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Spatial Prediction of Soil Thicknesses in Sichuan Province Based on Feature-Ensemble

Learning

CHEN Yulan', LIANG Taibo®, ZHANG Yanling?, WANG Yong', YUAN Dagang®, ZHU Jun*", LI Decheng’

(1 Liangshan Branch of Sichun Tobacco Company, Xichang, Sichuan 615000, China; 2 Zhengzhou Tobacco Research Institute
of CNTC, Zhengzhou 450001, China; 3 College of Resources, Sichuan Agricultural University, Chengdu 611130, China;
4 School of Computer and Software, Nanjing Vocational University of Industry Technology, Nanjing 210023, China; 5 Institute
of Soil Science, Chinese Academy of Sciences, Nanjing 210008, China)

Abstract: This study compared the prediction accuracy of random forest, quantile regression forest, support vector machine and
ensemble learning in mapping soil thickness taken as a continuous variable, where the machine learning models were weighted as
individual models. Furthermore, a feature-ensemble learning algorithm was proposed for mapping soil thickness, in which soil
thicknesses was classified as a new categorical variable, and the discrete predictions were further weighted with the predicted
continuous soil thicknesses. The results showed that soil thicknesses in Sichuan Province were characterized with high spatial
variation, of which the dominated drivers included multiresolution index of valley bottom flatness, elevation and topographic
wetness index. The overall performance of prediction models in terms of coefficients of determinations and root mean square
errors were 0.32-0.47 and 0.28-0.41 m, respectively. For the prediction of continuous soil thickness, ensemble models had low
errors than those of individual models. For soil thickness types, the proposed feature-ensemble learning algorithm achieved higher
robustness than other considered models by reducing the variance of prediction.

Key words: Digital soil mapping; Machine learning, Ensemble learning; Sichuan Province
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Table I Summary of environmental variables
WEE A e SRR P i) K
[ DEM 90 m 2000s Jarvis 1
e g Slope 90 m 2000s Jarvis 211
| Aspect 90 m 2000s Jarvis 211
Rl ProCur 90 m 2000s Jarvis 2517
1] T il PlanCur 90 m 2000s Jarvis %1
H P R R A TWI 90 m 2000s Jarvis %501
HIRPHGAREL MrVBF 90 m 2000s Jarvis %01
BB PareMate 1 2500 000 1980s RERLEY
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Table 2 Summary of soil thicknesses observed in field

IE/E FE el HABE BMEm) CF¥MEm)  PEm)  mKfEm) fRfE2Em)  RE

+ R ST R 195 0.20 1.19 1.25 2.30 0.18 0.21

Y =5 R FE 63 0.36 1.26 1.30 2.30 0.15 0.24

WP <5ORAE AL 132 0.20 1.16 1.20 2.20 0.18 0.24

B R e E 4 Ay AR 99 0.24 0.78 0.80 1.20 0.25 -0.65
Wi RE =50 R B 24 0.28 0.78 0.81 1.05 0.26 —0.82

Il B <SR AR A, 75 0.24 0.78 0.80 1.20 0.24 -0.57

x3 TRMLER. TP AESLRLXBEZFHTLREEE T RBELRE)

Table 3 Summary of soil thickness from soil series survey regarding parent material, land use and soil type based on soil series set

BB T e
B~ - 385 BE (m) FERig A LR (m) FE B i +- 35 (m) FE B
) 124+0.28b 26 T 126+£049a 43 AT 1 1.15£0.35b 105
LR 1.49+0.37a 25 MM 1.20+0.39 ab 82 ST 143£0.39a 34
s 0.94+0.36 ¢ 26 e H 1.07+0.37b 52 Bt 0.96+0.52 ¢ 33
e 1.13 £ 0.56 be 16
E= 1.04 % 0.40 be 36

T SRR NG PR R R 22 535K P<0.05 W KF-.
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Table 4 Accuracy assessment of individual models and ensemble
model for prediction of continuous soil thicknesses based on soil

series set
KEEETRNS  BHALARAR - Or BR8P ORI Al B2 A 7Y
ME (m) 0.01 0.01 0.01 0.01
RMSE (m) 0.30 0.29 0.41 0.28
R? 0.42 0.45 0.32 0.47

x5 HMETREEREFERSERRENTINEEE TR IELE)

Table 5 Accuracy assessment of individual models and ensemble models for prediction of soil thickness types based on independent validation

