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Abstract: The main aim of this paper was to calculate soil organic carbon stock (SOCS) with consideration of the pedogenetic horizons 

using expert knowledge and GIS-based methods in northeastern China. A novel prediction process was presented and was referred to as 

model-then-calculate with respect to the variable thicknesses of soil horizons (MCV). The model-then-calculate with fixed-thickness 

(MCF), soil profile statistics (SPS), pedological professional knowledge-based (PKB) and vegetation type-based (Veg) methods were 

carried out for comparison. With respect to the similar pedological information, nine common layers from topsoil to bedrock were 

grouped in the MCV. Validation results suggested that the MCV method generated better performance than the other methods consid-

ered. For the comparison of polygon based approaches, the Veg method generated better accuracy than both SPS and PKB, as limited 

soil data were incorporated. Additional prediction of the pedogenetic horizons within MCV benefitted the regional SOCS estimation and 

provided information for future soil classification and understanding of soil functions. The intermediate product, that is, horizon thick-

ness maps were fluctuant enough and reflected many details in space. The linear mixed model indicated that mean annual air tempera-

ture (MAAT) was the most important predictor for the SOCS simulation. The minimal residual of the linear mixed models was achieved 

in the vegetation type-based model, whereas the maximal residual was fitted in the soil type-based model. About 95% of SOCS could be 

found in Argosols, Cambosols and Isohumosols. The largest SOCS was found in the croplands with vegetation of Triticum aestivum L., 

Sorghum bicolor (L.) Moench, Glycine max (L.) Merr., Zea mays L. and Setaria italica (L.) P. Beauv. 
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1  Introduction 

Small changes in soil organic carbon stocks (SOCS) 
might have considerable potential to increase atmos-
pheric carbon dioxide (CO2) concentrations and then 
influence the global climate. SOCS can be influenced by 
various abiotic and biotic environmental variables, such 
as topography, soil types and vegetation types (Jenny, 
1941), and hence it varies spatially because of the 

changing environmental parameters (Kosmas et al., 
2000). Consequently, the main challenge in quantifying 
the temporal change in soil C pools at regional scales is 
how to accurately predict the spatial pattern of SOCS. 

Numerous methods for prediction of SOCS have been 
presented focusing on different pedological and statisti-
cal assumptions. There are two kinds of SOCS mapping 
techniques concerning the pedotransfer rules and pe-
dogenic information, such as soil types, land cover and 
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other easily accessible environmental variables. One 
method is based on the assumption that soil variation is 
homogeneous within soil types or landscape units, such 
as the professional knowledge-based method (PKB) 
(Zhang et al., 2008), which depends on the SOC density 
of soil type maps as well as the land unit method (Ottoy 
et al., 2015). Because of the large variability in soil, the 
landscape-based approaches would be efficient only if 
detailed soil maps and soil profiles were collected. The 
other method is a regular grid-based method using dis-
cretized real-world soil variation, in which the value of 
each cell represents the soil properties. This spatial in-
terpolation paradigm can involve different spatial pre-
diction methods, such as multivariate regression models, 
data mining and machine learning techniques. This 
method is usually used in practice, as the soil maps in 
terms of raster grids can reflect the continuous variation 
in detail and are easily integrated with other terrestrial 
models. 

From the pedogenesis and soil classification perspec-
tive, a detailed soil survey should be conducted regard-
ing the soil genetic horizons because the chemical and 
physical attributes might differ from the layers above 
and below the horizon of interest (Parras-Alcántara et 
al., 2015). This point has been widely accepted by most 
pedologists (Ahrens et al., 2003). Most soil taxonomy 
criteria involve soil morphology and laboratory tests to 
group similar soil pedons. As the horizons are generally 
parallel to the soil crust, the vertical sequence of soil 
could well be represented by several horizons. However, 
soil classification based on the diagnostic horizons 
could mask the soil continuum, particularly on the bor-
der of soil type polygons (Ließ et al., 2012). While spa-
tial soil information is difficult to obtain because of the 
variable thicknesses of soil horizons, several spline al-
gorithms have been proposed to fit a curve for a soil 
profile, so that a mean soil property value can be de-
rived for the same depth increment. Emerging evidence 
has indicated that SOCS could be better computed by 
pedogenetic horizon-based methods than fixed-thickness 
approaches at the plot scale (Parras-Alcántara et al., 
2015). Several attempts have been made to predict soil 
horizons (Chaplot et al., 2010; Ließ et al., 2012). Little 
attention has been paid to the quantitative comparison of 
SOCS estimation based on the entire soil profile consid-
ering pedogenetic horizons and fixed-thicknesses with 
preset depth increments. 

