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ABSTRACT
Determining an optimal sample size is a key step in designing field surveys, and is particularly important for detecting the
spatial pattern of highly variable properties such as soil organic carbon (SOC). Based on 550 soil sampling points in the nearsurface layer (0 to 20 cm) in a representative region of northern China's agro-pastoral ecotone, we studied effects of four in‐
terpolation methods such as ordinary kriging (OK), universal kriging (UK), inverse distance weighting (IDW) and radial ba‐
sis function (RBF) and random subsampling (50, 100, 200, 300, 400, and 500) on the prediction accuracy of SOC estimation.
When the Shannon's Diversity Index (SHDI) and Shannon's Evenness Index (SHEI) was 2.01 and 0.67, the OK method ap‐
peared to be a superior method, which had the smallest root mean square error (RMSE) and the mean error (ME) nearest to
zero. On the contrary, the UK method performed poorly for the interpolation of SOC in the present study. The sample size of
200 had the most accurate prediction; 50 sampling points produced the worst prediction accuracy. Thus, we used 200 sam‐
ples to estimate the study area's soil organic carbon density (SOCD) by the OK method. The total SOC storage to a depth of
20 cm in the study area was 117.94 Mt, and its mean SOCD was 2.40 kg/m2. The SOCD kg/(C ⋅ m2) of different land use
types were in the following order: woodland (3.29) > grassland (2.35) > cropland (2.19) > sandy land (1.55).
Keywords: soil organic carbon; sample size; geostatistics; kriging; prediction accuracy
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Introduction

The increase of atmospheric carbon dioxide (CO2)
is exacerbating global warming and increasing the fre‐
quency of extreme temperatures, which have aroused
widespread concern (Neff et al., 2002; Lal, 2004;
Bradford et al., 2007). Researchers predict that the
global average temperature will increase by 1.5 °C to
5.8 ° C during the present century (Houghton et al.,
2001). However, the effects of CO2 emission could be
greatly mitigated by soil carbon sequestration because

the soil organic carbon (SOC) pool is 2.5 to 3 times
the size of the vegetation and atmospheric carbon
pools in global terrestrial ecosystems (Houghton,
1988; Lal, 2008). Thus, even a slight decrease in SOC
pools could significantly increase the atmospheric
CO2 concentration, which in turn will exacerbate glob‐
al climate change (Were et al., 2015). Therefore, SOC
is a major factor in the carbon balance of terrestrial
ecosystems, and the estimation of regional SOC is im‐
portant for understanding the effect of changes in the
SOC pool on a region's carbon sequestration poten‐
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tial. However, the soil organic carbon stock (SOCD)
shows high variation among locations because the soil
is a non-uniform continuum; thus, it is necessary to
find an accurate but feasible method to estimate re‐
gional SOCD.
At present, geostatistical methods are widely used
to evaluate the regional SOCD, as this approach pro‐
vides reasonably accurate predictions for locations
that were not sampled based on data from sample
points distributed throughout a study area (Sandeep,
2015; Reza et al., 2016; Rozpondek, 2016; Shit et al.,
2016; Tao et al., 2018). For example, kriging is an ad‐
vanced geostatistical interpolation procedure that gen‐
erates an estimated spatial distribution from a scat‐
tered set of measured samples (Khalil et al., 2013). In
terms of SOC kriging, the most common methods are
ordinary kriging, simple kriging, and universal krig‐
ing. The choice of an interpolation method has a ma‐
jor impact on the accuracy of interpolation results
(Zhu and Lin, 2010). Thus, there have been many
studies that compared different interpolation methods,
mainly including ordinary kriging (OK), universal
kriging (UK), inverse distance weighting (IDW), and
radial basis function (RBF) (Zare et al., 2011; Yasrebi
et al., 2012; Bhunia et al., 2016; Zhao et al., 2016).
However, due to inconsistent principles for different
interpolation methods and different landscape of
study areas, comparison results on the accuracy of dif‐
ferent interpolation methods differ greatly. This high
degree of uncertainty makes it difficult to obtain de‐
tailed regional-level estimates of SOC storage. This
requires choosing a suitable interpolation method to
obtain the most accurate possible estimates of SOC.
The sample size is also a critical factor in deter‐
mining the interpolation accuracy (Schloeder et al.,
2001), and a strong soil sampling design is required to
provide good data that will be used for interpolation.
In general, interpolation accuracy increases with in‐
creasing sample size for a given area, but the costs
(time and labor) increase rapidly with increasing sam‐
ple size both for the field sampling and for subsequent
laboratory analyses (Yu et al., 2011). Thus, it is impor‐
tant to accurately estimate SOCD using as few sam‐
ples as possible. For this reason, many researchers
have studied the effect of sampling densities on the
spatial variability of SOC estimates (McBratney,
1983; Heim et al., 2009; Steffens et al., 2009). This
variation is often detected using a semi-variogram,
which describe the spatial autocorrelation between
pairs of sampling sites.
Some studies have compared different sampling
schemes at small regional scales. For example, the
root-mean-square error (RMSE) is widely used to
measure changes in the accuracy of the kriging meth‐
od as a function of sample size, and on this basis, two
studies in a 0.44 km2 area found that 40 sample sites
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was the optimal sample size (Wang et al., 2015;
2017). In contrast, Webster and Oliver (1992) report‐
ed that the variogram they calculated with data from
fewer than 50 sites was almost meaningless, and that
at least 100 samples were required to provide accurate
predictions for large field studies with isotropic corre‐
lations between values of a soil property at adjacent
sites. For a normal distribution of isotropic variables,
the variogram calculated from 150 samples may al‐
most meet the accuracy requirements of most re‐
search, and the semi-variogram derived from 225 sam‐
pling points usually fully satisfies the accuracy re‐
quirements. Boivin and Gascuel-Odoux (1994) ex‐
tracted statistical features of the semi-variogram func‐
tion estimates from 562 gridded samples distributed
over 288 ha, and explored the statistical characteris‐
tics of the semi-variograms for different sample sizes.
They found that 200 samples was the most economi‐
cally reasonable sample size, whereas Kerry and Oli‐
ver (2007) reported that 50 samples would be ade‐
quate as long as there was sufficient spacing between
samples. In a 5 km2 micro-catchment in southeastern
India, 114 soil samples were obtained and re-grouped
into 20 levels with different sampling densities; com‐
paring the estimated SOCD among densities showed
no significant differences in SOCD among different
sampling densities (Sahrawat et al., 2008). Similar
studies have been conducted using various sample siz‐
es to determine the SOCD estimation accuracy
(Bourennane et al., 2000; Mueller, 2003; Don et al.,
2007). However, the findings were difficult to extend
to other areas because the study area was too small.
Therefore, how to design an effective sampling
scheme for accurate estimation of SOCD while using
a small enough sample size for the study to be feasi‐
ble at a regional scale remains an important question.
Northern China's agro-pastoral ecotone is a typical
ecologically fragile semi-arid zone that has undergone
severe desertification, mainly due to a combination of
inadequate precipitation, a dry climate (high rates of
evaporation), and strong winds. Furthermore, a rapid
increase in the number of people and livestock in this
region since 1960 have led to intensive cultivation over
large areas, in addition to overgrazing and excessive
harvesting of forests to provide firewood (Li et al.,
2007). The combination of these factors has led to se‐
vere deterioration of the ecological environment. The
fragile ecological environment in this region also
makes it more sensitive to global warming, which is a
significant problem because SOC plays an important
role in mitigating climate change. Therefore, choosing
an optimal sampling scheme to accurately estimate
SOCD in this region is an important research goal.
We hypothesized that it would be possible to de‐
termine an optimal sample size for description of the
regional distribution of SOCD by analyzing the varia‐
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tion within a large dataset of field samples. The main
objectives of the present study were therefore to com‐
pare the spatial variability of SOCD using different in‐
terpolation methods (OK, UK, IDW and RBF), and to
determine the optimal sampling scheme at a regional
scale for the study area.
2
2.1

