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

MENG Ke, HUANG WeiT, 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
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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), 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 ] The 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 e By R TR EF Lranly
Number Soil type Parent material type Soil type code Training points ~ Validation points
1 Wit LR -7 R A3 R B R AR 1 566 16
Silt soil Slope deposit or remnant of granite gneiss
2 Ve F = 37 -6 108 A S5 AR Bk AR 4 607 25
Silica silt soil Dolomite quartz schist granite-gneiss slope
deposit or remnant
3 LIS NN PR - R A3 R R AR 1-7 97 9
Forest silt soil Slope deposit or remnant of granite gneiss
4 e PR - R A3 R R AR 22 192 14
Silt field Slope deposit or remnant of granite gneiss
5 Vb IeH SPGB AL VY (S ep T a7 24 248 19
Silica silt field Dolomite quartz schist granite-gneiss slope
deposit or remnant
6 L H PTG AR 30 48 13
Tidal soil field Modem river alluvium
7 1 S SENEE S Ee AL VY (S ep T T st 4-4 152 12
Silica sand soil Dolomite quartz schist granite-gneiss slope
deposit or remnant
8 R 1 H = 37 -8 1 A S5 Bk AR 4-5 116 11
Silica hemp bone soil ~ Dolomite quartz schist granite-gneiss slope
deposit or remnant
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Table 2 The basic information about environment variables
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Resolution/m Abbreviation
BEBUAR B
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P [F 4 Homogeneity 10 HO
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{5 B4 Entropy 10 EN
B4 Second moment 10 SM
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FEAE FE 9% 75 5L Ratio vegetation index 10 RVI
285613 — A B 8 %L Green normalized difference vegetation index 10 GNDVI
A 3 AR 5 X Soil adjusted vegetation index 10 SAVI
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Table 3 The performance of optimal mapping models before and
after variable selection
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w BRHBYEYD + Forest silt soil = 381 4- [ Tidal soil field == AkHBIH)ZTEFRY 1 A thin layer of silica hemp bone soil in woodland

Bl o Jsihn 3 S d AU B 4 e 4]

Fig. 6 Original soil map and optimal inference soil map

R4 THINIESSROUEETIRE B ARFHEE

Table 4 Confusion matrix between validation points and optimal inference soil map

0051 2 km
| |

F PR 1 3% K] Optimal inference soil map

o N Y BRI MM R
S 36 UE £ FEVD U+ b Y 70 1 Ve H WrE B ARG
Wi+ Je Silica A thinlayerof A1t
Validation points Silica silt Forest silt  Silt Tidal soil Silica Producers’
Silt soil Silica hemp silica hemp bone  Total
soil soil field field sand soil accuracy /%
silt field bone soil soil in woodland
i+ 13 0 0 3 0 0 0 0 0 16 81
Silt soil
Vet 0 22 0 0 2 0 1 0 0 25 88
Silica silt soil
MY 1 2 0 3 4 0 0 0 0 0 9 33
Forest silt soil
iR 4 0 0 10 0 0 0 0 0 14 71
Silt field
fEVP e 0 1 0 0 17 0 0 0 1 19 89
Silica silt field
1 H 0 0 0 0 0 13 0 0 0 13 100
Tidal soil field
Y+ 0 5 0 0 0 0 5 0 2 12 42
Silica sand soil
FERRE L 0 3 0 0 5 0 0 3 0 11 27
Silica hemp bone soil
MR ERRE L 0 1 0 0 4 0 0 0 17 22 77
A thin layer of silica
hemp bone soil in
woodland
&1t Total 19 32 3 17 28 13 6 3 20 141
FPRGEE Users” 68 69 100 59 6l 100 83 100 85

accuracy /%
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3 3 ®

AWFFEE JeX LT DT, RF, GBDT Hl XGBoost
R (o 3 U NN W SN 7 R AR 1 N S € AN
JEFTHFEEEMNT TR R, JFHRT
REARFIFE I HE B K250 . BJS, A5 G OLEE Ryl
BRIk . O 6 J5 i 20 858 48 B % b B il 81 =X, oF
1175 IX A 4 206 0 e # P] o T 9 45 S 0 °F Jie -
Fro iz DX o 2 o) e ) PR 05 AR R O L R Bk i
BRI Dy A R T AR S, AT
PETHHESG RS B2 o bAh, R O A ) 1 4
FKHRE T UAERNS%, 55 ke E A R
() I B HEATXF L, LR BT A 48 40 IX
I Ay S i A A R AL