Whether we need the depth function for each loca-
tion, which might have a similar vertical distribution 
pattern within one soil map unit, depends on the hetero-
geneity of the soil-scape resulting from various anthro-
pogenic and natural soil-forming processes. The discrete 
calculation of SOCS based on soil horizons can be eas-
ily implemented, when compared with sophisticated 3D 
modeling techniques (Kempen et al., 2011; Liu et al., 
2013; Lacoste et al., 2014) and time-consuming predic-
tion with small intervals (Aitkenhead and Coull, 2016). 
In general, the model-then-calculate (MC) method has 
been widely used. Here, the ′model′ represents the spa-
tial prediction of soil properties for different layers, i.e., 
soil organic carbon (SOC) concentration, bulk density 
(BD) and the proportion of rock fragments (Dorji et al., 
2014). The ′calculate′ indicates the calculation of SOCS 
at each point by summing the SOC density of individual 
soil layers (Were et al., 2015). To date, only the 
fixed-thickness method (MCF) with the same depth in-
terval for each layer has been widely used within this 
framework. 

The objectives of this study were: i) to design a feasi-
ble SOCS estimation workflow based on pedogenetic 
horizons with variable thicknesses within the 
model-then-calculate framework (MCV); ii) to evaluate 
the mapping performance of MCF, MCV and other 
GIS-based methods under the assumption of homoge-
neous soil variation, including soil profile statistics 
(SPS), pedological professional knowledge-based 
(PKB) and vegetation type-based (Veg) methods (Zhi et 
al., 2014); and iii) to investigate the random effects as-
sociated with categorical predictors. 

2  Materials and Methods 

2.1  Study area and soil sampling 
The study area is located in the northeastern part of 
China and consists of Liaoning, Jilin and Heilongjiang 
provinces from south to north, extending from 38°43′N 
to 53°33′N and 118°50′E to 135°05′E (Fig. 1). The 
landscape is composed of plains and mountains. The 
altitude of this area varies between 0 and 2615 m a.s.l. 
The study area is controlled by a temperate, semi-humid 
continental monsoon climate. The annual precipitation 
ranges from 372 to 1504 mm, and the mean annual 

temperature ranges from −8℃ to 11℃. The study area 

covers about 8.08 × 105 km2, 43.42% and 38.06% of 
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which are forests and croplands, respectively. 
The field survey of Chinese soil series was conducted 

from July 2009 to September 2012; 453 locations were 
sampled, 18 of which (red rectangles in Fig. 1) were 
based on transect sampling and 435 of which were 
based on stratified random sampling (de Gruijter et al., 
2006) considering the pedogenic predictors (i.e., geol-
ogy, land cover and soil type). Soil profiles were dug to 
the depth of 1 m or to bedrock; composite samples were 
collected for each soil horizon. 

The core ring sampler was used for bulk density (BD) 
determination. The SOC concentration and BD were 
analyzed by using the Walkley-Black wet oxidation 
method (Nelson and Sommers, 1982) and the core 
method (Blake, 1965), respectively. The SOC stock 
(SOCS, kg/m2) was calculated by summing the SOC 
density of different soil layers: 

1

1
100

n
i

i i i
i

Gr
SOCS SOC BD T



      
 

     (1) 

where n is the number of soil horizons, and SOCi, BDi, 
Gri and Ti denote the SOC concentration (g/kg), BD 

(g/cm3), volume percentage of gravel (%) and thickness 
(m) of horizon i, respectively. A legacy soil texture map 
was used for the volume percentage of gravel. A 
log-transformation was carried out if skewness of the 
targeted variable was higher than 1 according to the rule 
of thumb presented in Webster and Oliver (2001). 

2.2  Environmental variable 
Nineteen environmental variables were chosen that were 
related to soil-forming factors (Dorji et al., 2014; La-
coste et al., 2014; Aitkenhead and Coull, 2016). Terrain 
attributes were derived from Shuttle Radar Topographi-
cal Mission Digital Elevation Model (SRTM DEM), 
including elevation, slope, aspect, solar radiation, plan 
curvature (PlaCur), profile curvature (ProCur), vertical 
distance to channel network (DistoChann), relative 
slope position (SlpPosit), modified topographic wetness 
index (TWI) (Boehner et al., 2002), multi-resolution 
index of valley bottom flatness (MRVBF) and multi- 
resolution index of the ridge top flatness (MRRTF) 
(Gallant and Dowling, 2003). The cosine function was 
performed to transform aspect to the range from −1 to 1  

 

Fig. 1  Location of the study area and sampling sites draped over a hillshade 
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indicating the degrees of north (Cos(Aspect) for short). 
Topographic wetness index (TWI) was derived from the 
modified catchment area calculation algorithm consid-
ering the flow width. 

