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Abstract: Coastal wetland soil organic carbon (CW-SOC) is crucial for both “blue carbon” and carbon
sequestration. It is of great significance to understand the content of soil organic carbon (SOC) in soil
resource management. A total of 133 soil samples were evaluated using an indoor spectral curve and
were categorized into silty soil and sandy soil. The prediction model of CW-SOC was established
using optimized support vector machine regression (OSVR) and optimized random forest regression
(ORFR). The Leave-One-Out Cross-Validation (LOO-CV) method was used to verify the model, and
the performance of the two prediction models, as well as the models’ stability and uncertainty, was
examined. The results show that (1) The SOC content of different coastal wetlands is significantly
different, and the SOC content of silty soils is about 1.8 times that of sandy soils. Moreover, the
characteristic wavelengths associated with SOC in silty soils are mainly concentrated in the spectral
range of 500–1000 nm and 1900–2400 nm, while the spectral range of sandy soils is concentrated in
the spectral range of 600–1400 nm and 1700–2400 nm. (2) The organic carbon prediction model of
silty soil based on the OSVR method under the first-order differential of reflectance (R′) is the best,
with the Adjusted-R2 value as high as 0.78, the RPD value is much greater than 2.0 and 5.07, and the
RMSE value as low as 0.07. (3) The performance of the OSVR model is about 15~30% higher than
that of the support vector machine regression (SVR) model, and the performance of the ORFR model
is about 3~5% higher than that of the random forest regression (RFR) model. OSVR and ORFR are
better methods of accurately predicting the CW-SOC content and provide data support for the carbon
cycle, soil conservation, plant growth, and environmental protection of coastal wetlands.

Keywords: optimized support vector machine regression; optimized random forest regression;
coastal wetland soil organic carbon; spectrum; prediction model

1. Introduction

Soils are known as the largest terrestrial carbon reservoirs and are rich in organic
carbon content [1]. Wetlands contain profuse amounts of carbon stocks, and wetland
soils are a major component of the terrestrial carbon cycle [2], with coastal wetland soil
organic carbon (CW-SOC), also known as “blue carbon” [3], playing an important role in
maintaining the global carbon cycle balance. Located at the intersection of land and sea,
ref. [4] coastal wetlands are biodiverse and possess one of the most productive ecosystems
per unit area, storing large supplies of “blue carbon” [5]. CW-SOC is extremely sensitive
to changes in factors such as temperature [6], vegetation cover [7], soil texture [8], soil
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moisture content [6], soil nutrients [9], land use [10], and human activities [11]. A number of
sensitive factors have combined to cause serious ecological degradation of coastal wetlands
and changes in SOC storage in coastal wetlands, which in turn affect the global carbon
cycle [12]. Therefore, the timely acquisition of CW-SOC content is of great significance for
ecological restoration, soil carbon sequestration, soil resource management, and sustainable
use of coastal wetlands [13]. In addition, accurate estimation of soil organic carbon based on
carbon neutrality targets is important for revealing the soil carbon cycle in coastal wetlands
and analyzing the potential impact of soil on global environmental change [14].

Soil texture can be divided by soil structure and soil particle diameter, which is the
main driver of SOC content [15] and predictors [16]. SOC content is affected by soil texture,
with the average SOC content of sandy soil being lower than that of medium to clay soil,
and clay content was found to be positively correlated with the increase in SOC content [17].
The soil texture of coastal wetlands is diversified, and due to the differences in the organic
carbon content of underground soil in different soil textures, it is more accurate to refine
the soil texture and estimate the CW-SOC.

The acquisition of SOC content often requires a large amount of measurement sample
data, so it is often limited by the sampling environment, the cost of data acquisition, and
the degree of accuracy [18]. Traditional SOC determination produces a large amount of
non-recyclable toxic waste, resulting in environmental pollution [19]. Remote sensing
technology, due to its low cost and wide spatial footprint, has become a key means of
obtaining SOC content and distribution [20]. Among them, visible-near-infrared (VIS-NIR)
spectroscopy is widely used to characterize soil properties, such as SOC, because of its fast,
non-destructive, non-polluting, and cost-effective characteristics [21]. Using soil hyperspec-
tral VIS-NIR data (350–2500 nm), we established a direct relationship between soil spectral
data and soil composition content at specific spectral wavelengths [22]. We also identified
important components of soil, including SOC, that can be estimated relatively quickly and
inexpensively [23]. The spectral reflectance of SOC was significantly inversely correlated
with SOC [24]. Several studies have demonstrated that VIS-NIR data (350–2500 nm) has
good performance for SOC prediction [25,26].

