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Abstract: The soil organic carbon (SOC) pool in farmland is changing rapidly due to human activities,
thereby greatly affecting the regional and global environment, as well as influencing soil fertility and
crop yields. The present study investigated the effects of underground coal mining on the regional
SOC pool in farmland in the Jiuli Mining Area of Xuzhou City in China as a typical coal mining region
based on field sampling, chemical analysis, model construction, and spatial analysis using the software
of ArcGIS. The results showed that in the mining subsidence area, spatial variations in the SOC
content and soil bulk density were mainly caused by structural factors (mining subsidence, subsidence
waterlogging, and other structural factors due to coal mining) at a regional scale. SOC storage in
farmland soil decreased sharply in non-waterlogged subsidence farmland and seasonally waterlogged
subsidence farmland in the areas with mining, whereas the SOC storage increased in waterlogged
wetland after coal mining. The SOC was reduced by 102,882 tonnes (32.81%) compared with the
original SOC stock as a consequence of coal mining, and thus the effect of underground coal mining
on the regional SOC pool in farmland was characterized as a carbon loss process. Land-use changes,
soil degradation and erosion contributed almost equally to the carbon loss process in the study area.
The results of this study may facilitate evaluations of low-carbon land reclamation and ecological
compensation in mining areas.
Keywords: coal mining; carbon loss; evaluation model; kriging interpolation; soil organic carbon pool

1. Introduction
In China, coal production was 3.45 × 109 tonnes in 2017, which accounted for 45.6% of the total
world coal production [1]. Coal mining and especially underground coal mining has destroyed a huge
number of land resources, and most of the coal-mining subsidence land is farmland [2], including
agricultural regions in the North China Plain, Northeast China Plain, and middle and lower Yangtze
River Plain. About 200 km2 of the agricultural area was affected by subsidence annually in China [3].
Underground coal mining also has a negative effect on the soil quality of farmland. For example,
Raj K selected three types of soil to investigate the changes of soil physical and chemical properties
after coal mining, and found that soil texture, soil organic matter, pH, and soil bulk density of all soils
obviously degrade after mining subsidence in Ohio in United States [4]; Silburn studied soil quality in
the farmland from the different mining areas in the Eastern Oklahoma area and found that soil bulk
density, soil water retention, soil texture and soil saturated hydraulic conductivity all changed to a
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certain extent after mining subsidence [5]. Moreover, coal mining not only degrades the soil quality,
but also change the soil organic carbon (SOC) pool of farmland, which greatly affects the regional and
global environment, as well as changing the soil fertility and crop yields [6–9]. Maharaj et al. [10] found
that mining could reduce soil carbon stocks by removing vegetation and topsoil, permanently changing
the topography and geological structures, and disrupting the surface and subsurface hydrological
regime. Brye [11] and Hetrick et al. [12] found that the soil microbial community was reduced greatly by
the removal of topsoil and the dumping of coal tailings waste onto the soil surface, thereby eventually
decreasing the soil carbon pool. Meng et al. [13] and Izaurralde [14] showed that mining destroys the
surface ground and underground runoff, worsens soil erosion, and decreases biodiversity to cause soil
carbon losses. Lal [15] suggested that mining can accentuate CO2 emissions via the mineralization of
SOC due to soil disturbances.
The SOC pool in farmland is potentially the most important factor related to the reduction of
carbon emissions in the terrestrial ecosystem [16,17], and it also plays a very important role in increasing
food production and maintaining its stability. Therefore, it is necessary to quantify the effects of coal
mining on the SOC pool of farmland in China and other major coal-producing countries throughout
the world.
Unfortunately, the spatial scale of previous underground mining research has been conducted on
small experimental plots, and thus the results obtained cannot accurately mean universally because
coal mining affects the SOC pool in farmland at a regional spatial scale. In this paper, the large spatial
scale Jiuli Mining Subsidence Area in Xuzhou City, China, was selected to study the effects of coal
mining on the SOC pool in farmland at the regional scale. The main purposes of this study are building
a model used to predict the SOC storage of farmland in the mining subsidence area at a regional scale,
and establishing a method used to evaluate the effect of underground coal mining on the regional SOC
pool in farmland in a mining subsidence area. We also want to investigate the effects of coal mining on
the SOC pool in farmland at the regional scale, and find out its influencing factors. The results of the
current study could be used to assess the low-carbon land reclamation and ecological compensation
soil nutrient management in mining areas.
2. Materials and Methods
2.1. Description of the Study Area
The Jiuli Mining Subsidence Area (34◦ 130 39”–34◦ 260 16” N, 117◦ 060 21”–117◦ 120 16” E) covers an
area of 42.15 km2 in Jiuli District, Xuzhou, China (the area mapped with the red line in Figure 1).
This coal-mining subsidence area is related to the Jiahe Coal Mine, Pangzhuang Coal, and Zhangxiaolou
Coal. The field boundaries of the three mines are shown in Figure 1.
This area has a warm monsoon climate, with an annual average temperature of 14 ◦ C, a mean
annual frost-free period of 200 to 220 days, and average annual precipitation of 800 to 930 mm, 56% of
which falls in July and August [18]. The area is on a coastal plain with an elevation of 30–44 m above
sea level, and the groundwater levels in this area are shallow. Moist soil, paddy soil, and Shajiang
black soil are the main soil types in this region [19]. The research area is located in the grain-producing
region of eastern China where the agricultural planting is a double-cropping system. Rice or wheat
is planted in the summer or winter. The farmland cultivation management system and agricultural
technical level are similar throughout the study area.
Underground mining is practiced in the study area, where it is located in the western sector
of the Xuzhou anticlinorium where large- and medium-sized faults have developed geologically.
Due to the effects of the folded structure, the regional stratigraphic sink has changed the strike
and dip direction, and the strata inclination angle is generally 8–20◦ . Stratigraphic completeness
has been destroyed because it has been carved up by faults in the western part of the study area.
Sinian, Cambrian, Ordovician, Carboniferous, and Dyasand Quaternary forming deposits are from the
pre-Sinian basement. Among these strata, the Carboniferous and Permian deposits are coal-bearing
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strata, and they are covered by Quaternary alluvium. There are seven mineable coal seams and three
of them (Number 2, 7, and 9) are the main excavated coal seams. The coal-bed structure of these coal
seams is of simple or low complexity with a stable thickness, and magmatic rocks are not detected [19].
The three mines in the study area extract coal from these three seams using longwall mining technology.
Goaf areas are formed after the coal-mining panels have been excavated, which destroys the original
stress equilibrium of the subterranean strata. The stress transmitted through the stratum induces
inconsistent deformation of the overburden rock above the goaf areas. Mining subsidence problems
occur when stress and deformation are transmitted to the land surface. After several decades of mining
subsidence, the maximal subsidence is 8300 mm.