Geological, land cover and vegetation maps were 
provided by the National Science & Technology Infra-
structure of China, National Earth System Science Data 
Sharing Infrastructure (http://www.geodata.cn). Soil 
type maps based on Chinese Soil Taxonomy (CST) were 
obtained from the Institute of Soil Science Chinese 
Academy of Sciences. Climate data included mean an-
nual air temperature (MAAT), mean annual precipitation 
(MAP) and accumulated annual air temperature higher 

than 0℃(AAT0) (CMA, 2011). The normalized differ-

ence vegetation index (NDVI) was calculated by Land-
sat 7 at 30-m spatial resolution in 2010 (http://landsat. 
gsfc.nasa.gov). 

Predictors were resampled to 90-m spatial resolution 
and normalized. Stepwise regression based on the 
Akaike Information Criterion (AIC) was adopted to se-
lect the best predictor sets for different prediction mod-
els. Since the predictors used for each model (SOC and 
BD prediction for each depth) were different, we did not 
list them all. Interested readers can refer to Section 3.4 
for frequently used predictors. 

2.3  MCV method 
Regarding the variable thicknesses of soil horizons, the 
model-then-calculate algorithm was improved for the 
SOCS estimation. Four main steps were as follows: 

(1) The horizon thickness data were prepared. It was 
assumed that soil horizons vary continuously in space 
(Fig. 2). Based on the description of soil layers in the 
field using the Chinese Soil Taxonomy specification, the 
soil continuum was categorized for specific pedons (Ta-
ble 1). Nine common layers from topsoil to bedrock 
were grouped according to similar pedological informa-
tion obtained in this study. To model the spatial distribu-
tion of the soil continuum, the missing layer thickness of 
a site, that is, a potential layer to adjacent sites, was set 
to a very small value (0.00001), and related soil proper-
ties were set to the minimum observed values. However, 
inconsistent with the classification of horizons (Table 1), 
some complex horizons might be found within the same 
location, e.g., the cambic horizon (Bw) and the illuvic 
horizon (Bt1). In this case, the latter layer should be 
moved to the next category, i.e., Bt1 should be trans-
ferred to the B-II category. A detailed description of the 
soil horizons was referred to the Chinese Soil Taxonomy 
(Cooperative Research Group on Chinese Soil Taxon-
omy, 2001).  

 
Table 1  Classification of soil horizons with similar hierarchy in vertical sequence 

Layer Soil horizons Definition 

A-I A1, Ap1, Ap11, O1 A horizon coupled with plow disturbance, humic epipedons, and epipedons contain organic soil materials, etc. 

A-II 2ABhr, 2AC, 2Ah, 2Ahb, AB1, 
AC1, AE, Ah1, Ap12, Ap2, Au, 
O2 

A horizon, heterogeneous A horizon, organic epipedons, humic epipedons, anthorpic epipedons, hydragric horizon, 
cumulic epipedons, AC transition horizon, epipedons containing additional horizon characteristics or features, by 
suffixes p, h, b or u, and transition horizons containing dominantly one horizon characteristics but also containing 
another horizon attributes 

A-III 2A, 2AB, 2ABhw1, 2Ah, 2Ahb, 
AB2, AC2, Ah2, O3 

A horizon, heterogeneous A horizon, organic epipedons, humic epipedons, anthorpic epipedons, hydragric horizon, 
cumulic epipedons, AB transition horizon, and lower layers of epipedons which may contain additional features of B 
or C horizons 

B-I B1, 2Ah1, 2B1, 2Bt, 3Ahb, Bb, 
Be1, Bhn, Bk1, Bn, Br1, Bs1, 
Bt1, Bw1 

B horizon, heterogeneous B horizon, cambic horizon, plinthic horizon, carbonate horizon, claying horizon, salic 
horizon, subsurface accumulation of clay, Fe, Al, Si, humus, CaCO3, and so on. In this section, more transition 
attributes transferred from upper horizons can be observed 

B-II 2B, 2Bt, 3AB, 2Ah2, 3Bt, B2, 
B2C, Ba, Bab, BC1, Be2, Bk2, 
Br2, Bs2, Bt2, Bw2 

B horizon, cambic horizon, plinthic horizon, carbonate horizon, claying horizon, salic horizon, BC transition hori-
zon, and obvious accumulation of clay, Fe, Al, Si, humus, CaCO3, and so on 

B-III 2BC, BC2, Bgr1, Bq1, Br3, Bt3, 
Bw3 

B horizon, cambic horizon, plinthic horizon, carbonate horizon, claying horizon, salic horizon, BC transition hori-
zon, and more attributes of transition horizons that will appear i.e., like BC 

C-I C1, Cg1, Cr1 C horizon, gleyic features, and hydragric horizon 

C-II 2C, C2, Cg2, Cr2 Paralithic contact, C horizon, gleyic features, and hydragric horizon 

R R Bedrock 
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Fig. 2  Illustration of spatial variation of pedogenetic horizons 
with respect to soil continuum. Four soil profiles (p1, p2, p3 and 
p4) were used; the horizons were described according to the Chi-
nese Soil Taxonomy 

 
(2) The spatial distribution of horizon thicknesses and 

soil properties were predicted by the random forest (RF) 
approach. This is an up-to-date ensemble approach that 
can explore the relationships between predictors and the 
soil property of interest (Breiman et al., 1984). Note that 
the values of soil properties were field observed rather 
than modeled by the spline function used in the MCF 
method. 

