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By DY, R e FE R B (Al 4y BE R N 5. 7. 104 16 simulation, HRSMS R 78 ), B 5¢ 48138 it #4 2 HRSMS #5

M30d, NIRIFELLRIEE AR B P51, HEE. IR,
BRI A5 55 Y P R e LAY, b Savitzky-
Golay (S-G) JE# 7% 2 Fl TR EE ERP, &
AR, 2BRY 65% Rtz ZE i, SHZ
7 5 DXk 9 B R T AR B ok o A3 M 2R I AR RS
AR, E R ATC BRI DL K 22 56 [ ) R A
AN TR AR . 42 LRTiA, MY ARG
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TR R, FURE E A S O S T K
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¥ B 22 S R Ak s A g — 2D VRN

B H AT 33 K 7 BRI 78 b A7 A i N B I A
LR, AN R RUEE J7V0RG 5 22 e AN I 4 o) L, AR SO A
IREERE ] Bagging A Boosting HHLAN SRR (random
forest, RF) #£f J& #& J+ Hl ( grandient boosting machine,
GBM) %, & 2 Y5 18 SR ECHE b T Sk 2
1 7 R K AU T Chigh-resolution soil moisture

R ARG 2 AR AT A B Sl B AN S ), % EEAS [F]
R RBEJ7V2: % RF Al GBM BIELE AR il 70 5 138K o
ST MR RE, A 2 IR AR L S SMAP K =
(0~5cm) k3K 4 (soil moisture active passive
surface soil moisture, SMAP SSM) #% & 7= iy 2% ] 7 ¥
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Ho kb b [ AR b X i M, 44T A 18.74 75 km?, A
12347.69 I N. B EREE, SR, i
RIFFIE. ZXIREAELN “Brihr 27, 2 EE
BRSO SR . AEB L e E N K Al
AV R X, A T B 3 B AR T SR AN SR
G 2023 FHESGTHESE, SHREARES®2M T 2EE
F (40808 /5 v, FEWEIEYEKK=EAT2E
(32579770, HERETAKTER 11.8%.
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Table 1

Remote sensing product datasets

Hoprdk

Dataset

EAE/TETIPUN
Data details

A EEp QU

Data source

2 [f] S ]
AR aHEE Kot bk
Spatial ~ Temporal Data address

resolution resolution

37 3 B 3 B Ao

Precipitation CHIRPS v2.0 data (Climate Hazards Center, UC Santa Barbara) 0.05° 1d https://www.chc.ucsb.edu/data/chirps
SMAP Level 4 Version 4: Vv6032; 2 vl K N .
> =< || X = i . .
Soil Moisture Surface (0~ cm) % H E R K S H 0 (NSIDC) 9km 3 h(09:00) https://nsidc.org/data/smap/data
ERAS-LAND e WA o ]| e A5 T > . . ; ;
Vegetation LAI W AR S TR 0 (ECMWE) 9km  1h(08:00) https:/cds.climate.copernicus.eu/cdsapp
ERAE-SI}AND Temperature W AR TR L (ECMWEF) 9km  1h(08:00) https:/cds.climate.copernicus.eu/cdsapp
. MODIS MOD13A2 e EUR = BRI 2R SR S B R S .
Vegetation V006 — NDVI, EVI (NASA EOSDIS LPDAAC) 1 km 16d https://ladsweb.modaps.eosdis.nasa.gov/
MODIS MOD11A1 v006-LST & Ei KRR RN R G E i A5 8 R % . .
LST Day and Night Times (NASA EOSDIS LPDAAC) 1 km 1d https://ladsweb.modaps.eosdis.nasa.gov/
Elevation DEM. Slope hER R R EAR RS S TS 1 km RS https://www.resdc.cn/
Soil Texture Clay. Silt. Sand o [E R BRI 5T & 1 km A EE https://www.resdc.cn/
T3R5 By SMAP HidE, B (A 4r #5308 3 h, (digital elevation model, DEM) #1433 J5i Hh 0 ¥5 e 4

