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Fig. 1 Distribution of the study area and soil samples
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Table 1 Statistical features of SOCD ( soil organic carbon density ) of 1 m thickness soil body and OM content of topsoil

J& P35 BKME  BME HE T 2 At £ U K-Sk 5
Ttems Max Min Median SD Skew Kurtosis  Normality test
HIERZAYUFEOM (gkg™) 400 1.5 10.7 26.8 7.06 6.61 0.00
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Fig. 2 Soil map (a) and topsoil OM content map (b ) of Nanyang City
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F2 ETHVRHBTNEEXNSOCDE R HMRE 1

Table 2 Variance explanation of covariates for predicting SOCD of 1m thickness soil body based on RF model

AR

Variable group

SUCBENLAR BRS04 A2 S ik

% variance explained of 3 RF modelling

AT St AlL variates
+J&Soil genus
W.245Soil subgroup
+2&Soil group
TIHEAHLETOM
+HEFHUR L 18 414 OM+Soil genus
R Altitude
Wz Slope
MR ATCW
AT LD I R B 5 OM+TCW
THEHUT . LJE S R 5] G OM+Genus+TCW
FIEEHLET . 8 5 R4 A OM+Genus+Altitude
TIEAHLE . L85 YA A OM+Genus+slope
B 3T DTN -3 AT ) HAL AR 21

All variates except soil OM and category

53.0 52.7 52.5
40.8 40.8 40.9
37.9 37.8 37.9
36.9 37.0 37.0
21.7 21.9 22.0
57.3 57.6 57.5
-23.4 -23.3 -23.0
-12.1 -12.2 -12.1
-34.8 -35.0 -35.7
28.7 28.6 29.4
55.7 55.6 55.5
56.0 55.7 55.8
57.1 57.2 57.0
1.58 0.49 0.59
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AL EE R AR ZE Rtk s MWLS. GWLAIRF
(OM+TCW ) J7 4 B 4 Jm 1) 3% 25 4 ) A8 5 25
FPEIR133.1% . 25.0%M125.9% , 4% 22 v] $E AL A1
)75 S fif B o

U

SOCD (kg m?2)""

3 SOCD (kg m™)
l 113 . 113
L 1.54 - 1.54
0 40

2.2 HIERBFEREEHIE

+2% . WK, LR Mean i k45 R LK
3. K., WK, LEEBEES A2 213,
2 866, 4 057, M ~ 4 Jm i [ BE 1 40 B 314 n
B, HEEY R EEEAEETE~ LR
M4k o B0 RO B 2 8 ekt BRI X —
FROE (3R3) o HEERFERUER -2 5]250.51. 0.51
M0.58, Var,, 40.29. 0.3010.35, MEN-0.41,
-0.43. -0.31; MedianiE 4k A KM, B

o 1AL I
2 ¢ SOCD (kg m™)