In order to use the spectral reflectance obtained by spectral analysis to understand
SOC, many scholars have attempted to build relevant models [27]. Most methods focus
primarily on linear regression [28], partial least squares regression [29], and regression
kriging [30] to establish models of the correlation between spectra and SOC [31], which are
usually autocorrelated and more suitable for variables with linear correlation. In contrast,
the correlation between VIS-NIR spectral data and soil composition is mostly nonlinear [32].
Thus, in recent years, machine learning methods have evolved and become popular due
to their flexibility and adaptability to data [33], such as support vector machines (SVM)
and random forests (RF) [34,35]. Some studies found that both SVM and RF provide fairly
good estimation methods for SOC content, which reduces the error of model estimation
compared with traditional linear methods and is the better method for spatial prediction of
SOC content [36–39]. SVM is a powerful calibration method based on the kernel learning
method that offers the possibility of training nonlinear classifiers in high-dimensional
spaces using small training sets [40]. RF is a machine regression model that combines
decision trees with bagging algorithms, and this model calculation strategy can both
improve prediction accuracy and avoid overfitting [41]. At the same time, the training
process of using machine learning methods to build models requires the configuration of
a large number of hyperparameters, and the selection of these hyperparameters greatly
depends on experience [42], which is computationally intensive and subjective. In response
to this problem, it is recommended to use the grid search (GS) method [43] to optimize
the machine learning method and improve the modeling and estimation results. In many
fields, such as medicine [44,45], chemical substances [46], materials [47], finance [48], etc.,
GS optimized machine learning algorithms have achieved better results, saving time and
money, reducing model estimation errors, and significantly improving model estimation
accuracy in soil field modeling [49].
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Due to coastal wetlands’ unique geographical location, the acquisition of SOC content
requires a lot of manpower, material resources, and time. Accurately and quickly grasping
the CW-SOC content is a key problem that needs to be solved urgently. Knowing this,
in this study, we used two optimized machine algorithms—optimized support vector
machine regression (OSVR) and optimized random forest regression (ORFR)—to establish
a CW-SOC prediction model to obtain SOC content efficiently and conveniently. Therefore,
the purpose of this paper is to (1) Explore the differences in SOC content in different soil
textures; (2) Determine the spectral reflectance characteristic wavelength corresponding
to CW-SOC; (3) Establish a CW-SOC prediction model and explore the optimal method
for estimating CW-SOC content. This contributes to “blue carbon” management and CW-
SOC sequestration of coastal wetlands and provides data support for carbon cycling, soil
conservation, plant growth, and environmental protection in coastal wetlands.

2. Materials and Methods
2.1. Datasets
2.1.1. Soil Samples

The sampling area (Qinhuangdao and Tangshan coastal wetland areas) has a unique
geographical location in an important area of the Bohai Sea Economic Circle and is rich in
wetland resources. In November 2020, coastal wetland soil samples (0~30 cm) in the coastal
areas (Figure 1c) were collected from south to north. The straight-line interval of sampling
points was about 5 km, with a total of 133 samples (Figure 1a). In the laboratory, the soil
samples were treated by the natural air-dry method, ground through a 100 mesh sieve, and
their SOC content was determined using the potassium dichromate capacity method [50].
The soil particle diameter was measured by a laser particle diameter analyzer (Mastersizer
2000). According to the classification standard of soil particle diameter and the records of
field sampling points, 2~50 µm is silty soil, and 50~2000 µm is sandy soil (Figure 1b).

Overall, there are more silty soil samples (83) than sandy soil samples (50) (Table 1).
The organic carbon content of silty soils is about 8.15 ± 3.50 g kg−1, while the organic
carbon content of sandy soils is 4.52 ± 5.77 g kg−1.

Table 1. Classification and statistics of soil samples.

Soil Texture Unit Number Min Max Mean Standard Deviation

silty g kg−1 83 0.35 24.72 8.15 3.50
sandy g kg−1 50 0.26 25.72 4.52 5.77

2.1.2. Spectral Data

A portable spectrometer (ASD FieldSpec 4, 350~2500 nm) was used to measure the
reflection spectrum of soil samples in the laboratory. Before each collection, a whiteboard
was used to calibrate. The reflection spectrum of soil was measured directly above 3 cm
away from the sample. Each sample was measured 10 times and averaged to reduce
instrument and ambient noise. The whole measurement process was carried out in a dark
light laboratory to avoid the influence of ambient scattered light on the measurement results.