I IISE AN 2015 4F 3 31 H 24, HHE a8 o 3 4
BRE45°4 FE N IR Bl 1t X 4k, %7K (Precipitation) %4
CHIRPS (climate hazards group infrared precipitation with
station data) Z¥[A] 43 FF 2N 0.05° (R4 50°~b4h 50°F1
FRAEZEE . B IR P51 1981 45 28 4 (1 I A B 7k 4
T 8 H8OFH b 32 T2 503 KU 23 71 MODIS (moderate
resolution imaging spectroradiometer) 1 ERAS5-Land 2 1.
ARFF 7 Hr 84 . ERAS-Land 34 I 23 73 HE 573504 1 h
A0.1°, I ] 5 £ 2Ry 1950 4F 2 4 o K e L A6 B

¥dm, TR (soil texture) 73 ARt (sand) . ¥y Ab
+ Gil . 5+ (clay) = K3, B (slope) HidE
HET 1 km 73 #%E DEM $d 4 k. PL_E R s 4R B
2017—2022 %[ HE, M SMAPAI ERAS-Land %4 7>
Sk H 09:00 AT 08:00 1 424 H ¥ .
122 shh%dE

by T 37 17 o s R 305 A4, o 262 AN H Bhnk Al 43
MNTuk. BzhubFHEEAERT (100 20 1 40 cm)
AL AR BERE 1 h RIS, N TubaEkg 10 d 3RHC— K
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{5 Legend

7l #City boundry
o UGIIE Y] 2 Validation sites
A 11 vk 1 Soil moisture sites

DEM/m

w2 523

-, 360 km

B g sE e 2 s
Fig.1 Spatial distribution of measured soil moisture stations
FET 20172022 4 300 /™ 15 b 2K dE 3L 273 392
AR, 15 8:2 1R 3 A UK B £ Xl 3 el R AR AN
MRS, B & i 154 416 1 38 605, -3 & /K=
G S RINGE 2 s .

w2 BIREESUT OGS

Table 2 Results of statistical analysis of data sets

S WAl mAE BE TRz
Data éet Maximum/ Minimum/  Mean/ Standard deviation/
mmY)  @md)  mm) (m*m™)
SAR%
o&éﬁ%ﬁim 0.969 0.000 0.159 0.086

Il 548

Trziln:flgﬁset 0.969 0.000 0.159 0.086
RFawES
il{\iftts%et 0.770 0.000 0.159 0.086
S 0.038 0.043 0.181 0.052

