Estimation RS-MLRM

2.5.1. Correlation Analysis between SOC and Environmental Factors

Pearson correlation coefficients were calculated between wetland SOC and extracted RS
information, as well as between the SOC and environmental factors. The most relevant independent
variables were then selected to provide a basis for further modeling. This process was designed to
improve upon conventional methods, which continue to have large prediction errors. According to
previous research [13,29], 18 independent variables were chosen to test for use in the model.
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2.5.2. RS-MLRM Mathematical Model

MLRM (multiple linear regression model) was first proposed to solve economic problems.
MLRM was to analyze an independent variable and the relationship between multiple dependent
variables, and then the mathematical models would be figured out.

Let y be the dependent variable, and mean SOC; x1, x2, . . . , xn as independent variables,
representing the remote sensing factor. When the independent variable is linear with the dependent
variable, the MLRM mathematical model is [31]:

y = b0 + bx1 + b2x2 + · · ·+ bnxn + ε (1)

Equation (1) for the regression equation, where b0 was a constant term, b1, b2 . . . , bn for
the regression coefficient, ε is a random error. b0 + b1×1 + b2×2 + . . . + bm×n + ε was provided with m
group of samples, where xij was the observed value of xi in the first i. The mathematical model was
expressed as:

Set X =


1 x11 x12 . . . x1n
1 x21 x22 . . . x2n

. . . . . . . . . . . . . . .
1 xm1 xm2 . . . xmn

 (2)

y =
(
y1, y2, . . . yn

)′
, b = (b0, b1, . . . bk)

′, ε = (ε1, ε2, . . . εk)
′

The matrix form of the biomass MLRM was expressed as:

y = bx + ε′ (3)

y was the SOC matrix, x was the remote sensing factor matrix for each sample point, b was
the coefficient matrix, and ε is the random error.

The SOC density (g/m2) formula used is as follows:

SOC density = SOC × H × SBD (4)

where SOC is soil organic carbon content (g/kg), H is soil thickness (cm) of 40, SBD is soil bulk
density (g/cm3).

2.5.3. Accuracy Evaluation and Inspection of the Model

Based on the results of previous studies [32,33], we randomly selected 75% of the data from 271
field-observed soil plots to construct the SOC estimation model, and the remaining 25% of the data
were used to evaluate the prediction accuracies of the RS-MLRM. For testing of the fitting accuracy
and prediction ability of the RS-MLRM, we used the coefficient of determination (R2), the adjusted R2

(adj. R2), relative root mean square errors (RMSEs), precision system errors (SEs), relative errors (RE%),
and actual SOC (SOMS) to evaluate the accuracy of each SOC RS-MLRM [31,33], using Equation (4)
through (8), respectively:

RMSEr =
RMSE

SOCi
, (5)

RMSEs =

√
1
n

∑n

i

(
SOCi − SOC′i

)2
, (6)

SEs =
∑n

i=1

∣∣∣SOCi − SOC′i
∣∣∣

n
(7)

SOCMi =
∑n

i=1
SOCiSi, (8)
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RE = 100%×

∣∣∣SOCi − SOC′i
∣∣∣

Si
, (9)

where SOCi is the measured SOC value of the i sample, and SOCi’ is the predicted SOC value of the i
sample, SOCi is the average SOC per unit area of the different types of wetland soil, and Si is the area
of wetland soil.

2.5.4. SOC Estimation Mapping

We estimated the wetland SOC in 2000, 2005, 2010, and 2015 using the optimal RS-MLRM
estimation model, i.e., the one with the highest R2 and lowest RMSE. Then, a SOC level distribution
map was made in the Ningxia Basin of the Yellow River.

2.5.5. Integrated Process for Model Construction

The results of the SOC remote sensing estimation model of four types of wetland soil in rivers,
lakes, swamps, and artificial wetlands are presented in Figure 2.
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2.6. Soil Carbon Sink, Carbon Source, and Carbon Sink Control Area Delineation

According to the high-precision carbon sink measurement (known as the pool-difference approach),
which is preferred by the Intergovernmental Panel on Climate Change National Greenhouse Gas
Inventory, we used a two-year average annual change to represent the change of carbon sink (IPCC)
(2014) [34]:

∆SCS = (SCSt2 − SCSt1)/(t2 − t1) (10)

where ∆SCS is the annual soil carbon sink change ((g/m2) a−1), SCSt2 is the SOC density (g/m2) at time
t2, and SCSt1 is the SOC density (g/m2) at time t1.