(3) The predicted results were back-transformed on 
the log-scale by exponentiation. The back-transformed 
prediction obtained was the median of the distribution, 
as a log-normal distribution for the prediction was as-
sumed. 

(4) The SOCS for each point was aggregated by 
summing the SOC density for each layer. Because un-
certainty will be introduced by random errors and the 
prediction process, the total thickness might be different 
from 1 m. Hence a restricted coefficient (RC) of total 
horizon thickness was proposed as follows: 

1

ˆ1
n

i
i

RC T


   (2) 

where n is the number of soil horizons, and îT  denotes 

the predicted thickness (m) of horizon i. The value of 
RC for one soil is a constant. Then the SOCS calculation 
is then updated as follows: 
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A linear mixed model was used to investigate the 
fixed effects related to the categorical predictors (i.e., 
geology, land cover, vegetation and soil types) and the 
random effects related to the correlated variation of the 
properties (Bapat, 2012). The observed SOC density up 
to 100 cm depth was used as the targeted variable and 
eight predictors were selected. As all the predictors were 
scaled, the more extreme a regression coefficient of 
variables is, either positive or negative, the stronger it 
will be affected by the random effect. 

2.4  Other estimation methods 
MCF: The vertical distribution of SOC and BD was fit-
ted by the equal-area quadratic splines (Bishop et al., 
1999). SOC and BD were spatially modeled using fixed 
depth (Dorji et al., 2014). Six fixed depths were em-
ployed using GlobalSoilMap specifications (0–5 cm, 
5–15 cm, 15–30 cm, 30–60 cm and 60–100 cm) (http:// 
www.globalsoilmap.net).  

Soil profile statistics (SPS) method: The SOC density 
was calculated for each sampling plot and then the mean 
value was set to the overlapping polygons of soil type 
and county boundary. The SOCS in each unit was cal-
culated by multiplying the SOC density by area. This 
means that the SOCS of all soil types was the aggrega-
tion of all SOCS in different units (Zhi et al., 2014). 

Pedological professional knowledge-based (PKB) 
method: Similar to the SPS method, mean SOC density 
within one unit was set to overlapping polygons of soil 
type, county boundary and soil parent materials (Zhi et 
al., 2014). 

Vegetation type-based (Veg) method: Mean SOC 
density values were summarized within one vegetation 
type. The SOCS was calculated by multiplying the mean 
values by the corresponding areas, and then the SOCS 
within each polygon was aggregated as the total C stock. 

2.5  Cross validation 
Leave one out cross validation (LOOCV) and hold-out 
validation (2-fold cross validation) were performed us-
ing three indices: mean error (ME), root mean squared 
errors (RMSE) and Lin′s concordance correlation coeffi-
cient (ρc) (Lin, 1989). As the prediction procedures of 
the five methods were significantly disparate, LOOCV 
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was performed for MCF and MCV using 453 stratified 
sampling points (Section 2.2), and hold-out validation 
was conducted for all five methods using 18 transect 
sampling points. Lin's concordance correlation can be 
calculated as follows: 

 22 2

2 xy
c

x y

S

S S x y
 

  
 (4) 

where  
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  1
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n
xy i in i

S x x y y


   . Here x  and y  are the 

means for values x (observed) and y (estimated), respec-
tively, n denotes the number of validation points, and xi 
and yi are the observed and estimated values at location 
i, respectively. Lin′s concordance correlation coefficient 
varies from –1 to 1, in which the complete agreement 
between all paired sites is represented by 1. 

3  Results 

3.1  Validation of SOCS 
The validation and distribution of the total SOCS esti-
mations are given in Table 2 and Fig. 3, respectively. 
Both the cross validation and hold-out validation indi-
cated that MCV generally outperformed the other 
methods. The exception was the ρc of MCF (0.14) that 
was larger than for MCV based on cross validation. The 
smaller RMSE value of MCV compared with MCF in-
dicated that MCV might produce a similar or better ac-
curacy than that of MCF. For the comparison of poly-
gon-based approaches, the Veg method was more accu-
rate than both the SPS and PKB methods. It was sug-
gested that the use of soil type-based information was 
not advantageous, when limited soil data were incorpo-
rated. However, it is noted that the mean errors of MCV 
illustrated an obvious underestimation of SOCS. 