l 13.7

- 1.54
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e oa~ e iR T LM W 2RI 8 P 0 £ eSS R 7% 321 SOCDHI &l Note: a ~ c respectively represents SOCD maps
produced by soil category linkage method based on soil group mean, soil subgroup mean and soic genus mean
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Fig. 3 SOCD maps based on soil category linkage method
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Table 3 Verification of the SOCD maps
BRI UF Verifying for test data A2 LI F Verifying for train data
J7#:Method
r ME RMSE Var,, r ME RMSE Var,,
tlmean 0.51 % -0.41 3.20 0.29 0.62%% -0.06 2.26 0.39
timedian 0.47%% -0.72 3.36 0.25 0.63%:* -0.33 2.27 0.39
ylmean 0.51%* -0.43 3.20 0.30 0.64%* -0.04 2.21 0.41
ylmedian 0.47%% —-0.65 3.35 0.24 0.64%3% -0.29 2.24 0.41
tshmean 0.58%* -0.31 3.05 0.35 0.69%:* -0.05 2.08 0.48
tshmedian 0.53%* -0.61 3.21 0.31 0.70%:% -0.28 2.09 0.48
WLS 0.20 -1.59 3.99 0.04 0.45%:* -0.81 2.74 0.18
GWR 0.427%:* -1.00 3.55 0.16 0.58%:* -0.17 2.39 0.32
RF (OM+TCW ) 0.41%* -0.78 3.53 0.15 0.67%% -0.18 2.15 0.45
RF ( OM+Genus ) 0.62%* -0.40 3.11 0.32 0.73%:% -0.14 2.01 0.55
RF (OM+Genus+TCW ) 0.65%* -0.37 3.11 0.37 0.75%:* -0.13 1.94 0.57
RF (all variables ) 0.64%* -0.39 3.04 0.35 0.76%* -0.08 1.89 0.57
OK 0.53%* -0.79 3.36 0.23 0.83%#:* -0.24 1.87 0.58
WLS+RK 0.52%% -0.91 3.34 0.26 0.79%:% -0.22 1.96 0.54
GWR+RK 0.46%* -0.93 3.43 0.21 0.77%% -0.2 1.92 0.56
RF (OM+TCW ) +RK 0.39%* -0.68 3.64 0.18 0.84%:* -0.12 1.60 0.69

TH1: ro ME. RMSE. Var g5l 38 KR FRAOC R, SFBUNGR 2  35 J5 A B0 358 22 2% 53 fif e b Notel: r, ME,
RMSE and Var,, respectivelyrepresents Pearson coefficient, mean prediction error, root mean square prediction error and variance
explanation ratiol£2: tlmean. tlmedian. ylmean. ylmedian. tshmean. tshmedian/r%|F/RIET 2K . LAl . W2RINMHE .
WERE . HESE . )E P ER 3R % 5% Note2: tlmean. tlmedian. ylmean. ylmedian. tshmeanand tshmedian represents
respectively, soil category linkage method based on soil group mean, soul group median, soil subgroup mean, soil subgroup median,
soil genus mean, and soil genus median. {1:3: WLS. GWRZ IR AR /N 3 Ml e . s AL E ) ; RF (OM+TCW ) |
RF (OM+Genus) . RF ( OM+Genus+TCW ) . RF (all variables ) 4l Em4fRNEIZ2HHES FMPLAEM; HFOM. Genus.
TCWAr M FE R HHEEZAVR . 1) . BB AN i) - 808 B4 5 Note3: WLS and GWR represents, respectively, weighted least
squares regression and geographically weighted regression. RF ( OM+TCW ) , RF ( OM+Genus ) , RF ( OM+Genus+TCW ) and RF
(all variables ) represents, respectively, random forest with different variable groups. And OM, Genus, TCW respectively represents
soil surficial horizon organic matter content, soil genus and soil wetness component of tasseled cap transformation {34: OKFE/~3%ii
kriging; RK#E/R%&Zkriging; Note 4: OK represents ordinary kriging, RK represents residual krigingi#:5: **#% i ZHH%, p<0.01

Noteb5: ** represents significant at the 0.01 level

JE4E hMediany (- A1V ar, 3% 8 WA T [F] 43 28 9 SOCD=7.460+0.430 x OM+0.058 x TCW ~ ( 3)
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Fig. 4 SOCD maps based on WLS regression (a) and GWR regression (b)
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Fig. 5 SOCD maps based on RF models
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Comparison between Soil Mapping Approaches Based on Their Ability
Explaining Soil Variability
—A Case of Mapping Soil Organic Carbon Density of Soil (0 ~1m ) in
Nanyang District

ZHAO Yanfeng' LI Haojie! CHEN Jie! SUN Zhiying® LIANG Siyuan®

(1 Department of Geoinformation Science of Water Conservancy and Environmental School, Zhengzhou University, Zhengzhou
450001, China)
(2 Academy of Land Surveying and Planning, Henan Province, Zhengzhou 450016, China )

