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Fig. 1 Location of the study area
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Table 1 List of topographic factors derived by DTM

AR ] s
Variable name Brief descriptions Unit
(ST B TR ECHE A R T ey m
Elevation Elevation of the land surface derived from LiDAR
et Weim) °
Aspect Direction aslope faces
K F o e AR 7K 2 9 s 1 m
Chnl_alti Base level in elevation of channel network
7K F D0 e 1T 7K F 60 e m
Chnl_base Channel network base level elevations interpolated by channel network
A5 % A% %
Convergence Convergence index, the index of convergence/divergence regarding to overland flow
SRS HuARAR R R -
Convexity Terrain surface convexity
A TIE S T -
Heurv Plan curvature, curvature of contour drawn through the grid point
VSN USLE RS m
Ls Slope length (LS ) , factor to calculate slope length as used by USLE
LA S A -
Midslppst Mid-slope position: a classification of slope position in both valley and crest directions
Z R IR Z R 8L -
MRRTF Multiresolution index of the ridge top flatness
Z RZ I8 5L ENERITESS S R4 -
MRVBF Multiresolution index of valley bottom flatness
H—AbF E Normalh  H—fb %
Normalized height, 1 for the highest and O for the lowest position within a respective reference
area
LEEDOR/ A AR B Aoz %
RSP Relative slope position
ML IR TR R, 45 rhoO n e TR ) Rl P 22 - F 3 1 -
Ruggedness Terrain ruggedness index
L LIRS RER:
Sink Closed depressions
Wz e °
Slope Maximum rate of change between cells and neighbors
e e e . SRRAT LA 2 AR X i R 2 m
Slph Slope height: The relative height difference to the immediate adjacent crest lines
PR Standh FRIEALE L . H— 10 B2 AR N R A AR R -
Standardized height is the product of normalized height multiplied with absolute height
L MR B -
Texture Terrain surface texture
Hu P B R 4L HJE B AR 4L -
TWI Slope and specific catchment area based topographic wetness index
INARREEVall_depth  IIARTREE: 5 RABIK R WA AR XS & 2 m
Valley depth: Relative height difference between the immediate adjacent channel lines
I % I % m

Veurv

Profile curvature, curvature of the surface in the direction of steepest descendent
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2.1 BUREARFITHFE

RERAEA 1T S (E AR E 22 53 51 0360 g kg™
M69.7 ¢ keg™'o Fe/IMA L A BURR K AR 530 A
0.08 g kg™, 15.58 g kg 'F1540.1 g kg™'. AF RHL
H135193.6% , 6B KCHE B 1A Al I B2 AR, R
Syt B RS A . S AR IR Z S8 &
A AR, H G A R S R — M oK IR o R R
( Kolmogorov-Smirnov test ) , Y ZREH 2H A5 IE
BOs AL 2 DT AL R EVEZE S (99.9%) 7,
i B T 20 K8k O I IR]— BB A4, SR e Rl T D Sk X
B AT HAIE
22 MEEFEIHEENREAFNG