The average value of 10 spectral data of each soil sample was taken by View Spec
Pro 5.6.8 software as the original spectral reflectance. The mean soil spectral data were
processed by S-G convolution smoothing (frame size: 50, polynomial order: 2) to remove the
influence of noise (Figure 2c,d). Based on the analysis of the original spectral reflectance (R)
and the characteristics of CW-SOC, the transformation modes such as reflectance reciprocal
(1/R), the reciprocal logarithm of reflectance (log(1/R)), the first-order differential of
reflectance (R′) and the removal continuum of reflectance (CR) were used to fully mine the
spectral information and obtain the variables of the CW-SOC prediction model.

Soil spectral reflectance is affected by the basic properties of the soil, including SOC
content, soil moisture, and soil texture [51]. The soil water content in coastal wetlands
will cause strong nonlinear interference to the soil spectral reflectance. The interference of
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water factors can be greatly reduced by using dried soil samples. When soil textures are
the same, the higher the CW-SOC content, the lower the spectral reflectance. By comparing
the spectral curves of silty soils and sandy soils, it was found that the spectral rise of sandy
soil is relatively gentle. However, based on spectra with different CW-SOC content, the
soil spectral data (350~2500 nm) have roughly the same trend, taking some spectra with
different CW-SOC content as an example, with peaks and troughs in the same spectral
range (Figure 2). The rising stage is within the spectral range of 350~1400 nm, the stable
stage is within the spectral range of 1500~1800 nm, and the rising stage of the spectral
range is within 1900~2200 nm, with a gradual downward trend after the 2200 spectral band.
There are weak CW-SOC absorption peaks at about 600 nm, obvious CW-SOC absorption
peaks at 2000 nm, and obvious CW-SOC absorption valleys at 1400 nm, 1900 nm, and
2200 nm.
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2.2. Methodology

For clarity, we established a methodological, analytical framework that systematically
describes the CW-SOC content model to estimate the CW-SOC content (Figure 3). It is
divided into three parts: (1) We needed to obtain three types of data, including CW-SOC
content, soil particle diameter, and soil spectra. Soil samples were taken in the field, and
CW-SOC content, particle diameter, and spectra were measured separately in the laboratory.
(2) Three types of data were pre-processed, with spectral data undergoing S-G convolution
smoothing and four spectral transformations to reduce the measurement error and fully
excavate spectral information. (3) Statistical analysis, correlation analysis, CW-SOC content
model, model evaluation, and model comparison analysis were carried out based on an
optimized machine algorithm. The CW-SOC content was fully explored in combination
with the above analysis to determine the optimal estimation model.
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2.3. Model Development
2.3.1. Grid Search Method

The machine learning models involve the adjustment of hyperparameters, but the
selection of hyperparameters is subjective and time-consuming [42]. Grid search (GS) solves
the problems faced in tuning hyperparameters and is a common hyperparameter-optimized
method that improves the objectivity of hyperparameter selection [49]. Additionally, the GS
method can obtain the optimal value of each hyperparameter in a machine learning method
in a short period of time [52]. The principle of this method is to adjust the hyperparameters
in step order within the specified hyperparameter range, and the machine learning is
trained with the adjusted hyperparameters to find the parameters with the highest accuracy
on the verification set from all the hyperparameters, which is actually a process of training
and comparison [53]. GS method uses each set of hyperparameters to reduce the model
prediction error and improve the model prediction accuracy [54] so as to achieve the effect
of optimizing the models of various machine learning algorithms [47].

2.3.2. Optimized Support Vector Machine Regression

The support vector machine regression (SVR) model is extended from the SVM [55],
which uses bars to bring fit data, with the advantage that it can approximate complex
nonlinear continuous functions with high accuracy. [48] The purpose of the optimized
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SVR model is achieved by adjusting the hyperparameters to find where the hyperplane
meets the minimum distance from all data [56]. The Cost value of the hyperparameter
punishment coefficient can adjust the error of the SVR model [57]; when the Cost value
is larger, the smaller the deviation ε value, the less the regression loss, but the risk of
overfitting of the SVR model increases. However, when the Cost value is small, it will cause
the Cost value to punish the ε too much, resulting in the ε being unable to measure the
loss of samples in the SVR. In order to achieve good generalization performance while also
reducing the risk of overfitting, the value of Cost must be appropriate [58]. The SVR model
chooses the radial basis function (RBF) as the kernel function in this study. The gamma
value affects the kernel function value and determines the number of support vectors which
in turn affects the training speed of the SVR model. Therefore, the GS method is used to
explore the optimal values of the hyperparameter Cost and Gamma, and the OSVR model
is constructed.