H i E A VF 2 W0 5E T AL > T R ST
FHERIE, (HEE— LR, Flan, #aaEsERY
FIFH Z R L8 2 20 BTk AT 1 o) 18] B o 2 PR A 45
AR BB, IR P AR TR T A AR T
e FE I R A E I, (R R RIPLAS 2% 2 Bk
FEAN[A] XSk i B0 25 57 o AR S ad % e A7 2 3R
RF 33 70 R A RIS Ji DX 3, ) 4 8 ) 35 SR B e,
iz X 4u ] PEDRS Ji d3% /25 ) 4 XGBoost 532 o R4S DU A
BILAS 2 21 S AN [R) I v % 3 1 1R BB R T
XTI, RF 5 XGBoost 27 4 3 ] K 5E 17 24
B (F2), Soeaipragsis—s0 1 2 g,
PP HILAS 2 20 B A g DX ok 1 e L ) PG I
TR R X e, X PR R B R TR
A B EERWEEZ —, FRE XSk
K, FETHIE 22 5 1F—25 5 | H A IR 85 A8 1 14 2 (]
M 2ER, NI A T 22 7 PO,
U, TESEAT R AR ] R, T AR R AN R Y
WIE S, PR Al A IR BE AR ORI AT HE B 1A
DA i ) RS

BREEFR AN, ASCHERCT 12 NHIE T 15 4
T SR IR AR g IS R B (R R PR A A L R
TR ITAY, W BT R, AR SO AR AR
ARG EIAT T IS, Pk 45 XS R e s f
FEAS X 1 5 P R AR s rp, M PR R AR
FEBE X8 A BTk R 40551 R 52% 0 48%, 1T 76 JiL [X.
B TTHERRAR 38%; B PR . B FIE

JE X S8k B0 A 2 .4 F 10, BTk R4 5108 13%
20%FN 42%, FRRUER] T PR X P 22 S A0,
- RS A 1 Ml PR AR B S ek S SO B L,
B S8 RN TS S HE B DR TR T [
W, S50 AT PR AR AT HE R A L,
i 196 J PR B AR H R4 T AR B R, A SR o] RS
FEAR B TR R T, BRI TR AEA R DX
HRERR (F3). Blhn, e s 2 i & ek
FERESETE T 4.96%, 11 it X a5 3 ) DA 2 A 4
FHT 1.43%. BEAh, ARBFIEIS K IR, e P4k
VEURS B T AR B R RS B, 5 1 9o g 4
R—%. Bk, AU RW% IR E k. 7%
BE AR 1 i 1 DA S I 43 X il &1 5 X34 e A e -
Ji- P B8 DX 3l - S 2AS AL A o A 2

EARWISE A — AN 2 4b, AR EHA
Tvi] (AR o A1 38 32 7 A AR T ) e B o] PR SR
ASCACR FIREHLRAE ) 7 XA el 2, R &I
G SRR R R, SRR BN & G AR
Sy IR, TR U B A 1 s ) QR e HLME B 2%
PIRE R, A S E— D4R R T IS AR P PRGBS
Hk, WETEIRERN R, ST > Bk
FEHESRE ] i i 2 752 2106, 754 5 o
Hon] DU — 2 R R . [FIEE, CA MR R A
T 31 B A R T4 i R o DR RO, R
AP R RANRE T, JFELruFsE bl L5
ANIZEHF U — LT S . &5, &
SCAE) B A A% DX e A A 8 - W G R AR ARG T
ARG, HESEABIFWA T, o6 i
— .

4 4 g

AHIGE LAY J5- Fr i DXl Ay AR 91X, g H R
53 0D X SOR P 8 XS AN M JE FROT, 39 T 2R
G 7% R By eI . PR BT AR 1 0 1k LA K o 1y =K
X JR - Fr iz DX 5k = 19 A R0 e 3 ) RS 32 s i) )
H] DT. RFE. GBDT F1 XGBoost PURhHL#s > & k
AT A DX A RS AU 5], A &1 7 vk 1 e s
A, (BB TR FHIE T i il B ROR
ANTA], AR A L A b T R 3 %5 R A o L vk . B
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T BE , TR T BB AR G 0 e AN AR A R B TC
A, EREE m HESR G RS B2, (HOR R MR R i 42 7t
RUORAFAE 225, ARG B4 T ol %, &
AR B A1 Kappa REUrEEE T 4.96%F1 0.06. &
TR PR A - DX 1 BT R A e R AR B X
B A, SR FHHLE S X D R A R 2 R
FEHIE S 2, 14 1 D g X Y e S
HERE I BORGE . ARIEERE 5 s B 7 ik . R
7R St 5 1 LA R Al 1] X A Y e O R - L OC R
REAY 26 T 5% X - A R] O B B AORS T R
Kappa ZE453510 73.05%F1 0.69, KL, A5 N
P Y I - e e DX R T A G R AR, A
7 42 i HESIS R A 2L o) PRDRG PR L T — 2 W B iR S
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