1 BE R bR BEALAR PR A3 H 1A FR AR TRF AL H AR R FEAE AR AR TR
Kappa Z % 0.17 0.19 0.13 0.14 0.21
WAy N 0.49 0.55 0.49 0.49 0.61

{23 (2 5 B A BRARTTIN A 90% B 15 X ]k
M isei 45 R i AN e P (18] 4) 2R IR R 5%
IS 95% ALK 4)5 HAB TN SR B 2R
L4 25 6] 3 A 4RFAIE , -t B 38 RE BT 1 7Y 1) AR S B AP
RS DX, T DU 2 2 Y v
v DR DXt 9 X 5 2 ) s ] ANl R R v
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SR BE AR R 2 1Y) - 8 R 2 AR 3 [ - A ]
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Fig. 3 Spatial distribution of soil thicknesses predicted by random forest (A), quantile regression forest (B), support vector machine (C) and
ensemble model (D)
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Table 6  Statistics of soil thickness generated by different algorithms

Tk He/ME (m) A (m) FH{E (m) KA (m) FRifE2E (m)
Rl HL AR R 0.51 1.18 1.21 1.99 0.032
Bax vk {EEFCiN 0.43 1.19 1.25 2.10 0.028
SEHFI) L 0.36 1.17 1.20 1.80 0.029
SEREF2] 0.57 1.18 1.22 1.87 0.026
(A) B)

h

I (m) IR (m)
1.26 1.26
0.73
019 o 200 km
-0.20 — 020

(A. 5% %0 B. 95% %)
B4 EFHMUBEEARMANAESE LT IEEERHEEZTELH

Fig. 4 Uncertainty of spatial distribution of soil thickness produced by quantile regression forest
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Fig. 5 Spatial distribution of soil thickness type based on ensemble learning

3 e

TR R RO A 5 AR 1Y
BLILmAE B, SR ML G 1) 3R A (L RE R BUR AR 5 1Y
AR R, AR A R ) 2 (B A AR B2
ARSCAH TR (AL AR 2 2R X HUE &2 4% 11
S JELE Ly b b S X AR T — 3 TR AR A )
) A 3 R R TN AR R SR A L T AR L T g
W a5 G 2 M HLA 2 T BRI AL, IR G T L
TR - 5 L T 5 R A R R S AR S 45 A
b I D T 2 AR v TN 45 SR AR RS A A BT A0 T
St i, Wwesil T AN TN | i A £
TUEMENH 7, (H R 3 AR (A4 B LA SOt
[ 3 AL a2 2] SR BEAR . TEBR D DR E A iy )
RIREZET , P A IR IG5 oK 3 e A [R) B . AN [
KFRIAL, i T AR A B, A D s
A SEAEAE Sk T S0rEAR A AR VA RO AR AL ARG E
AT HA - M, R B[R] A HE RS AR AR
N, T H ARG e A g R R 2R 43S A B AR
(0~ 60 cm, 60~ 100 cm 5>100 cm), R RIFEEHE
B 5 BB AR AR R AH 22 30 Z24F, Dok T3
JEE B H5 A 7 el FH I AR5 ) AR SC R ik 37 B0 iE

AT DAE R JE B S B A SCHR R 1 Al
FHF AR AT 1 SR S A0 | 3 32 B2 R AL
a2 BRAEA ] 9 5 3 FE AR | 22 Sk
[, F5 2R e i, 5% A LR A
], 38R R — e oA SRRl 380 1) e JORFE R B, 3X

YRR YA A N B A2 9 ) T A S B A A R E PR
IR S FEHL ] RS B L R AL I A 25 1]
OPATRHIE, B A A HER B0 T IRR R R . R
TS B U A A (E AR TR R (R 2), HE
HRE U FHTINNGG JEE 3 (45 SR 32 W R A 4 B AE 1Y BE A8 5
BTN - 4 J5E R 1) 2 (8] S (3 5)

TESEPRE) LR A AR v, R TR HOd R
TN R , < s b A b R BE T BRI I R TSP
WL, Xl AR 395 R B S 4
PRI R o — T2 A PN R 22 , 500 70 3 XA £
JEJEE B E ARG O o B RTIXAPE O, FE A
AT HR 2R S E S SO N R it (right censored
data)"?!, JFHEE T BEHLAE A7 AR AROR B T — 2+
SIS JEE (B MR A (4 22 (8] J3A1 o 2 HIr PN ) - SIS 8 11
FMARE(E 3. B HrfLUEEL, TR S5
T Z [ g AR R R AR, MHRATAE S 2%
AIARZRPEIC 2R o MR TR R 5 B A2 2 1) A DAl s
ZEAF T SR P AN ) M A 2 P S Bl e ) A
FRIE(E 3), DA SOR A P G HARAE ot
FOAREAY

