
sustainability

Article

Investigating Spatial and Vertical Patterns of Wetland
Soil Organic Carbon Concentrations in China’s
Western Songnen Plain by Comparing
Different Algorithms

Yongxing Ren 1,2, Xiaoyan Li 1, Dehua Mao 2,* , Zongming Wang 2,3 , Mingming Jia 2 and
Lin Chen 2

1 College of Earth Science, Jilin University, Changchun 130100, China; renyx17@mails.jlu.edu.cn (Y.R.);
lxyan@jlu.edu.cn (X.L.)

2 Key Laboratory of Wetland Ecology and Environment, Northeast Institute of Geography and Agroecology,
Chinese Academy of Sciences, Changchun 130102, China; zongmingwang@iga.ac.cn (Z.W.);
jiamingming@iga.ac.cn (M.J.); chenlin@iga.ac.cn (L.C.)

3 National Earth System Science Data Center, Beijing 100101, China
* Correspondence: maodehua@iga.ac.cn

Received: 3 January 2020; Accepted: 22 January 2020; Published: 27 January 2020
����������
�������

Abstract: Investigating the spatial and vertical patterns of wetland soil organic carbon concentration
(SOCc) is important for understanding the regional carbon cycle and managing the wetland
ecosystem. By integrating 160 wetland soil profile samples and environmental variables from
climatic, topographical, and remote sensing data, we spatially predicted the SOCc of wetlands
in China’s Western Songnen Plain by comparing four algorithms: random forest (RF), support
vector machine (SVM) for regression, inverse distance weighted (IDW), and ordinary kriging (OK).
The predicted results of the SOCc from the different algorithms were validated against independent
testing samples according to the mean error, root mean squared error, and correlation coefficient.
The results show that the measured SOCc values at depths of 0–30, 30–60, and 60–100 cm were
15.28, 7.57, and 5.22 g·kg−1, respectively. An assessment revealed that the RF algorithm was the
most accurate for predicting SOCc; its correlation coefficients at the different depths were 0.82, 0.59,
and 0.51, respectively. The attribute importance from the RF indicates that environmental variables
have various effects on the SOCc at different depths. The land surface temperature and land surface
water index had a stronger influence on the spatial distribution of SOCc at the depths of 0–30 and
30–60 cm, whereas topographic factors, such as altitude, had a stronger influence within 60–100 cm.
The predicted SOCc of each vertical depth increased gradually from south to north in the study area.
This research provides an important case study for predicting SOCc, including selecting factors and
algorithms, and helps understanding the carbon cycles of regional wetlands.

Keywords: wetlands; soil organic carbon concentration (SOCc); random forest (RF); remote sensing;
Western Songnen Plain

1. Introduction

As an important carbon pool in the earth’s surface system, wetlands store 20% to 30% of the
world’s carbon in the soil [1], playing a key role in the global carbon cycle [2,3]. Carbon accumulation in
wetlands and emissions of wetlands have become a concerning issue for governments and academics
around the world [4]. Predicting the spatial distribution of the soil organic carbon concentration (SOCc)
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in wetlands and studying the influencing factors are important to understand regional climate change
and the wetland carbon cycle.

The spatial distribution of SOCc is affected by many factors. For example, multiple environmental
variables including soil properties, climate, and terrain have important impacts on the spatial
distribution of SOCc [5–7]. In addition to environmental factors, soil organic carbon is also affected
by the soil microbial community and soil-dwelling arthropods [8–10]. In China’s Loess Plateau,
lower temperatures and higher precipitation are beneficial for the accumulation of organic carbon [11].
In the Basque Country (northern Spain), temperature is the main climatic factor affecting the SOCc [12].
In the zonal soils of China, surface soil organic matter concentration is generally negatively correlated
with the mean annual temperature (MAT) and positively correlated with the mean annual precipitation
(MAP) and altitude (H) [13]. Different environmental conditions have different effects on SOCc.