ŷi =
n

∑
i=1

(α̂i − αi)·k(x, xi) + b (1)

b = yi + ε−
n

∑
i=1

(α̂i − αi)·k(x, xi) (2)

k(x, xi) = e−γ‖x,xi‖2
(3)

where yi indicates the measured value of soil organic carbon, ŷi indicates the predicted
value of soil organic carbon, α̂i and αi indicate weights, x indicates the input predictor
vector, k(x,xi) indicates the kernel function, b indicates a constant threshold, ε indicates the
deviation, γ indicates the Gamma, and n indicates the number of samples, i = 1, 2, 3 . . . , n.

2.3.3. Optimized Random Forest Regression

The random forest regression (RFR) model consists of a multitude of decision trees
with no correlation [59], each of which is built as a random sampling process [60]. The use
of the bootstrap method in this study, which may cause duplicates in the sample set, is
effective in avoiding overfitting and has high accuracy and generalization capacity [61].
Ntree is the number of regression trees. The size of the Ntree value will affect the efficiency
and accuracy of the model. Too large, and it will affect the model calculation speed; too
small, will cause the error in the model not to stabilize. Mtry is the number of variables
used in the node for binary trees, and the choice of the Mtry value directly affects the error
rate of the model. Combined with the influence of Ntree and Mtry on the RFR modeling
results (Figure 4), the GS method is used to optimize the two hyperparameters, reduce the
OBB error value, and construct an ORFR model.

2.3.4. Statistical Analyses

The soil was divided into silty soil and sandy soil according to particle diameter.
The correlation between the underground CW-SOC content of the two soil textures and
the spectral data were analyzed by the Pearson correlation coefficient [62]. According to
the degree of correlation between CW-SOC content and spectral data, the characteristic
spectral wavelengths corresponding to silty soil and sandy soil were quickly and accurately
selected. It is convenient to further construct a prediction model of SOC content in coastal
wetlands. Correlation analysis has a strong purpose, high precision, and good reliability.
A correlation coefficient above 0.7 indicates a very tight relationship. The range from 0.4
to 0.7 indicates that the relationship is close. The range from 0.2 to 0.4 indicates that the
relationship is normal.

r = ∑n
i=1(xi − x)(yi − y)√

∑n
i=1(xi − x)2

√
∑n

i=1(yi − y)2
(4)
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where xi indicates the spectral reflectance value, x indicates the average measured value of
spectral reflectance value, yi indicates the measured value of soil organic carbon, y indicates
the average measured value of soil organic carbon, and n indicates the number of samples,
i = 1, 2, 3 . . . , n, r indicates the degree of correlation.

2.3.5. Model Validation

The LOO-CV method was used to verify the prediction model of soil organic carbon.
The method is a type of K-folding Cross-Validation, which makes K equal to the amount of
data in the data set. Only one test set is used each time, and the rest are used as training
sets [63]. The results obtained by this method are closest to the expected value of training
the whole test set, which is suitable for the small sample data based on this study (Figure 5).
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The test accuracy of the model was evaluated by the adjusted coefficient of determi-
nation (Adjusted-R2), root mean square error (RMSE), and residual predictive deviation
(RPD) of the predicted value and the measured value [64]. The larger the Adjusted-R2 is,
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the smaller the RMSE is, indicating a higher model estimation accuracy. RPD values can
be used to explain the predictive power of the model. When RPD < 1.4 it indicates that
the model cannot accurately predict; when 1.4 ≤ RPD < 2.0, it indicates that the prediction
ability of the model is average; when RPD ≥ 2.0 [65], it indicates that the model has a good
predictive ability. The formula is as follows:

R2 =
∑n

i=1(ŷi − y)2

∑n
i=1(yi − y)2 (5)

Adjusted− R2 = 1−
(
1− R2)(n− 1)
(n− k− 1)

(6)

RMSE =

√
∑n

i=1(ŷi − yi)
2

n
(7)

RPD =
SD

RMSE
(8)

where yi indicates the measured value of soil organic carbon, ŷi indicates the predicted
value of soil organic carbon, y indicates the average measured value of soil organic carbon,
and n indicates the number of samples, i = 1,2,3 . . . , n, k is the number of arguments, SD
indicates the standard deviation of measured value.

3. Results
3.1. Descriptive Statistics of CW-SOC

The particle diameter range of topsoil (0~30 cm) of coastal wetlands in the study area is
roughly 0~270 µm, while the geometric mean is 23.52 ± 0.97 µm (Figure 6a). This indicates
that more than half of the soil particle diameter is below 50 µm. Ninety percent of the soil
analyzed had a particle diameter of less than 179.07 µm. According to the classification
criteria of soil particle diameter, the collected soils in coastal wetlands are roughly divided
into 83 silty soils (Figure 6b) and 50 sandy soils (Figure 6c).