BET BEHLAR AR A4 722 B P T (L RE AL PR
AR MR JE R A (] AR S YR AR RE T, ANRESS ) HLAA
IR Sh A B AR o th T A2 B 2R R R
AR IIZE AR, Rt R R E RIS R
FEHRE T 22T A R R LR AR AN B 4k
BB RN R R EIE R GR 3), (R
SR R I R A BR T IX LA i NI, 7R B

http://soils.issas.ac.cn



5 4 19

WRE AR ST HRAEAR e T (0 1)1 4 3 5 B2 il 901

A T R A AR B AR A LA (] 2)3Ghn T ik s a2
AR IR TR A TS B . 5 R R, T e
T—A~3 2828 iR SR AN 4 AR it B ST (1 T
K B YA R TH(P>0.05), XAlfgRt T3
SPZ =R =R ISP S il SRS ST @ SRS
T8 AR X 43 S8 A5 B BOKE BE 5 40 BER A R 2
AFAF - 18 JRL B (1425 [ A8 S 4 AE

SR I AR 2 8 - S JEL R T B R Y e e 2R
BN 0.47(3% 4), HAHDCHFFRAE XU (0.16 ~ 0.34)
HEFRPEQO.11 ~ 0.41) 5 AEsn R m e B, i
HH A SO 1) PR 5 2 o i 8 2 A b R AF - 398 52 B 11
25 [ AR ACRRAE | $ULA5 A0 TN ASE 78S B8 v A 2 b 4 38
SR ER . BN, MRS BGE A ST I
25 1) DX IR 1, 30K S [X ok G Al [X s LA T 22 g 9]
TR, DR A 4 R R R AT B EE A X R,
T8 T 2 8 5 R 008 5 g 1 A Lyt DX S5 - 48 PR 1) 25
)43 FEAED), Ryland 48 AM7EZ) 16 hm® (1) Calhoun
i BR S B A XL 3 5 P SRR N 15 £ (Dualem-21S
EMDJA# 1 3.7 J7AUI0 5, Il FH e 1107 1A 3145
Tz X IR AL A JE R 2 (R o A B I AT AR
P PE T 32 2 0 ™ By AR el AT Bk nY v AR
W), 30K A1 0 I - 49 R 45 i) TR AR A F) o Al 0 15 T
FE A+ HEEIR  SCHE

4 g

1) DU 4R R A v Y 25 1) S i,
A I — Al b SR AT Ak

2) HIIE T (W RFHEZE SR80, Mt S HUER
FEFEEO REE AT 1y R AE 111 3b [X. - 198 5L 119 25 1] 28 S
FHIE o

3) pf [ 2 Y - SR JEE TN ) AR R LA
o B TIUINORS B2 S AR, RERS 7T 20 TR B B A
oo FRIEER IR~ RES A R O TR G T 1 82 1
JELJEE TN 5 g A - R R ST T 45 2R 3 i el D
7 28 KA i R 45 SR A AR A

(L FHTFE XCEOR , REABEAT R, ASSCHe Hi Y
SR T EAR AR B 3 22 ) 1 RO s A IF 5
X HEAT5EH o
S

[11 5=, 218, sk H %, % LHEEENRSRES R
BREE[I]. L3R, 2015, 52(1): 220-227.

[2]  SRHFEE, S, RBURS, G R A AR S 0 R
A0, LHEAHR, 2020, 57(5): 1060-1070.

[3] Wadoux A M J C, Minasny B, McBratney A B. Machine

(4]

(3]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

learning for digital soil mapping: Applications, challenges
and suggested solutions[J]. Earth-Science Reviews, 2020,
210: 103359.

Ryland R C, Thompson A, Sutter L A, et al. Mapping depth
to the argillic horizon on historically farmed soil currently
under forests[J]. Geoderma, 2020, 369: 114291.

LuY Y, Liu F, Zhao Y G, et al. An integrated method of
selecting environmental covariates for predictive soil depth
mapping[J]. Journal of Integrative Agriculture, 2019, 18(2):
301-315.