Materials and Methods
Study area

Our study area is a representative part of north‐
ern China's agro-pastoral ecotone, which plays an im‐
portant role as an ecological barrier in the central
and eastern regions of China. The study area in‐
cludes five counties: from south to north, they are
Aohan, Wengniute, Balinyou, Balinzuo, and Ar
Horqin (Figure 1b). From April to August 2017, our
research group obtained soil samples at 550 sam‐
pling points distributed throughout the study area
(Figure 1a), which covers an area of 49, 201 km2
(Table 1). The native vegetation before the popula‐
tion boom and widespread expansion of agriculture
and grazing was a grassland with lush vegetation and
sparse trees, and due to abundant water, it was domi‐
nated by a wide variety of grass species (Zhou et al.,
2008). However, the vegetation in most of the study
area has become seriously degraded by unsustain‐
able human activities from the 1950s to the 1970s,
primarily deforestation, excessive use of groundwa‐
ter, and excessive reclamation of the grassland for
agriculture (Li et al., 2007). Most of the natural vege‐
tation has been replaced by plants capable of surviv‐
ing in degraded sandy soils (i. e., psammophytes).
The region includes a wide variety of landscape
types due to the large variation in environmental and
land use characteristics, combined with extensive
restoration and management practices in the past
several decades to combat widespread desertification
(Figure 1a).
This area belongs to a temperate continental
semi-arid monsoonal climate (Li et al., 2004), with
an average annual temperature of 5.40 °C to 6.80 °C.
Table 1

The monthly average maximum and minimum tem‐
peratures are 24.30 °C (July) and −12.60 °C (January).
The average annual precipitation ranges from 343 mm
to 451 mm, with 70% to 80% of the total precipitation
falling from June to August, but there is no spatial gra‐
dient in precipitation. The annual potential evaporation
is about 1,935 mm, which is much higher than the aver‐
age annual precipitation. The annual mean wind speed
is 3.5 to 4.5 m/s, with the maximum wind speed reach‐
ing 19 to 31 m/s from March to May (Wang et al.,
2004). The zonal soils are mainly a chestnut cinnamon
soil, a chestnut soil, and a chernozem. Much of the ar‐
ea where desertification has occurred is now dominat‐
ed by aeolian sandy soil due to the influence of the on‐
going desertification (Wang et al., 2011).