Validation set

1.3 FEZFEHENES S PRI MEREE! (HRSMS
WA WESE

HRSMS BRI 25 Ky 46 . 1) 2 Y5 5 T AL B A
B B 1) 2 P58 B (SMAP Hb 26 145 /K 7 B8
MR . MR IR R . B K . MR s AN I
R R AT G BT, EECRFRALER. HbTHE S
Tk Aot i E R fa, I 303 ANI ] 51 e
T F AR S . 2) IS ARNIESE AR, &
X MODIS # # & £t [] 73 #e% (16 A i, HRIEE
el th T2 I R P EdR s RIS 255N, HE HRSMS
PR, R S-G M IR Z B A 7% (T RF
R AR OR MR AR AT A, SRERIN
HARMESME TN 3) M PER L HK A i
SN2 ANy OBBIFIZGIM B K LR Ef G
i 2% 32 452 F1 30 SR B R S IR I 0 A, B R A K
YERFN, ST S AEE R, JEXT RF FI GBM
FAET SO IGE; @ PR K
AR K SR H R I AR S NI xS R
, ARER SR (1d, 1km) 38K 45
PR HG A B LR W] 2 Fiow .
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Fig.2 HRSMS model flowchart
13.1 % R#IFETLE
HH T SMAP Hh3 +1587K 73 2% Fl ERAS-Land K i
B AR BB RN 9 km,  AARIE S\ B K
AR RS —, FZdR (352130 d) % MODIS
M RGERFEN 1 km FFHLEFE A WGS84 bR R, 4
—HI B E WAL .
132 HZERELHEETMH
1) B e EE A
BT M 48 T (8] 2 HE % 16 d, Toikis 2 AR ke
H o g 33K o 5 R R, Rt 73 ok s ik A7 8
FIALFE . AHF TG S-G yEdk 79, i@id i ] Python
1 savgol_filter B& Z0K; 16 d ) MODIS NDVI/EVI i [i] /7
BIERIN 1d. savgol filter BRELELE 2 NS4, 5N
window_length il K {fi, window _length W Zji & IE 73 4%,
EBR/IN, 2GS IT BS 2 (AR, PR T .
K E W/ T window length HIHKE, K AEBOK, Hhkis
Wi st e K fEBkN, 2 g .
2) MR EE R
MODIS $24L[1) LST 7= fb i (] 3 $R h 1d, 2S84
PN 1kme T Wz T, MODIS LST /= 5 i &
B KB B2k X 1, ERAS-Land LST 7% R A B
ey, HAE S HFERER (9km), JoiET 2 i AL
P W Bk Rk, AP T LST 5 HAH | A
# (B0 NDVI, DEMD, #H T —FMEET LST x4
1 2 oo BB R RI 25 Al A A B AR 254510 LST SHAh 7
i, GRS A MB AR 1 km TN HHRIEFE
HHEAH
LSTyaue =a-LSTggras vawe + 5 - NDVI g g+
¢-DEM, e +d

(D
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Rl 22 USSR 1t 3 R K 3 RS AR A g 7 99

LSTuon vate =@ - LSTErAS non vatue + 5 - NDVIig non varwet
¢ DEMyoq vase +d

HH LST e 1 LSToon vane 739114 MODIS LST 4 {E
§1E szﬁ LSTERAvaalue * 1 LSTERAanunivalue ﬁjﬁ?” j‘j MODIS
LST %J B [X 15 ) ERAS-LAND LST 45 18 A1 25 18 %5 ;
NDVI,g e A1 NDVIig nn vaee 273 4 MODIS LST it B [X
) 1 d NDVI A E A T EEHE: DEM,,. 1 DEM,o, vae
4339 MODIS LST %} v [X 5[] DEM 15 {8 il 25 {H £ 95 5
a, b, ¢, d BETIRIZE, BZH LST e M1 LSToon vae
BT HHEAE R H RIS R (LST amiess) o
133 &4 #F LK AE AT

A B 7t i id fi% Bagging. Boosting ' RFU! Al
GBMW ) Bk by 8 3R J2 180 0 R R K o AU A, 58
EUESREN ALESuw Ery T

1) BRI . SMAP L4 45k - 38K 40 a4 4
HRE (0~5cm) AHRE (0~100 cm) 3K 53 Hidh,
T AN FIRE L3Ry ZEEROR, T SLIEFRER 10 cm ¥R
ERCNBEE M EE (0~5cm) $3E1E A HRSMS B [
N EARERVERN: BATA RS E L1 L I8 RS 5
b T S0 475 155 3l AT 2 B) 42 6 P DTS, SR T sz il
S 1 sty SR LE R AL BB AR T, 4 B IR VLD S ) 38 J
GouEAE N NEE, P S 10 om PR B S
1 b R EE AR Do B, MR R E A, IR
AT AR S HO AL AN G AIE

2) B R K g R AR R 2017—2022
SEREAE, 1E 300 MG SATTE 1 km 4 s AT U125
R XA BT | km k& S B8ORS 85, FrA
2= S: H B RAEA 1 km (4 H 2B BEERAE L
BN GJE R R, &R R R HOR B =S (8] 4 W RN
1 km (3K 3 455 (SSMygunscated) o TR BAR AT F /- A