Feorh A i T LA TR TR S HE R R A Y
VIR SR RAB DL R B ARV L 18 73 B 38 B
Hiy I A5 e A5 AR AK ORI 2 ] Y 56 &R R B 24

*2 BEFREMEARRESHE

Table 2 R and optimal resolution of single factor models

Ak rFEME ri RAE i KA R AT BER (m)
Variables Average r Max.r Resolutions where the 7 is maximum
AEPORZ A RSP 0.272 0.5 92.8
K A Chnl_alti 0.246 0.48 68.8. 88, 92.8, 97.6. 116.8
WA TR Vall_depth 0.245 0.38 19.2, 64, 92.8, 97.6., 380.8
Rty Standh 0.236 0.43 12.8
bIBE iR 1 Convergence 0.228 0.3 384, 459.2. 604.8, 644.8. 651.2
= Elevation 0.208 0.32 112, 182.4, 185.6, 230.4
A—fb Normalh 0.093 0.44 12.8, 16
HEE B Ruggedness 0.079 0.34 20.8
SREZ DA Midslppst 0.066 0.4 112, 182.4, 185.6. 230.4
535 Slope 0.049 0.27 17.6. 25.6
HhF LA Texture 0.042 0.28 12.8
i 2 Convexity 0.038 0.38 44.8, 78.4
W Siph 0.033 0.26 12.8
Z R I HE5L MRVBF 0.023 0.28 1460.8
TR I 3 T Chnl_base 0.022 0.26 25.6
FINAfHES Veurv 0.019 0.28 268.8
Yok Ls 0.018 0.22 1 460.8
H I R 4L TWI 0.014 0.3 12.8
- iy 2R Heurv 0.011 0.28 19.2
HEHL Sink 0.01 0.32 1670.4, 1737.6
EINEAIIRC g7 MRRTF 0.01 0.23 2188.8
Ik 1) Aspect 0 0 _
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Fig. 3 Relationship between 7 of combination of variables with resolution
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ME A (Elevation) (2) o {HJRFE G5 H #)
FEH T 41 A AR IR B Z 6 T2 K
ZMIEMET (Chnl_base ) . =2 ( Elevation ) .
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G T3, XA A R4, A AT
IR AR XS B2 (RSP) 23 3E% KN 92.8 m, 24
K- fH AR XS e 67 (RSP ) FIZK R W B fETH ( Chnl_
base ) A, FEAHEN 60.8 m. 3THTFH
B KK R AR (Chnl_alti ) , 7K & W 3L 7fE A
(Chnl_base ) MIZ RJZFIIAHE% (MRVBF) |
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#3 FARAHEAFREHERSPBE
Table 3 Optimal combination of different numbers of factors and resolution
A%t Sy oy HER BORAH G R A BESErE LaNEeS
Number of Resolution 1# 7 of validation RMSE
attributes Names of attributes combinations (m) 7 of model data Validation RMSE
1 ARXF AL RSP 92.8 0.5 0.448 64.256
2 AR A KooK R W SEERIRSP, Chnl_base 60.8 0.6 0.467 63.564
3 KRR . 2 R A8 50K Z T Chnl 64 0.7 0.526 61.112
alti, MRVBF, Chnl_base
4 AR WA IREE . R B — Ak B 64 0.71 0.601 57.431
RSP, Vall_depth, Elevation, Normalh
4 ARXFSEAL . B H— b B M 2 N LA R 4 121.6 0.71 0.601 57.788
RSP, Elevation, Normalh, MRVBF
4 KR M ST bR B L 0t B e 2 N 136 0.71 0.558 59.640
HHEL
Chnl_alti, Standh, Normalh, MRRTF
4 KRR . AT . M SO R 59.2 0.71 0.524 61.607
Chnl_alti, Midslppst, Texture, Slph
4 INVAIREE . e . 3RS0 KoK R 9 B T 88 0.71 0.552 59.916
Vall_depth, Elevation, Texture, Chnl_base
4 FOARR L WS KR IR . 2 B 83.2 0.71 0.564 59.345
Elevation, Slph, Chnl_base, MRRTF
5 KRR, R b B 7K AR 3 i 152 0.74 0.560 59.610
EANE AR Eisg 7
Chnl_alti, Elevation, Normalh, Chnl_base,
MRRTF
5 KEMER . FRE . AL KR MR 2R 152 0.74 0.573 58.928
JE A8 5LChnl_alti, Elevation, Midslppst, Chnl_
base, MRRTF
22 AR AL attributes 40 0.78 0.236 63.229
22 SFRAR AL attributes 64 0.78 0.329 59.234

# (Elevation) . /KZM I ( Chnl_base )
ZREIHEESH (MRRTF) UASK T, AT —
EE (Normalh ) 1 (Midslppst) 27
TForEARLI T, FRHA TR T 28220 B F 44
B 80.78, et or HE3 840 mali64 m.

N T B 2R IR, T R 25 %
TH2 208 ORI S8 P 18 1) A5 A 1) T30 8 g AT
ST TS . MEAEPRMZES, 220K
TR ERZE, E2/NTRARFAE (R
3) o XAlgERM THTFRE, 5IAMNERSBEEZ
PR, T JC¥E HAE B NTE R . Sk sy r
B AL 2 BE A R B s 2 i, (e K

AN R4S, 24, FFESH 64 m
M121.6 mo 5 5 BEHE 19 776 2 (8] AT 2 5 4 10
4%, BLALE A RHE BRI, BRSO A
SHHE: (RSP) . =2 (Elevation ) . H—4k &
( Normalh ) f1Z REILAFEE0 (MRVBF ) 4141,
MR K /N R 121.6 mbR#EE L Sy B AR AR
24 TIEBHNRESETIE S HEE