Figure 1 Locations of the study area and sampling sites. The
study area is located in northeastern China, and it belongs to
China's northern agro-pastoral ecotone. (a) Location of the
550 field sampling sites and land use patterns in the study
area in 2015. The land use dataset was interpreted from
Landsat 8 images at a scale of 1:100,000. (b) The study
area includes five counties: Aohan, Wengniute,
Balinyou, Balinzuo, and Ar Horqin

The area of each county in the study area and the corresponding sample size

County

Area (km2)

Proportion of total area

Sample size (No. of sites)

Sample proportion

Ar Horqin

12,762

25.94%

139

25.27%

Balinzuo

6,460

13.13%

63

11.45%

Balinyou

9,826

19.97%

108

19.64%

Wengniute

11,861

24.11%

125

22.73%

Aohan

8,289

16.85%

115

20.91%

Total

49,201

100.00%

550

100.00%
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2.2

Experimental design

We obtained soil samples to a depth of 20 cm at
550 sites in the study area from April to August 2017,
using a 10m×10m plot at each sampling site. We re‐
corded the position of each sampling point with a por‐
table GPS receiver. The samples were collected at 15
randomly selected sampling points within each plot
using a soil auger (2.5 cm in diameter). The compos‐
ite soil sample for each site was obtained by mixing
the 15 samples evenly. We selected an additional
three sampling points (replicates) in each sampling
plot to determine the soil bulk density using a soil au‐
ger equipped with a stainless steel cylinder (100 cm3
in volume) to obtain intact soil cores. To study the in‐
fluence of different interpolation methods and ran‐
dom subsampling (number of sites) on the SOC esti‐
mation, we randomly selected 50 samples as the vali‐
dation dataset with Subset Features tool in Geostatis‐
tical Analyst of ArcGIS 10.3 for desktop software

Figure 2

2.3

203

(http://www. esri. com). The remaining 500 samples
were randomly divided into groups with different sam‐
ple sizes (500, 400, 300, 200, 100, and 50 samples) for
use in the spatial interpolation (Figure 2). We first com‐
pared the prediction accuracy of different sample siz‐
es with different interpolation methods, including or‐
dinary kriging (OK), universal kriging (UK), inverse
distance weighting (IDW) and radial basis function
(RBF) using cross-validation, thus determining a suit‐
able interpolation method for the present study. Fur‐
thermore, to obtain an optimal sampling density, we
adopted the selected interpolation method to compare
the prediction accuracy of different sample sizes by
means of combining independent validation and crossvalidation. Also, since landscape heterogeneity in the
study area would affect choosing the optimal sample
size, we used software Fragstats 3.3 to calculate Shan‐
non's Diversity Index (SHDI) and Shannon's Even‐
ness Index (SHEI) in the study area, and the corre‐
sponding values were 2.01 and 0.67, respectively.

Locations of soil sampling sites with random subsamples ranging in size from 50 to 500 sites. A total of 50 randomly
selected sites were used for independent validation of the results with these subsamples

Laboratory analyses
The collected soil samples were air-dried at room

temperature, then passed through a 2 mm mesh to re‐
move roots and other debris. We then ground a por‐
tion of each soil sample to pass through a 0.25 mm
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mesh before determination of the SOC concentra‐
tion. It would have been prohibitively difficult to col‐
lect a full sample at a location where the sampler en‐
countered an obstacle (e. g., a stone) larger than the
sampler's diameter (2.5 cm). We therefore chose a
new sampling location where we encountered coarse
fragments smaller than the sampler diameter; in prac‐
tice, we obtained only 30 composite samples (5.5%
of the total of 550 samples) in which the coarse frag‐
ments (> 2 mm) could not be ignored. The SOC con‐
tent was determined using the Walkley-Black dichro‐
mate oxidation procedure (Nelson et al., 1996),
which is widely used because it is simple and rapid
and has both acceptable accuracy and minimal equip‐
ment requirements (Nelson and Sommers, 1982). A
subsample of the air-dried soil was weighed and
dried at 105 °C for 24 h to determine the gravimetric
water content so that the SOC data could be ex‐
pressed on a dry-weight basis. The bulk density
(BD) was determined from soil cores obtained using
a soil auger equipped with a stainless steel cylinder
that was 4.2 cm in length by 5.5 cm in diameter
(Blake and Hartge, 1986).
2.4

SOC calculation

The SOCD (kg/m2) to a depth of 20 cm was esti‐
mated as follows:
SOCD = 0.01 × SOC × BD × D × (1 - S )

(1)

where SOC is the SOC concentration (g/kg), BD is soil
bulk density (g/cm3), D is thickness of the layer (20 cm
in our study), S is the proportion of the volume occu‐
pied by coarse fragments (Cools and De Vos, 2010),
and 0.01 represents a unit conversion factor.
Likewise, the SOC storage (Mt) could be estimat‐
ed from SOCD and the corresponding area (km2):
SOC storage =

2.5

SOCS × Area
10 12

(2)

Geostatistical methods

The semi-variogram is a key geostatistical func‐
tion for studying soil variability. It is a continuous
function that depicts the spatial autocorrelation
among measured sample points. The semi-variogram
is defined as follows:
2
1
E [ z (x) - z ( x + h ) ]
(3)
2
where E is the statistical expectation, and z(x) and
z(x+h) represent the paired data values being com‐
pared over a lag distance of h (Webster and Oliver,
2007). Once each pair of locations is plotted, this
model can be fit through them. There are certain char‐
acteristics that are commonly used to describe these

r (h) =

models, of which the main ones are range, sill, and
nugget. A variable is considered to have a strong spa‐
tial dependence if the nugget/sill ratio is less than
25% and has a moderate spatial dependence if the ra‐
tio is between 25% and 75%; otherwise, the variable
has a weak spatial dependence (Cambardella, 1994).
2.6

