+ B
Acta Pedologica Sinica

DOI: 10.11766/trxb202406210251 CSTR: 32215.14.trxb202406210251
darl, BEEL, AL, ZCE, PR AR X T el BT LU D). R AR, 2025,

MENG Ke, HUANG Wei, FU Peihong, LI Wenyue, FENG Ling. Comparison of Digital Soil Mapping Methods in Plain and Hill Mixed
Regions [J]. Acta Pedologica Sinica, 2025,

FIR- B X 338 7 R 3RS E AR

&, |, MRA, Ok, R

e R A BHE S FEE B, 3G 430070)

O MRS IR SO OC R AR SR B I RS I G BE H TOP R R X 2 RIS R 2R, Qi
AT 7855 7 6 08-SO DG FR AR TR J 57 (1) 2 P SRR I FoUI0 G 398 28 R 7% ) 4 A 75 B RE — 2B R o ASHIE A AT AL 4G R
W S MAACIATT X, B HRI AT EM R 2 NIRRT, Bl 28 NS E N EIE T, AL RE N
(Decision Tree, DT). BEHIARM (Random Forest, RF). ##ZEHEFH# (Gradient Boosting Decision Tree, GBDT) FI# i
FRIEFETt (Extreme Gradient Boosting, XGBoost) &% HJE Tt ATHERE I IR, 2T H 7 EEEHP g &,
JE IS NT G B A S R A3 X I RS B, BRI TR - B X R R R RS B B AR . SRR AR %
T, mARHEE S BT EA R . RE B AANF 5 X ) B RUR G, XGBoost 78 I b X 3] B R R B i i A8 &
70 BB A% A A He T 2 ) LS AORS B2 A Kappa R 3,  BEARXIUR T RCR B (Ar R THT 4.96%F1 0.06), ~FJ5 X 1
RILRR I PRI T 1.43%H10.02) . AHELE TR ], Fetth I 25 DXl UG B de e, el ARKE 2 Kappa 2280
535N 73.05%H1 0.69. 1EFIR-[e R G XU, 2762 il B E ik FREAR &% ik DR | B 7 sCREA R T 143
RAUHEIR R EIRE B, DB ATl X g S R HE P | R 4R 1 7 SR R AR AR S8

XHEIR: LU, LSRR, HLERSE I, AR R, MU

H 526525159 SCHRAR GRS A

Comparison of Digital Soil Mapping Methods in Plain and Hill Mixed Regions

MENG Ke, HUANG Wei , FU Peihong, LI Wenyue, FENG Ling
(College of Resource and Environment, Huazhong Agricultural University, Wuhan 430070, China)

Abstract: [ Objective] Digital soil mapping is a burgeoning and efficient method to express the spatial distribution of soil.
Based on a data mining algorithm, this method establishes a soil-landscape relationship model to infer soil mapping by using
raster data as an expression and computer-assisted. The key to improving the accuracy of digital soil mapping is constructing
a suitable soil-landscape relationship model. However, the commonly used methods of digital soil mapping cannot meet the
application requirements of soil mapping given the complicated nature of terrains consisting of plains and hills. How to fully
consider the main links of the soil-landscape relationship model to accurately infer the spatial distribution of soil types needs
further discussion. [Method] The northern part of Chengmagang town, Macheng City, Hubei province was selected as the

study area. It was divided into two terrain units, plains and hills. Based on the 28 environmental variables, Decision Tree (DT),
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Random Forest (RF), Gradient Boosting Decision Tree (GBDT), and Extreme Gradient Boosting (XGBoost) were used to
select optimal mapping methods for each region. Then, the optimal variables combination was selected according to the factor
importance ranking of each region. Moreover, the optimal mapping methods were used to establish a soil-landscape relationship
model linking soil types to the optimal variable combinations, upon which soil type mapping was inferred for each region. Soil-
type mapping results for plain and hilly areas were combined as the soil-type mapping result of the terrain region. Finally, the
mapping accuracy of the whole region was compared with the terrain region to further explore ways to improve the accuracy
of soil-type mapping in Plain and Hill Mixed Regions. [Result] Under different terrain conditions, the performance of each
inference mapping method was different as well as the optimal inference mapping method. The performance of RF and
XGBoost was superior to other algorithms. Specifically, the RF performed better in whole and plain regions while the XGBoost
was the best algorithm in the hill region. The model accuracy was further effectively improved through variable screening, with
the maximum increase of overall accuracy and Kappa coefficient being 4.96% and 0.059 in the whole region, respectively.
However, the model accuracy improvement was not obvious in the plain region, with the increase of overall accuracy and
Kappa coefficient being 1.43% and 0.018, respectively. Also, the increase in overall accuracy and Kappa coefficient was 2.82%
and 0.03 in the hill region. Compared with the whole mapping method, the inference mapping method based on terrain zoning
had the highest accuracy, and the overall accuracy and Kappa coefficient were 73.05% and 0.69, respectively. Meanwhile, the
plain region required more remote sensing factors to participate in inference mapping compared to the whole and hill regions.