R T R K AN TR AR AU X UG FE £SO C 11 1 2E R
J3 AU B R 6 b, A PR3 R FE A TR € 3R RN Ay
Pl THAE ML, 14, 187128, 45 k4R
78 570N SSOCTH L M /NEIRHES S, 20% .
40% . 60%F180% ) 73 B H . X LA A i AYSOC
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"#: (a) RSP, 92.8 m, (b) RSPXChnl_base, 60.8 m, (c) Chnl_alti, Chnl_base X MRVBF, 64 m, (d) RSP, Vall_depth,
Elevation, Normalh, 478564 m, (e) RSP, Elevation, Normalh, MRVBF, 478+, 121.6 m, (f) Chnl_alti, Elevation,
Normalh, Chnl_base, MRRTFS5Z£ i, 152 m, (g) @i#B227454, 40 m, (h) #2278, 64 m Note: (a) RSP at 92.8 m,
(b) RSP and Chnl_base at 60.8 m, (¢ ) Chnl_alti, Chnl_baseand MRVBF AT 64 m, (d) RSP, Vall_depth, Elevation, Normalh,
4 attributes at 64 m, (e ) RSP, Elevation, Normalh, MRVBF, 4 attributes at 121.6 m, (f) Chnl_alti, Elevation, Normalh, Chnl_
base, MRRTF 5 attributes at 152 m, (g) all 22 attributes at 40 m, and (h) all 22 attributes at 64 m
K5 AR SRR ) 3 PLak &
Fig.6  Predicted maps of SOC
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Table 4 Results comparison of fitting of the models with Kriging

AN TR] 0 A 7 MR /IME B KA BOCEE bRiER2E
Names of attributes combinations Predicted Min Predicted Max Predicted mean SD
BRI IRASIY M RSP 10.66 51.10 20.39 12.87
Cubist 57
AR A7 Je K 22 ML HETRT RSP, Chnl_base 0 482.4 24.31 35.08
KRR R, 2R LA 18 B OK R L 0 482.4 25.97 43.57
Chnl_alti, MRVBF, Chnl_base
AR AL, IR REE, SRR — s 0 461.6 26.00 46.88
RSP, Vall_depth, Elevation, Normalh
A HEAL, E R, H—fhm 2 R LA R AL 0 525.9 65.34 123.7
RSP, Elevation, Normalh, MRVBF
KEMERE, @R, hIAr, KERMIEEAET L2 RE L 0 556.6 42.27 64.72
HHEL
Chnl_alti, Elevation, Midslppst, Chnl_base, MRRTF
4R 4 (40 m) All attributes (40 m) 0 555.8 26.94 47.22
4FA8 (64 m) All attributes (64 m) 0 556.6 31.3 64.41
PEHARET 4R vE A% Global Universal Kriging 10.10 136.1 34.76 17.63
Kriging 4 5358 5% HL 4% Global Ordinary Kriging 9.47 136.0 33.43 17.00
42 JR) 5 B Universal Kriging -798.59 749.1 31.93 28.76
5 5% HLK% Ordinary Kriging -54.79 531.9 32.89 31.69

BE, ORLEEfR G, 22t B RDE i g AR B BIBEAT TXF e SRIT ARz v BA% | A2 Jm il ve B

4 FISAS AL 4R 1 255 ROR B L )Ry vw UM LA R v LA 25 20 7 25 ) 4 {7
2.5 S ERINER L LA AT CE6 ) o FIHI22084 56 Uk i 5

o T S R R A S BE g AN A R A RE T, UESCHURS B2, AT AR R2E (RMSE ) JEH 7351
538 R A v BURS 25 AR (B 7 i AR U A5 ) 0 Al O0.34 ~ 0.47, 64.6 ~ 67.3, SRR EE A L 22

i ) . =Y 23
’ ) o A ¥ N c
;ﬁ(%?é%;i?) . 0~11 ii~14  [J14~18 [ 18~28 M 28~556.6

) R [ 2k 0 15 30 45 km
Study area Country border

e (a) RRZERIE, (b) 2REEw AR, (o) 2RnERmHE, (d) F#EE RS {ENote:  (a) Global Universal

Kriging interpolation, (b ) Global ordinary Kriging interpolation (¢ ) Global Kriging interpolation, (d) Ordinary Krigingin terpolation
Blo  ANTa] vw HUR O ik A i i) - S5 BB 23 [0 23 A 4]

Fig. 6 Predicted SOC distribution map relative to Kriging method
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Optimal Estimation Model of Soil Organic Carbon Based on the Terrain Factor