Evaluation of prediction accuracy

We used cross-validation and independent valida‐
tion to compare the performances of different predic‐
tive modeling procedures. These methods of accuracy
assessment have been successfully used to compare
different interpolation techniques in central Hailun
County of northeastern China (Zhao et al., 2016), the
Paschim Medinipur district of India's West Bengal
province (Bhunia et al., 2016), and the Black Sea
backward region of Turkey (Göl et al., 2017). For
cross-validation, the trend and autocorrelation models
are usually estimated by using all of the data. This ap‐
proach removes each data location, one at a time, and
predicts the associated data value using the remaining
data (i. e., "leave-one-out validation") (Fathian et al.,
2015). In a sense, cross-validation "cheats" slightly by
using all of the data to estimate the trend and autocor‐
relation models. After completing the cross-valida‐
tion, some data locations may be set aside as unusual,
thereby requiring the trend and autocorrelation mod‐
els to be refit. Thus, we adopted independent valida‐
tion to make up for the lack of cross-validation. Inde‐
pendent validation first removes part of the data (the
test dataset) and then uses the rest of the data (the
training dataset) to develop the trend and autocorrela‐
tion models that will be used for prediction, so that
the predictions can be compared with the test dataset.
In our study, the test dataset comprised the 50 sam‐
ples that were randomly extracted before interpola‐
tion, and the remaining 500 samples represented the
training dataset for kriging interpolation.
To evaluate the predictive ability of different sam‐
ple sizes with different interpolation methods, we used
the mean error (ME) and the root-mean-square error
(RMSE). However, the sizes of ME and RMSE depend
on the sample size. Thus, we used the mean standard‐
ized error (MSE) and the root-mean-square standard‐
ized error (RMSSE) to compare the prediction accura‐
cy with different sample sizes. The formulas for calcu‐
lating these statistical indicators are as follows:

∑

n

ME =

∑

n

MSE =

i=1

i=1

é Z∧ ( x ) - Z ( x )ù
i
i
ë
û
n

é Z∧ ( x ) - Z ( x )ù
i
i
ë
û
n

(4)

∧

σ ( xi )

(5)
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∑

n

RMSE =

∑

n

RMSSE =

i=1

{

i=1

é Z∧ ( x ) - Z ( x )ù
i
i
ë
û
n

é Z∧ ( x ) - Z ( x )ù
i
i
ë
û
n

2

(6)

}

∧

σ ( xi )

2

(7)

∧

where n represents the sample size, Z (x i) and Z ( x i )
represent the predicted and measured values of sam‐
∧

ple i at location x, respectively, and σ (x i) represents
the standard error of the prediction.
3

Results

3.1

Descriptive statistics
Table 2 shows the descriptive statistics for the

Table 2

SOCD, BD, and stoniness values. The SOCD for the
overall study area ranged from 0.05 to 11.24 kg/m2,
with a mean of 2.24 kg/m2; the BD ranged from 0.78
to 1.63 g/cm3, with a mean of 1.31 g/cm3. From these
descriptive statistics (Table 3), the coefficient of varia‐
tion (CV) for SOCD for the overall study area was
66.0%, but ranged from 57.8% to 66.7%. The CV was
relatively high, probably due to the high heterogene‐
ity of the land use patterns (Figure 1c), soil types, and
other factors. With increasing sample size, the mini‐
mum SOCD value decreased and the maximum value
increased. In addition, the datasets for all sample sizes
were not normally distributed based on the large
skewness and kurtosis values. The data were therefore
logarithmically converted before interpolation. The
dataset with a sample size of 200 had the highest CV
(66.7%), with the lowest CV (57.8%) for a sample
size of 100.

Descriptive statistics for soil organic carbon density (SOCD), bulk density (BD) and stoniness. N represents the sample size

Parameter

N

Range

Minimum

Maximum

Mean

Standard deviation

SOCD (kg/m2)

550

11.18

0.05

11.24

2.24

1.48

BD (g/cm )

550

0.85

0.78

1.63

1.31

0.14

Stoniness (vol%)

30

6.53

0.19

6.72

1.97

1.32

3

Table 3

Descriptive statistics for soil organic carbon density (SOCD) to a depth of 20 cm under different
sampling sizes. CV, coefficient of variation

Sample size

Minimum

Maximum

Mean (kg/m2)

SD

Skewness

Kurtosis

CV

50

0.44

7.41

2.41

1.46

1.36

1.83

60.79%

100

0.44

7.41

2.37

1.37

1.18

1.13

57.84%

200

0.11

10.12

2.38

1.58

1.70

4.12

66.68%

300

0.11

10.12

2.35

1.54

1.56

3.52

65.37%

400

0.05

10.12

2.29

1.49

1.45

3.15

65.27%

500

0.05

10.12

2.21

1.43

1.56

3.72

64.60%

550

0.05

11.24

2.24

1.48

1.82

5.54

66.00%

Quantitative expression and analysis of the spatial
variability of soil properties are the bases for using
geostatistics to predict the spatial distribution of
SOCD in a study area. When the number of samples
changes, the amount of information carried by the
sample changes simultaneously. Table 4 shows the
semi-variogram parameters for the SOCD model for
each sample size. The best-fit models were all expo‐
nential. When the sample size is less than 300, the
SOCD of 0 − 10 cm showed stronger spatial depen‐
dence than that of 10−20 cm. Especially in the 0−10
cm soil layer, the SOCD with sample size of 100 had
a strong spatial dependence because their nugget/sill
ratio were less than 25%. Moreover, in the 10−20 cm
soil layer, the SOCD with sample sizes of 300, 400
and 500 showed strong spatial dependence. The maxi‐