The range of organic carbon content of silty soil presents a standard normal distri-
bution. The organic carbon content of silty soil and sandy soil was significantly different,
which met p < 0.01 (Table 2). The average organic carbon content of silty soils is higher than
that of sandy soils, which is about 1.8 times that of sandy soils. The standard deviation
(SD) of silty soil and sandy soil were 3.50 and 5.77, respectively. In general, the distribution
characteristics of organic carbon content in different types of soil are more obvious. After
dividing the samples according to particle diameter, it will be more accurate to establish
CW-SOC prediction models for silty soil and sandy soil.

Table 2. CW-SOC’s F-test two-sample for variances.

Soil Texture Silty Sandy Silty and Sandy

mean 8.15 4.51 6.78
variance 12.26 33.32 23.11

observations 83 50 133
df 82 49 131
F 0.67

0.31 × 10−5

0.66
p (F ≤ f) one-tail
F critical one-tail

3.2. Selection of CW-SOC Characteristic Wavelengths

The correlation of soil spectral reflectance R, 1/R, log(1/R), R′, CR, and CW-SOC is
discussed using two soil textures of coastal wetlands (Figure 7). The 500~1000 nm and
1900~2400 nm spectral intervals are closely related to the CW-SOC selected for silty soil to
construct the prediction model of CW-SOC. The 600~1400 nm and 1700~2400 nm spectral
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intervals were selected for sandy soil. The correlation between CW-SOC and spectrum in
sandy soil (Figure 7b) is significantly higher than that in silty soil (Figure 7a). In observing
the correlation between CW-SOC content and the corresponding soil spectral reflectance, it
was found that there were differences in the degree of correlation between different spectral
reflectance transformation methods; log(1/R) had the lowest correlation with CW-SOC,
and R′ and 1/R had high correlation with CW-SOC.

Remote Sens. 2022, 14, x FOR PEER REVIEW  10 of 21 
 

 

which met p < 0.01 (Table 2). The average organic carbon content of silty soils is higher 

than that of sandy soils, which is about 1.8 times that of sandy soils. The standard devia‐

tion (SD) of silty soil and sandy soil were 3.50 and 5.77, respectively. In general, the dis‐

tribution characteristics of organic carbon content in different types of soil are more ob‐

vious. After dividing the samples according to particle diameter, it will be more accurate 

to establish CW‐SOC prediction models for silty soil and sandy soil. 

Table 2. CW‐SOC’s F‐test two‐sample for variances. 

Soil Texture  Silty  Sandy  Silty and Sandy 

mean  8.15  4.51  6.78 

variance  12.26  33.32  23.11 

observations  83  50  133 

df  82  49  131 

F  0.67  

0.31 × 10−5  

0.66 

 

p (F ≤ f) one‐tail   

F critical one‐tail   

 

Figure 6. Statistical map of soil particle diameter in coastal wetlands. (a) Statistical results of soil 

particle diameter: Dn represents the particle diameter corresponding to n% of the soil; μ𝘨ሺ𝑞଴ሻ rep‐
resents  the geometric average of soil particle diameter;  (b) Particle diameter distribution  in silty 

soils; (c) Particle diameter distribution in sandy soils. 

3.2. Selection of CW‐SOC Characteristic Wavelengths 

The correlation of soil spectral reflectance R, 1/R, log(1/R), R′, CR, and CW‐SOC is 

discussed using  two soil  textures of coastal wetlands  (Figure 7). The 500~1000 nm and 

1900~2400 nm spectral intervals are closely related to the CW‐SOC selected for silty soil 

to construct the prediction model of CW‐SOC. The 600~1400 nm and 1700~2400 nm spec‐

tral  intervals were selected  for sandy soil. The correlation between CW‐SOC and spec‐

trum in sandy soil (Figure 7b) is significantly higher than that in silty soil (Figure 7a). In 

observing the correlation between CW‐SOC content and the corresponding soil spectral 

reflectance, it was found that there were differences in the degree of correlation between 

different  spectral  reflectance  transformation methods;  log(1/R) had  the  lowest  correla‐

tion with CW‐SOC, and R′ and 1/R had high correlation with CW‐SOC. 

Figure 6. Statistical map of soil particle diameter in coastal wetlands. (a) Statistical results of
soil particle diameter: Dn represents the particle diameter corresponding to n% of the soil; µg(q0)
represents the geometric average of soil particle diameter; (b) Particle diameter distribution in silty
soils; (c) Particle diameter distribution in sandy soils.

Remote Sens. 2022, 14, x FOR PEER REVIEW  11 of 21 
 

 

 

Figure 7. Spectral correlation between SOC and soil. (a) silty soil; (b) sandy soil. 