GUO Zhixing' YUAN Yuzhi' GUO Yin"* SUN Hui"*? CHAI Min' CHEN Zepeng’® Mogens H. Greve'

(1 Guangdong Key Laboratory of Agricultural EnvironmentPollution Integrated Control, Guangdong Institute of Eco-environmental
and Soil Sciences, Guangzhou 510650, China )
(2 College of Resources and Environment, Shanxi Agriculture University, Jinzhong, Shanxi 030800, China )
(3 Guangdong Tobacco Company, Guangzhou 510610, China )

(4 Department of Agro-ecology, Faculty of Science and Technology, Aarhus University, 8830 Tjele, Denmark )

Abstract [Objective] As an important component of the global carbon pool, soil organic carbon
(SOC ) is the largest organic carbon pool in the terrestrial ecosystem and plays an extremely important role in
the global carbon cycle and global warming. The SOC pool is subject to the impacts of both natural and human
activities and sure closely related to terrain attributes or factors. There are a number of methodsfor calculation
of SOC, which can roughly be sorted into three types, that is, empirical, statistical and mechanismones.
But none of them can be used to predict or calculate reapidly soil organic carbon pool of a region rapidly.
Remote sensing is an efficient technical means for fast acquisition of DTM, from which numerous information
can be derived with the aid of GIS, thus making it possible to constitute a model for rapid calculation of SOC.
[ Method] Based on the Digital Terrain Model ( DTM ) and the topographic attributesderived thereof,
an optimal SOC prediction model was built up, taking into account factor combination and resolution
with Cubist, a powerful data mining tool for generating rule-based models. This tool works on condition-
specific rules where the output is a set of rules and each rule has a specific multivariate linear model
attached. Whenever a situation matches the condition of a rule, the associated model is used to calculate or
predictevalues. A total of 8 570 soil samplescollected from the 7 100 km” study area were divided into two
groups randomly, 6 362 for training and the other 2 208 for model validation, a total of 2 514 820 models
were constructed based on 71 selected resolutions and all possible combinations of no more than 5of the 22
terrains attributes. According to the correlation coefficient (R ) , terrain factors, varying in number, were
selected, to form optimal models with their corresponding resolutions, Based on these models, SOC maps
were plotted. [Result] Results show that the relationsships between resolution and single-factor models are
diversified, it is not true that the higher the resolution, the better the model. The R value of a single-factor
model is not necessarily the factor that determines its importance in a multi-factor model. All the multi-factor
modelsexhibit a similar rule of skewed normal distribution. Each factor and its combination has a factor-
specific optimal resolution, varying in the range of 60 ~ 150 m. For models composed of whatever factors,
the resolution t be selected should not be lower than 200 m. The variable of the optimal single-factor model
is RSP, with resolution being 92.8 m, the variables of the optimal two-factor model are RSP and Chnl_base

with resolution being 60.8 m, while the variables of the three-factor model are Chnl_alti, Chnl_base and
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MRVBF, with resolution being 64 m. There are 6 four-factor models, with R being 0.71 and resolution varying
in the range of 64 ~ 136 m, and 2 five-factor models with R being 0.78, and resolution being 152meters.
Every model consists at least of Chnl_alti, elevation, Chnl_base and MRRTF, and in the 2 five-factor
modelsNormalh or Midslppst is added. The R of all the models consisting of any four ro five of the 22 factors
was calculated to be 0.78 with two optimal resolutions, i.e. 40 and 64 m. In general, the more the variables,
the higher the R of the models. But owing to impact of the noise, models with more than four factors decine
in predictive ability.Four to five is the appropriate number of factors in combination, making the models
more capable of predicting SOC. Comparative analysis of the SOC maps plotted with the aid of global fan
Kriging, global ordinary Kriging, global kriging and ordinary Kriging shows that regardless of the number
of factors in the model, this method is better than all the four Kriging interpolation methods in prediction of
spatial variation of SOC and prediction accuracy. [ Conclusion] Takinginto comprehensive account storage
space, amount of calculationm, sophistication of the model, accuracy of prediction and ability of spatial
expression, the optimal model for the study region should be the four-factor model, consisting of relative
slope position, elevation, normalheight and MRVBF, with resolution being 121.6 m.

Key words Soil organic carbon (SOC) ; Digital soil mapping; Data mining; Digital Terrain Model
(DTM ) ; Terrain attribute; Optimal model
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