Wetland carbon research is mainly limited by the research methods and data availability.
Studies revealed that the prediction techniques for soil attributes are based mainly on spatial
correlation, including autocorrelation and mutual correlation [14]. Commonly used autocorrelation
technologies include inverse distance weighting (IDW) and ordinary kriging (OK) [15]. Spatial
mutual-correlation-based predictions integrate field observations and environmental variables through
quantitative relationships [16]. The main techniques for mutual-correlation-based predictions include
parametric and nonparametric methods. Because the correlation of parametric methods is linear
and cannot represent complex relationships [17], the nonparametric method is widely used in
technologies such as artificial neural networks (ANNs) [18–20], support vector machine (SVM)
for regression [21,22], boosted regression trees [23], and random forest (RF) [24–26]. Machine
learning techniques have advantages over parametric methods on modeling spatially non-linear
relationships [27], thus improving the prediction accuracy of spatial algorithms. Therefore, in this
study, we aimed to evaluate and compare the performance of the RF, SVM, IDW, and OK algorithms
for predicting SOCc.

Many wetlands are found in China’s Western Songnen Plain [28]. Due to intensive agricultural
activities and clear climate change, the environment and wetlands in this area have been degraded.
To deeply understand the regional carbon cycle and provide theoretical guidance for wetland
management, the aims of this study were to (1) compare different algorithms (RF, SVM, IDW,
and OK) and select the optimal approach; (2) explore the influence of different factors on wetland
SOCc; and (3) reveal the spatial patterns of wetland SOCc in the Western Songnen Plain.

2. Materials and Methods

2.1. Study Area

The Western Songnen Plain (121◦36′–126◦36′ E, 43◦59′–46◦18′ N) is located in the central part of
northeast China in a transitional zone between agricultural and pastoral regions (Figure 1). This region
covers an area of 1.01 × 105 km2, with an altitude from 110 to 140 m. The study area has a continental
monsoon climate. The temperature increases from north to south, with an average annual value
of 2–7 ◦C. Annual precipitation decreases from 420–550 mm in the east to 350–420 mm in the west.
Precipitation varies considerably, with 70–80% of the total precipitation occurring between June and
August. Dominant soil types are meadow soil, chestnut soil, and aeolian soil [29]. This region is one of
the important areas of wetland distribution and has many national wetland nature reserves, such as
Zhalong, Xianghai, Momoge, and Chagan Lakes [30,31]. Major native wetland plants include Reed
(Phragmites australis), Cattail (Typha orientalis), and Water caltrop (Potamogeton crispus).
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Figure 1. Location of the Western Songnen Plain in China.

2.2. Soil Observations

The field survey was conducted from September to October 2017. Collecting soil profile samples
during this time is advantageous because the soil of the wetlands has not yet frozen, and the moisture
content is relatively low during these months [30]. Before the field survey, we established some
sampling sites based on the wetland distribution dataset [30]. Considering the uniformity, accessibility,
and the economy of the field sampling sites, 160 sampling sites were selected (Figure 2). Three different
soil samples were drilled for each sampling site. Each soil sampling site included 3 soil depths: 0–30,
30–60, and 60–100 cm [32]. The SOCc of each sample at different depths was averaged from these
three repeated soil samples. In this study, the SOCc was determined by the potassium dichromate
external heating oxidation method [2]. The soil sample was heated with potassium dichromate in
order to oxidize carbon from organic matter to carbon dioxide, and then dichromate ions were reduced.
According to the change of the amount of dichromate ions by the oxidization of carbon, the SOCc can
be calculated.
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Figure 2. Distribution of the sampling points and wetlands in the Western Songnen Plain.

2.3. Environmental Variables

The variability of SOCc could be explained by its relationships with soil-forming factors, including
climate, terrain, soil properties, parent materials, and organisms. Based on data accessibility,
we retrieved 30 environmental variables from the soil terrain, climate, and remote sensing data
(Table 1).