3.3. Model Performance Comparison 

Parameters of SVR and RFR models were then optimized (Table 3). Four CW‐SOC 

models,  including  SVR,  OSVR,  RFR,  and  ORFR,  were  constructed.  The  comparison 

shows that the optimized model results are significantly better than those prior to opti‐

mization, so the OSVR model and ORFR model are primarily compared (Figures 8 and 

9). 

Table 3. Model optimized parameter. 

Texture  Transform Form 
OSVR  ORFR 

Cost  Gamma  Ntree  Mtry 

silty 

R  11  0.09  500  301 

R′  11  0.01  500  451 

1/R  11  0.09  500  301 

log(1/R)  11  0.01  500  301 

CR  19  0.09  500  451 

sandy 

R  11  0.01  500  651 

R′  11  0.01  500  651 

1/R  11  0.01  500  434 

log(1/R)  17  0.01  500  290 

CR  19  0.09  500  651 

The prediction performance of the OSVR model and ORFR model  is based on the 

leave‐one‐out method  for  the  two  soil  textures,  including  the Adjusted‐R2, RMSE,  and 

RPD values. When using the OSVR method and ORFR method to establish a CW‐SOC 

model based on VIS‐NIR data, it was found that the classification of coastal wetland soil 

according to soil texture can improve model accuracy, reduce model variability, and im‐

prove model performance  (Figures 8 and 9). The  results  showed  that both OSVR and 

ORFR models could significantly improve the performance of the models under two soil 

textures. For silty sand,  the performance of  the OSVR model  is about 30% higher  than 

that of the traditional SVR model, and the performance of the ORFR model is 3% higher 

than that of the RFR model. For sandy soil, the performance of the OSVR model is about 

15% higher  than  that of  the  traditional SVR model, and  the performance of  the ORFR 

model is 5% higher than that of the RFR model. Regardless of whether it is silty or sandy 

soil, the CW‐SOC model established under both methods improved the performance of 

the corresponding model after optimization than before optimization. 

Figure 7. Spectral correlation between SOC and soil. (a) silty soil; (b) sandy soil.



Remote Sens. 2022, 14, 4372 11 of 21

3.3. Model Performance Comparison

Parameters of SVR and RFR models were then optimized (Table 3). Four CW-SOC
models, including SVR, OSVR, RFR, and ORFR, were constructed. The comparison shows
that the optimized model results are significantly better than those prior to optimization,
so the OSVR model and ORFR model are primarily compared (Figures 8 and 9).

Table 3. Model optimized parameter.

Texture Transform Form OSVR ORFR
Cost Gamma Ntree Mtry

silty

R 11 0.09 500 301
R′ 11 0.01 500 451

1/R 11 0.09 500 301
log(1/R) 11 0.01 500 301

CR 19 0.09 500 451

sandy

R 11 0.01 500 651
R′ 11 0.01 500 651

1/R 11 0.01 500 434
log(1/R) 17 0.01 500 290

CR 19 0.09 500 651

The prediction performance of the OSVR model and ORFR model is based on the
leave-one-out method for the two soil textures, including the Adjusted-R2, RMSE, and RPD
values. When using the OSVR method and ORFR method to establish a CW-SOC model
based on VIS-NIR data, it was found that the classification of coastal wetland soil according
to soil texture can improve model accuracy, reduce model variability, and improve model
performance (Figures 8 and 9). The results showed that both OSVR and ORFR models
could significantly improve the performance of the models under two soil textures. For silty
sand, the performance of the OSVR model is about 30% higher than that of the traditional
SVR model, and the performance of the ORFR model is 3% higher than that of the RFR
model. For sandy soil, the performance of the OSVR model is about 15% higher than that
of the traditional SVR model, and the performance of the ORFR model is 5% higher than
that of the RFR model. Regardless of whether it is silty or sandy soil, the CW-SOC model
established under both methods improved the performance of the corresponding model
after optimization than before optimization.

The OSVR model based on CW-SOC obtained better results (Figures 8 and 9). Except
for the modeling results under the log(1/R) spectral reflectance, the Adjusted-R2 values
were all over 0.6, and the RMSE value was about 40% lower than the original data (Figure 8).
It has also been verified that the essence of the OSVR model to optimize the SVR model by
adjusting the parameters Cost and Gamma is to continuously reduce the model error.

Figure 9 shows the optimized results of the ORFR model under two soil textures. The
comparison between ORFR and OSVR shows that the optimized degree of the ORFR model
is not as significant as that of the OSVR model. Still, the ORFR model also achieves the
purpose of optimizing the model. The ORFR model also adjusts parameters Ntree and
Ntry to reduce OBB error to improve the model performance. The Adjusted-R2 values are
all greater than 0.4, and the highest value is 0.65, and the RPD values are all above 2.0,
indicating that the model is stable and the uncertainty of the model has been reduced.