SSMdownscalcd =
SMAPssu, ERAS, o1, LS Tseamtess, ND VI, 3
EVI,,, Precipitation, Soil texture, DEM, Slope

AP o4 RF Al GBM #.7%, SMAPg,, A SMAP-L4 Hli %
0~5 cm PR 3K EE, ERAS, 4 4 ERAS5-Land HTHAH
TR EHE, LST.umew ¥ ERAS-Land LST Al MODIS LST
HHU 1 km A H MR, HATER L.
1.4 TFMIELR

%8 FH 7 15 45 %1 4% 22 (mean absolute error, MAE) .
WE RE (R AR 2 (root mean square error,
RMSE) 3 Fifbrsr A SR AL BENLARAR E LB T
MR AT VAL o S 38R T 5 WOCHR [26]. MAE 72
LR ZE () IAME, e Re s IR R TR 1R 22 1 SE R 0L o
RMSE & &K EMiHE S B2 Z1°F 7 INEE, o
PAVPAN B0 (AR AL R B o R* 0T DAY B 4 506t D40 I 1)
S0, MAE F1 RMSE /N3 B T 25 Bl sy, R® K
A TR 25 Sk T

2 GER55H

21 EHEMER
2.1.1 MK EH
20172022 4£ 16 d fJR4GE NDVIEVI FPAIFIF S-G

(2)

JERTTIEHAT G, I A Python H savgol_filter B
s, BT NDVIEEEIRE N 16 d, SN T el i 28 41,
G, 1%EHF window length K EN 7 GZAE I
NIEFFHD , MK BRI REK NDVI B[] 53T 2 1K
WE, JFHRB AL . CHEMRERY, 5
NDVI ZZ b 5 AR — B ISR N B 585 1 AN 52 2= B
FL A JE DR B A PR S . AT RN RS R, TR
KM 6 % 3 Z B 4T S-G i, 45REKW KE N 6 I
PG TS A, KA 5 A 4 I BEAE T 4 A5 A s,
HAEAFIH A NDVI E{EFEER, K N 3 FARGEUS NDVI
EEE R . B REBHRRMS SR e, RAHTE K BN
4 FHATIEP AL EE . #f5E window length Il K {H )5, K UER:
JARIEE R T, S 1 d FINDVI/EVI =5 (3D,
7HRERKEAEFT, L2017 4 7 A 12 H—2017 4
7 H 24 B 4 d B9 H R NDVI 45 582 91 i 7= k8 9 45
HEMER, BG4 SRR NDVIEZ IR RN,
754 NDVI Ji i 18] 3 28 A0 /N R PR

212 WEBEETM

2017—2022 4 MODIS LST 4} H $ft 4k R 45 & B,
AR SRAE T FUIX B H B KR LL B 99.1%, /s
RN 0.1%, ZEFIBREFN 55.7%, B HER K
50.0% LA E#3E S EE A 58.8%. 4iit JE4A MODIS LST %
PRI, B HBCREREAR R 213 220, TiH/A S H
EEEHEEERTIE. B THEENREIEELK,
76 2017—2022 “EHATE], K88 5 d A EEHEE N IIZLE,
LA X 5 d AR EUR ) MODIS LST, 4R J5¥% 4 H
A IR B 2 45 B 5 R 4G MODIS LST HE %5 {8 [X 383k 47
B, AEREEH SRS LST 4558 TP e briPAl
T 2017—2022 4 H A4 J5 H 3R 05 B 5 5 46 MODIS LST
K2R, 45 R LY RMSE. MAE Ml R* ¥ 4H 2 5 N
0.526 K. 0.338 K 11 0.986 (/& 4), ik FIH¢ 4 () #5540
gk,

K5 Eon 7T K LST M RR, 5 45 MODIS
LST ¥ KA sk g (B @), LST &
G A X IR A 7. AN LST = Al 4 5
ERAS5-Land LST il 5% MODIS LST B4 %= il — 2k,
HABX ERAS-Land LST 7% 520 8 A Fr i &