According to meteorological data recorded during 2008–2017, the MAP (mm), MAT (◦C),
and annual average humidity (MAH, %) were calculated. IDW is a common and useful method for
obtaining spatially continuous climate factors [33–35], including obtaining MAP, MAT, and MAH data
in ArcGIS (version 10.2, Environmental Systems Research Institute, Redlands, CA, USA). These data
were downloaded from the China Meteorological Data Sharing Service System (http://data.cma.cn/)
and the National Climatic Data Center of NOAA (NCDC, http://www.ncdc.noaa.gov/).

A Landsat 8 Operational Land Imager (OLI) image (http://glovis.usgs.gov/) of the study area
was acquired for July to September 2017 at a 30 m spatial resolution. In total, 11 cloud-free remote
sensing images were used. These images were processed using the Fast Line-of-Sight Atmospheric
Analysis of Spectral Hypercubes (FLAASH) module embedded in ENVI (version 5.1, Exelis Visual
Information Solutions, Broomfield, CO, USA) to convert the digital numbers to top-of-atmosphere
reflectance and atmospheric calibration. The enhanced vegetation index (EVI), normalized difference
vegetation index (NDVI), net primary productivity (NPP), leaf area index (LAI), land surface water
index (LSWI), and land surface temperature (LST) were computed [36].

Based on the Global Digital Elevation Model (http://glovis.usgs.gov/) at a spatial resolution of
30 m, we extracted the relevant terrain factors [37]. The above related environmental predictors were
unified into the Albers equal-area conic WGS84 coordinate system. In order to match the other variable
raster grids, we resampled the climatic grids to a 30 m resolution using the nearest neighbor method.
Then, the attribute values of all grids were extracted for all sampling points and used as inputs for the
spatial algorithms.

http://data.cma.cn/
http://www.ncdc.noaa.gov/
http://glovis.usgs.gov/
http://glovis.usgs.gov/
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Table 1. Environmental variables for soil organic carbon concentration (SOCc) mapping.

Variable Types Variables Description

Climatic factor

MAT Mean annual temperature
MAP Mean annual precipitation
AE Average evapotranspiration

MAH Annual average humidity

Remote sensing factor

b2 Blue, 450 nm–515 nm
b3 Green, 525 nm–600 nm
b4 Red, 630 nm–680 nm
b5 NIR, 845 nm–885 nm
b6 SWIR1, 1560 nm–1660 nm
b7 SWIR2, 2100 nm–2300 nm

EVI Enhanced vegetation index
NDVI Normalized difference vegetation index
NPP Net primary productivity
LAI Leaf area index

LSWI Land surface water index
LST Land surface temperature

Terrain factor

H Altitude
β Slope
α Aspect

sinα Sine of aspect
cosα Cosine of aspect

C Curvature
Cv Vertical curvature
Ch Horizontal curvature

SOS Slope of the slope
SOA Slope of aspect
RLD Relief of land surface

M Surface roughness
TWI Topographic wetness index
SPI Stream power index

2.4. Algorithm Development and Predictions

General data processing and analysis followed the flow chart depicted in Figure 3. In this study,
the sampling sites were randomly divided into training (112 samples) and validation sets (48 samples)
to evaluate the performance of the different algorithms.

As one of the standard spatial interpolation procedures, the IDW is a non-computationally and
straightforward intensive method, which has been achieved in many geographic information system
(GIS) software packages [38,39]. IDW is a deterministic method that assumes that the local impact of
each point decreases with distance. Therefore, points closer to the location estimation are assigned
a higher weight [38]. The IDW algorithm in this study was implemented in ArcGIS (version 10.2,
Environmental Systems Research Institute, Redlands, CA, USA).

