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Short-Term Forecast of Soil Moisture in Regions with Limited Ground

Observations
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hina.
2. Faculty of Computer Science, China University of Geoscience, Wuhan,China.
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Abstract: High-resolution and timely soil moisture information is essential for fine-scale management in agricultural,
hydrological, and ecological applications. However, existing soil moisture mapping approaches mainly rely on historical
remote sensing retrievals or time-series prediction based on in-situ observations and coarse-resolution products, making
it difficult to simultaneously achieve spatial continuity and short-term forecasting capability. Moreover, their
applicability is limited in regions lacking ground observations. This study proposed a cascading framework integrating
image fusion, bias correction, spatial downscaling, and short-term prediction to generate multi-layer soil moisture maps
at 30 m spatial resolution for near future without relying on local in-situ observations for model construction. First,
Landsat-8 and MODIS data are fused on the Google Earth Engine platform to produce spatiotemporally continuous high-
resolution spectral indices. Second, the SMCI1.0 soil moisture product is globally bias-corrected using the GLDASv2.1
product. Subsequently, the bias-corrected SMCI1.0 data are downscaled to 30 m resolution by incorporating terrain,
meteorological, and soil properties through an Extreme Gradient Boosting (XGBoost) model. Finally, based on the
downscaled soil moisture and lagged/forecast meteorological variables, XGBoost based prediction models are
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constructed to forecast soil moisture for up to three days ahead from a given date. Validation using the in situ observation

network in the Shandian River Basin (SDR-SMN) demonstrates that both the bias correction and downscaling processes

significantly improve the spatial consistency between the original SMCI1.0 product and ground measurements. The

prediction model exhibits robust performance under temporally and spatially independent cross-validation, achieving

correlation coefficients (R) greater than 0.6 for three-day-ahead soil moisture prediction across multiple soil layers. The

proposed framework provides a practical solution for high-resolution short-term soil moisture prediction in regions with

limited or no ground observations.

Keywords: soil moisture; spatio-temporal fusion; short-term forecast; high-resolution; downscaling
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Figure 1. (a) Location of study site in Shandian Ri
ver basin, China. (b) Distributions of meteorologica
1 stations and landcover for 2019 (Yang and Huan
g, 2021). (c) Remote Sensing image and distributio

ns of soil moisture stations
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Table 1. Ancillary variables used in this study
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Figure 2. Flowchart of the proposed framework.
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Figure 3. The dates of Landsat-8 images involved in

data fusion process and evaluation.
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Figure 4. Flowchart of the bias correction.
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Table 2. Hierarchical model inputs of multiple soil

layers for soil moisture downscaling.

wRE BRI
10 cm NDVI (t), NSDSI (t), DOY (t), Meteorolo
gy (-5, t4, -3, t-2, t-1, t), Relief, Soil
(0-5, 5-15 cm)
20 cm NDVI (t), NSDSI (t), DOY (t), Meteorolo

gy (-5, t4, -3, t-2, t-1, t), Relief, Soil
(0-5, 5-15, 15-30 cm)

50 cm NDVI (t), NSDSI (t), DOY (t), Meteorolo
gy (-5, t4, -3, t-2, t-1, t), Relief, Soil
(0-5, 5-15, 15-30, 30-60 cm)
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Table 3. Hierarchical model inputs of multiple soil
layers for soil moisture forecast.
WAE &’ St PN
L i3
%—% 10 NDVI (1), NSDSI (1), DOY (1),
(t+1)  cm Meteorology (t-5, t4, -3, 2, t-I, t,
t+1), relief, soil (0-5, 5—15 cm)
20 NDVI (), NSDSI (), DOY (),
cm  Meteorology (t-5, t—4, t-3, t-2, t-1, t,
t+1), relief, soil (0-5, 5-15, 15-30 cm)
50 NDVI (1), NSDSI (1), DOY (1),
cm  Meteorology (t-5, t—4, t-3, t-2, t-1, t,
t+1), relief, soil (0-5, 5-15, 15-30, 30-60

cm)
K 10 NDVI (1), NSDSI (1), DOY (b,
(t+2)  cm  Meteorology (t-5, t4, t-3, t-2, t—1, t, t+1,
t+2), relief, soil (0-5, 5-15 cm)
20 NDVI (t), NSDSI (1), DOY (1),
cm  Meteorology (t-5, t—4, t-3, t-2, t—1, t, t+1,
t+2), relief, soil (0-5, 5-15, 15-30 cm)