Sustainability 2020, 12, 10284 10 of 26

When ∆SCS is positive, it indicates that the surface SOC density was growing in the past 15 years
and is classified as a carbon sink area. When ∆SCS is negative, it indicates that the surface SOC density
has been in a reduced state in the past 15 years and is classified as a carbon source area. When the ∆SCS
value is zero, it indicates that the surface SOC density has been in a constant state for the past 15 years
and is classified as a carbon balance area. The geochemical map of the SOC density at each spatial
coordinate point can be used to visually express the spatial distribution of organic carbon in the study
area. The statistical results are shown in Figure 3.
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Figure 3. Effects of wetland restoration and conservation projects on soil carbon sink in the Ningxia
Basin of the Yellow River from 2000 to 2015.

Using the reclassification tool in ArcGIS 10.2 Spatial Analysis Module, the spatial distribution
of the four types of wetlands’ SOC density were plotted from 2000 to 2015. Using the average soil
carbon stock density (2669 g/m2) of the Ningxia Basin of the Yellow River wetland in the four years,
and the average carbon density of the Yellow River irrigation area in Ningxia (2144 g/m2) [15],
we referred to previous research results [11,13,19] and the spatial distribution of SOC density in
the wetlands of the Ningxia Basin of the Yellow River from 2000 to 2015.

The soil carbon stock density was divided into five levels, namely the lower level (SOC
density ≤ 1000.0 g/m2), low level (1000.0 g/m2 < SOC density ≤ 2000.0 g/m2), intermediate level
(2000.0 g/m2 < SOC density ≤ 3000.0 g/m2), high level (3000.0 g/m2 < SOC density ≤ 4000.0 g/m2),
and higher level (SOC density > 4000.0 g/m2). The SOC density distribution range, number of pixels,
area, and percentage for each level were calculated. The carbon sink and carbon source area distribution
maps were drawn. They were used to visually express and analyze the trend of soil carbon sinks in
the past 15 years, and the spatial distribution characteristics of carbon sinks and carbon source areas
and carbon balance areas. Referring to previous research [35], the lower level area was considered to
be a low carbon sink, which was used as the carbon sink control area. The higher and high-level areas
were high carbon sinks, which represented carbon sink conservation areas. The other level areas were
the general carbon sinks.
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3. Results

3.1. Model Implementation

3.1.1. Inversion Model Characteristic Variable Optimization

There were significant positive correlations between SOC and above ground biomass (AGB) and
TN (p < 0.01), and the correlation coefficients were above 0.9. The correlation between SOC and seven
vegetation indices was high and significant (p < 0.01). The correlation coefficient between SOC and
ME((mean)) was 0.702, but the other seven texture features did not show strong correlations with
SOC. There was a significant correlation between SOC and PC1 and PC2 (p < 0.01), as well as with
Band 3 and Band 5 (p < 0.01). Correlation analysis showed that SOC and one of Band 3 and Band 5 had
a number of significant correlations.

3.1.2. Optimal RS-MLRM of Wetland SOC

The best RS-MLRM for estimating SOC using the combination of texture features, spectral
information, and vegetation index are shown in Table 1. Band 4 and AGB were used to construct
the optimal RS-MLRM for the SOC of river wetlands, AGB was used to model the optimal SOC of
lake wetlands, AGB and PC1 were used to model the optimal biomass of marsh wetlands, and AGB
and MEAN were used to model the optimal SOC of constructed wetlands. The empirical formulas all
had good R2 values and low standard errors, indicating a good fit between the model and the sample
data. In addition, the lowest RMSEs derived from the LOOCV (Leave-One-Out-Cross-Validation) also
indicated that the RS-MLRM had high prediction accuracy without over-fitting.

3.1.3. Accuracy of SOC Estimations

The SOC estimating model accuracy was tested, as shown in Table 1. The results showed that
the RS-MLRM had a good predictive ability. The model significance test was highly significant (p ≤ 0.01),
showing that it could estimate the wetland SOC in the study area. The results showed that RS factors
and vegetation indices were the main parameters for the inversion of SOC in wetlands. The introduction
of textural features helped improve the prediction accuracy, with a four-factor RS-MLRM (using AGB,
ME, and PC1) providing the best estimate of SOC in all studied wetland types.

According to Equation (3), the RS-MLRM of SOC density was obtained in the Ningxia Basin of
the Yellow River wetlands, as shown in Table 2.

SOC density was obtained using the RS-MLRM and Band Math module in ENVI and wetland
distribution in the Ningxia Basin of the Yellow River from 2000 to 2015.