22 RESHEBMR

TE AT TN &5 VRS AT, TR X 2 P4 Bl s ) Sk
HATEZHORMR. T RFEA, FEIATHITHE
S5 W N R R R (n_estimators) « R R ALK
REE (max_depth) « 37 1 3 W B 328 48 1) B KRR AIE 2
H ( max_features) F1 7> ¥l B & I &% /N #F A 4

(min_sample_split) ; GBM 15 4 75 £ 15 1) Z H ok 2
2] % (learning rate) . 12K BRI EL (loss) « PR S 1) %
& (n_estimators) « RFE AR (max_depth) . 7
PRSI FE A B RAFME S H  (max_features) AN &
BT T B /MEAREL (min_samples_leaf) .
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Fig.3 Normalized difference vegetation index (NDVI) daily
spatial results after S-G filtering
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Note: Dashed line is the mean value, and solid line is the median.

B4 20172022 FEMHEREL RIEHERE
Fig.4 Reconstructed land surface temperature (LST) and original
surface temperature for 2017-2022

W 72 s I GridSearch J7 310 56 2 A5 78 33k 47 20
UGS HOAT, GBM BATESE 16 IRIRZE R/, HRK
H'ls's 'huber', 'quantile'BRELHHLIE, B A& T &AL
K BR B huber' B ;. RE BERLAE S 13 IRIRZ /), RF
FEALFN GBM H AL [ S AL E S 04 3R 3 B e

R N
b L Ay
LST/K . o
303 & g“ ¥ 5
! X el L i
- 0175 350km | 175 350 km #0175 350km
L s L S| L S
ERAS-LAND MODIS RLST
a. 2017-05-20
N
‘ r o
L / - 1 2 4
- 0170 340km | 170 340km Wl o, 0 170 340 km
ERAS-LAND MODIS RLST

b. 2022-06-25

B 5 AF)&t1E ERAS-Land LST. MODIS LST A= % 4% LST 49 < 6] 5%
Fig.5 Spatial distribution of ERAS-Land LST, MODIS LST, and reconstructed LST (RLST) at different time

®3 BEURMER

Table 3 Hyperparameter optimization results

Eyrey
sk wes  omn gk pk LSE
Algorithms Hyperparameter Start End  Step parameter
— n_estimators 10 100 100 610
Random max_depth 10 100 100 110
forest (RF) max_features 1 12 1 6
min_sample_split 0 1 0.1 10"
e learning_rate 0 1 0.05 0.1
H1 Grandient n_estimators 10 100 100 410
boosting machine max_depth 10 100 100 20
(GBM) max_features 1 12 1 2
min_samples_leaf 0 10 1 5

2.3 ERIGE

T VAl HRSMS 6 R (e R, 2 1) MBS ) 2
6] 2 /N ROBEREAT 45 SR AIE L rP e ) RO B 5 s
R T I AT 6 L, 2 D) RO DUl R VP AN F b 1)
) 3 A SR AT SIE

1) B 8] R Bk

FEHLIERE 3 NI Ess &, XL 10 om 5 FE Sl
1l SRR R AR R R IR (K 6) . PRKE R EAERAE
5—9 H, SMAP SSM % kH) SSM I&1H 5 [ K FHFFF & -
RF Al GBM 59235 RE 3 47 40 & 10 Bb T W00 25 2R, I
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Table 4 Comparative assessment of soil moisture results

generated by different downscaling methods
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Construction and application of a high-resolution soil moisture simulation
model integrating multi-source data

FU Pingfan'? , YANG Xiaojing™** , JIANG Bo® , SU Zhicheng'? , SUN Dongya'

