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O MERR RO S S K S (SMO) K ZME PSS H B . AT A IELL v IX A R0 3 1 ufiad 2018—2021 4F 10 ~

40 cm 3Ky H SN BESE , AT ST ENL AR (random forest, RF)FIESEE LTI (gradient boosting machine, GBM)& % 7E

SMC T 75 1 A3& FHPE, BeiiEAS W] B RLRUEE SMC R FENEE S . RIS | A SHAP(shapley additive explanations) 73R AE 5 25 (K |

HERETEL . TIAEXRRAE . XU, PSR A ZE R0 SMC UM 25 S 2 m , I s DX TA1 30 43 190 0 R 31 A58 e R DR B DX i
WFRASREY : FERET, SMC Hilll GBM ALAUHI RF B8 R 5351124 0.982 1 0.888, BTk AR, HATTHRKAZ 21 ~ 23°C;

FRPEER, 2 FERS R 4350 0.935 F1 0.863, H HRRSESTHkIR A, BRTTHRIXIA N 2 ~ 4 he ZBFSTBIHTN ] SHAP Jr ik FHLAR

AR R TR ST, [FIBTBRTE T 2 Fdlesas S 5kxt SMC BUMARSE MERHE, v SMC MR #E it S2%

KR ST AT BREEERTIL; BEMLARAR T TVEH; SHAP{H

HESFES: S152.7 NERIRERG: A

Prediction of Soil Moisture Content Based on Ensemble Learning — A Case Study of

Western Liaoning Province

FU Pingfan'?, YANG Xiaojing'**, SU Zhicheng'?, QU Yanping"?, MA Miaomiao'*

(1 China Institute of Water Resources and Hydropower Research, Beijing 100038, China; 2 Research Center of Flood Control,
Drought Relief, and Mitigation Engineering, Ministry of Water Resources, Beijing 100038, China)

Abstract: Accurate and efficient prediction of soil moisture content (SMC) is vital for field water management. In this study, two
types of ensemble learning models (RF and GBM) were used to compare their applicability in SMC prediction based on the
automatic hourly SMC data at 1040 cm during 2018—2021 from three self-built sites in the western Liaoning area, the
prediction results were also compared and verified at annual and seasonal scales. The SHAP (Shapley Additive Explanations)
method was introduced to quantitatively characterize the effects of five input variables (precipitation, sunshine hour, average
relative humidity, wind speed and average temperature) on SMC prediction. Interval division rules were developed to identify the
interval of maximum contribution threshold of variables. The results show that R* of GBM and RF models are 0.982 and 0.888
respectively on annual scale, temperature is the most important factor with the maximum contribution range of 21-23°C, while R’
of the two models are 0.935 and 0.863 respectively on seasonal scale, sunshine hour is the most important factor with the
maximum contribution range of 2—4 hours. This study innovatively applied SHAP method to analyze the contribution rates of
input variables of machine learning, and verified the results of RF and GBM methods in SMC prediction, which can provide
reference for related study on SMC.

Key words: Ensemble learning; Soil moisture content forecasting; Gradient boosting machine; Random forest; Western Liaoning;
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X —[A] %, Lundberg Ml Lee!™fE 2017 4E42 1 T
SHAP(shapley additive explanations) 5%, 1% )73k
T A VR ZRHIE a2 AL FAE A FRAE X f5 28 U (B
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Fig. 1 Location of study area and three experimental stations
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1) 2 PP A AR B4 Python 15 MR T gk
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6 B HEFFH1(gradient boosting machine, GBM)/&
H1 Friedman 4 H 19 —Fh A THL#E 27 20 (58 T 12

AT R A RS2 R, GBM R LA R 55
BRI A BB, R I A 16 ) — S AR R
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HHEALT
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n

Z(}i—yi)z
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Z(J_’z _yi)z
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e SRR P R A ARAE A A, R Xt
FRIEARBISTEES S T p BREFIERECER; val(S)
FEXES S R E R T ;s &, R val 55 j A
TIE 1 BT iR

2 HEREHW

2.1 FREMMERXTEE

VEH 2018—2021 4F 33 10 ~ 40 cm RS & /K i
BRI T4, 25T RF, GBM Bk + 3 &k &
TS RL Xt HE 2 AR AR A NS SRR 1)
B, 10 ~40 cm TR WG AR 250N, R® 2 (A
0.1 LA . GBM BRI TS BE 4/, 10 ~ 40 em ¥R
R*EI KT 0.94, MAE Fil RMSE ¥{E /N T 0.006
F10.026; RF ARG EERG 22, 10 ~ 40 cm KJE
R* (G H 0.881 ~ 0.891, MAE F1 RMSE (a4
/NF 0.054 F10.071,