3.2. Model Output Results

3.2.1. Effects of Wetland Restoration and Conservation Projects on Soil Carbon Sinks

From 2000 to 2015, the SOC density of four types of wetland decreased initially and then increased
on the Ningxia Basin of the Yellow River, representing a carbon sink. The marsh increased the most
(1186.27 g/m2), indicating that it was the most important carbon sink zone. The lake again remained
mostly stable, indicating that the lake represented a carbon balance zone. From 2000 to 2005, the SOC
density of four types of wetland decreased on the Ningxia Basin of the Yellow River, suggesting
a carbon source. The decrease in the constructed wetland SOC density was the largest, with a decrease
of 1258.05 g/m2, followed by the rivers with a decrease of 820.96 g/m2. Moreover, the smallest decrease
was observed in the lakes with a decrease of 387.91 g/m2. From 2005 to 2015, the SOC density showed
an upward trend, which was represented by a carbon sink. The marsh SOC density showed the highest
with an increase of 1895.03 g/m2, indicating that it was the most important carbon sink, followed by
the constructed wetland with a SOC density increase of 1864.23 g/m2, as shown in Figure 3.
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Table 1. Soil organic carbon (SOC) estimation RS-MLRM and their related statistics for Landsat-8 OLI data and combined textural feature, vegetation index,
and principal component analysis (PCA) (n = 273).

Wetland Type Equation R2 P Standard Error %
Adjustment of

the Coefficient of
Determination

River 0.003 (AGB) − 27.786 (band-4) + 0.034 0.970 0.000 22 0.969
Lake 0.002 (AGB) − 0.936 0.941 0.000 15 0.937

Marsh 0.002 (AGB) + PC1 + 1.19 0.954 0.000 17 0.952
Constructed Wetland 0.014 (AGB) − 0.002 (ME) + 3.26 0.982 0.000 19 0.979

Ningxia Basin of
the Yellow River wetland 0.002 AGB + 0.004 (ME) + 0.69 0.973 0.000 23 0.972

Table 2. RS-MLRM of SOC density in the Ningxia Basin of the Yellow River wetlands.

Wetland Type Sample (A) Soil TN (g/kg) SBD (g/cm3) Equation

River 54 0.86 1.37 1.64 AGB − 15,226.73 (band-4) + 16.44
Lake 69 1.06 1.39 0.85 AGB − 396.86

Marsh 86 0.94 1.33 1.06 AGB + 633.08
Constructed Wetland 54 0.90 1.38 7.73 AGB − 1.10 (ME) + 1799.52

Ningxia Basin of the Yellow
River wetland 264 0.86 1.36 1.09 AGB + 2.18 (ME) + 375.36
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3.2.2. Soil Carbon Sink Spatial Variation in Different Types of Wetland

Soil carbon sinks have undergone a process of development from low to high in the Ningxia Basin
of the Yellow River wetland, as shown in Figure 4 and Table 3. From 2000 to 2005, the area of low
carbon sinks showed an increasing trend, and the area of high carbon sinks showed a decreasing trend.
This indicates that wetland carbon sink capacity had decreased. From 2005 to 2015, the area of low
carbon sinks decreased, and the area of high carbon sinks increased. This indicates that carbon sink
capacity had increased. In 2015, the area of high carbon sinks accounted for 47.69%, mainly distributed
in Qingtongxia Reservoir Area and Helan County. Low carbon regions accounted for 1.12% and
were mainly distributed in the Xixia District and Dawukou District. The general carbon sink regions
accounted for 51.2% and were widely distributed.
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Figure 4. SOC density spatial distribution of wetlands in the Ningxia Basin of the Yellow River from
2000 to 2015. Note: Figure (a) is SOC density spatial distribution of wetlands in the Ningxia Basin of
the Yellow River in 2000; Figure (b) is SOC density spatial distribution of wetlands in the Ningxia Basin
of the Yellow River in 2005; Figure (c) is SOC density spatial distribution of wetlands in the Ningxia Basin
of the Yellow River in 2010; Figure (d) is SOC density spatial distribution of wetlands in the Ningxia
Basin of the Yellow River in 2015.

Spatial distribution of soil carbon sinks varied widely in the Ningxia Basin of the Yellow River
wetland. High carbon sinks were in Wuzhong Yellow River Wetland Park, Qingtongxia Reservoir Area
Wetland Nature Reserve, and Huangsha Gudu National Wetland Park in the central and southwest
regions. Low carbon sinks were mainly distributed in Huinong District and Dawukou District in
the northeast. In comparison, the soil carbon sink was highest in the marsh, followed by constructed
wetlands, lake, and lowest in the river. The soil carbon sink of wetlands along the Yellow River was
high because of less human disturbance and sand intrusion. It was even higher in the ecological
conservation areas and water conservation areas of key wetlands than that in the marginal areas.
In conclusion, the soil carbon sinks in areas which were away from the shores of rivers and lakes,
and areas with less human disturbance were higher than the other areas.
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Table 3. SOC density level statistics of wetlands in the Ningxia Basin of the Yellow River.