OK is a geostatistical technique and is widely used. Based on regionalized variables, it can
generate an optimal unbiased estimated surface based on a semivariogram [15]. This semivariogram
can be constructed with GS+ (version 9.0, Leland Stanford Junior University, Stanford, CA, USA).
The RF algorithm is an integrated machine learning algorithm that uses combined multiple decision
trees for supervised classification. The algorithm generates the final results by averaging the class
allocation probabilities of all produced trees [40]. The trees are created by replacing (a bagging
approach, also known as bootstrap aggregation) a subset of training samples and randomly selecting
variables in RStudio software (version 1.1.456, Boston, MA, USA). The RF algorithm has advantages in
classifying high-dimensional and confusing objects compared to other machine learning algorithms.
It can also estimate the importance of predictor variables [41].
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SVM is a non-linear machine learning method that derives an algorithm hyperplane. It describes
the empirical data as accurately as possible and minimizes the distance from the hyperplane to the
training data [42,43]. In this study, SVM was conducted using MATLAB software (version 2017a,
Math Works, Natick, MA, USA). The validation set (n = 48) was used to test and compare the
performance of the RF, SVM, IDW, and OK algorithms based on the root mean squared error (RMSE,
Equation (1)), mean error (ME, Equation (2)), and correlation coefficient (r) between the measured and
predicted values. The calculation equations for ME and RMSE are as follows [44], respectively:

ME =
1
n

n∑
n=1

(y− y′) (1)

RMSE =

√√
1
n

n∑
n=1

(y− y′)2 (2)

where n is 48, y′ is the predicted value of the SOCc (g·kg−1), y is the measured value of the SOCc
(g·kg−1), and ME is a measure of the predictive lack of bias. The closer the result is to 0, the more
unbiased the method. The RMSE is a measure of prediction accuracy. The smaller the value, the more
accurate the method.
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3. Results

3.1. Descriptive Statistics of Wetland SOCc

The descriptive statistical values of wetland SOCc are listed in Table 2. The SOCc decreases with
increasing depth and varies significantly between the three intervals (p < 0.05), with a mean SOCc value
of 15.28 g·kg−1 for 0–30 cm, 7.57 g·kg−1 for 30–60 cm, and 5.22 g·kg−1 for 60–100 cm. The ranges of
SOCc from the surface depth to the deep depth were 0.10 to 79.12, 0.03 to 68.25, and 0.02 to 67.41 g·kg−1,
respectively. The variability of wetland SOCc in the study area can be expressed by the coefficient of
variation (CV). CV values increased with soil intervals of 0–30, 30–60, and 60–100 cm.

Table 2. Summary statistics for soil organic carbon concentration (SOCc).

Soil Depth (cm) N Mean (g/kg) SD Minimum (g/kg) Maximum (g/kg) CV (%)

0–30 160 15.28a 15.53 0.10 79.12 101.60
30–60 160 7.57a 9.47 0.03 68.25 125.01
60–100 160 5.22a 6.56 0.02 67.41 125.68

Note: SD: standard deviation. CV: coefficient of variation. Lower letters (a) indicate significant level at p < 0.05
using the Duncan method at different soil depths.

3.2. Comparison of Different Algorithms

Table 3 presents the accuracies of different algorithms for predicting wetland SOCc. At 0–30 cm,
the SVM algorithm yielded a mean error of −0.49 g·kg−1 and had the highest error. IDW had the lowest
mean error at −0.03 g·kg−1, whereas RF performed best in predicting SOCc in terms of RMSE and
r. At a depth of 30–60 cm, RF had the lowest RMSE and ME, as well as the largest r. At 60–100 cm,
OK had the smallest ME. RF performed best in predicting the SOCc based on a larger RMSE and r
than the other three algorithms. Therefore, considering the performance of the different algorithms at
different depths, the RF is the best approach for spatially interpolating SOCc.

Table 3. Accuracy assessment of the four algorithms. IDW: inverse distance weighted; OK: ordinary
kriging; RF: random forest; SVM: support vector machine.