F1 ERETARMSARERELIES/KE RF 70 GBM BHE FUNAEE LLER

Table 1 Prediction accuracies of soil moisture by RF and GBM models at different depths in different stations on annual scale

pgss + % (em) MK AEL RF GBM
MAE RMSE R? MAE RMSE R?
IR 10 220 0.048 0.061 0.887 0.004 0.017 0.992
20 220 0.052 0.066 0.885 0.005 0.028 0.979
30 220 0.042 0.059 0.869 0.007 0.029 0.968
40 220 0.074 0.097 0.881 0.006 0.027 0.991
¥E 220 0.054 0.071 0.881 0.006 0.025 0.983
A5 10 241 0.041 0.054 0.902 0.005 0.021 0.985
20 241 0.058 0.075 0.882 0.007 0.029 0.982
30 241 0.061 0.080 0.892 0.008 0.036 0.978
40 241 0.041 0.055 0.889 0.005 0.018 0.988
¥E 241 0.05 0.066 0.891 0.006 0.026 0.983
Vet 10 236 0.045 0.060 0.886 0.007 0.042 0.945
20 236 0.032 0.043 0.924 0.004 0.015 0.990
30 236 0.045 0.064 0.882 0.004 0.017 0.992
40 236 0.060 0.079 0.871 0.005 0.023 0.989
¥ifE 236 0.046 0.062 0.891 0.005 0.024 0.979
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Fig. 2 Predicted and measured soil moisture values in 10 - 40 cm depth at Sunjiawan Station
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22 ETREMNE R

AWFgeh, ENR0brfEN. FE3—5 A B
Z6—8 H. kFo—11 H., &F 12 HA—kRHE2 A,
Z RUBE (T 45 S (36 2)F W, GBM KERIAI RF
RUAEAS ) 2571 T = 1 /K 3 HoA 3 m A

GBM 5 10 ~ 40 cm WEEAZT R HHIEHE N
0.931 ~ 0.938, MAE {H¥J/NF 0.026, RMSE {H¥4/)
T 0.065; RF Hi% 10 ~ 40 cm HEE4& 245 R (H 1
4 0.816 ~ 0.894, MAE {E¥/NT 0.073, RMSE {H
/NT0.095, HKiEIEAKT GBM A,

F2 FEFETLIEEKE 2 RETNFEE LR

Table 2 Prediction accuracies of soil moisture by RF and GBM models in different stations in seasonal scale

3l a5 I M4 RF GBM
MAE RMSE R? MAE RMSE R?
IR HE 48 0.068 0.084 0.894 0.025 0.052 0.962
"7 56 0.058 0.078 0.876 0.021 0.048 0.955
T 57 0.036 0.046 0.889 0.012 0.025 0.966
A 59 0.054 0.076 0.816 0.025 0.064 0.868
¥E 55 0.054 0.071 0.869 0.021 0.047 0.938
ek B 55 0.048 0.067 0.878 0.020 0.045 0.945
HE 66 0.068 0.085 0.874 0.014 0.031 0.981
e 65 0.054 0.072 0.845 0.022 0.049 0.924
E=s 57 0.055 0.074 0.834 0.024 0.062 0.873
¥ 61 0.056 0.075 0.858 0.020 0.047 0.931
v HE 48 0.056 0.076 0.864 0.023 0.045 0.952
FES 57 0.072 0.094 0.835 0.024 0.048 0.954
&= 72 0.048 0.063 0.862 0.015 0.040 0.923
&% 59 0.064 0.084 0.883 0.025 0.064 0.921
¥i{E 59 0.060 0.079 0.861 0.022 0.049 0.938