mum nugget/sill ratio (74.05%) appeared in the 10 −
20 cm soil layer with the sample size of 50. For
SOCD in the layer of 0 − 20 cm, the minimum and
maximum nuggets were 0.04 and 0.11 when the num‐
ber of samples were 500 and 400, respectively. The
nugget/sill ratio ranged from 13% for 500 samples to
38% for 100 samples, and the SOCD calculated with
sample sizes of 200 and 500 had a strong spatial de‐
pendence. The SOCD with sample sizes of 50, 100,
300, and 400 had moderate spatial dependence be‐
cause their nugget/sill ratios was between 25% and
75%. As the number of samples increased, the range
of the datasets gradually became smaller. The maxi‐
mum range was 60.46 km when the sample size was
100, and the minimum range was 13.72 km when the
sample size was 500.
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Table 4

Semi-variance parameters of soil organic carbon density (SOCD) in different soil layers under different sample sizes

Soil layer (cm)

0−10

10−20

0−20

3.2

Sample size

Nugget

Partial sill

Sill

Nugget/sill ratio

Range (km)

50

0.08

0.20

0.28

29.24%

64.81

100

0.01

0.24

0.24

2.12%

42.38

200

0.09

0.24

0.34

27.96%

27.96

300

0.22

0.25

0.46

47.18%

74.44

400

0.19

0.18

0.37

51.16%

14.14

500

0.08

0.28

0.36

21.83%

12.86

50

0.17

0.06

0.22

74.05%

165.91

100

0.17

0.08

0.25

68.12%

34.98

200

0.15

0.28

0.43

34.49%

77.15

300

0.08

0.24

0.32

24.34%

16.32

400

0.08

0.28

0.36

21.54%

13.49

500

0.02

0.31

0.34

7.12%

14.01

50

0.07

0.13

0.20

33.00%

56.33

100

0.08

0.14

0.22

38.00%

60.46

200

0.07

0.23

0.31

24.00%

32.08

300

0.10

0.19

0.29

34.00%

17.11

400

0.11

0.22

0.33

34.00%

14.14

500

0.04

0.27

0.31

13.00%

13.72

Comparison of different sample sizes with
different interpolation methods

We used cross-validation to calculate the ME and
RMSE. Figure 3 shows the ME and RMSE values for
SOCD at different sample sizes using different inter‐
polation methods. With increasing sample size, both
ME and RMSE for ordinary kriging (OK), inverse dis‐
tance weighting (IDW) and radial basis function
(RBF) exhibited a similar trend, where ME fluctuated
around zero and RMSE ranged from 1.0 to 1.2. How‐
ever, ME and RMSE under universal kriging (UK)
fluctuated unstably, with an obvious peak value ap‐
peared in 300 sampling points, and its ME and RMSE
were lager than corresponding values generated by
the abovementioned interpolation methods. Overall,
the OK method appeared to be the most accurate
method, which had the smallest RMSE and the ME
nearest to zero. On the contrary, the UK method per‐
formed poorly for the interpolation of SOC in the
present study.
3.3

Comparison of efficiencies and errors of
subsamples for SOC prediction

After determining the most accurate interpolation
method, we compared MSE and ME of different sam‐
ple sizes with the OK interpolation method. Figure 4

shows the ME and MSE values for SOCD at different
sample sizes. The best model is the one that has the
MSE and ME nearest to zero. With increasing sample
size, both ME and MSE initially decreased, reaching
a minimum at a sample size of 200, and then in‐
creased. The absolute value of ME decreased in the
following order: 50 samples > 100 samples > 400
samples > 500 samples > 200 samples > 300 samples.
The absolute value of MSE decreased in the follow‐
ing order: 500 samples > 50 samples > 400 samples >
300 samples > 200 samples > 100 samples. When the
number of samples was 50, the prediction accuracy
was very poor.
We used the test dataset of SOCD with 50 inde‐
pendent samples to generate the RMSE by means of
independent validation, and generated the RMSSE by
means of cross-validation (Figure 5). In general, the
optimal model is the one that has the smallest RMSE
and the RMSSE nearest to 1. The RMSE decreased
initially with decreasing sample size, to a minimum at
a sample size of 200; thereafter, it increased slightly.
In contrast, RMSSE increased initially with increas‐
ing sample size, coming nearest to 1 at a sample size
of 200. These results suggest that 200 was the optimal
sample size, which is consistent with the ME and
MSE validation results. This sample size can there‐
fore produce the best accuracy with the smallest cost
and amount of labor for our study area.
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Figure 3
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The mean error and root-mean-square error (RMSE) for SOC spatial distribution under different sampling sizes using
different interpolation methods, including ordinary kriging (OK), universal kriging (UK), inverse distance
weighting (IDW) and radial basis function (RBF). The dashed red line in (a) indicates y = 0