Figure 1. Mine field boundaries for the three mines and position of the subsidence area.

Underground coal mining in this area not only caused land subsidence but it was also responsible
for a series of eco-environmental problems: (1) a large area of farmland has subsided due to coal
mining; (2) some farmland has been transformed into water bodies created by mining subsidence in
this area due to the high groundwater level; and (3) the land-use types have changed, such as the
conversion of farmland into mining-industrial land, waterlogged wetland, and water bodies created
by mining subsidence. Some safety coal pillars are planned to maintain the important structures on
the land surface. Before coal mining, the study area was a flat agricultural area, but it changed into
a mining-agriculture area after dozens of years (Figure 2). Figure 2 showed that in the study area,
24.86 km2 of farmland has been adversely affected by mining subsidence, 3.26 km2 of farmland has
been inundated by water bodies created by mining subsidence, 8.15 km2 of farmland has been changed
into waterlogged wetland, and 1.66 km2 of farmland has been occupied by mining-industrial areas
after the construction of mining installations and accommodation.
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Figure 2. Land-use types in the Jiuli Mining Subsidence Area.

2.2. Method for Evaluating the Effect of Coal Mining on the Soil Organic Carbon (SOC) Pool in Farmland in
Jiuli Mining Subsidence Area
The farmland in the research area belongs to the same agricultural cultivation area, and human
mining activity (underground mining) has continued for over 100 years. Therefore, besides the
special coal-mining influencing factor, the SOC pool in the study area is also affected by conventional
influencing factors such as climate, landforms, soil, farming system, fertilization system, and agricultural
technological level. The SOC density in the farmland is similar to that in other SOC pools affected by
the same factors [20,21].
Figure 3 presents a schematic diagram illustrating the disturbances caused by coal mining on the
regional SOC pool of farmland. It is assumed that the SOC density in zone W without the influence of
coal mining or under natural cultivation conditions is maintained at a relatively constant level. Parts of
zone A0 in W were changed to zone At or zone At0 by various disturbances, such as coal mining or
conventional factors. Therefore, the SOC pool in A0 has changed to become more like the SOC pool
in At after dozens of years due to the effects of coal mining and conventional factors under realistic
conditions. The SOC pool in A0 could also have changed to become more like the SOC pool in At0
after dozens of years due to the effects of conventional factors under idealized conditions. The SOC
density in At0 is homogeneous and it approximates the density in the area around At where no coal
mining occurs.
Thus, the effect of coal mining on the SOC pool in farmland in the mining subsidence area,
i.e., the differences of SOC in farmland storage in the same agricultural cultivation zone under two
situations (with and without the influence of coal mining) after cultivation for dozens of years, can be
expressed by the following formula:
∆St = SAt − SAt0
(1)
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where SAt and SAt0 refer to the SOC stored in At and At0 , respectively. Therefore, At0 served as the
control area in this study.