According to the research and analysis of this paper, a detailed comparison of OSVR
and ORFR methods shows that the CW-SOC content estimation model established by the
OSVR method has achieved optimal results, and the results of the OSVR model are better
than that of the ORFR model (Figure 10).
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Figure 8. OSVR model results. (a–e) are silty soil; (f–j) are sandy soil; (k–o) are silty soil and sandy
soil; the order was R, R′, 1/R, log(1/R), and CR.
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The results show that both methods can be used for modeling CW-SOC content and
that the organic carbon prediction model of silty soil based on the OSVR method under R′

transformation is the best. The Adjusted-R2 value is as high as 0.78, the RPD value is 5.07,
model stability is high, RMSE value is as low as 0.07 (Figure 10). The study found that the
performance of the OSVR model is significantly higher than that of the SVR model, and
the performance of the ORFR model is slightly higher than that of the RFR model, both of
which achieved the purpose of improving the performance of the model (Figures 8 and 9).

4. Discussion
4.1. CW-SOC Content of Different Soil Textures

SOC plays a vital role in the carbon cycle, slowing the rate of global warming [66].
There are regional differences in the SOC content in China, and its distribution gradually in-
creases from south to north [67]. Factors such as temperature, precipitation, environmental
characteristics, soil nutrients, human activities, and vegetation cover contribute to differ-
ences in SOC content [9–11]. Additionally, the impact of soil texture on SOC is also very
significant due to the unique location of coastal wetlands [67]. When the CW-SOC model
was established based on VIS-NIR, 133 soil samples of coastal wetlands were divided into
silty soil and sandy soil according to soil texture, and the CW-SOC content was predicted.
The CW-SOC model established by the silty mixed soil is significantly less accurate than
the prediction of SOC content based on soil texture classification. This is consistent with the
findings of a study in which mangrove SOC reserves were underestimated by about 37% in
mixed silt soil [68]. A new framework for exploring SOC content based on soil textures in
different coastal wetlands has gradually been proposed, revealing that soil texture is a key
factor influencing SOC [69,70]. The SOC content is generally considered to be proportional
to clay and powder but inversely proportional to the sand content [71,72]. The organic
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carbon content of soil of different textures varies [73]. This study also found that the organic
carbon content of silty soil and sandy soil in coastal wetland soil is significantly different,
and the organic carbon content of silty soil is about 1.8 times that of sandy soil. Therefore,
soil texture should be explicitly considered when predicting CW-SOC content, analyzing
potential future carbon cycles, and sequestration.

4.2. Spectral Feature Wavelengths of CW-SOC

When modeling and predicting CW-SOC content based on VIS-NIR spectral data, it
was found that the characteristic wavelengths associated with organic carbon in silty soil
were mainly in the spectral range of 500–1000 nm and 1900–2400 nm, and the spectral
range of sandy soil was mainly in the spectral range of 600–1400 nm and 1700–2400 nm.
Comprehensive exploration shows that the characteristic wavelengths of CW-SOC are
roughly consistent with previous findings [4,74,75] and intersect with the SOC spectral
characteristic wavelengths of coastal solonchaks.

In this paper, we found that there are differences in the wavelengths of SOC spectro-
scopic characteristics of different soil types (Table 4), and it is speculated that soil types can
affect SOC spectral data. Previous studies have shown that soil type [75], soil texture [76],
soil organic matter composition, and organic matter (e.g., aliphatic C–H, cellulose, and
lignin in soil [77]) can have an impact on SOC spectroscopic data, which affect the spectrum
between 2340 and 2447 nm. At the same time, this study found that under the coastal
wetland soil, there are differences in the wavelengths of organic carbon characteristics of
silty soil and sandy soil, which is caused by the difference in soil texture.

Table 4. SOC characteristic wavelengths for different types of soils.