Year Level

Marsh River Lake Constructed Ningxia Basin of the Yellow
River Wetland

Pixels
Number
(PCS)

Area
(Hm2)

Proportion
(%)

Pixels
Number
(PCS)

Area
(Hm2)

Proportion
(%)

Pixels
Number
(PCS)

Area
(Hm2)

Proportion
(%)

Pixels
Number
(PCS)

Area
(Hm2)

Proportion
(%)

Pixels
Number
(PCS)

Area
(Hm2)

Proportion
(%)

2000

Lower Level – – – – – – – – – – – – – – –
Low Level 5102 523.94 7.74 36945 3539.73 19.55 2908 281.00 2.87 791 76.80 2.05 46,391 4473.21 11.65

Intermediate
Level 29,141 2992.60 44.22 142,067 13,611.55 75.23 41,328 3993.47 40.77 15,306 1486.11 39.70 230,192 22,196.08 57.79

High Level 29,794 3059.66 45.22 9868 945.46 5.22 52,373 5060.74 51.66 21,683 2105.27 56.24 114,278 11,019.16 28.69
Higher
Level 1856 190.60 2.82 76 7.28 0.04 4770 460.92 4.71 775 75.25 2.01 7487 721.93 1.88

2005

Lower Level 1243 105.84 1.74 7671 726.85 4.47 1645 168.88 1.35 1756 167.52 4.37 12,301 1176.87 3.04
Low Level 36,658 3121.39 51.31 154,731 14,661.18 90.12 46,477 4771.49 38.11 25,877 2468.63 64.43 263,254 25,186.26 65.07

Intermediate
Level 23,410 1993.34 32.77 8057 763.42 4.69 32,732 3360.38 26.84 11,243 1072.57 27.99 75,240 7198.42 18.60

High Level 6203 528.18 8.68 725 68.70 0.42 16,884 1733.37 13.84 833 79.47 2.07 24,612 2354.70 6.08
Higher
Level 3924 334.12 5.49 518 49.08 0.30 24,223 2486.81 19.86 452 43.12 1.13 29,142 2788.10 7.20

2010

Lower Level 4152 428.96 6.04 46,693 4444.17 27.92 15,850 1493.02 11.89 2437 234.65 5.60 54,088 6212.69 15.62
Low Level 13,858 1431.71 20.17 101,609 9670.99 60.76 42,180 3973.21 31.63 7777 748.81 17.87 176,673 20,293.13 51.03

Intermediate
Level 41,000 4235.83 59.67 13,902 1323.17 8.31 31,037 2923.58 23.27 30,658 2951.91 70.44 50,173 5763.01 14.49

High Level 5469 565.02 7.96 2998 285.35 1.79 31,705 2986.50 23.77 1944 187.18 4.47 37,068 4257.73 10.71
Higher
Level 4231 437.12 6.16 2041 194.26 1.22 12,588 1185.75 9.44 709 68.27 1.63 28,231 3242.69 8.15

2015

Lower Level 59 5.52 0.07 4520 440.03 3.07 199 18.86 0.15 80 7.70 0.12 4912 464.33 1.12
Low Level 11,278 1055.78 13.04 55,068 5361.00 37.43 49,950 4733.35 37.55 11,778 1133.86 17.23 129,141 12,207.78 29.34

Intermediate
Level 18,903 1769.58 21.86 25,939 2525.22 17.63 29,762 2820.30 22.37 20,656 1988.54 30.22 96,223 9096.02 21.86

High Level 19,098 1787.84 22.08 17,379 1691.89 11.81 22,767 2157.44 17.11 12,971 1248.71 18.98 73,095 6909.71 16.61
Higher
Level 37,153 3478.04 42.96 44,230 4305.90 30.06 30,359 2876.87 22.82 22,873 2201.97 33.46 136,785 12,930.37 31.08
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3.3. Wetland Restoration and Conservation Project-Induced Contribution to Carbon Sequestration

Seven wetland restoration and conservation projects have contributed to carbon sequestration in
the past 15 years, as shown in Table 4 and Figure 5. During the study period, the wetland restoration and
conservation project-induced contribution to carbon sequestration was 20.49 TC, with an annual sink of
1.37 TC, accounting for 54.06% of the total wetland ecosystem carbon sequestration in the Ningxia Basin
of the Yellow River. This project demonstrated the significant success of the restoration and conservation
projects regarding carbon sequestration. Among the seven projects, Qingtongxia Reservoir Wetland
Nature Protected Area made the largest contribution in terms of project-induced carbon sequestration,
with 7.53 TC, accounting for 36.74% of the total project-induced C sink, followed by Wuzhong Yellow
River National Wetland Park (6.71 TC, 32.75%), Shahu Nature Reserve (2.57, 12.54%), and Yuehai
National Wetland Park (2.18 TC, 10.64%).
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projects from 2000 to 2015.
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Table 4. Project-induced C sequestration in the key wetland ecological restoration and conservation
projects. Unit: 104 t C.