Figure 3. Diagrammatic drawing for the effect of coal mining on regional soil organic carbon (SOC)
pool of farmland.

The most important factor that affects the SOC pool at a regional scale is land-use change [22–24].
In Jiuli Mining Area with a high groundwater level, the land use types were markedly different in
the subsidence area before and after coal mining. Therefore, the effect of land use change must be
considered when calculating the shifts in SOC storage.
The SOC density change in the residential land and natural water bodies was assumed to be
0 tonnes km−2 because these areas never were farmland before and after mining. However, for some
land-use types, the carbon density would have changed after mining, including subsided farmland
areas, mining-industrial land, waterlogged wetland, and water bodies created by mining subsidence.
The following formulae were used to evaluate the effect of coal mining on soil regional SOC
storage in farmland by considering the effect of coal mining on land-use change:
MCE = MCEsf + MCEmi + MCEww + MCEwb

(2)

where MCE is the effect of coal mining on carbon storage in the regional SOC pool of farmland,
i.e., the difference in SOC storage of farmland within the whole mining subsidence area before and
after coal mining; sf , mi , ww , wb is the difference in SOC storage in the subsided farmland region,
mining-industrial land, waterlogged wetland areas, and water bodies created by mining subsidence
within the mining subsidence area before and after coal mining respectively.
2.3. Sampling
In this study the subsidence area was categorized into non-waterlogged subsidence area, seasonally
waterlogged subsidence area, year-round waterlogged area, and natural water bodies (Figure 4).
The method of grid sampling was used in the study area, the grid covered the whole subsidence
area, and the number of grids were more than the reasonable or required number of soil samples
collected in the subsidence areas.
Reasonable or required sampling number represents the most economical sampling number under
certain confidence level and precision. A reasonable or required number of samples may be calculated
by the formula N = λ2 a,f (S/∆)2 [25,26]. In this formula, N represents the number of reasonable or
required samples, λa,f represents characteristic value of t-distribution which can be obtained from the
the t-distribution table by the given significance level (a = 1 − PL ) and degree of freedom (f = n − 1).
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S is the sample standard deviation, ∆ = kµ, k represents the coefficient of accuracy, µ represents the
sample mean.

Figure 4. Distribution diagram of field sampling points for prediction.