7 —
50 NDVI (t), NSDSI (), DOY (1),
cm  Meteorology (t-5, t—4, t-3, -2, t—1, t, t+1,

t+2), relief, soil (0-5, 5-15, 15-30, 30-60

cm)
¥=H 10 NDVI (t, NSDSI (t, DOY (1),
(t+3)  cm  Meteorology (t-5, t—4, t-3, t-2, t—1, t, t+1,
t+2, t+3), relief, soil (0-5, 5—15 cm)
20 NDVI (1), NSDSI (1), DOY (1),
cm  Meteorology (t-5, t—4, t-3, -2, t—1, t, t+1,
t+2, t+3), relief, soil (0-5, 5-15, 15-30
cm)
50 NDVI (&), NSDSI (1), DOY (t),
cm  Meteorology (t-5, t—4, t-3, -2, t—1, t, t+1,
t+2, t+3), relief, soil (0-5, 5-15, 15-30,
30-60 cm)
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I'V = _=
R = Yi=1Vobs YObs)(yPre J’pre) (6)

\/Z?]:1(QVabs_3_’abs)2(:Vpre _ypre)z

1
MAE = ;Z?:l'yobs - ypre' (7)
RMSE = Z?=1(yobs_yp‘re)2 (8)
n
) 1
bias = ~¥i_1 (Vpre = Yobs) )

ubRMSE = \/(RMSE)? — (bias)?>  (10)
BT X EERR, KRS HERIA T, KA T
FET IR AR TR 1Y T AT I TE) A2 X Bk 5 A (]
A& X BGAE H W% (Chandra Joshi et al., 2023; Y. Zh
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Table 4. Evaluation of fused NDVI and NSDSI

NDVI NSDSI
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R MAE RMSE R MAE RMSE
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Figure 5. Distribution and evaluation of fused NDVI and NSDSI on July 23rd, 2019.
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Figure 6. Relationship of fused NDVI and NSDSI to in-situ soil moisture among depths.
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Table 5. Evaluation metrics of original, corrected SMCI

and GLDASV2.1 soil moisture (average of metrics for
34 stations)

TEE AZRIE
PRI
B ~ SMCI 4] GLDASv2.1
7
£ SMCI
R 0.73 0.73 0.51
Bias 0.077  0.006 0.005
10 cm
RMSE  0.104  0.062 0.071
ubRMSE  0.04 0.04 0.051
R 0.70 0.70 0.27
Bias 0.083  0.022 0.025
20 cm
RMSE  0.111 0.074 0.082
ubRMSE  0.038  0.038 0.048
R 0.47 0.44 0.15
Bias 0.074  0.003 0.01
50 cm
RMSE  0.102  0.069 0.078
ubRMSE  0.038  0.038 0.052
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Figure.7. Boxplots of R, bias, RMSE and ubRMSE of
original SMCI, corrected SMCI and GLDASv2.1
products evaluated by SDR-SMN observation data.
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Figure 9. Comparison of temporal variation of
corrected 1 km, 30 m SMCI and in-situ multi-layer soil
moisture by using data from two stations on grassland
(L14) and farmland (M3).
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Table 6. Performance of 1 km corrected and 30 m
downscaled corrected SMCI soil moisture (average of
34 stations)

. . B 30 m 43
TIEE PR 1 km 23R %
R 0.66 0.69
Bias 0.005 0.007
10 cm
RMSE 0.064 0.064
ubRMSE 0.041 0.039
R 0.62 0.66
Bias 0.022 0.026
20 cm
RMSE 0.077 0.076
ubRMSE 0.038 0.035
R 0.35 0.52
Bias 0.000 0.004
50 cm
RMSE 0.071 0.070
ubRMSE 0.037 0.034
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Figure 8. Boxplots of R, bias, RMSE and ubRMSE of
corrected 1 km and downscaled 30 m SMCI products
evaluated by SDR-SMN observation data, as well as
those of their differences.
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Figure 9. Comparison of temporal variation of corrected 1 km, 30 m SMCI and in-situ multi-layer soil moisture by using

data from two stations on grassland (L14) and farmland (M3).
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Table 7. Pixel-based cross-validation for soil moisture forecasting with data from 100,000 pixel-locations.