Year 2000 2005 2010 2015 2000–2015

Xinghai Lake National Wetland Park 4.71 6.1 11.1 6.54 1.83
Yuehai National Wetland Park 3.75 6.78 7.58 5.93 2.18

Mingcui Lake National Wetland Park 1.25 1.38 0.49 2.26 1.01
Huangsha Gudu National Wetland Park 3.96 2.04 2.81 2.62 −1.34

Wuzhong Yellow River National Wetland Park 7.83 4.63 7.23 14.54 6.71
Shahu National Wetland Nature Reserve 6.44 4.8 14.4 9.01 2.57

Qingtongxia Reservoir Area National Wetland
Nature Reserve 9.15 5.34 8.06 16.68 7.53

Total C sequestration of wetland ecological
restoration projects 37.1 31.07 51.67 57.59 20.49

Total C sequestration of the Ningxia Basin of
the Yellow River wetland 101.17 75.65 109.12 139.07 37.9

From 2000 to 2015, the average SOC density caused by the seven wetland restoration and
conservation projects increased by 1781.95 g/m2, and the average SOC density of the Ningxia Basin
of the Yellow River wetland increased by 708.49 g/m2. The SOC density in the wetland restoration
and conservation project implementation area was higher than the average of the Ningxia Basin of
the Yellow River wetland by 1073.46 g/m2, as shown in Table 5. This indicates that the implementation
of regional wetland ecological restoration and conservation projects could be a quantitatively important
component of regional climate change mitigation strategies in arid areas. Thus, more attention should
be paid to developing these projects.

Table 5. Project-induced changes of SOC density in the wetland ecological restoration and conservation
projects. Unit: g/m2.

Wetland Projects 2000 2005 2010 2015 2000–2015

Xinghai Lake National Wetland Park 2993.13 3010.64 2928.63 2254.98 −738.15
Yuehai National Wetland Park 4311.94 4336.34 4222.08 3282.96 −1028.98

Mingcui Lake National Wetland Park 4455.34 5232.25 4336.39 3767.93 −687.41
Huangsha Gudu National Wetland Park 4245.85 3511.85 2618.61 6444.33 2198.48

Wuzhong Yellow River National Wetland Park 3217.97 2031.87 2504.69 3502.20 284.23
Shahu National Wetland Nature Reserve 3143.96 2485.45 2326.47 5149.93 2005.97

Qingtongxia Reservoir Area National Wetland
Nature Reserve 4588.47 2238.04 4305.15 3508.54 −1079.93

Average SOC density 3753.78 2194.22 2481.15 5535.73 1781.95

3.4. Soil Carbon Density Spatial Distribution of Wetland Ecological Restoration and Conservation Projects

Using the RS-MLRM values of seven key wetland restoration and conservation projects in
the Ningxia basin of the Yellow River, the distribution of soil carbon density RS estimation was obtained
in the key wetland ecological restoration and conservation projects from 2000 to 2015. The spatial maps
were produced in ArcGIS 10.2 using the Jenks method, and the percentage of soil carbon density in
each grade was calculated, as shown in Figure 6.

The spatial pattern of soil carbon storage density of seven key wetland projects in the Ningxia basin
of the Yellow River presented four characteristics. Firstly, the density of soil carbon storage increased
from 2000 to 2015, showing a phenomenon of carbon sequestration. Secondly, the area with high soil
carbon storage density showed an increasing trend, which indicated that the soil carbon storage in
wetland engineering areas was increasing. Thirdly, the distribution of soil carbon storage density in
key wetland project areas developed from non-equilibrium to equilibrium, and the changes in Shahu
Lake and Xinghai Lake were slightly different. Fourthly, in 2015, the patchy and striped patterns of soil
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carbon storage grades gradually weakened in seven key wetland projects, while the patch area with
high carbon storage density increased.

3.5. Soil Carbon Sinks of the Main Control Factors

3.5.1. Correlation between Soil Carbon Sinks and Environmental Factors

Climate is an important factor affecting SOC density [36]. There was a significant negative
correlation between wetland SOC density and temperature (p < 0.01). There was also a significant
positive correlation with precipitation (p < 0.05), as shown in Table 6, however, the correlation coefficient
was small. Correlation analysis of SOC density and environmental factors showed that there were
significant positive correlations between soil SOC density, soil TN, and soil moisture (p < 0.01). It also
showed a negative correlation between SOC density and soil C/N and C/P (p < 0.05). There were
significant negative correlations between SOC density, soil bulk density, and pH (p < 0.05). Soil C/N
and C/P had a greater impact on SOC density. The correlations between SOC density and salinity and
TP were not significant.