(3 School of Public Management, Zhengzhou University, Zhengzhou 450001, China )

Abstract [ Objective) Before the digital soil mapping technology emerged, the soil category linkage
method ( SCLM ) , linking means or median values of properties of the soils of the same soil category with
their corresponding polygons in the soil map, or linking soil properties with polygons based on pedological
expertise (including type of the soil and its location ) , was the major method used in mapping of soil organic
carbon density ( SOCD ) . Even nowadays, it is still of quite high practical value, because it is quite hard
to build up a DSM model for relationships of external environmental covariates with SOCD in deep soil layers
and/or on large scale, e.g. Provincial, continental and global. To understand in-depth relative efficiency
of the two linking methods, it is necessary to perform some comparative studies. In terms of the DSM
technology, most of the comparative studies have come to the conclusions that sophisticated machine learning
models are superior to simple ones and that mixed models ( regression Kriging ) are of high superiority in
most cases. However, there are a few papers reported some contradictory results. All the conclusions suggest
that SOCD mapping quality could not be explained merely by method and also affected by the effectiveness
and accuracy of the parameters used in the method. To elaborate in-depth the contradictory conclusions and to
analyze the essence of the problems, in this paper a comparison was performed of SCLM with weighted least
squares regression ( WLS ) , geographically weighted regression ( GWR ) , random forest ( RF) , ordinary
kriging ( OK ) and regression kriging ( RK ) in SOCD mapping, and establishment of relationships between
abilities of the methods to explain SOCD variability and effects of their mapping was discussed. [Method] A
tract of land, 26 600 km®in area, in Nanyang of Henan Province, was selected as a study area, of which soil
categories, elevation, slope, aspect, and normalized difference vegetation index ( NDVI) , and wetness

(TCW ) of tasseled cap transformation ( TC ) were worked out as parameters of the SOCD prediction model,

based on a 1 : 50 000 soil map, Digital Elevatation Model, 30 m in resolution and a 1990 thematic mapper
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(TM ) image. A total of 439 soil profiles were cited as training dataset for SOCD mapping using SCLM,
WLS, GWR, RF, OK and RK, separately, and another 49 soil profiles were used to verify accuracy of
the maps. [Result] Results show that soil genus and soil organic matter content of the topsoil layer is the
most important and the second most important parameter, explaining jointly 57.5% of the SOCD variance,
while terrain and remote sensing parameters jointly explain just less than 2%, and hence are very limited
in contribution to SOCD mapping. However, SCLM makes use only of variables in soil category, like soil
group, soil subgroup, soil genus, etc., while regression methods, like WLS and GWR, can only use
numerical variables, like SOM and TCW, so none of these can achieve satisfactory prediction result. RF is
based on both variables in soil category and numerical variables ( SOM and TCW ) and hence much better in
SOCD prediction. The use of RK in prediction may end up in the following two situations. 1 ) The residues
of WLS regression, GWR regression, and soil OM-and-TCW-based RF vary spatially and structurally
to a varying extent, then regression kriging ( RK ) could improve the SOCD predictions of these models.
2) The residues of the predictions using SCLM, SOM-+soil genus-based RF, SOM+soil genus+TCW based RF
and all-variables-based RF vary spatially and randomly, for which the use of RK is meaningless. The cross-
verified accuracy of WLS, GWL and soil OM-and-TCW-based RF increased in turn, however their RK ability
predicting test data are reversed. And all prediction ability of RKs do not reach as high as the SOM+soil genus-
based RF. [Conclusion) All the findings demonstrate that the ability of method to explain SOCD variability is
the causa essentiae deciding the effect of SOCD mapping, and RK is not necessarily the fittest model because
of the interactions in explanation ability between covariates and the spatial correlation.

Key words Soil organic carbon density ( SOCD ) ; Digital soil mapping; Soil category linkage

method; Random forest; Comparison of methods
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