Interval (cm) Evaluation Index IDW OK RF SVM

0–30
ME (g/kg) −0.03 0.11 0.05 −0.49

RMSE (g/kg) 6.64 5.90 5.26 6.42
r 0.72 0.77 0.82 0.72

30–60
ME (g/kg) −0.55 −0.50 −0.32 −0.89

RMSE (g/kg) 4.51 4.34 3.97 4.06
r 0.48 0.47 0.59 0.58

60–100
ME (g/kg) −0.18 0.04 0.24 −0.22

RMSE (g/kg) 3.62 3.48 3.01 3.13
r 0.25 0.31 0.51 0.44

3.3. Effects of Environmental Variables on SOCc

Figure 4 documents the roles of the top five environmental variables in predicting SOCc using the
RF algorithm. At a 0–30 cm depth, LST had the largest impact on the wetland SOCc, followed by NDVI,
MAP, MAT, and H. At 30–60 cm, the LSWI and LST, characterizing the land surface’s hydrothermal
conditions, exhibited notable influences on SOCc, whereas the MAT and MAP obtained from land
meteorological observations had secondary influences. At 60–100 cm, the topographical factor H
played a dominant role in affecting SOCc, followed by LST. Climatic factors, including MAT and MAP,
were important factors influencing wetland SOCc. In general, LST, a remote sensing factor, performed
the most important role in predicting the wetland SOCc in each examined soil depth.
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3.4. Spatial Patterns of Wetland SOCc in the Western Songnen Plain

The spatial patterns of wetland SOCc at different soil depths over the Western Songnen Plain
estimated by the RF algorithm are shown in Figure 5. The wetlands in the northern study area were
relatively concentrated, whereas wetlands in the south were relatively scattered. Larger wetland SOCc
values were identified in the northern study area, and smaller values were identified in the south.
The wetland SOCc at a 0–30 cm depth was significantly higher than that at 30–60 and 60–100 cm depths.
With increasing soil depth, the wetland SOCc decreases accordingly.Sustainability 2020, 12, x FOR PEER REVIEW  9  of  13 
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4. Discussion

4.1. Comparison of the Spatial Prediction Methods

In this study, RF performed better than the VR, IDW, and OK algorithms (Table 3). Although
the IDW and OK spatial interpolation algorithms fully consider the spatial distance relationship,
the accuracy of the RF algorithm is slightly higher than IDW and OK when considering the ME,
RMSE, and r. Compared with SVM regression, the accuracy of the RF algorithm is much higher.
Theoretically, OK and IDW consider the spatial autocorrelation of soil samples, whereas RF considers
the spatial heterogeneity of environmental variables [45]. In other words, when the validation data are
closer to the measured data in the soil sampling locations, the performance of OK and IDW is likely
better than that of RF. Otherwise, when the spatial heterogeneity of environmental variables and their
relationships with soil data are more significant, the performance of RF is likely superior. However,
the spatial differences in wetlands SOCc are large and easily affected by environmental variables [5,6].
Therefore, interpolation based only on the autocorrelation of the sample data will result in slightly
larger errors [45].

RF was used in previous studies for mapping soil organic content with climatic data, terrain data,
remote sensing spectral data, and other auxiliary variables [14]. The processing of soil sample data
and auxiliary variables was the same for the four algorithms. However, the RF algorithm was more
accurate than the other three algorithms, as mentioned above.

4.2. Contolling Factors Affecting Spatial and Vertical Variations in Wetland SOCc

Environmental conditions affect the physicochemical properties of the soil to a certain extent [46].
Most wetlands accumulate water all year round. The duration for which the lands have been soaked
by water also directly affects the growth and decomposition of wetlands’ organic carbon, thus affecting
the SOCc [11]. For example, significant warming and drying trends have induced a soil organic carbon
storage decline in croplands in the Sanjiang Plain [47]. Studies reported that the correlation between
SOCc and environmental variables decreases with increasing soil depth [48]. Our study indicates that
the relationship between SOCc and climatic factors gradually decreases with increasing soil depth.
This means that topsoil organic carbon may be more sensitive to global climate change. Carbon stored
in topsoil (e.g., 0–30 cm) will have been easily affected by warming temperature, which may further
enhance the global greenhouse effect [49].