The measured SOCD was significantly correlat‐
ed with predicted value, interpolated by the OK
method with different sample sizes (Figure 6). The
kriging interpolated SOCD was most closely corre‐
lated with actual measurements when the sample
size was 200 (R2 = 0.724, slope = 0.891, P< 0.001).
The R2 and slope were lowest when the sample size
is less than 200 (R2 = 0.409 for 50 samples and
slope = 0.612 for 100 samples). These results sug‐
gest that 200 is the optimal sample size, 50 and 100
could not meet the accuracy requirements of SOCD
interpolation, which is consistent with validation
results.
Figure 4 The mean standardized error (MSE) and mean error
(ME) for SOCD in comparison with the test (validation)
dataset at different sample sizes. Negative values mean that
the predicted value underestimated the actual value

Figure 5 The root-mean-square error (RMSE) and root mean
square standardized error (RMSSE) for SOCD compared with
the test (validation) dataset at different sample sizes

3.4

Spatial distribution of SOCD

We used ordinary kriging interpolation to test
the influence of sample size on the spatial distribu‐
tion of SOCD in our study area (Figure 5). As ex‐
pected, the level of detail increased with increasing
sample size, allowing the interpolation to better de‐
scribe the variation in SOCD. However, all five sam‐
ple sizes revealed the same overall trend, with
SOCD decreasing from north to south and reaching
a minimum near the center-south part of the study
area, and then increasing again. The sites with the
highest SOCD were mainly located at the northern
edge of the study area, which had the highest vegeta‐
tion cover by woodland (Figure 1c). There was also
a relatively high concentration located in the north‐
ern areas where there was a large area of grassland.
However, SOCD was lowest in the central and
southern region, which had the greatest coverage by
degraded or desertified sandy land. Another area
with obviously low SOCD was distributed in the
southern part of the study area, where cropland ac‐
counted for a large proportion of the land cover. The
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spatial distributions of SOCD were most similar
when the sample size was greater than or equal to
200. This indicated that the actual spatial distribu‐
tion of SOCD could still be displayed reasonably ac‐
curately using only 200 samples. In contrast, inter‐

Figure 6

polation based on the two smallest sample sizes
could not accurately express some details. There‐
fore, based on the results in Figure 7, 200 sampling
points appears to be a suitable choice for predicting
the spatial variation of SOCD.

The relationship between measured and predicted soil organic carbon density (SOCD). The validation
dataset was used to test the reliability of kriging-based SOCD estimates, which interpolated by
different sample sizes (50, 100, 200, 300, 400 and 500)
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Figure 7
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Spatial distribution of soil organic carbon density (SOCD) at different sample sizes using
ordinary kriging interpolation

SOCD and SOC storage in different counties

Figure 8 compares mean SOCD results based on
different sample sizes for each of the five counties in
the study area. The SOCD changed most when the
sample size was less than 300, especially in Ar Horq‐
in and Balinzuo counties, but the SOCD tended to sta‐
bilize when the sample size was greater than or equal
to 300. In Balinzuo County, the SOCD decreased
strongly as the sample size increased from 50 to 100,
and then increased continuously. However, we also
observed increasing trends as the sample size in‐
creased from 50 to 200 in Ar Horqin and Balinyou
counties. The SOCD in Balinyou was closest to the

average SOCD for the entire study area. As the sam‐
ple size increased, the SOCD showed little change in
Wengniute and Aohan counties. Thus, changes in sam‐
ple size had the greatest impact on the predicted re‐
sults in Ar Horqin and Balinzuo counties. The SOCD
for the total study area was relatively independent of
the sample size, largely because this value represents
the average for the five counties, and averaging con‐
ceals the differences among the counties.
We found that a sample size of 200 sites generat‐
ed the most accurate predictions. Thus, we estimated
the SOC of the five counties at this sample size
based on interpolation results (Table 5). The total
SOC storage in the study area was 117.94 Mt, and its
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mean SOCD was 2.40 kg/m2.The mean SOCD (kg/m2)
was ranked in the following order: Balinzuo (3.29±
1.32) > Ar Horqin (3.21±1.04) > Balinyou (2.41±
0.91) > Aohan (1.61±0.41) > Wengniute (1.57±0.73).

Figure 8

Table 5

However, the largest storage was 41.02 Mt in Ar
Horqin County, and the lowest storage was 13.35 Mt
in Aohan. This resulted from the different areas of
the counties.

The mean soil organic carbon density (SOCD) to a depth of 20 cm at different sample sizes for the five
counties in the study area and for the study area as a whole

The soil organic carbon density (SOCD) and storage to a depth of 20 cm for the five counties in the study area. Min and
Max represent minimum and maximum densities, and SD is the Standard Deviation

County

Area (km2)

Minimum

Maximum

Mean (kg/m2)

SD

Storage (Mt)

Ar Horqin

12,762

1.24

7.70

3.21

1.04

41.02

Balinzuo

6,460

1.31

7.61

3.29

1.32

21.28

Balinyou

9,829

0.92

7.09

2.41

0.91

23.70

Wengniute

11,861

0.19

4.76

1.57

0.73

18.59

Aohan

8,289

0.65

3.01

1.61

0.41

13.35

4

Discussion

4.1

The spatial dependence for different sample
sizes

In general, a variable is considered to have a
strong spatial dependence if the nugget/sill ratio is
less than 25% and moderate spatial dependence if
the ratio is between 25% and 75%; otherwise, the
variable has a weak spatial dependence (Cambardel‐
la, 1994). In our research, the nugget/sill ratio ranged
from 13% to 38% (Table 4), and the SOCD with