 

2 

 

Figure 6. Cont.
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1 
  

Figure 6. Distribution of soil carbon density RS estimation of seven key wetland restoration and
conservation projects. Note: Figure (a1–a4) is distribution of soil carbon density RS estimation of
Yuehai National Wetland Park; Figure (b1–b4) is distribution of soil carbon density RS estimation of
Qingtongxia Reservoir Area National Wetland Nature Reserve; Figure (c1–c4) is distribution of soil
carbon density RS estimation of Wuzhong Yellow River National Wetland Park; Figure (d1–d4) is
distribution of soil carbon density RS estimation of Huangsha Gudu National Wetland Park; Figure
(e1–e4) is distribution of soil carbon density RS estimation of Xinghai Lake National Wetland Park;
Figure (f1–f4) is distribution of soil carbon density RS estimation of Shahu National Wetland Nature
Reserve; Figure (g1–g4) is distribution of soil carbon density RS estimation of Mingcui Lake National
Wetland Park.
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Table 6. Correlation coefficients of SOC density with climatic, topographic, and soil properties.

Index SOC
Density TN TP PH Temperature Precipitation Soil Water

Content Salinity Soil Bulk
Density

TB
(Total Biomass)

SOC density 1 0.841 ** 0.199 −0.832 * −0.411 ** 0.495 * 0.831 ** −0.347 −0.615 * 0.887 *
TN 0.841 ** 1 0.502 * −0.325 * −0.645 ** −0.634 ** 0.712 * −0.056 −0.043 0.786 *
TP 0.199 0.502 * 1 0.032 −0.245 −0.345 * 0.629 * −0.278 ** −0.272 0.584

C/N 0.549 * 0.682 * −0.712 * −0.438 0.645 * 0.547 * 0.573 * 0.387 * 0.484 0.397 *
C/P 0.674 * 0.802 * 0.106 −0.277 0.563 * 0.394 * 0.677 * 0.297 * −0.487 0.454
N/P 0.481 0.699 * 0.129 0.122 −0.673 * −0.745 0.334 0.359 −0.006 0.639

Note: * Correlation is significant at 0.05 probability level, ** correlation is significant at 0.01 probability level.
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3.5.2. Impact of Environmental Factors and Human Activities on Soil Carbon Sinks

Among the factors of SOC density, as shown in Tables 7 and 8, the soil bulk density could explain
41.18% of the variability in SOC density, and the independent interpretation ability was the strongest.
This was followed by the water content of the soil (35.83%), human activities (tourism) (over 22.52%),
and total biomass (TB) (above 21.83%). C/N, C/P, TP, temperature, and precipitation interpretation of
SOC density variation were small (less than 20%), of which precipitation’s interpretation ability was
the smallest (only 8.12%).

Table 7. Contributions of each variable alone to the variability of SOC density (%).

Index SOC Density

Temperature 9.89 *
Precipitation 8.12 *

Soil bulk density 41.18 **
Soil moisture 35.83 **

PH 17.71 *
Human activity 22.52 **

TB 21.83 **
C/P 15.14
C/N 17.32 *
TN 18.29 *
TP 9.22

Note: * Correlation is significant at 0.05 probability level, ** correlation is significant at 0.01 probability level.

Table 8. Results of stepwise regression analysis of SOC density with influencing factors.

Influence Factors R2 ∆R2 R2pdj R2adj

Environmental Factors 0.643
Precipitation – – –
Temperature – – –

Soil moisture content 0.663 0.051 0.044
Salinity 0.671 0.019 0.067

Soil bulk density 0.678 0.016 0.046
PH 0.648 0.024 0.078
TB 0.722 0.031 0.085
TN 0.512 0.021 0.074
TP 0.542 0.013 0.042

C/N 0.414 0.017 0.064
C/P 0.402 0.014 0.052
N/P – – –

Human activity 0.677 0.045 0.130
All influencing factors 0.672

Note: “–” indicates a significant level of p > 0.05, where the variable did not enter the regression equation. R2

in the table is the coefficient of judgment of the other 12 variables in addition to the variable and SOC density
stepwise regression equation. ∆R2 is the increment of the coefficient of determination of the regression equation
when the variable is added on the basis of other variables. The larger the ∆R2, the more important the variable is in
the regression equation. R2

pdj is the partial coefficient of judgment. This accounted for the determined portion
of the newly added variable to the regression equation. This also accounted for the undetermined portion due
to the missing variables in the regression equation. It was also one of the indexes for judging the importance of
the independent variable.