T T 10 cm 20 cm 50 cm
i ‘I) E /]-\‘ P . Y P Y s i Y N ™ . BN
iR A Rl C1E L YA iRg GRS vA Rl 1 YA I [E] Ak S a1 YA
R 0.66 0.94 0.65 0.89 0.68 0.61
Bias 0.000 —-0.001 —0.000 —-0.002 —0.000 —-0.002
Day 1 (t+1)
RMSE 0.024 0.011 0.025 0.016 0.020 0.022
ubRMSE 0.022 0.011 0.023 0.015 0.019 0.021
R 0.64 0.94 0.64 0.89 0.67 0.61
Bias 0.000 —-0.000 —0.000 —-0.002 —0.000 —-0.002
Day 2 (t+2)
RMSE 0.024 0.011 0.025 0.016 0.020 0.022
ubRMSE 0.022 0.011 0.023 0.016 0.019 0.021
R 0.60 0.94 0.61 0.89 0.65 0.61
Bias 0.000 —-0.001 —-0.001 —-0.002 —0.000 —-0.002
Day 3 (t+3)
RMSE 0.025 0.011 0.026 0.016 0.021 0.022
ubRMSE 0.023 0.011 0.024 0.016 0.019 0.021
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Figure 11. Spatial pattern of original and forecasted
multi-layer soil moisture for following three days of
DOY 275 (October 1st, 2020). R and RMSE values
were calculated using pixels apart from the 100,000
pixel-locations for model construction.
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Figure 12. Boxplots of R, bias, RMSE and ubRMSE of
forecasted multi-layer soil moisture on three-days
ahead evaluated by SDR-SMN observation data.
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Figure 13. Proportional importance of variables across various scenarios (Top 20).

4.2 AHfE T

JUAE AR ORI BT HE A B 5 e b S B T
X 3ERFE 30 m 23 #4210 22 2% - 45 00 FU AR Y A4
ESHE, HIET 205 TR 0 St B R
TIVEAE AR FATYAFAE 25 J7 T B AN 8 P (Ning et
al., 2023 X LAV M SRR P KA 43 B0 o
7] R ME S 7 v SR BRI 2K o 1 2, TEAMMRE 72
X A bt T UL 3000 5 99 ) 3 B 7 RS IE T R
filE GLDASV2. 1 £ i 22 158 1 @& FE B 1 7 3%
F N2 (Zhang et al., 2023). FILEIEE4T T
ZRE, SERER SMCIL.0 ;31 = M 7E kS
1 RUBE T B 3 B X AT T BB AR AR B K 22 0 IX 2
i 22 A RER T BB HEIRERT N 22 57 PAK
TN R ZE 1 B AR, AUHEE AR ) ERAS-Land %
WAL RS R TP A N 22 M SMCIL.0 77
i BT ML A8 2 SRR 22, DLk, HhJE . &
198 474 Bh O £ A A& R P IS B PR (L et al,

2022). LHSEHT GEE MR &R IEA SR
PRVEA R et #2, trlgeilt— b 5] N B R
HAE M. thoh, BT 72 ZNER
K B A )5 5 7% SR FH P A2 25T 3 S W) A e 1)
FEn, T IREN A AR TR A L 15 R e T
o R, ASHIT 70 A8 FEARS R 61 R VA A Y
PERE o (RLESEBR R A o, B8 R TR i = 22
A 65 0 98 10 5 0N 5 RN = ] — UM R B
Bilan, TR B R O P 2 R A B 22 o 15 2
A 5 BUREE M XK i N B SR A — B, 5
M) - S R TN 45 5 o ASUR T R ) TR 2% 22 A
A FE R Tk 5 0 T 28 O SR (R T P R
HES . RIL, 5 SRAF I8 75 25 & 92 bR R T it
BBV B TR S PR R MR RE