both 200 and 500 samples exhibited a strong spatial
dependence, with nugget/sill ratios of 24% and 13%,
respectively. The SOCD based on sample sizes of
50, 100, 300, and 400 had moderate spatial depen‐
dence, with a nugget/sill ratio that ranged from 33%
to 38%. These nugget/sill ratios were close to those
for SOC in the state of Pennsylvania, United States
(38%) (Kumar et al., 2012), Changbai Mountain Nat‐
ural Reserve in northeastern China (23.8%) (Yuan et
al., 2013), and Beichuan County in northwestern
China (28.8%) (Mai et al., 2105). However, the nug‐
get/sill ratio was much higher than the value (0.2%)
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in a small watershed in a hilly area of Northern Chi‐
na (Gao et al., 2013). Differences in the sample size,
geomorphology, topography, vegetation cover, land
use, and climate can likely explain these differences
(Yang et al., 2013).
4.2
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tained in previous research using other interpola‐
tion methods, including a radial basis function, in‐
verse distance weighting, local polynomial interpo‐
lation, and empirical Bayesian kriging (Bhunia et
al., 2016).

The effects of interpolation methods and
sample size on accuracy of SOCD estimates

Many studies have shown that the OK method has
better prediction accuracy for SOCD estimates than
other interpolation methods (Zare et al., 2011; Yasrebi
et al., 2012; Bhunia et al., 2016; Zhao et al., 2016),
which is consistent with our results. However, in a
representative county of the hilly Red soil region in
southern China, Zhang et al. (2015) applied two inter‐
polation methods of ordinary kriging (OK) and krig‐
ing combined with land use information (LUK) to pre‐
dict spatial distribution of SOCD, and the results dem‐
onstrated that the OK method is not very suitable to
predict SOC spatial variability. The interpolation
method is sensitive to the prediction accuracy of
SOCD estimates, and efficient interpolation method
would contribute to obtain high-precision SOC distri‐
bution information.
The prediction accuracies varied greatly among
sampling densities, and the effects of sample size dif‐
fered among the regions. In some regions, the SOCD
prediction error decreased with increasing sampling
density (Heim et al., 2009; Steffens et al., 2009),
whereas the prediction accuracy was not improved in
other regions (Li et al., 2007; Sahrawat et al., 2008;
Sun et al., 2012). It is generally believed that predic‐
tion accuracy will be more sensitive to sampling den‐
sity in areas of complex terrain than in areas with sim‐
ple terrain (Yu et al., 2011). Figure 9 shows that our
study area has complex terrain, with an elevation that
ranged from 257 m to 1, 958 m, with the elevation
gradually increasing from east to west. This topo‐
graphic variation explains why the prediction accura‐
cy of SOCD differs greatly between counties in re‐
sponse to changes in sample density.
The RMSE for SOCD was lowest with 200 sam‐
ples (1.54 kg/m2) using ordinary kriging, with a sim‐
ilarly small ME (0.07 kg/m2), but the ME was small‐
est with 300 samples ( − 0.06 kg/m2). Both RMSE
and ME were smaller than the prediction errors pro‐
duced by means of a geographically weighted re‐
gression approach (RMSE = 6.40 kg/m2 and ME =
− 0.11 kg/m2) (Mishra et al., 2010), and they were
also lower than previous prediction errors (RMSE =
2.68 g/kg and ME = −0.11 g/kg) when the sampling
density was 1 sample per 8 km 2 and interpolation
used ordinary kriging (Sun et al., 2012). In addi‐
tion, the RMSE of SOCD generated by means of or‐
dinary kriging (0.11%) was smaller than values ob‐

Figure 9

Topography (elevation) of the study area
in Northern China

When predicting SOCD and heavy metal contents,
the prediction accuracy tends to decrease as the sam‐
ple size decreases (Liu et al., 2006; Simbahan and Do‐
bermann, 2006; Chen et al., 2009). Overall, our re‐
sults confirmed this trend, but with a difference: the
prediction accuracy was highest with 200 sampling
points, and decreased thereafter. Although we did not
account for sampling costs in our analysis, a sampling
scheme based on this sample size may represent a
good balance between accuracy and the sampling cost
and effort. Previous results by Boivin and GascuelOdoux (1994) agreed with our results. Other research‐
ers found that the RMSE of the predicted SOCD stock
to a depth of 30 cm decreased with sample size in‐
creasing from 50 to 200 for ordinary kriging (Simbah‐
an and Dobermann, 2006). This is also consistent
with the trend for SOCD to a depth of 20 cm in the
present study.
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The predicted SOCD changed most when the sam‐
ple size increased from 50 to 300, but the SOCD tend‐
ed to remain stable when the sample size was greater
than or equal to 300. Hence, changes in the interpolat‐
ed SOCD are more sensitive to datasets with a smaller
number of samples. Therefore, when using ordinary
kriging for SOCD prediction, we predict that SOCD
will change most at small sample sizes, and that
SOCD will stabilize when the number of sampling
points is large enough. However, additional field re‐
search will be required to confirm this hypothesis.
4.3

The effects of sample size on spatial distri‐
bution of SOCD

In terms of the spatial distribution of SOCD, the
ability to reveal details generally decreases with de‐
creasing sampling density (Liao et al., 2009; Zhang et
al., 2015). Our results confirm this: the sample with
500 points provided the most detailed expression of
the spatial distribution of SOCD, whereas sample siz‐
es of 50 and 100 did not accurately reflect the distribu‐
tion of SOCD. However, 200 sampling points present‐
ed a satisfactory expression of the spatial distribution
of SOCD. Thus, this sample size may be adequate in
future research in the agro-pastoral ecotone of north‐
ern China if the research is supported by providing
sufficient funding.
4.4