XF H AT 22 sf ] ROBER R M 25 5 32 B . GBM
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Fig. 3 Characteristic variable contribution to predicted soil moisture in 10-40 cm depth at Yebaishou Station
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RIS Y K . 20k SHAP {Hm THA 3
AT, KA E S | BEERA R SHAP
(AR L 2203 BIFAAR 36.5% ., 18.8% Fil 46.2%; Wi
U BIREAR 47.9% ., 10.8% F1 5.8%; INFIEuiHEE
Hefk SHAP fH L ZH80 00 2.6%, BT Z43 5%
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FEAE L ZERUE EREK ST e fIK, WTREA LA T
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700 mm, HA4E 2/3 BREKETAEE R, NS | it
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Table 3  Characteristic variable contribution to predicted soil moisture at 20 cm depth on seasonal scale
il B = SHAP fi
FEK [ERIINE AR Ak BRI iR SHAP {8
TN B 0.42 2.73 2.54 0.75 1.87 8.30
ES 0.81 3.10 1.36 1.03 1.80 8.09
&S 0.47 0.83 1.17 0.63 1.80 4.89
s 0.19 1.75 1.72 0.82 1.48 5.94
-5 B 0.20 1.64 1.54 0.81 1.38 5.56
S 0.77 2.58 2.52 1.34 1.55 8.76
B 0.82 1.71 1.43 0.89 2.29 7.14
X% 0.09 1.02 1.53 0.62 1.45 4.71
T BE 0.17 0.45 0.51 0.39 1.07 2.58
FES 0.69 1.16 1.34 0.75 1.46 5.39
e 0.34 0.94 1.17 0.70 1.67 4.81
X% 0.11 1.42 1.55 0.75 1.24 5.08
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Fig.4 Cumulative precipitation and SHAP values in different
seasons from 2018 to 2021
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PLAT 74 3t X Ay 3] 679

PGV 3l R A 7 3 %k 438 B K o m ik R oK Y
FRAE X (8] —2, #B2 H BB BTk R, SR X E
2~4h; FBEKTTERECD, TTBRERKRIXIEIY 0 ~ 5 mm.
B HF A R K STk R, DTRRER RIIX (R 5 ~
10 mm; XU 5Tk /)y, DTERER R IXTE] R 1~ 2 m/s
U S AR AR X [A] SHAP W3 4.

F4 3WHEENMFEEZXE SHAP 1A

Table 4 Mean SHAP values at different intervals of characteristic
variables in 3 stations

FRAE X i L MG i

[ 7K (mm) [0,5) 0.17 -0.08 -0.14
[5,10] -1.12 ~1.94 1.58

[0,10] 0.07 -0.20 -0.02

H IR (h) [0,2) 3.77 5.28 1.10
[2.4] 3.78 5.34 -1.10

[0,4] 3.32 3.61 0.34

HEUHEL B (%) [60,70) 0.22 -0.16 -1.13
[70.80] 0.34 1.67 0.63

[60,80] 0.27 1.03 0.08

JKUGE (m/s) [1,2) 0.91 2.08 0.12
[2.3] 0.15 ~0.84 -0.27

[1,3] 0.40 0.02 -0.08

SEHIR(C) [22,23) 1.59 0.41 1.20
[23,24] 1.10 -0.23 0.20

[22,24] 1.30 0.10 0.62

T+ R HONTHL R 7 B2 RHIE 2R STk R fEL, PT7EIX 18]
BT fe R DX ]

3 ihie

AR R R, GBM BIRIFEAE | BN LAY
BOMRS B2 X T RF BIA(R? ¥IKT 0.816). AlG
SHAP Jiikn) GBM MEBRIAUE St H T A +
J2 . NR) 2 i A A e RIS K R R sk, T H
T DX A1 A FR DR T R AE B R DT Rk X[ o A S E i
BT T 4498 5 7K & LA OLEY, LA W 7 A T
WHE .

1) 5 2 2% rh i i Y 22 )2 BRTPL(MLP)
ATRE FESUE o H F i 28 X 246 T i) 4 498 557K a2 0 ik
G2 N T KAE GBM BRI RF R AR i) 4
HekE ERRE, SR & M2 i i R MLP
BRI T X LI . FIFH optuna J5 3% MLP 347
10 REBEUIG , 20 28 28 Beol )2 73 51l R
70, 60 F1 20, EALSE B A activation="relu',
solver="Ibfgs', max_iter=1400, alpha=0.04. 3T 5%k
DT S5 235 SR T 25 sl AN [ R 2 -4 S /K 4 2R
3 Al MAE A F 0.065 ~ 0.110, RMSE A~ F

0.086 ~ 0.146, R*/T 0.423 ~0.871, HAkZEH L%
5. MLP BRI FOORS B2 B AR F AR5 TP A 21 2
Foft - 3 S K R TR Y, GBM A RIAE 3 N3l Y R?
KBS B4R TF T 0.226. 0.176 1 0.459; RF KE#I7E 3
AU R E A ETE T 0.124. 0.084 1 0.371,
IREE IR, AW A8 B S BERLAR T
MLP #8 HAG & L.