The difference between maps generated by the two 
assumptions was apparent (Figs. 3a and 3b versus 3c, 3d 
and 3e), where the maps generated with MCF and MCV 
showed more consistent spatial patterns than those gen-
erated with SPS, PKB and Veg. As expected, the two 
maps estimated by MCF and MCV presented a reason-
able prediction with respect to the terrain topography, 
which in turn affected the land cover and climate (Fig. 
3). The variation in SOCS generated by MCF was very 
similar to that of MCV, especially in the northern and 

Table 2  Performance comparison of soil organic carbon stock 
(SOCS) estimation based on cross validation and hold-out valida-
tion 

Method Validation ME (kg/m2) RMSE (kg/m2) ρc 

MCF Cross validation –4.62 17.28 0.14 

MCV Cross validation –2.95 15.25 0.11 

MCF Independent validation –5.43 17.80 0.09 

MCV Independent validation –6.31 16.14 0.29 

SPS Independent validation –0.49 23.14 –0.04 

PKB Independent validation 4.54 20.88 –0.01 

Veg Independent validation –0.82 19.51 –0.13 

Notes: MCF, model-then-calculate using fixed-thickness; MCV, model-then- 
calculate using variable-thicknesses; SPS, soil profile statistics; PKB, pe-
dological professional knowledge-based; Veg, vegetation type-based method; 
ME, mean error; RMSE, root mean squared error; ρc, Lin’s concordance corre-
lation coefficient 

 
eastern parts of the study area. When comparing the 
differences between the predictions (Fig. 3f), it was 
shown that 61% of SOCS values estimated by MCV were 
smaller than the estimates by MCF. About 88% of the 
absolute difference between SPS and PKB was smaller 
than 2 and 80% was with the same values (Fig. 3g). 

3.2  Prediction of soil properties  
Generally, the values of soil properties generated by the 
MCV method had the same or better accuracy than those 
generated by MCF (Table 3 and Table 4). The ME val-
ues of SOC and BD were moderately smaller than zero 
indicating an underestimation. It was suggested that the 
prediction of SOC and BD using the machine learning 
technique (i.e., random forest) was not always equiva-
lent to those generated by an unbiased estimator (i.e., 
ordinary least square). The highest values of ρc for SOC 
were obtained with the MCV method (0.45), and MCF 
produced better values for BD than MCV (0.39 versus 
0.37). The prediction performance of both MCF and 
MCV methods decreased with increasing soil depth. 

Horizon thickness maps generated by random forest 
models were fluctuant and reflected many details in 
space (Fig. 4). Note that there was somewhat thickness 
randomness described during field survey. As can be 
seen from Fig. 4 and Table 3, the horizon thicknesses 
generated were moderately accurate, concurring with 
previous studies (Vanwalleghem et al., 2010; Crouvi et 
al., 2013). The complex spatial variation was ascribed to 
the distinctive geographical features of the study area, 
including high-relief mountains, different ecosystems 
and geographic locations. From a qualitative viewpoint, 
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Fig. 3  Spatial variation in the soil organic carbon stock (SOCS) generated by MCF (a), MCV (b), SPS (c), PKB (d) and Veg (e), and 
the differences between predictions obtained with MCF and MCV (MCF–MCV) (f) and SPS and PKB (SPS–PKB) (g). MCF, 
model-then-calculate using fixed-thickness; MCV, model-then-calculate using variable-thicknesses; SPS, soil profile statistics; PKB, 
pedological professional knowledge-based; Veg, vegetation type-based method 
 
Table 3  Cross validation for soil organic carbon (SOC) concentration and bulk density (BD) prediction using MCV method 

Thickness (m) SOC (g/kg) BD (g/cm3) 
Horizon 

ME RMSE ρc ME RMSE ρc ME RMSE ρc 

A–I 0.0024 0.09 0.36 –6.110 30.73 0.45 –0.044 0.29 0.37 

A–II 0.0018 0.14 0.16 –5.410 37.67 0.42 –0.036 0.27 0.31 

A–III 0.0012 0.11 0.17 –5.310 26.18 0.12 –0.079 0.37 0.22 

B–I 0.0017 0.15 0.18 –4.140 21.37 0.24 –0.260 0.69 0.17 

B–II –0.0012 0.16 0.09 –0.710 3.78 0.01 –0.088 0.45 0.11 

B–III 0.0009 0.08 0.16 –0.035 0.51 0.14 –0.006 0.12 –0.15 

C–I 0.0045 0.16 0.29 –0.051 0.91 0.09 0.350 0.26 0.24 

C–II 0.0014 0.09 0.14 0.063 0.84 0.14 1.990 0.60 0.07 

R 0.0027 0.11 0.29 – – – – – – 

Notes: the definition of horizons is given in Table 1 
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Table 4  Cross validation for SOC concentration and BD prediction using the MCF method 