The effects of land use and cover on
SOCD in different counties
Though climate is one of the major factors that
Table 6
County

5

affect SOCD, we ignored climatic factors in the pres‐
ent study because all five counties in the study area
had a similar continental semi-arid monsoonal cli‐
mate (Li et al., 2004). Land use and cover type is
widely considered to affect SOC (Wilson et al., 2011;
Wiesmeier et al., 2012). Table 6 summarizes the pro‐
portions of the total area in each land use and cover
type category in the five counties. Balinzuo had the
largest woodland proportion (36.2%), whereas the
sandy area was largest in Wengniute County, account‐
ing for 19.7% of the county area, the SOCD of wood‐
land in Balinzuo was 3.93 kg/m2, and the SOCD of
sandy area Wengniute County was 0.86 kg/m2 (Table
7). These differences of land use proportion explain
why Balinzuo and Wengniute had the highest and low‐
est SOCD, its corresponding values was 3.29 kg/m2
and 1.57 kg/m2, respectively (Table 5). For total
study area in the present study, the SOCD (kg/(C⋅m2))
to a depth of 20 cm was in the following order: wood‐
land (3.29) > grassland (2.35) > cropland (2.19) > san‐
dy land (1.55) (Table 7), woodland and grassland
tend to store more SOC than cropland due to the
large amounts of aboveground biomass and abundant
roots in woodland and grassland, which promote ac‐
cumulation of soil organic matter (Xue and Zhang,
2013). For cropland, the relatively low SOCD was
mainly due to the removal of plant residues during
harvesting, which could significantly reduce the in‐
put of organic matter (Wiesmeier et al., 2013). The
severe wind erosion removed amounts of organic
matter input, which is in the form of litter and fine
particles, leading to the lowest SOCD in sandy land
(Li and Shao, 2014).

The proportions of the main land use and cover types in each county
Proportion of total area
Cropland

Woodland

Grassland

Sandy land

Ar Horqin

24.10%

19.32%

41.75%

7.52%

Balinzuo

30.62%

36.19%

28.86%

0.75%

Balinyou

14.29%

16.00%

54.93%

8.08%

Wengniute

24.07%

9.36%

40.07%

19.66%

Aohan

47.36%

16.47%

27.09%

1.83%

Conclusions

Our study area includes a wide variety of land‐
scape types (SHDI = 2.01 and SHEI = 0.67), and our
results suggest that the ordinary kriging approach is a
promising method for regional-scale prediction of
SOCD. In addition, the accuracy of SOCD prediction
was greatly influenced by the sample size in our study
area in the agro-pastoral ecotone of northern China.

The results of cross-validation and independent vali‐
dation shows that the sampling size of 200 provided
the most accurate prediction of SOCD, with RMSE =
1.54 kg/m2 and ME = 0.07 kg/m2, whereas the small‐
est sample size (50) provided the worst prediction ac‐
curacy. Based on the size of our study area, the opti‐
mal average sampling density of 200 points is the
equivalent of 0.004 points per km2 (about 1 point per
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246 km2). In terms of the spatial distribution of
SOCD, the ability to reveal detailed patterns increas‐
es with increasing sample size, but the sample size
Table 7

of 200 appears to represent an acceptable compro‐
mise between sampling resolution and cost (money
and labor).

The soil organic carbon density (SOCD) and storage to a depth of 20 cm among different land use types for
each county and total study area

County

Ar Horqin

Balinzuo

Balinyou

Wengniute

Aohan

Total study area

Land use/cover

Area (km2)

SOCD (kg/(C·m2))

SOC storage (Mt·C)

Cropland

3,117

2.79 ± 0.74

8.70

Woodland

2,471

4.21 ± 1.13

10.41

Grassland

5,310

3.09 ± 0.91

16.43

Sandy land

937

2.91 ± 0.71

2.72

Cropland

2,018

2.70 ± 0.85

5.45

Woodland

2,317

3.93 ± 1.40

9.11

Grassland

1,877

3.18 ± 1.24

5.97

Sandy land

47

1.82 ± 0.33

0.09

Cropland

1,376

2.41 ± 0.66

3.32

Woodland

1,594

3.08 ± 1.20

4.92

Grassland

5,348

2.28 ± 0.82

12.22

Sandy land

792

2.04 ± 0.54

1.62

Cropland

2,805

1.88 ± 0.52

5.26

Woodland

1,086

2.00 ± 0.65

2.17

Grassland

4,719

1.61 ± 0.76

7.58

Sandy land

2,354

0.86 ± 0.39

2.03

Cropland

3,926

1.59 ± 0.37

6.26

Woodland

1,333

1.70 ± 0.42

2.27

Grassland

2,263

1.61 ± 0.44

3.65

Sandy land

147

1.06 ± 0.22

0.16

Cropland

13,247

2.19 ± 0.80

29.02

Woodland

8,822

3.29 ± 1.48

29.02

Grassland

19,537

2.35 ± 1.07

45.94

Sandy land

4,279

1.55 ± 0.99

6.61

The predicted SOCD varied drastically among
sample sizes, but tended to stabilize when the sample
size was greater than or equal to 300. The mean
SOCD varied among the counties in response to dif‐
ferences in their topography and their land use and
cover types.
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