The number of sampling points in the subsidence area should be more than the reasonable or
required number of samples used for spatial interpolation of SOC density in the subsidence area.
After calculation at the confidence level PL = 95% and the coefficient of accuracy k = 0.10, the reasonable
sampling number of the subsidence area is 38. However the gird density and number of sampling
points can be increased to improve the spatial prediction accuracy of SOC density in subsidence areas.
For this study, 54 samples are collected.
The study area was divided into 54 1 km × 1 km square grids, and a stratified systematic
sampling scheme was applied to collect soil samples in each grid, which were used to predict the SOC
density in farmland in the mining subsidence area. Thirty-two sampling points were located in the
non-waterlogged subsidence area, nine sampling points in the seasonally waterlogged subsidence
area, and 13 sampling points in the year-round waterlogged area.
Another 18 soil sampling points were selected at random for verification in the mining subsidence
area to evaluate the accuracy of predictions made by a kriging interpolation model of the SOC density
in the subsidence area. The number of sampling points for verification is 30% of the prediction sample
number, which accord with the geostatistical rules [25,27]. During sampling, a handheld Global
Positioning System (GPS) was used to record the coordinates of the sampling points.
Using the method of five-point sampling mode [28,29], soil samples from the 0–40 cm layer were
obtained with a soil auger at different sampling points and they were then uniformly mixed [30,31].
Finally, 200-g soil samples were selected using the quartering method. The potassium dichromate
volumetric method was used to measure the SOC contents of the samples [32]. The SOC and soil
organic matter (SOM) content were converted from one into the other according to a Bemmelen
coefficient of 1.724 [33–35]. Additionally, 0–40 cm soil profiles were dug at the sampling points with a
cutting ring and the soil bulk density was calculated for the 0–40 cm soil layer [30,31].
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After completing the field sampling, GS+7 geostatistical software was used to perform statistical
analyses of the SOC content at the sampling points in the subsidence area, and the same was done for
the soil bulk density.
2.4. Model for Estimating the SOC Density and SOC Storage in the Regional SOC Pool in Farmland in the
Mining Subsidence Area
Statistical analyses of factors that influence the soil in coal-mining subsidence areas have shown
that waterlogged conditions have important effects on the physical and chemical properties of soil [36].
Thus, the SOC contents in farmland in a subsidence area under a given waterlogging situation
are similar, but the SOC contents differ greatly between waterlogging situations. So, uncertainty
exists when making spatial predictions of the SOC content, and same problems exists with the soil
bulk density.
To reduce this uncertainty, the SOC content or soil bulk density value Z(Xk j ) for each soil sample
was divided into two parts after field sampling. The mean value u(tk ) and the residual error r(xk j ) of the
SOC content or the soil bulk density in farmland in the subsidence area under the same waterlogging
situation are (Equation (3)):
Z(Xk j ) = u(tk ) + r(xk j )
(3)
where tk represents the mining subsidence areas under different waterlogging conditions, including
the non-waterlogged subsidence area, seasonally waterlogged subsidence area, and year-round
waterlogged area. The residual error r(xk j ) is the difference between the value measured for each
sampling point and the predicted value obtained by spatial interpolation with a common kriging
model [37–40].
The different mean values reflect the variability of the SOC content or the soil bulk density in
farmland in the subsidence area under different waterlogging situations, whereas the different residual
errors reflect the variability of the SOC content or soil bulk density within subsidence areas under the
same waterlogging situation.
After obtaining the spatial interpolation results for the SOC content or the soil bulk density in
farmland in the subsidence area, the subsidence area was divided into small grid cells with equal size
using a geographical information system (GIS)-based method. The carbon stored in the SOC pool in
farmland in the subsidence area can be estimated according to the following model (Equation (4)):
TOC =

n
X

OCi × Si × ρi × Hi

(4)

i=1

where: TOC is SOC storage in the whole mining subsidence area; Si is area of the i-th grid cell after
dividing the mining subsidence area into n grid cells with equal size; Hi is soil thickness in the i-th grid
cell; ρi and OCi are soil bulk density and SOC content in the i-th grid cell, where the values are equal to
the spatially interpolated values obtained for the soil bulk density and SOC content at the grid cell
center coordinates.
The SOC density of every equally sized grid cell was equal to OCi × ρi × Hi .
2.5. Evaluation of Estimation Precision
Eighteen soil samples were randomly collected with GPS positioning (Figure 4) in the study area
for verification by the same soil sampling method described in Section 2.3. Based on the analysis results
from 54 prediction samples, the regional SOC density distribution results in the mining subsidence
area can be obtained by using the model described in Section 2.2 (Figure 5). On the platform of ArcGIS,
the SOC density prediction values at the coordinate positions of 18 verification samples can be picked
up on the SOC density distribution map (Figure 5).
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Figure 5. Distribution diagram of SOC density in the mining subsidence area.