Of the various environmental factors and human activities that affect SOC density, as shown in
Table 8, soil moisture had the greatest impact. This was followed by interference from human activities.
Once again, vegetation biomass, soil pH, and TN had similar effects on SOC density. The effects of soil
bulk density, salinity, TP, C/P, and C/N were quite similar. However, N/P, temperature, and precipitation
had the least effect on SOC density, and none of them entered the equation in the stepwise regression.
Twelve environmental factors jointly explained 64.3% of SOC density variability, and after adding
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the human disturbance factor into the regression analysis, the comprehensive explanation of SOC
density variation reached 67.2%.

3.5.3. Soil Carbon Sink Master Factor

Under the influence of other factors, the ability of a certain factor to explain the variability of
SOC density was lower than that of its independent interpretation ability. This indicates that there
was a strong interaction between various influencing factors. Therefore, soil moisture, soil physical
and chemical properties, vegetation, climate, and other factors had some impact on SOC density.
If ∆R2 > 2% of the factors were the main impact factors, the main environmental factors affecting
the SOC density of the Ningxia Basin of the Yellow River wetlands, in turn, were soil moisture,
human disturbances, TB, TN, and soil pH.

4. Discussion

4.1. Replicability and Accuracy of RS-MLRM

It has been proposed that the RS-MLRM estimating SOC could be widely applied to a variety
of ecosystems. The SOC assessment using the RS-MLRM was identical with the SOC of former
studies [16,35], and our study in the Ningxia Basin of the Yellow River. The SOC and SOC density
were assessed using RS-MLRM in 2000, 2010, and 2015. These results were similar to the second soil
survey in China, which was studied by Dong, Yang, and Li [4,10,11,25,36,37]. It indicated that SOC and
SOC density could be retrieved by RS-MLRM using a constructed RS factor and could be estimated by
the SOC and SOC density of the historical year. In addition, the RS-MLRM, including textural factors,
improves prediction accuracy.

4.2. High Soil Carbon Sink Function in the Ningxia Basin of the Yellow River Wetlands

In 2015, the average SOC density was higher in the Ningxia Basin of the Yellow River than in
the wetland and inland arid regions of Northwest China [25]. It was more than the average SOC
density of wetlands in China (7.89 tC/hm2) [38,39] (Table 9), as shown in Table 8, which indicated that
the carbon sink effect of wetland soil was important in the Ningxia Basin of the Yellow River and
that wetland restoration and protection projects have had a significant ecological effect. The results
indicated that the wetland restoration and conservation projects were effective at changing carbon
dynamics in inland arid regions in 2002. Our findings also show that the regional wetland restoration
and conservation projects were the foremost factors in increasing carbon stocks in the project areas,
especially in arid regions. Therefore, the sustained implementation of these wetland projects is critical
for achieving the regional objective for carbon emission mitigation.

Table 9. Carbon density of total soil in China.

Area (104 km2) Total Carbon Pool (PgC) Average Carbon
Density (tC/hm2)

Total soil 736.79 58.11 7.89

Note. References: [40].

Using the SOC and SOC density of the sampling points in 2000, 2005, 2010, and 2015 to make
a significant analysis, the paired-test indicates that both SOC and SOC density in 2005 were lower
than in 2000 (p = 0.002). However, their values turned out to be higher in 2010 and 2015 than in 2005
(p < 0.001), and there was a significant difference between 2000 and 2015 for both SOC and SOC density
(p < 0.05).
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4.3. Environmental Factors Affecting Wetland Soil Carbon Sinks

All of the environmental factors that form an ecosystem are related and affect changes in the organic
carbon in a region [41,42]. The soil carbon sink is affected by many factors, such as human activities,
soil moisture, soil physical and chemical properties, hydrological processes, vegetation, and climate [43].
The environmental factors, such as soil physical and chemical properties, vegetation, and climate,
have jointly explained 63.6% of the soil carbon sink variability. These factors have also been considered
in most previous studies [42–44]. Nevertheless, when human activity was included in the regression
analysis, the integrated interpretation of the soil carbon sink variation by environmental factors and
wetland types reached 67.6%. The influence of human activities on the soil carbon sink may far exceed
the rate and extent of natural changes within a certain range [45]. However, there are only a few studies
that consider the combination of environmental factors and human factors.

Human disturbance is also one of the main factors affecting soil carbon sinks. The constructed
wetlands had higher SOC density than the rivers and lakes. The main reason for this is
the implementation of a series of restoration and conservation projects in Ningxia in 2002. For example,
one particular project involved linking the Aiyi River to the main lakes, while another involved creating
a connection between the Daxi and Xiaoxi Lakes. The key wetland and other restoration projects have
addressed the connectivity of smaller water systems. The projects have successfully countered wetland
shrinkage in the region and brought substantial increases in SOC density since 2010. This indicates
that wetland restoration and conservation projects can increase soil carbon sinks by increasing the soil
carbon sequestration capacity through human interference [42].