Soil Type Characteristic Wavelength (nm) References

field-moist soil 400–800, 1380–1440, 1830–1950, 2090–2400 [78]
cropland soil 450–619, 760–909, 1968–2001 [79]

spartina alterniflora wetland soil 1400, 1900, 2200 [4]
desert wetland soil 745–910, 1911–2254 [74]
coastal solonchaks 1420, 1920, 2210 [75]

4.3. Model Algorithm Comparison Evaluation

Compared with traditional chemical experiments, the method of building models to
obtain CW-SOC content has the advantages of high efficiency, environmental protection,
low labor intensity, and safety and is considered to be a promising use of technology [80–82].
SVM and RF algorithms have been widely used to solve complex regression problems, and
the model estimation accuracy under the two methods is significantly improved compared
with ordinary linear methods [40,83]. Many studies have reported that RFR achieved
better results in predicting SOC content compared with multiple linear regression (MLR);
SVR prediction SOC content results are also significantly better than partial least squares
regression (PLSR) (Table 5). During this study, hyperparameter Cost and Gamma in the
SVR method and the hyperparameters Ntree and Mtry in the RFR method were further
adjusted. It was found that the OSVR and ORFR methods can avoid the phenomenon of
overfitting [84] that may occur in the SVR and RFR methods, improving the performance
of predicting CW-SOC models. The results show that the performance of the model
established by the OSVR method is about 15–30% higher than that of the SVR model. The
performance of the model built by the ORFR method is about 3–5% higher than that of the
RFR model. Based on OSVR and ORFR methods, the spectral data of VIS-NIR can be used
to better predict CW-SOC content.
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Table 5. Comparison of results of different regression methods.

Regression Method R2 RMSE References

MLR 0.79 1.44
[39]RFR 0.97 0.66

PLSR 0.88 0.46
[81]SVR 0.92 0.36

Some findings suggest that the SVR method achieves the highest performance in SOC
estimation among nine commonly used multivariate methods [85,86]. Similarly, this paper
concludes that the CW-SOC prediction model based on the OSVR method is superior to
the ORFR method. The reason for this can be attributed to two aspects: the application of
the SVR model is flexible, and the OSVR has the ability to adjust hyperparameters. SVR
models can account for outliers and help solve complex nonlinear regression problems [87].
OSVR can adjust the hyperparameters using the GS method to improve the prediction
accuracy of the CW-SOC content.

In this study, based on field sampling data and VIS-NIR spectral data, two optimized
machine algorithms were used—OSVR and ORFR method—to establish a CW-SOC predic-
tion model to obtain SOC content efficiently and conveniently. Based on the principles and
advantages of OSVR and ORFR models, these models can provide an effective method to
retrieve the spatial distribution map of SOC using satellite remote sensing data in a further
study [88], for instance, SOC retrieval for simulated Sentinel-2 data using VIS-NIR spectral
data based on OSVR and PRFR methods. In addition, OSVR and ORFR models can serve
as remote sensing images to retrieve SOC spatial distribution maps [89,90].

5. Conclusions

Taking the coastal areas of Tangshan and Qinhuangdao as the research area, based on
the field sampling data and laboratory-measured spectra, the prediction model of topsoil
organic carbon in coastal wetlands was established by using optimized machine algorithms
OSVR and ORFR. Through the comparison of OSVR, ORFR, SVR, and RFR methods, it
is found that OSVR and ORFR methods can improve the performance of the model and
are effective methods for modeling soil organic carbon in coastal wetlands. The results are
as follows:

(1) The correlation between organic carbon content and the spectrum of sandy soil in
coastal wetlands is significantly higher than that of silty soil. The characteristic wave-
lengths related to SOC of silty soil are mainly in the spectral range of 500~1000 nm and
1900~2400 nm, and that of sandy soil is mainly in the spectral range of 600~1400 nm
and 1700~2400 nm.

(2) In comparing the two methods, the OSVR method has been proven better than the
ORFR method. The organic carbon prediction model of silty soil based on the OSVR
method under the R′ transformation is the best, with the Adjusted-R2 value as high
as 0.78, the RPD value is much greater than 2.0 and 5.07, and the RMSE value as low
as 0.07. Both OSVR and ORFR methods can improve the prediction results of the
model. OSVR method can improve the performance of the model by about 15~30%,
and the ORFR method can improve by about 3~5%. OSVR method is better than the
ORFR method.

(3) The OSVR and ORFR can be used as better methods to accurately predict the soil or-
ganic carbon content of coastal wetlands and provide data support for the carbon cycle,
soil conservation, plant growth, and environmental protection of coastal wetlands.
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Abbreviations

Abbreviations Definition
CW-SOC Coastal wetland soil organic carbon
SOC Soil organic carbon
OSVR Optimized support vector machine regression
ORFR Optimized random forest regression
LOO Leave-one-out
Adjusted-R2 Adjusted coefficient of determination
RPD Root mean square error
RMSE Residual predictive deviation
VIS-NIR Visible-near-infrared
SVM Support vector machines
RF Random forests
GS Grid search
S-G Savitzky-Golay
R Reflectance
1/R Reflectance reciprocal
Log(1/R) Reciprocal logarithm of reflectance
R′ First-order differential of reflectance
CR Removal continuum of reflectance
SD Standard deviation
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