FWR, RSSO FAEZL BT R Z R OE . R
FERVE AT =20 08, T — 5 # ] R R A0
ANEIASH . BN, 25 R IE R AT Rk 4k K
GLDASV2.1 i EAR G A E . o,
IR (1) 5 R A B A AT B P~ R AN o 1 . B 2R L 2%



BRI RE ) EAFAE /IR, TN A 38E
BT U 2R e (R G T, DR e e R AR A
HA B i X gk

4.3 HEZTE F AT AT HE 1

T ST H ) 2 T P RUPE 5 A S 0 — A A AE
ZRTT A i = R R T UL [P 265 11 1 [X 3E 47 4
TR, AE BRI R IR B O VR D IR T
G U R TIERD . 5, BT T B AT IR ZE AL
1 AR 3 56 56 Jhr1 R B A b 1 2 DA s X 3 1) e
R 43 1 R B A3 FH T s - i, m N A
FL3 ] ERA-5 Land 33830 5 7 i 76 [N FEIRT L3R
P BRI R 25, GLDASV2.1 $df 76 Kt a]
FI 7 SUR ARG Z RN Wu et al., 2021). K,
EXSEHFRIX AN, @i GLDASv2.1 Hdis x5 A
ERA-5 Land #0408 (1) F- 53477 it 1Y) SMCI1.0 £ 4 ik
IT AN E R ZZ 18 IE BB 78 5 e AT 1 o k4, s
I B 5 B TR DX A TR . 45
Wi, AR SMCIL.0 Hds 875 4 E Vo [ i
AT 20 FRZEZEHRE 1 km 5H%E+
IR R A o TE AR E SR HLIX, 7T e & 2R AR
1 km 335 77 B GLASS SM 428K 1 km 11
VB B AR AR N B AR B R (Zhang et al., 2023). {1
S A 1 km 30 R A AT A A R
JE N T R RN RN )T R
(R AH AR A0 1) 2 ) RUBE b 3 2 R v 2 (R v B
FRRELA 7 2« i TR R 458 Jog 3 55 (R R A5 1], T AR
RS PR PR B IR LRI B P 2 SR IR R %
il F°) s 3£ 4F % 858 i (K arthikeyan and Mishra, 2021).
DRI, 380 ) ST B il IR 3R AEAS [R) R
THIZE R, BT ALES S ISR BT oK 4
) S B HUHE 1 SMAP. GLDASV2.1 .
ERAS-Land %5 9-36 km F %5045 B4 Z 2] 10-100 m
TEAERR O R 2= R AT e Bk i ML T,
M1 km B 30 m 75 (] BE RO CU 1 22 IR 387K 5L
FRAR WIS UF B A AT AT M, BlanHh R IB S S
R RIE (Ke etal., 2017), H 1km 130 m 2%
BN I A IR EE 0 R R AU AU AE R DR
(0534 135 FR I 3 52 R DX S5 R AE 4% 1
(Karthikeyan and Mishra, 2021). b4k, FH T RE
AR SMCIL.0 7= it A% £ g J T~ Hib i sy 5 FH @ ik

Guit G A ) IR B P S (L et al., 2022).

PRIk, 7R R R B BOR LA 27 S EA i L&
TAE A — GE T G RHE P X A SR i Y 2 R ok
ITHEB SR ESN . AL R
B T I IEAE SR T 9 B 2 W) 20 55 v IR T

Emﬁﬁ@WZMgm&Jm%o@ﬁ%%%ﬂ
FH B sy BT A 2R 2 () ) e R R s, T
5 RS R P BRI 9K 50 (1 B JRURE 732540 TOPSOIL
af, EMT+VS # % (Fischer et al., 2025)%3k45 30 m
HOEAE/T

BEAL, TR AR A ey i 1) P A AR KRR b
WA IR . A FAE VSRR, R T &
805 MHIAL 2510 HAMGIh B s AT, 5K
N NAE S FKRZ) 100GB, (HSZBRR N, SRkt
BoCHCE TR 7L H bR 50T TR SR AT R
TEVREE . T R (AR AT R 4 ) 2 1) R
R A AL B I S . M
JR M AR Z A ], B0 A R =S (AL B R A
AT R A AR, ok E R T
T A o AR 7 i 46 B 9 TR AE 22 (Fang
and Shen, 2020), FFREFE L7 SIEICRHIE, B4E
3 MR R A R R . BT R RS
HOTEDWL &5 RADAFAE— & ZE 5T, WA FE 2= A A7
B IFEARSCRA — 2 BT SR o0 Lt
KR, A BT 5 s o R 4 3R R
(17 [T )5 o