[ Conclusion IThe inference mapping accuracy in plain and hill regions can be effectively improved by optimizing the mapping
method, selecting environment variables, and adopting appropriate mapping way. This study can provide some references for
the screening of environmental variables, the selection of mapping algorithms, and the construction of mapping ways of
inference mapping in plain and hill regions. It provides promising and practical examples and technical support effective for
promoting the improvement of the accuracy of inference mapping in complex terrain areas.

Key words: Soil type; Soil-landscape relationship model; Machine learning algorithm; Environment variables; Terrain
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Table 1 Information of soil type, parent material type, training point and validation point in the study area

FFs Rae St BEFE A TR IR BHIF
Number Soil type Parent material type Soil type code  Training points ~ Validation points
L Wit FEB = P R ISR SR AR 566 6
Silt soil Slope deposit or remnant of granite gneiss
. H A3 Fa—1e i i e SR 8RR
U ) ) ) i
2 o Dolomite quartz schist granite-gneiss slope 4 607 25
Silica silt soil .
deposit or remnant
3 SN TE P R B B R AR ) L7 o7 9
Forest silt soil Slope deposit or remnant of granite gneiss
iR H TE I P R AR R AN
4 22 192 14
Silt field Slope deposit or remnant of granite gneiss
. F o A G —Ae i i e SR 8RR
Vb H . . . .
5 o Dolomite quartz schist granite-gneiss slope 24 248 19
Silica silt field

deposit or remnant
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deposit or remnant
woodland

1.2 BIEKIERAIE

B g B () S BRAE T A TR O R, A AN 2 ) B SRR R 2 i, 3 7 B Y
T B AP AR B DURAIE RS e . 5T SCORPAN 33 Sl A U041, A ik Y 1 28 NI A 12k 3k
B AR, HAh R 1 MG R 12 DMHIER TR 15 DMBEKR U160 (£ 2), BHFER
SRR TR B B 2 b 3 SRR RO s MO TR IR 1 R 5 RG22 SR AL 1) 10 m 2%
) 2 25 v R BRI TS, HURATA IR 7RI ArcGIS 10.5 Al SAGA GIS 9.4.1 B3RS, #K
KR i Fe Bui o A ER 51 28 (Google Earth Engine, GEE) V& H1[1] Sentinel-2 5215 (1%
iFE] 2020 42 H 9 HY THE3RTS, [FIEF A GEE 3REX A H1 Sentinel-2 2 3% B AHE, 45 B2, B3.
B4, B5. B6. B7. B8. B8a. Bl1 I B12. N [/ DEAETUAR, KH ENVIS.3 W HBAT E 5570
RENE—E RS, B SHEE . RS IR B AR RAREA— S, P SR
HIIWAE N 10 m 23 HE3, IS — 1P R WGS_1984 UTM_Zone 50N,

2 MET=EKXER

Table 2 The basic information about environment variables

2[R 5y A IR

Resolution/m  Abbreviation

R HEAF B Environment variables

B A5

B}/ Parent material - PM
Parent material
MBI 5 =2 Elevation 10 EL
Topographic W 17 Aspect 10 Aspect
factor Y Slope 10 Slope
4R Valley depth 10 VD
XTI FE AL E Relative slope position 10 RSP
I 3K H T Slope length and steepness factor 10 LS
7K i1 % Horizontal curvature 10 HOC
“F1H i1 %€ Plan curvature 10 PLC
I TH i % Profile curvature 10 PRC
WO TR & #6 2 Topographic wetness index 10 TWI
HTE AR Topographic relief 10 TRF
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Remote sensing ¥J{E Mean 10 Mean
factor Ji 7 Variance 10 VA
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XL Contrast 10 (6{0]
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IH—ALFE# FE % Normalized difference vegetation index 10 NDVI
B 3R # F5 Y Enhanced vegetation index 10 EVI
ZIH MW T5 % Differential vegetation index 10 DVI
EV B AE 4 5 % Ratio vegetation index 10 RVI
67— AL P8 B Green normalized difference vegetation index 10 GNDVI
A M HE $ Soil adjusted vegetation index 10 SAVI
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Fig. 3 Variation of overall accuracy for optimal mapping methods in each region with the number of environment variables
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Table 3 The performance of optimal mapping models before and after variable selection

FT5 45 & All variables fi%5i% J5 A5 & Filtered variables
BLAEHE Optimal model R R R b R A
Overall accuracy/%  Kappa coefficient Overall accuracy/%  Kappa coefficient
BAR-BEHLARAR Whole-RF 68.09 0.63 73.05 0.69
P J5-BEHLARAK Plain-RF 68.57 0.62 70 0.63
T B - A i FE 42 T Hill-XGBoost 73.24 0.68 76.06 0.72
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Fig. 5 Comparison of different inference mapping ways
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Table 4 Confusion matrix between validation points and optimal inference soil map
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