In the top soil layer, 0–30 cm, LST and MAT have a significant impact on SOCc. This shows that
temperature plays an important role in the SOCc patterns. Temperature affects the decomposition
rate, source, and sink process, as well as the soil density and water content of organic matter in
wetlands [50]. Higher temperatures accelerate organic carbon decomposition and result in a lower
SOCc [11]. Vegetation residues are conducive to the formation of humus and the enrichment of organic
carbon [12]. Therefore, NDVI, characterizing vegetation conditions, has an important influence on
SOCc. Precipitation is an important source of water replenishment in wetlands. The soil moisture
content in wetlands has an important impact on soil microbial respiration, soil organic matter transport
and sedimentation, and vegetation rot [11]. Therefore, at 0–30 cm, MAP has an important impact
on SOCc. The annual average temperature in the Western Songnen Plain generally increases from
north to south and is negatively correlated with soil organic carbon storage. MAP generally shows
a decreasing trend from north to south. Annual precipitation is positively correlated with SOCc.
Therefore, at 0–30 cm soil depth, LST, MAT, NDVI, and MAP have the strongest correlation with SOCc.
The effects of temperature and precipitation on SOCc are long-term and stable [50]. Therefore, at 30–60
and 60–100 cm, MAT, MAP, LST, and LWSI also insignificantly influence SOCc. As the depth increases,
the altitude’s importance score increases as SOCc increases.
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4.3. Spatial and Vertical Variations in SOCc

The SOCc in the Western Songnen Plain decreases with soil depth. We found that the vertical
distribution of wetland SOCc in the Western Songnen Plain is concentrated in the surface layer
(0–30 cm). The soil organic carbon of the surface layer accounts for more than 50% of the total depth of
1 m, which is similar to the estimation of global soil organic carbon [51].

A higher wetland SOCc was identified in the Western Songnen Plain than in China’s wetlands
overall, which supports previous findings that the SOCc in northeast China is higher than in southern
China [52,53], mostly due to the lower temperature in northeast compared to southern China and
higher precipitation than that in western China [54]. Low temperatures and high precipitation are
beneficial for stabilizing soil organic carbon storage. Also, as the latitude increases, the temperature
decreases [55]. Therefore, in the western part of the Songnen Plain, the closer the area is to the north,
the higher the wetland SOCc.

For different soil depths, the SOCc values at 0–30 cm have the largest difference from the other
groups, whereas those at 60–100 cm have the smallest. In the 0–30 cm soil layer, the SOCc near the
northern part of the study area was estimated to be higher than 20 g·kg−1, whereas the SOCc in
the southern part is lower than 4 g·kg−1. Surface soil is affected more by the environment. Thus,
small changes in the environment can affect the storage and release of surface soil organic carbon.
The north–south differences in environmental factors, such as temperature and precipitation, cause huge
variations in SOCc in the top soil layer. As soil depth increases, the SOCc is less affected by the
environment. Therefore, the spatial heterogeneity of SOCc at 60–100 cm is significantly reduced
compared to that at 0–30 cm.

5. Conclusions

The observed changes in SOCc were estimated using different methods of remote sensing and
geographic information systems. Our results showed that SOCc decreases with increasing soil depth,
and that the coefficient of variation increased with increasing soil depth in the 160 wetland soil
sample sites. The measured SOCc values at the depths of 0–30, 30–60, and 60–100 cm were 15.28, 7.57,
and 5.22 g·kg−1, respectively. Among the different methods, RF was the most accurate. The influence
of different factors on SOCc showed that surface soil is more affected by environmental variables. MAT,
MAP, LST, and LWSI also influence SOCc. The distribution of wetlands in the northern part of the
study area is relatively concentrated, and the SOCc value in the north is also significantly higher than
in the south.
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