SOC (g/kg) BD (g/cm3) 
Depth (cm) 

ME RMSE ρc 
 

ME RMSE ρc 

0–5 –4.67 29.36 0.41  –0.0002 0.29 0.39 

5–15 –5.99 31.61 0.38  –0.0016 0.31 0.25 

15–30 –5.48 30.74 0.32  –0.0012 0.27 0.27 

30–60 –5.55 41.73 0.016  –0.0062 0.26 0.37 

60–100 –4.77 25.59 0.036  –0.0051 0.42 0.28 

 

Fig. 4  Distribution of the predicted thickness of each pedogenetic horizon: A–I (a), A–II (b), A–III (c), B–I (d), B–II (e), B–III (f), C–I 
(g), C–II (h) and R (i) 

 
the maps showed diverse macro-patterns even over the 
same soil type. The surface and subsurface horizons 
were highly variable on the plains, and the bedrock 
thicknesses were varied on the mountainous areas. 

The spatial distribution of the restricted coefficient 
(RC) of each soil profile with respect to nine types of 

horizons is given in Fig. 5. The aforementioned RC can 
be used to represent the overall performance of horizons 
estimation, in which a value of 1 denotes complete 
agreement with the prediction over 1 m prediction. The 
RC map yielded a mean of 0.96 and standard deviation 
of 0.10. 
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Fig. 5  Spatial variation of restricted coefficient (RC). RC is 
dimensionless 

3.3  Comparison of SOCS produced by different 
methods  
The SOCS values produced by the five different meth-

ods are summarized in Table 5 because of the approxi-
mate spatial variation (i.e., MCF versus MCV, and SPS 
versus PKB in Fig. 3). The lowest values of mean, me-
dian and maximum were obtained for the MCV method. 
As MCV also generated the lowest RMSEs of the SOCS 
estimation, analysis of the SOCS map produced by 
MCV was carried out, in which the soil type and vegeta-
tion type were compared. About 95% of SOCS could be 
found in Argosols, Cambosols and Isohumosols, with 
about 58% of SOCS found in Argosols (Table 6). The 
highest relative SOC densities (percent of SOCD/ per-
cent of area) were found in areas of Udic Cambosols 
(1.34) and Udic Isohumosols (1.22). These results did 
not agree with the findings of Liu et al. (2012) because 
of the soil degradation and the inappropriate reference 
of legacy soil maps. The main vegetation types were 
focused on the forest and cropland. The largest SOCS 
was found in the croplands mainly consisting of Triti-
cum aestivum L., Sorghum bicolor (L.) Moench, Glycine 
max (L.) Merr., Zea mays L. and Setaria italica (L.) P.  

 
Table 5  Statistics of the predicted soil organic carbon density  

Method Minimum (kg/m2) Median (kg/m2) Mean (kg/m2) Maximum (kg/m2) Standard deviation (kg/m2) Total SOC stock (1012 kg)

MCF 2.31 11.54 11.71 37.33 3.83 9.16 

MCV 1.88 10.23 10.62 34.89 3.62 8.32 

SPS 1.30 13.08 15.83 121.23 10.99 12.38 

PKB 1.30 13.08 15.78 121.39 10.15 12.32 

Veg 0.52 13.57 16.62 121.39 10.76 12.99 

Notes: MCF, model-then-calculate using fixed-thickness; MCV, model-then- calculate using variable-thicknesses; SPS, soil profile statistics; PKB, pedological 
professional knowledge-based; Veg, vegetation type-based method 

 
Table 6  Statistics of the SOCS map generated by MCV concerning the soil type (subgroup) and vegetation type (species) 

Soil type 
(suborder) 

Area 
(%) 

SOCS 
(%) 

Vegetation type 
(species) 

Area 
(%) 

SOCS 
(%) 

Boric Argosols 48.61 53.79 
Triticum aestivum L., Sorghum bicolor (L.) Moench, Glycine max (L.) Merr.,  
Zea mays L., and Setaria italica (L.) P. Beauv. 

33.89 33.70 

Udic Isohumosols 10.02 12.20 
Corylus heterophylla Fisch., Lespedeza bicolor Turcz., Quercus mongolica Fisch. 
ex Ledeb. 

18.09 19.08 

Aquic Cambosols 14.54 11.79 Larix gmelinii Rupr. and Larix olgensis A. Henry 6.85 7.94 

Ustic Isohumosols 6.45 6.51 Quercus acutissima Carruth. 6.68 6.64 

Gelic Cambosols 5.00 5.26 Ocimum basilicum L. and grass-forb 6.37 6.50 

Ustic Argosols 4.57 2.26 
Tilia chinensis Maxim., Ulmus pumila L., Betula platyphylla Suk. and Populus  
adenopoda Maxim. 