Horst-Heinen T Z, Dalmolin R S D, ten Caten A, et al. Soil
depth prediction by digital soil mapping and its impact in
pine forestry productivity in South Brazil[J]. Forest
Ecology and Management, 2021, 488: 118983.

Wang Q, Wu B F, Stein A, et al. Soil depth spatial
prediction by fuzzy soil-landscape model[J]. Journal of
Soils and Sediments, 2018, 18(3): 1041-1051.

Penizek V, Bortivka L. Soil depth prediction supported by
primary terrain attributes: A comparison of methods[J].
Plant, Soil and Environment, 2006, 52(9): 424-430.

WuS W, LinCY, Sun MY, et al. Estimation of soil depth
in the Liukuei Experimental Forest by using conceptual
model[J]. CATENA, 2022, 209: 105839.

Dharumarajan S, Vasundhara R, Suputhra A, et al.
Prediction of soil depth in Karnataka using digital soil
mapping approach[J]. Journal of the Indian Society of
Remote Sensing, 2020, 48(11): 1593—-1600.

EEky, BEME, HE&R, 5. BUE R 8
MRS 5 T0 I B BFSE 0], 133, 2011, 43(5): 835-841.
Chen S C, Mulder V L, Martin M P, et al. Probability
mapping of soil thickness by random survival forest at a
national scale[J]. Geoderma, 2019, 344: 184-194.

Chen S C, Richer-de-Forges A C, Leatitia Mulder V, et al.
Digital mapping of the soil thickness of loess deposits over
a calcareous bedrock in central France[J]. Catena, 2021,
198: 105062.

FAUE, IR, MAR, . WAEIRET b 1 R R
S22 F5E0]. -4, 2021, 53(5): 1081-1086

SRHFR, RARRL HEEREWIEEM]. bt BlAAn
fAL, 2020.

S E A AE, P E MG HAEM]. b
R ALY H R, 1996.

SKRH B, . BPA SR SR AT M. dEa:
Bh4 A, 2022.

Li X C, Yu L, Sohl T, et al. A cellular automata
downscaling based 1 km global land use datasets (2010—
2100)[J]. Science Bulletin, 2016, 61(21): 1651-1661.
Jarvis A, Reuter H I, Nelson A, et al. Hole-filled SRTM for
globe (Version 4)[OL]. 2018-11-01(2023-07-04). http://
srtm.csi.cgiar.org.

AER g, EREAMK, BRI gLy, hETIEEEM] dL
HU MR AL, 1986.

Maisongrande P, Duchemin B, Dedieu G. VEGETATION/
SPOT: An operational mission for the Earth monitoring;
presentation of new standard products[J]. International

http://soils.issas.ac.cn



902 + i 55 55 %
Journal of Remote Sensing, 2004, 25(1): 9-14. [26] Song X D, Wu H Y, Ju B, et al. Pedoclimatic zone-based
[22] Yang L Q, Jia K, Liang S L, et al. Comparison of four three-dimensional soil organic carbon mapping in China[J].
machine learning methods for generating the GLASS Geoderma, 2020, 363: 114145.
fractional vegetation cover product from MODIS data[J]. [27] Meyer D, Dimitriadou E, Hornik K, et al. el071: Misc
Remote Sensing, 2016, 8(8): 682. functions of the department of statistics, probability theory
[23] Xiao Z Q, Liang S L, Jiang B. Evaluation of four long group (Formerly: E1071), TU Wien[OL]. 2023-02-01
time-series global leaf area index products[J]. Agricultural (2023-07-04). https://CRAN.R-project.org/package=e1071.
and Forest Meteorology, 2017, 246: 218-230. [28] Liaw A, Wiener M. Classification and regression by
[24] Zhang G L, Song X D, Wu K N. A classification scheme randomForest[J]. R News, 2002, 2(3): 18-22.
for Earth’s critical zones and its application in China[J]. [29] Meinshausen N. quantregForest: Quantile Regression
Science China Earth Sciences, 2021, 64(10): 1709-1720. Forests[OL]. 2017-12-19 (2023-07-04). https://CRAN.R-
[25] Brungard C, Nauman T, Duniway M, et al. Regional project.org/package=quantregForest.
ensemble modeling reduces uncertainty for digital soil [30] XUR{~, FExmar. TP LK £ R FEE A6 R

mapping[J]. Geoderma, 2021, 397: 114998.

0] TREEE S, 2022, 36(11): 10-18.

http://soils.issas.ac.cn