(1. China Institute of Water Resources and Hydropower Research, Beijing 100038, China; 2. Research Center of Flood and Drought
Disaster Reduction of the Ministry of Water Resources, Beijing 100038, China; 3. Soil Moisture Monitoring Center of Jilin Province,
Changchun 130033, China)

Abstract: Soil moisture is one of the most critical hydrologic indicators in the land-atmosphere heat exchange and global
climate dynamics. The high-resolution products of soil moisture are greatly contributed to the precise monitoring of agricultural
droughts. However, the existing datasets of soil moisture are limited to the coarse spatial resolution (typically >9 km) and
temporal discontinuity. In this study, a high-resolution soil moisture simulation (hrsms) framework was developed to
incorporate an ensemble learning approach, particularly for multisource data fusion. Spatially continuous estimates of soil
moisture were then captured at 1 km resolution with temporal consistency. The accuracy of estimation was improved
significantly, compared with the conventional approaches. Three computational procedures are included in the framework.
Firstly, the high-resolution ancillary datasets (e.g., vegetation indices and land surface temperature) were spatiotemporally
reconstructed using Savitzky-Golay filtering with multivariate regression. Data gaps were also determined to preserve the
temporal dynamics. Secondly, the spatial downscaling was performed on the soil moisture active passive (smap) observations
(2017-2022, 0-5 cm depth) from 9 km to 1 km resolution. A systematic investigation was also made to clarify the synergistic
relationships among vegetation indices, land surface temperature, soil properties, and topographic parameters. In situ
measurements were then implemented using ensemble machine learning, including random forest (rf) and gradient boosting
machine (gbm). Thirdly, the multi-scale assessments were selected to compare with the original moderate resolution imaging
spectroradiometer land surface temperature (modis Ist) products. The point-scale evaluation of in-situ networks was also carried
out in Jilin Province, China. A systematic quantification was then performed on the computational efficiency and accuracy
metrics, including the root mean square error (rmse), mean absolute error (mae), and coefficient of determination (R?). Finally,
the polynomial regression fitting (prf) was utilized to validate the hrsms model on three critical maize growth days (16 June
2018, 15 August 2019, and 11 July 2020). The results showed that: 1) The high performance was achieved in reconstructing the
land surface temperature, with the rmse, mae, and R? values of 0.526 K, 0.338 K, and 0.986, respectively, compared with the
original modis Ist. Three sites were randomly selected to evaluate the performance of the hrsms model in both temporal and
spatial dimensions. The gbm algorithm marginally outperformed the rf. 2) The rf algorithm was achieved in the mae, rmse, and
R2 values of 0.033 m’/m’, 0.049 m*/m’, and 0.574, respectively, over three days. The gbm algorithm also yielded comparable
metrics (MAE: 0.033 m*/m’; RMSE: 0.050 m*/m’; and R*: 0.556). 3) The hrsms model significantly improved the accuracy of
soil moisture simulation, compared with the prf. The improved model was realized to solve the prf overestimation of soil
moisture in northwest Jilin Province. 4) The rf and gbm demonstrated similar efficacy, with the rf marginally outperforming
gbm. As such, both improved models were equivalently deployed to implement the regional-scale simulation with operational
flexibility. The hrsms framework successfully enhanced the spatial resolution and accuracy of soil moisture products,
particularly with the temporal continuity. Multisource data and ensemble learning were integrated to solve the overestimation in
the traditional models, suitable for the agriculturally vital regions. The operational adaptability of rf and gbm algorithms can be
expected to tailor the applications to diverse data environments. The improved model also shared the significant potential for
regional scalability, particularly in the necessitating areas for the high-resolution monitoring of soil moisture. The robustness
and generalizability can be enhanced to validate the diverse geographical regions and climatic conditions. The complementary
environmental variables (e.g., evapotranspiration) can also be integrated into future research. The findings can substantially
contribute to the precision agriculture practices and climate resilience.

Keywords: soil moisture; random forest; gradient boosting machine; SMAP SSM; downscaling; point-surface data fusion
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