Wetland soil C, N, and P content and ecological stoichiometry directly or indirectly affect the SOC
in wetlands [14]. Most of the N in the soil exists in organic form, which is beneficial to the accumulation
of SOC. Mineral N can reduce the mineralization rate of SOC. This is consistent with the findings of
previous studies that SOC density increases with increasing soil moisture and decreases with soil bulk
density and pH [2,31]. This indicates that the moister the soil, the slacker the structure, and the more
delicate the texture, making it more conducive to the accumulation of organic carbon. In addition,
one potential limiting factor for land carbon uptake is soil moisture, which can reduce gross primary
production through ecosystem water stress, cause vegetation mortality, and further exacerbate climate
extremes due to land–atmosphere feedbacks [1].

The change of wetland water level is often a key factor affecting material and energy conversion,
element migration, and accumulation of the wetland ecosystem. There is a significant positive
correlation between soil moisture and SOC density (p < 0.01), and it is an important factor affecting
SOC density [18], as shown in Table 8. This conclusion is of great practical significance for soil carbon
accumulation in this region. Due to the arid and semi-arid regions in northern China, the Ningxia
Basin of the Yellow River suffers from aridity and scarcity of water resources. Throughout their
history, the local population have planted a large amount of rice in the basin. When combined with
suburbanization and industrial activities, this not only retains a large number of precious water
resources but results in reduced wetland water. The large number of pesticides and fertilisers used
also pose a hazard to water quality and safety.

Vegetation biomass plays a decisive role in surface SOC density [42], and SOC density has a strong
and significant correlation with vegetation biomass (p < 0.05). Marshes displayed a higher SOC density
than the other three types of wetland. The main reason for this is that reeds are the dominant vegetation
in marshes with coverage of over 90% and have higher productivity. Reed marshes have high carbon
input and low carbon output, which is conducive to soil carbon storage [11]. Moreover, the correlation
between SOC density and climatic factors is weak. Therefore, it is difficult to predict the regional SOC
density using climatic factors [44], which is consistent with the findings of Homann et al. [45].

5. Conclusions

(1) In our study, we explored the models of combining texture features with a vegetation index for
estimating SOC in four types of wetland (river, marsh, lake, and constructed wetland). To obtain
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the optimal predicted variable and SOC prediction model, all of the predicted variables derived
from RS images were regressed against the measured SOC using single regression and stepwise
multiple regression methods. The results showed that the optimal RS-MLRM was achieved
using a combination of texture features and a vegetation index. The RS-MLRM of the four
types of the wetland was evaluated using the LOOCV cross-validation method, and the results
showed that the RS-MLRMs explored in this study had a strong estimation capability. Therefore,
combining texture features with AGB can produce reliable SOC assessments for wetlands of
the arid region in the Yellow River basin.

(2) The wetland restoration and conservation project-induced contribution to carbon sequestration
was a demonstration of the significant success of the restoration and conservation projects
regarding carbon sequestration. Implementation of the wetland ecological restoration and
conservation projects have significantly increased ecosystem carbon sequestration in the Ningxia
Basin of the Yellow River. Increasing of soil carbon sinks was slower in the natural wetland than
in the constructed wetland and restored wetland. The marshes increased in soil carbon sinks
the most during the implementation of the wetland ecological restoration projects. The SOC
density in the wetland restoration and conservation project implementation area was higher than
the average of other wetlands in the past 15 years. Among the seven projects, Qingtongxia Reservoir
Wetland Nature Protected Area made the largest contribution in terms of project-induced carbon
sequestration. This indicates that the implementation of regional wetland ecological restoration
and conservation projects could be a quantitatively important component of regional climate
change mitigation strategies in arid areas. Thus, more attention should be paid to developing
these projects.

(3) The main factors affecting the soil carbon sink are human activities such as implementation
of wetland restoration and conservation projects, ecological protection policies, sustainable
management measures, soil moisture, soil physical and chemical properties, and soil pH.
The restoration of wetland vegetation and hydrology will contribute to the accumulation of soil
carbon in the future.

(4) The wetland restoration and conservation projects will not only increase carbon sinks of wetlands
and initiate the regeneration of soil carbon pools rapidly after restoration, but they also enhance
climate conditions and natural landscapes of arid and semi-arid areas in the Ningxia Basin
of the Yellow River. Therefore, encouraging reasonable human intervention can not only
enhance the natural environment but can also further promote the construction and sustainable
development of ecological civilization.
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