e, T EAR AR, AT SRR I F R
B T RO B, PRI R T R, IR
M VR, A0 E B TR 5T %R T A R 1)
AR T —NMERERERRIESSE, HEAR
A S IX PR 1 REATS 75 22 T A M B R R R VTA
MITIEW FoRE, HESLET 0] A JF 3R E ) HH U5
FBRUEAG B A BRI R, XN ST R B H A %
P8 AT REL Y X IR 7 BAR IERY . AR, AR
X B 7K S F8 = P8 R 1 1T BRARAE 22 5, AN
A i I 5 M Bl 7R AT AR Hb AL R B2 . PRI, JE 4
AF 70 A ] B LR A BRI [R) S 5 S 2R Y X 1R HY
AT, RGPl R 1A 22 1) S BR TN B
7o

5 4518

AR R R R R R ZERIE . 25 [E] %
REEE WA I LAY, fg 7 — AN Ak =
SUNTIRYINIU €77 R N N B LT A €T R IR 1|
JE 1) - R R R A T 5 v o R EIME R, I
B6IETZAE BL A SR IR IR I RE o B R e W
AR B R ER AR S N\ %A LR A% O 07 1R
iy, 8 A FEL YT Sl T 0 DX 4% (R B iE, XA 32
TR

R, #T GEE V& 2 ah & A 3¢
AR T BB R PER NDVI 5 NSDSI 51, N



BASERAL T ORI BN HIN . SR GLDASv2.1 %
X SMCI 7= & St (1) 42 JR Im 22 18 1, B BRI
T Rt mEiR 2z, 8t XGBoost BAIEN A 4>
RN B S P ROBE AR, 7E3RFH 2 30 m
Sy ER A [EINE, B8R T e R A (A4 R IA
CEVARSE LS L

TE TR B AIE T, 5T B AL EURE AR+ 22 11
KRR = RITMABLAY, 721 7] 5 25 Ak 37 28 SCBGIE
TR R VR R, UESE T ZHELRAE B SR
LI ) X 45 L A% R4 R SV D

ARTT I RN AEHRERERE X 38K SO I & AR
AEEARAL T AL S HE S 1 R S o R
W RE R B 5 i o AR FURTAE LA R A AR (D
KRR GAL 2 T B A SR B EE R IR
DAVEAS PR AR Z A R AR e (2) TEARFK
S AN R X IR TT R 7 K ERAIE S S e
Fis (3D @l 22 U5 TR 7 5 DU Ak o it
(4) I NFEBLEZh « 1R KA S R sthad FEM LA,
DABR AR 5 IR J2 338 J W o 7K ST ok A4 TR il
BEJ1: (5D HMEBEAEBIEN, W IEEAR
AT R T RE S

225 3k

1. Aitchison, J., 1982. The Statistical Analysis of
Compositional Data. J. R. Stat. Soc. Ser. B
Methodol. 44, 139-160.
https://doi.org/10.1111/j.2517-
6161.1982.tb01195.x

2. Bi, K., Xie, L., Zhang, H., Chen, X., Gu, X., Tian,
Q., 2023. Accurate medium-range global
weather forecasting with 3D neural networks.
Nature 619, 533-538.
https://doi.org/10.1038/s41586-023-06185-3

3. Bojinski, S., Verstraecte, M., Peterson, T.C.,
Richter, C., Simmons, A., Zemp, M., 2014. The
concept of essential climate variables in support
of climate research, applications, and policy.
Bull. Am. Meteorol. Soc. 95, 1431-1443.

4. Brocca, L., Gaona, J., Bavera, D., Fioravanti, G.,
Puca, S., Ciabatta, L., Filippucci, P., Mosaffa, H.,
Esposito, G., Roberto, N., Dari, J., Vreugdenhil,
M., Wagner, W., 2024. Exploring the actual
spatial resolution of 1 km satellite soil moisture
products. Sci. Total Environ. 945, 174087.
https://doi.org/10.1016/j.scitotenv.2024.174087

5. Chandra Joshi, R., Ryu, D., Lane, PN.J,

10.