5.09 5.53 

Udic Argosols 4.46 2.17 Pinus koraiensis Siebold & Zucc. and deciduous broad leaved tree 3.90 4.31 

Udic Cambosols 0.76 1.02 Cyperus rotundus L. and other small grass 3.34 3.46 

Ustic Cambosols 0.18 0.17 Leymus chinensis (Trin.) Tzvelev 3.21 3.14 

Others 5.41 4.82 Others  12.57 9.69 

Note: SOCS, soil organic carbon stock  
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Beauv. The highest relative SOC density was found in 
areas of Pinus koraiensis Siebold & Zucc. and decidu-
ous broad leaved trees (1.11), and Larix gmelinii Rupr. 
and Larix olgensis A. Henry (1.16). 

3.4  Effects of categorical variables 
Specifically, the effect of predictors was explained 
within each level of categorical variables (Fig. 6). Most 
predictors were fitted with varied regression coefficients 
illustrating the significant influence of the random ef-
fects. Some predictors, that is, NDVI and Elevation, had 
different signs in different linear mixed models. The 
MAAT was the most important predictor for the SOCS 
simulation, concurring with a recent study (Qin et al., 
2016). It was worth noting that linear mixed models 
based on soil type and vegetation type resulted in simi-
lar regressions. The minimal residual of the linear mixed 
models was achieved in the vegetation type-based 
model, whereas the maximal residual was fitted in the 
soil type-based model. 

4  Discussion 

4.1  Comparison of modeling approaches 
As an extension of the data driven method (MCF), the 
MCV method could be referred to as a pedological 
knowledge driven model, sharing similar model advan-
tages, such as detailed spatial distribution of SOCS and 

incorporation of more soil-forming factors. The MCV 
method generated the same or better accuracy when 
compared with the MCF and other polygon-based tech-
niques. Even if more prediction procedures were in-
volved, MCV produced less prediction errors than MCF. 
This could be explained by the precise calculation of 
SOCS based on pedogenetic horizons. According to a 
recent study (Parras-Alcántara et al., 2015), about 
59.8% and 28.2% bias would be introduced for the top-
soil and total SOCS estimation respectively in the MCF 
model.  

Concerning the soil continuum in space, MCV addi-
tionally predicted the spatial variation of pedogenetic 
horizon thickness, that is, the thickness of soil horizons 
as it varies in space. The SOCS was then aggregated 
based on the predicted soil layer thickness. Within 
MCV, the types of horizons were merged. Numerous 
SOCS mapping studies focusing on model comparisons 
have been performed to seek the best prediction model 
in practice. It is difficult to straightforwardly compare 
those results, in that pedological conditions often vary in 
different landscapes. Similar to other studies (Dorji et 
al., 2014; Lacoste et al., 2014), our cross validations 
illustrated that there are still major challenges in simu-
lating the SOC variation in subsoil (Table 3). Our results 
agreed with the consensus view that the use of machine 
learning techniques might improve model performance 
within a specific context (Grunwald, 2009; Martin et al., 

 

Fig. 6  Regression coefficients of the predictors within linear mixed models considering the random effects of geology (a), land use (b), 
soil type (c) and vegetation type (d). SlpPosit: relative slope position; ProCur: profile curvature; NDVI: normalized difference vegeta-
tion index; MAP: mean annual precipitation; MAAT: mean annual air temperature; DistoChann: vertical distance to channel network; 
Cos(Aspect): cosine-transform of aspect 
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2014; Were et al., 2015). SOCS estimation can benefit 
from the use of the MCV framework based on other 
predictive techniques as well as the random forest 
method employed in this study. Therefore, we recom-
mend the pedogenetic horizons-based approach because 
of its characteristics of reliability and portability. Incor-
porating the MCV and depth functions (Kempen et al., 
2011), the vertical soil variation can be realistically rep-
resented for anthropogenic influences and complex 
morphology profiles.  

4.2  Uncertainty assessment 
The five techniques considered generated moderate ac-
curacy because of the relatively low sampling density. 
SPS achieved a similar level of performance to PKB in 
terms of validation results and spatial pattern (Table 2 
and Fig. 3), especially when the soil data were limited 
and the high-level classification was adopted. Compared 
with the study in the Sanjiang Plain (Mao et al., 2015), 
both the MCF and MCV methods underestimated the 
SOCS. It was possible that the low sampling density 
prohibited an effective learning process (Bourennane et 
al., 2014). Another reason for the underestimation of 
MCV was likely because of the use of minimum values 
of soil properties in the potential pedogenetic layers. 
Additional predictions concerning the horizon estima-
tion also generated more prediction errors for the calcu-
lation of SOCS. For example, the restricted coefficient 
(RC) in Equation (2) might underestimate the SOCS 
when the topsoil had high SOC concentration and high 
thickness. 