A precision evaluation was conducted to compare the measured SOC density data for the regional
SOC pool in farmland at 18 randomly selected verification sampling points in the subsidence area with
the corresponding predicted data points obtained by the interpolation model described in Section 2.4.
The goodness of fit was evaluated for the predicted and measured data based on the root mean square
error (RMSE) [39], slope (k) and coefficient of determination (R2) [38–40]. The smaller RMSE is, and the
closer k and R2 are both to 1, the higher the predictions accuracy obtained by the model is, whereas the
accuracy is lower.
2.6. Carbon Storage in the Regional SOC Pool in Farmland without Coal Mining Effects in At0
According to Section 2.2, At0 with a homogeneous SOC density was treated as the control area in
this study. To obtain the SOC density in At0 , the areas around the mining subsidence area (or around
At ) where no coal-mining effect was present, had to be located precisely.
Based on the information from the underground coal working-face layout isograms and other
related coal-mining subsidence information obtained from the three mines, the mining subsidence area
and the surrounding area not affected by mining were predicted using mining subsidence theory [41,42].
Next, using the additional field survey information obtained from the three mines, the areas around
zone At that were not affected by coal-mining subsidence were finally located precisely.
In Section 2.2, the areas around zone At belongs to the same agricultural cultivation area. The SOC
pool in these areas is affected by conventional influencing factors, and the SOC density in this areas is
homogeneous. Ten samples were collected randomly in the area around At where there was no effect of
mining subsidence. These sampling points were not clustered in particular areas, but instead they were
scattered around the borders of the mining subsidence area (Figure 4). All of the soil samples, including
the prediction, verification, and control sites, were collected within three days, and a handheld GPS was
used to record the coordinates of the sampling points. The collection and analysis methods were the same
for all of the soil samples. The SOC densities were measured for 10 soil samples from the control area and
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the average value (7725 tonnes km−2 ) was treated as the SOC density in At0 . At0 had the same spatial
extent as At , so the spatial distribution diagram for the regional SOC density in At0 could be obtained
using ArcGIS as a raster image with a homogeneous SOC density of 7725 tonnes km−2 .
3. Results
3.1. Geostatistical Results for the Outside Soil Samples
Based on the kriging interpolation theory [43,44], the semivariance function structure of the
spatial distribution was analyzed and the results are shown in Table 1. According to the spatial
distribution of the SOC content and soil bulk density in the subsidence area, the C/(C0 + C) values
of the semivariance function were 0.946 and 0.996, respectively, which are both greater than 0.75.
Thus, the spatial correlations were high. The nugget values (C0 ) for the SOC content and soil bulk in
the subsidence area were 0.97 and 1 × 10−5 , respectively, which are relatively small.
Table 1. Semivariance function model and parameters for the farmland soil carbon density and soil
bulk density in the subsidence area.
Vegetation
Feature

Model
Type

Nugget
C0

Sill
C0 + C

C/(C0
+ C)

Range
R

Coefficient of
Determination
R2

SOC content
Soil bulk density

Exponential
Gaussian

0.97
1 × 10−5

18.11
0.023

0.946
0.996

4237
1694

0.92
0.95

The SOC content and soil bulk density at the sampling points in the study area were shown to
obey normal distributions, indicating that kriging interpolation can be used in the study area.
3.2. Spatial Distribution of SOC Density and SOC Storage in the Mining Subsidence Area (SOC Density and
SOC Storage in At )
According to Section 2.4, the model for estimating carbon storage in the regional SOC pool in
farmland in the subsidence area was used to estimate the regional SOC density in the mining area
(or in At ). Data processing was conducted by kriging interpolation using ArcGIS software, and the
results are shown in Figure 5.
Accuracy evaluation was conducted, the x–y scatter diagram was drawn for the predicted and
measured SOC density data in the subsidence area, the fitting was then performed. The fitted equation
was: y = 0.737x + 1.549, and the k = 0.737, R2 = 0.77 (Figure 6); RMSE = 0.31. The precision of the
estimates obtained by the model was relatively high.

Figure 6. Scatter plots of the predicted and measured value of SOC density.
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Figure 5 shows the spatial distributions of the SOC density in the subsidence area. The amount of
SOC stored in the mining subsidence area in the Jiuli Mining Area was calculated as 210,717 tonnes,
among which 94,251 tonnes of SOC (44.73%) existed in the non-waterlogged subsidence farmland
area, 53,203 tonnes of SOC (25.23%) in the seasonally waterlogged subsidence farmland area,
and 63,263 tonnes of SOC (30.02%) in the waterlogged wetland area. The SOC density in the
subsidence area both tended to increase from low values along the periphery of the subsidence to the
high values in the subsidence center.
3.3. Evaluation of the Effects of Underground Coal Mining on the Regional SOC Pool in Farmland in the
Mining Subsidence Area
After determining the SOC density distributions for At and At0 , the effect of coal mining on
the regional SOC pool in the mining subsidence area was evaluated according to Equation (1).
Data processing was performed by overlapping analysis of raster images using the ArcGIS platform
and the results are shown in Figure 7. It is showed that compared with the non-mining scenario,
the density of the SOC pool in the mining subsidence area decreased greatly by from −7725 to
3735 tonnes km−2 compared with the non-mining scenario. The SOC stored at the periphery of
the subsidence area at higher elevations was severely decreased, whereas the SOC stored in the
waterlogged wetland areas at low elevations increased.
Compared with non-mining areas, the changes in the SOC density in the subsidence area due to
coal mining was between −7725 and 95 tonnes km−2 , where this represented the largest proportion,
covering 25.07 km2 and accounting for 59.45% of the total subsidence area. The areas affected generally
comprised non-waterlogged subsidence farmland and seasonally waterlogged farmland. The SOC
storage decreased by 48,477 tonnes due to coal mining in the non-waterlogged subsidence farmland
and 5726 tonnes in the seasonally waterlogged subsidence farmland area (Table 2).
The areas with changes in the SOC density of −7725 tonnes km−2 comprised mining-industrial land
and water bodies where 5.7928 tonnes SOC stored in farmland lost in this process caused by mining.
The portion of the subsidence area with an SOC density change between 95 and 3736 tonnes km−2
accounted for 19.07% of the whole subsidence area (8.04 km2 ). These areas was basically waterlogged
wetland areas. In these areas, compared with the areas that were not affected by coal mining, the SOC
storage increased by 9249 tonnes influenced by coal mining (Figure 7).
The SOC density and storage decreased in some areas, but increased in others. However, two types
of areas had little SOC density changes: (1) areas where the SOC density remained unchanged under
both situations (with and without the influence of coal mining) after cultivation for dozens of years as
farmland; and (2) residential land and natural water bodies in the subsidence area.
Based on these results, compared with non-coal mining conditions, the total SOC storage was
reduced by 102,882 tonnes due to coal mining over the whole coal-mining subsidence area.
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Figure 7. Comparison diagram of SOC density of the SOC pool in the mining subsidence area under
coal mining and non-coal mining conditions.
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Table 2. Evaluation of the effects of coal mining on the SOC pool in the mining subsidence area. Units: tonnes.
Seasonally
Waterlogged
Farmland