2)5 [ AR F SRR T 45 0 b . B stk
W], GBM fEAIFI RF AALAE 438 5 7K & F0 Jr i 4
A EM BRI, Chen™4EJE T RADARSAT-2 Al
Sentinel-2 %4, (iS¢ BIHHL(SVR). RF Fl
B EEHE TR (GBDT)IX 3 FALER 2% 2] ik e g
KA RIEAE VIR RIS/ N FIHEIX 0 ~ 5 em H 4K
SyuEAT T, 45 I RF BORIEE A AL (R® 4 0.94),
GBMT HERIR Z (R* M 0.77), SVR FHIZE LI 9% (R?
J 3.06).
£S5 MLPEEF 10 ~ 40 cm FE HIE S KB HITRNLE

Table 5 Prediction accuracies of soil moisture in 10-40 cm depth

by MLP model
iR + % MLP

(cm) MAE RMSE R?
IR 10 0.098 0.124 0.690
20 0.079 0.102 0.759
30 0.073 0.094 0.709
40 0.074 0.107 0.871
¥E 0.081 0.107 0.757
A 10 0.065 0.086 0.832
20 0.080 0.108 0.803
30 0.091 0.122 0.779
40 0.071 0.097 0.815
¥E 0.077 0.103 0.807
R 10 0.108 0.140 0.423
20 0.096 0.128 0.461
30 0.096 0.121 0.506
40 0.110 0.146 0.689
¥E 0.103 0.134 0.520

H AT E XTRE SRR BT IR A X 3 Clewley
SERORAE T TN K DRI A R SMAP 525
112012 4F 6—7 A1) 13 d Bidm st , FIH RF Bkt
BT AN RHER EZRE, 253K, srikic KA
TR, ST/ AR R K s Cai PO T
AR S 35K R ARG, G50, AT
VBB AH G M de K, BROKAH M /N o AR TF ST A
SHAP J5 I AL HIWT i AS [R] sf [i] RUBE T S5 K B ik 1)
FRAFZEEE, I EL i T DX B0 2 B SR 3 fiy ARRE i
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KTTHRIKIE], A 8 PR PR AT T 4 it
4 Hg

AR SCHETFAE A2 > Bagging H R BEHLARAR(RF) |
Boosting H B EEERTHHIL(GBM), WF5Y T 2 RhAIETE
0 VG b DX TR0 39 5 K S 3 M 7 A K T
A FERE L, 51 A SHAP J7 ik g i 38 A ERAE 28
o A HE KR A TR, I3 T S A XL RI 4 ) R
SRR f AR DR P {3 BT, S T vk B T AR
+- 5K S

D) MAR A YE 7 T, GBM R B 5 510 75
XA IS KRR, 4. BRET, GBM AR
RF R FH 30 74 4 X 35K B . 4R R %
T GBM BN RF % 10 ~ 40 cm WJE R 209K
0.982, 0.888; ZH RN R*434I4 0.935, 0.863,

)% MR K . H BB R, SEEARXHR R | X
PR S AN A LR DTk, SRR H RES
BormkEoR, Hh R stk R 21 ~ 23°C5 H
TR A STk B RYE R 2 ~ 4 he AERER, SR TR
R, Kotk BERET, B30T s
K TN A DTRR AR R, DTRR AR R B ARFAE 22 H RS
5, DUk D RRHIEE R N REK

3)5ES ) MLP BRI ZE R AH L, GBM A5 RU A
RF 7 10 ~ 40 om ¥R B 4458 7 /K 2 1 T30 25 SR 1
T MLP BERL NG 5l 41 75 3 R 22 15 3 GBM
R R? BE AR T MLP AL BT+ T 0.226,
0.176 #1 0.459, RF AV ZHEFAT 0.124, 0.084
10371,

HATIGE VR 2 S ) GBM AR
RF A1 10 F B30 75 s X4 - S K S 0, 3800E 1T
2 FRERITEAR | U AR, Q1S 1A SHAP
Tk, ERAERA A EE R STk, I3 T2
) X B Sl 43 B35 T X ) SHAP $548, U510 T #i A
RN S R DT DX ], A Ay A b IXC ) - 338 5 7K gk Tt
R AL B 2% 5% .
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