11.

12.

— 18 —
Sheridan, G.J., 2023. Seasonal forecast of soil

moisture over Mediterranean-climate forest
catchments using a machine learning approach.
I Hydrol. 619, 129307.
https://doi.org/10.1016/j.jhydrol.2023.129307
Chen, L., Hu, B., Sun, J., Xu, Y.J., Zhang, G., Ma,
H., Ren, J., 2025. Using remote sensing and
machine learning to generate 100-cm soil
moisture at 30-m resolution for the black soil
region of China: Implication for agricultural
water management. Agric. Water Manag. 309,
109353.
https://doi.org/10.1016/j.agwat.2025.109353
Chen, T., Guestrin, C., 2016. Xgboost: A scalable
tree boosting system, in: Proceedings of the 22nd
Acm Sigkdd International Conference on
Knowledge Discovery and Data Mining. pp.
785-794.

Distefano, P., Peres, D.J., Piciullo, L., Palazzolo,
N., Scandura, P., Cancelliere, A., 2023. Hydro-
meteorological landslide triggering thresholds
based on artificial neural networks using
observed precipitation and ERAS5-Land soil
moisture. Landslides 20, 2725-2739.

Du, J., Kimball, J.S., Jencso, K., Hoylman, Z.,
Brust, C., Ketchum, D., Xu, Y., Lu, H., Sheffield,
J., 2024. Machine-Learning Based Multi-Layer
Soil Moisture Forecasts—An Application Case
Study of the Montana 2017 Flash Drought. Water
Resour. Res. 60, e2023WR036973.
https://doi.org/10.1029/2023WR036973

Fang, K., Shen, C., 2020. Near-Real-Time
Forecast of Satellite-Based Soil Moisture Using
Long Short-Term Memory with an Adaptive
Data Integration Kernel. J. Hydrometeorol. 21,
399-413.  https://doi.org/10.1175/JHM-D-19-
0169.1

Fischer, S.C., Niemann, J.D., Scalia, J., Bullock,
M.D., Proulx, H.E., Kim, B., Green, T.R.,
Gragzaitis, P.J., 2025. Assessing the influence of
model inputs on performance of the EMT + VS
soil moisture downscaling model for a large
foothills region in Northern Colorado. J. Hydrol.
650, 132397.
https://doi.org/10.1016/j.jhydrol.2024.132397
Frankenstein, S., Stevens, M., Scott, C., 2015.
Ingestion of Simulated SMAP L3 Soil Moisture



13.

14.

15.

16.

17.

18.

19.

20.

Data into Military Maneuver Planning. J.
Hydrometeorol. 16, 427-440.
https://doi.org/10.1175/JHM-D-14-0032.1

Karthikeyan, L., Mishra, A.K., 2021. Multi-layer
high-resolution soil moisture estimation using
machine learning over the United States. Remote
Sens. Environ. 266, 112706.
https://doi.org/10.1016/j.rse.2021.112706

Ke, Y, Im, J, Park, S., Gong, H., 2017.
Spatiotemporal downscaling approaches for

monitoring 8-day 30 m actual evapotranspiration.

ISPRS J. Photogramm. Remote Sens. 126, 79—
93.
https://doi.org/10.1016/].isprsjprs.2017.02.006
Li, Q., Shi, G., Shangguan, W., Nourani, V., Li,
J., Li, L., Huang, F., Zhang, Y., Wang, C., Wang,
D., Qiu, J,, Lu, X., Dai, Y., 2022. A 1 km daily
soil moisture dataset over China using in situ
measurement and machine learning. Earth Syst.
Sci. Data 14, 5267-5286.
https://doi.org/10.5194/essd-14-5267-2022

Li, Z., Yuan, Q., Su, X., 2024. High-spatial-
resolution surface soil moisture retrieval using
the Deep Forest model in the cloud environment
over the Tibetan Plateau. Geo-Spat. Inf. Sci. 1-
20.
https://doi.org/10.1080/10095020.2024.230793
1

Liu, F., Zhang, G., 2021. Basic soil property
dataset of high-resolution China  Soil
Information Grids (2010-2018). Natl. Tibet.
Plateau Data Cent.