Waterlogged
Wetland

Water Bodies
Created by
Mining

142,728

58,929

54,014

38,517

19,411

94,251
−48,477
−33.96

53,203
−5726
−9.72

63,263
9249
17.12

0
−38,517
−100.00

0
−19,411
−100.00

Non-Waterlogged
Farmland
Non-mining
condition
Mining condition
Carbon effect
Carbon effect (%)

Natural
Water
Bodies

Whole Mining
Subsidence
Area

0

0

313,599

0
0
-

0
0
-

210,717
−102,882
−32.81

Mining-Industrial Residential
Land
Land
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4. Discussion
4.1. Geostatistical Analysis on the Spatial Variability of SOC in the Mining Subsidence Area
According to kriging interpolation theory, C0 is the nugget variance and the mean random error
is the variation jointly caused by experimental error, fertilization, crop variation, management level,
and other random factors at a small sampling scale [39,45]. The large nugget variance indicates that
processes at a small scale cannot be ignored. In Jiuli Mining Subsidence Area, The nugget values (C0 )
for the SOC content and soil bulk were both small (Table 1), which indicates that the spatial variations in
the SOC and soil bulk density caused by experimental error, fertilization, crop variation, management
level, and other random factors at a small sampling scale were minimal at a regional scale.
C represents the structural variance and the mean system attribute or maximum spatial variation
of a regional variable, where this variation is caused by the soil parent material, terrain, climate, and
other structural factors [39,45]. The climate in the subsidence area remained unchanged before and after
coal mining, so the spatial variability in the SOC content and soil bulk was basically caused by mining
subsidence, subsidence waterlogging, and other structural factors due to coal mining. C + C0 is the sill
variance (the stationary value of the semivariance function after the interval increases progressively to
a certain degree) and it represents the total variation in the system. C/(C0 + C) represents the degree of
spatial correlation (the proportion of spatial variation caused by structural factors in the total system
variation). The spatial correlation is poor when the specific value is less than 0.25, moderate when the
specific value is between 0.25 and 0.75, and good when the specific value is greater than 0.75.
In the study area, the C/(C0 + C) values of the SOC content and soil bulk were both greater than
0.75 (Table 1), which indicates that the spatial correlation in the SOC and soil bulk density mainly
caused by the structural factors, such as mining, subsidence waterlogging, and other structural factors
due to coal mining at a regional scale.
4.2. Reason for SOC Density Decrease in the Non-Waterlogged Subsidence Farmland and Seasonally
Waterlogged Subsidence Farmland
SOC density decreased sharply in the non-waterlogged subsidence farmland area and the
seasonally waterlogged farmland area, and the SOC density distribution was uneven, which may be
ascribed to some reasons. First, the SOC erosion losses were more severe in the upslope areas when
the surface subsidence caused by mining is unstable. After the surface subsidence caused by mining
stabilizes, the slopes formed by coal-mining subsidence will continue to exist for a long time and the
SOC losses due to soil erosion will be sustained [13]. Moreover, the topographic changes caused by
underground mining subsidence, such as the slope gradient, length, and aspect, were the key factors
that affected soil erosion, where this erosion was most severe in marginal subsidence basins [46],
and this is consistent with our results (Figure 7).
Second, vegetation has obvious effects on soil and water conservation [47]. In non-waterlogged
subsidence farmland areas and seasonally waterlogged farmland areas, when the surface subsidence
caused by mining is unstable, soil respiration was enhanced in the subsidence area and even more CO2
was emitted [48]. After the surface subsidence caused by mining stabilized, root growth by vegetation
and the carbon dioxide fixation capacity were severely inhibited, thereby aggravating soil erosion and
carbon mineralization [15,49].
Furthermore, the seasonal waterlogging of farmland destroyed the soil microbial community,
changed the physical and chemical properties of soil, and inhibited root nutrient uptake to reduce the