Detailed information about vegetation would further 
benefit the SOCS estimation (Yu et al., 2013; Qi et al., 
2016). Furthermore, the change in land use also in-
volved a loss of SOCS in this area (Ding et al., 2013; 
Wei et al., 2014), suggesting that the dynamically 
changing information on land use should be further 
used. As most of our samples were not collected in ur-
ban areas, urbanization was not fully considered (Vase-
nev et al., 2014; Zhang et al., 2015). 

4.3  Influence of random effects on SOCS 
The random effects were relatively significant in this 
study, showing a potential issue with the use of hybrid 
geostatistical techniques (Martin et al., 2014). Coming 
from the fitting relationships between the predictors and 
soil property of interest, these random effects can bring 

additional soil-landscape knowledge, for example, 
ranking the SOCS driving factors (Martin et al., 2011), 
analyzing the spatial dependence of model residuals 
(Song et al., 2016), spatial generalization of soil-land 
units (Ottoy et al., 2015), and quantifying SOCS under 
urbanized and cropping regions (Vasenev et al., 2014; 
Cardinael et al., 2015). Increasing the complexity of 
mixed effect models led to a useful suggestion for the 
selection of predictors. This was in particular the case for 
regional soil mapping at different generalization levels.  

4.4  Soil taxonomy and soil continuum description 
It is well known that the Chinese genetic soil classifica-
tion (Xiong, 1987) of the legacy soil maps has been un-
able to keep up with developments in modern soil sci-
ence because of the lack of quantitative criteria. There-
fore, a soil taxonomy system (Cooperative Research 
Group on Chinese Soil Taxonomy, 2001) was developed 
more recently in line with international diagnosis-based 
soil classification systems. To date, maps of diagnostic 
horizons were not yet available. Numerous diagnostic 
horizons were usually varied especially across the taxo-
nomic borders (Bockheim, 2014), hampering the ability 
of pedologists to make classification decisions. There-
fore, as an intermediate of the MCV method, another 
potential application of the predicted horizon thick-
nesses is an update of the Chinese soil maps. Taking the 
transect validation as an example, the predicted horizons 
well described the thicknesses for the soil genesis (not 
given). The horizon thicknesses could be directly used 
for the soil classification at high level, which was appli-
cative for the CST, Australian Soil Classification and 
USDA soil taxonomy. If the soil diagnostic characteris-
tics could be achieved or inferred from legacy data or 
other information, the regional soil classification would 
be substantially improved.  

5  Conclusions 

The proposed MCV method was guided by the soil con-
tinuum descriptions in terms of pedogenetic horizons 
and generated acceptable SOCS estimations. The MCV 
method generated higher accuracy than the MCF meth-
od and other polygon-based approaches (SPS, PKB and 
Veg). The intermediate product of MCV method, that is, 
horizon thickness maps were fluctuant enough and re-
flected many details in space. Difference between maps 
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maps generated by the two assumptions was apparent. 
The maps generated with MCF and MCV showed more 
consistent spatial patterns than others. About 61% of 
SOCS values estimated by MCV were smaller than the 
estimates by MCF. Furthermore 88% of the absolute 
difference between SPS and PKB was smaller than 2 
and 80% was with the same values. Random effects of 
typical soil-forming factors (lithological type, land 
cover, vegetation and soil type) were investigated by 
linear mixed model. It was suggested that mean annual 
air temperature (MAAT) was the most important pre-
dictor for the SOCS simulation. Furthermore the mini-
mal residual of the linear mixed models was achieved in 
the vegetation type-based model. 

The prediction of pedogenetic horizons took advan-
tage of the soil continuum and could benefit the soil 
classification and understanding of soil functions. Thus 
the statistical analysis of the SOCS map produced by 
MCV was performed regarding the soil type and vegeta-
tion type. About 95% of SOCS could be found in Ar-
gosols, Cambosols and Isohumosols, and 58% was 
found in Argosols. Different with published literatures, 
high SOC densities were found in areas of Udic Cam-
bosols and Udic Isohumosols, which could be explained 
by the soil degradation and the inappropriate soil type 
reference of legacy soil maps. The largest SOCS was 
found in the croplands mainly consisting of Triticum 
aestivum L., Sorghum bicolor (L.) Moench, Glycine max 
(L.) Merr., Zea mays L. and Setaria italica (L.) P. 
Beauv. The use of up-to-date information on land use 
change and vegetation type would benefit the estimation 
of SOCS, which will be our future research focus. 
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