Ma, H., Zeng, J., Zhang, X., Peng, J., Li, X., Fu,
P., Cosh, M.H., Letu, H., Wang, S., Chen, N.,
Wigneron, J.-P., 2024. Surface soil moisture
from combined active and passive microwave
observations: Integrating ASCAT and SMAP
observations based on machine learning
approaches. Remote Sens. Environ. 308, 114197.
https://doi.org/10.1016/j.rse.2024.114197

Ma, L., Qi, S., Guo, S., 2025. Hydrologic
Characteristics and Settlement Deformation of
Backfilled Loess in Yan’an, China. J. Earth Sci.
36, 1198-1212. https://doi.org/10.1007/s12583-
024-1990-z

Nietupski, T.C., Kennedy, R.E., Temesgen, H.,
Kerns, B.K., 2021. Spatiotemporal image fusion

21.

22.

23.

24.

25.

26.

27.

— 19 —
in Google Earth Engine for annual estimates of

land surface phenology in a heterogenous
landscape. Int. J. Appl. Earth Obs.
Geoinformation 99, 102323.
https://doi.org/10.1016/j.jag.2021.102323

Ning, J., Yao, Y., Tang, Q., Li, Y., Fisher, J.B.,
Zhang, Xiaotong, Jia, K., Xu, J., Shang, K., Yang,
J., Yu, R., Liu, L., Zhang, Xueyi, Xie, Z., Fan, J.,
2023. Soil moisture at 30 m from multiple
satellite datasets fused by random forest. J.
Hydrol. 625, 130010.
https://doi.org/10.1016/j.jhydrol.2023.130010
Rodell, M., Houser, P., Jambor, U., Gottschalck,
J., Mitchell, K., Meng, C.-J., Arsenault, K.,
Cosgrove, B., Radakovich, J., Bosilovich, M.,
others, 2004. The global land data assimilation
system. Bull. Am. Meteorol. Soc. 85, 381-394.
Rosenbaum, U., Bogena, H.R., Herbst, M.,
Huisman, J.A., Peterson, T.J., Weuthen, A.,
Western, A.W., Vereecken, H., 2012. Seasonal
and event dynamics of spatial soil moisture
patterns at the small catchment scale. Water
Resour. Res. 48, 2011WRO11518.
https://doi.org/10.1029/2011WRO011518
Sanchez, P.A., Ahamed, S., Carré, F., Hartemink,
A.E., Hempel, J., Huising, J., Lagacherie, P.,
McBratney, A.B., McKenzie, N.J., Mendonca-
Santos, M.D.L., Minasny, B., Montanarella, L.,
Okoth, P, Palm, C.A., Sachs, J.D., Shepherd,
K.D., Vagen, T.-G., Vanlauwe, B., Walsh, M.G.,
Winowiecki, L.A., Zhang, G.-L., 2009. Digital
Soil Map of the World. Science 325, 680-681.
https://doi.org/10.1126/science.1175084

Togneri, R., Felipe Dos Santos, D.,
Camponogara, G., Nagano, H., Custodio, G.,
Prati, R., Fernandes, S., Kamienski, C., 2022.
Soil moisture forecast for smart irrigation: The
primetime for machine learning. Expert Syst.
Appl. 207, 117653.
https://doi.org/10.1016/j.eswa.2022.117653
Tucker, C.J., 1979. Red and photographic
infrared linear combinations for monitoring
vegetation. Remote Sens. Environ. 8, 127-150.
https://doi.org/10.1016/0034-4257(79)90013-0
Wu, Y., Zhong, Y., Liu, S., Xu, G., Xiao, C., Wu,
X., Xie, B., Li, Z., Shum, CK. 2025.
Facilitates  the

Hydrogeodesy Accurate



28.

29.

30.

31.

32.

33.

34.