formation of SOM (SOC) [4].
4.3. Reason for SOC Density Decrease in Mining-Industrial Land and Water Bodies Created by Mining
In the study area the land use change from farmland into mining-industrial land and water
bodies created by mining decreased the SOC storage (Table 1). These areas were farmland before
mining and the SOC density was also 7725 tonnes km−2 , and gradually changed into mining-industrial
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land and water bodies after coal mining for many years. Some SOC was still present in a few grassy
areas scattered over the mining-industrial landscape, which were designed to create environmentally
friendly surroundings. However, the vast majority of the mining-industrial land was covered by
buildings and cement-hardened ground, and thus the farmland in these regions was generally lost.
Therefore, the SOC stored in the grassy areas can be ignored compared with the SOC lost from farmland
after the conversion from farmland to mining-industrial land. Therefore, the SOC density in the
mining-industrial land was treated as 0 tonnes km−2 .
The results showed that the conversion of farmland into built-up land and water bodies caused
losses from the SOC pool, which is in agreement with significantly decreased stored SOC caused
by coal mining in land use with substantial reductions of farmland and woodland [23,24]. All of
the farmland and woodland areas were converted into mining-industrial areas and the open pit at
Pingshuo Opencast Mine from 1976 to 2009, which increased the loss of SOC to 250,966.72 tonnes [50].
Changes in land use such as the conversion of farmland, grassland, and woodland into industrial and
mining land greatly disrupt the SOC pool and lead to carbon losses [51,52].
4.4. Reason for SOC Density Increase in the Waterlogged Wetland Area
SOC storage increased due to the land use change from farmland into waterlogged wetland area
in the study area caused by mining subsidence. In the waterlogged wetland area, the increased SOC
was derived partly from higher elevations in the non-waterlogged subsidence farmland area and
the seasonally waterlogged subsidence farmland area due to soil erosion. Moreover, although large
quantities of CH4 would be produced, wetland could be more beneficial for SOC accumulation
because of its high carbon fixation capacity [53]. Moisture is a key factor that affected SOC
decomposition in wetlands [54]. Due to the perennially waterlogged conditions in these areas,
decomposition by aerobic microorganisms and enzymes can be suppressed, thereby inhibiting
decomposition, but humification was enhanced under anaerobic conditions, which was conducive to
SOC accumulation [55]. The wetlands formed by mining subsidence have existed for a relatively short
time, which may affect the accumulation of SOC, which resulted in a little rise of the SOC density in
the waterlogged wetland areas.
4.5. SOC Density Changes in the Whole Mining Subsidence Area
The results showed that SOC stored in farmland was reduced by 102,883 tonnes due to coal mining
throughout the whole coal-mining subsidence area. Therefore, the effect of underground coal mining
on the regional SOC pool of farmland is a carbon loss process. Although the SOC pool decreased in
others’ studies at an experimental plot scale (Table 3), our study area was a typical underground mining
area. In this area, the SOC storage decreased sharply in non-waterlogged subsidence farmland and
seasonally waterlogged subsidence farmland, but increased remarkably in waterlogged wetland areas.
In addition, among all the lost SOC of farmland in the study area, 48,679 tonnes (47.3%) was
contributed to land-use change and the remaining 54,204 tonnes (53.7%) was ascribed to soil degradation
and the erosion, which indicates that the land use change, soil degradation and the erosion almost
make an equal contribution toward the carbon lost process in the study area. Similar findings were not
obtained in other studies at an experimental plot scale.
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Table 3. Comparative analysis of the results obtained in previous studies.
Researchers

Study Area

Agus et al. [56]

PT. Berau Coal,
Indonesia

Beyhany et al. [57]

Midwestern and
Appalachian coalfields
of the U.S.