Assessment of Extreme Drought Events. J. Earth
Sci. 36, 347-350.
https://doi.org/10.1007/s12583-024-0123-z

Wu, Z., Feng, H., He, H., Zhou, J., Zhang, Y.,
2021. Evaluation of Soil Moisture Climatology
and Anomaly Components Derived From ERAS-
Land and GLDAS-2.1 in China. Water Resour.
Manag. 35, 629-643.
https://doi.org/10.1007/s11269-020-02743-w
Yue, J., Tian, J., Tian, Q., Xu, K., Xu, N., 2019.
Development of soil moisture indices from
differences in water absorption between
shortwave-infrared bands. ISPRS J.
Photogramm. Remote Sens. 154, 216-230.
https://doi.org/10.1016/].isprsjprs.2019.06.012
Zhang, Y., Liang, S., Ma, H., He, T., Wang, Q.,

Li, B., Xu, J., Zhang, G., Liu, X., Xiong, C., 2023.

Generation of global 1 km daily soil moisture
product from 2000 to 2020 using ensemble
learning. Earth Syst. Sci. Data 15, 2055-2079.
https://doi.org/10.5194/essd-15-2055-2023
Zhang, Y., Liang, S., Zhu, Z., Ma, H., He, T.,
2022. Soil moisture content retrieval from
Landsat 8 data using ensemble learning. ISPRS
J. Photogramm. Remote Sens. 185, 32-47.
https://doi.org/10.1016/j.isprsjprs.2022.01.005
Zhang, Y., Schaap, M.G., 2017. Weighted
recalibration of the Rosetta pedotransfer model
with improved estimates of hydraulic parameter
distributions and summary statistics (Rosetta3).
J. Hydrol. 547, 39-53.
https://doi.org/10.1016/j.jhydrol.2017.01.004
Zhang, Y.-R., Shang, G.-F., Leng, P., Ma, C., Ma,
J., Zhang, X., Li, Z.-L., 2023. Estimation of
quasi-full spatial coverage soil moisture with
fine resolution in China from the combined use
of ERAS5-Land reanalysis and TRIMS land
surface temperature product. Agric. Water
Manag. 275, 107990.
https://doi.org/10.1016/j.agwat.2022.107990
Zhao, T., Shi, J., Lv, L., Xu, H., Chen, D., Cui,
Q., Jackson, T.J., Yan, G., Jia, L., Chen, L., Zhao,
K., Zheng, X., Zhao, L., Zheng, C., Ji, D., Xiong,
C., Wang, T., Li, R, Pan, J., Wen, J., Yu, C,,
Zheng, Y., Jiang, L., Chai, L., Lu, H., Yao, P., Ma,
J.,Lv, H., Wu, J., Zhao, W., Yang, N., Guo, P,, Li,
Y., Hu, L., Geng, D., Zhang, Z., 2020. Soil

35.

36.

37.

38.

39.

40.

moisture experiment in the Luan2 0 River
supporting new satellite mission opportunities.
Remote Sens. Environ. 240, 111680.
https://doi.org/10.1016/j.rse.2020.111680
Zheng, J., Zhao, T., Li, H., Shi, J., Cosh, M.H.,
Ji, D., Jiang, L., Cui, Q., Lu, H., Yang, K.,
Wigneron, J.-P., Li, X., Zhu, Y., Hu, L., Peng, Z.,
Zeng, Y., Wang, X. Kang, C.S., 2022.
Assessment of 24 soil moisture datasets using a
new in situ network in the Shandian River Basin
of China. Remote Sens. Environ. 271, 112891.
https://doi.org/10.1016/j.rse.2022.112891

Zhu, X., Chen, J., Gao, F., Chen, X., Masek, J.G.,
2010. An enhanced spatial and temporal adaptive
reflectance  fusion model for complex
heterogeneous regions. Remote Sens. Environ.
114, 2610-2623.
https://doi.org/10.1016/j.rse.2010.05.032

WA, Eit¥s, fIRIL, 2021, H: TR0
W IR EE M S HOR PRI R & M Bk B 22
46.

MTEER, BUAEM, WS, J5308, 5T,
ABEIE, 2023 A HLRIRIE =K R AR AL 3R
R AR JOK AR B oy B B RE S 44,
https://doi.org/10.13227/.hjkx.202207230
RHGT, SR, LHER, TR, FHEE,
2022. AR E N KBIRIEH 5 AT R )
Ird. IR RS B ARRL R SR 45.
WAL, PR, 1986, IS B AR EL ) M
Y 49 FEYIMR R0 AR LRI L.
] .