Shrestha & Lal [4]

Mining area of eastern
Ohio, U.S.

Mining Mode

SOC Pool Change

Reasons

Opencast

Before mining:
28.5 Mg C ha−1
After mining:
4.3 Mg C ha−1 ;
Carbon loss

Vegetation and topsoil removed due to mining. SOC content
decreased because of the loss of soil nutrients from the topsoil.

Opencast mining

Before mining:
210 Mg C ha−1
After mining:
130 Mg C ha−1 ;
Carbon loss

Vegetation destroyed and abundance of soil microbes reduced
due to mining. The SOC content decreased because of the
decline in the capacity to decompose litter and release soil
nutrients.

Opencast mining

Before mining:
11–29 Mg C ha−1
After mining:
1.2–2.5 Mg C ha−1 ;
Carbon loss

Mining led to the depletion of soil organic matter (SOM),
increased oxidation, dilution of SOC via horizon mixing,
accelerated erosion, and little or no SOC inputs from primary
production during mining and the initial years of reclamation.
When surface subsidence caused by mining was unstable, the
SOC losses from the upslope area were more severe due to
soil erosion, and although the SOC pool had no carbon
complement, soil respiration still continues and CO2 was
emitted. After the surface subsidence caused by mining
stabilized, SOC on the subsidence slope ran off to low-lying
areas from higher areas in the mining subsidence basin due to
soil erosion.

Xu et al. [58]

Jiuli Mining Area of
Xuzhou City, China

Underground
mining

Before mining:
560.3 tonnes C
After mining:
530.9 tonnes C;
Carbon loss

Cheng et al. [48]

Jiaozuo Mining Area of
Henan, China

Underground
mining

Decreased by
20.8–47.3
tonnes C ha−1 ;
Carbon loss

Some ground fissures were created by underground mining.
SOC from higher areas ran off into both low-lying areas and
the ground fissures, thereby decreasing the SOC content in
the topsoil.

Underground
mining

Before mining:
443.53 Pg C
After mining:
272.68 Pg C;Carbon loss

The change in SOC was associated with land use change due
to underground mining. SOC was lost to the water bodies
created by mining. SOC from woodland and farmland was
reduced because of ground fissures, mining subsidence, and
destruction of the soil structure due to mining activity.

Hou et al. [59]

Chacheng Mining Area
of Xuzhou City, China
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4.6. Applicability of the Models
SOC density spatial prediction model (the partition kriging method) suitable for coal mining
subsidence areas was proposed in this study, and the model can guarantee a certain prediction accuracy
(k = 0.737 and R2 = 0.77, RMSE = 0.31) in this study. The partition kriging method takes into account the
spatial non-stationarity and the spatial autocorrelation of residuals, which will improve the prediction
accuracy [60]. Therefore the accuracy of this method is higher than that of the ordinary kriging method.
Moreover, the main factors that mediate the effects of coal mining on the regional SOC pool include
soil erosion, soil degradation, and land use change [15,48,49,53,61]. These factors were considered in the
method for evaluating the effect of coal mining on soil regional SOC storage in farmland soil (Equations
(1) and (2)). Therefore, this evaluation method proposed in this study have general implications.
The outcomes of this study cannot be applied to all mines because the specific numerical values for
the factors mentioned above are different, and differences in land-use changes before and after mining
will vary for coal mines. However, the main conclusion of this study may be of great importance for
developing guidelines to evaluate the effects of coal mining on the regional SOC pool in mines located
in the eastern plain of China (such as Huabei, Huainan, and Yanzhou mines), which are similar in
climate, terrain, and soil conditions to the mine considered in the present study.
5. Conclusions
In the mining subsidence area, the spatial correlation in the SOC content was mainly caused
by structural factors at a regional scale. These factors comprise mining subsidence, subsidence
waterlogging, and other structural factors due to coal mining. The SOC density spatial prediction
model suitable for coal mining subsidence areas was proposed in this study, and the model can
guarantee a certain prediction accuracy. Based on the proposed model, the effects of underground coal
mining on the regional SOC pool in farmland in the Jiuli Mining Area were also investigated, it was
founded that the effect of underground coal mining on the regional SOC pool of farmland is a carbon
loss process. SOC storage in farmland soil decreased sharply in non-waterlogged subsidence farmland
and seasonally waterlogged subsidence farmland in the areas with mining, whereas the SOC storage
increased in waterlogged wetland after coal mining. Land-use changes, soil degradation and erosion
contributed almost equally to the carbon loss process in the study area.
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