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T AR ) 3 b 3R ' AR AT TR] 4 SR I A 0
B SR+ U, EHAE o B R el Akt
JEF, #MKZ (Kogan, 1998; Song ., 2024).
Tl 32 8% R Ry 32 Bl i 0 TR A ik s e e Uk
Ty P T JEGE S e B RO R A, H 2
by AR B FOAR BT W S EOK B A AT O
HAW e RS . ML, Bshik & R i
by R S 5 S R, 52 UK R A
o AR R AN, R R N T B
(Wang 55, 2024) . #3h (i 2 B I i Be 4%
CeBt. XPBALP B, HeTix sl Beit) + 00 %
FAMESTZ N T (RS, 20185 McNairn
G5, 2015) o - B 1 RUBE M Y ) —Fh E T
BB, BRI 2 s (R4
H B AR B S B ) A B U E B AR AL
108 3 D0 P TR T A UL 235 SR 5 L K 0 ) 54 e 1
fift o fRFEME" f 4045 ERAS_Land. GLDAS (Global
Land Data Assimilation System) FI Noah-MP (Noah
Multi—Parameterization) 5§, X 2&[d]fk )™ i 7 42 fik
2 i 2 - S R RO O R B S, (H A (8] 43
AR, JOVR U R s 20 P DR B0 R
(Niu %%, 2011; Rodell &, 2004; Mufioz—Sabater
A, 2021) 0 RUVE BT BORAE 9 B M I P R
T RAFAYI A SR, {H A [R] 3 N Y )
SRR T HAR Al A 2 SR SGE RRETE L £l
U P A A L R ] R 2 T R B A R R oK
U2 N H
TEMTFFET, FEI5E N T =Mk 5
A [F] Ak ik FAIL A% 27 2] 5 ik 3 ol - 90 18 o RUE )y
o IR BTy ) A 2 R 43 BRSO A RUEE i B
I Z B O R , SRS 25 75 2 i o PR LI
B R i (Merlin 4%, 2008) o 38 JH = 17418
o F AR B B SRR = IR B A, R
b R R XS N P RURR A 2 e, BRI
JEHHE 77 a0 o3 BER (R Wr 5§, 2016; Carlson
85, 1994)  ZITERAERI S, B Zai . K
TR R, KR (Sabaghy %5, 2018).
Bt 7] A 12 38 0 45 5 AN ] 0 B - 8RR B 7 i
AU Bl IR AL R, R KL 53 B 5 R A X 43 B
HSBRIPATA R, TR BARFE & TR
RN ASER E P, A R Ab R Y 5 2 P R AR
B2 B0 P M B R 1 R T . X R Oy 1
To i A A R R S R B AR R (] R AR OC &R

LML AR 27 2] 5 i R aa i A o LAk 2] 5 i Ak ig
PERE A A ANESL IGO0, il B oK sl Jr =X
o) FHORE S Z R ERZEME SRR, &
A ARV B, A B Bh s H AL B RRAE &
16, DT A= B o Bsf 25 43 3 23R 114 - 0 e R 4
i (WenZs, 2021).

HRT, KEZHE R AR — + 00
PR BRI, R TORRMEIERES . I B L kB
R T vk (0 22 5, XS ARG B L AR AR B
(R B 28 S o, ok ol 15 2 2 o R R 3 AR A% 3o
TG0 RUBE Y L R S, DT S e G
FIRTSEPE . IRAh, B B RS AL 38 5 % S8 3R
R MR R, R mRE L SR R
B & (Madhukumar 5%, 2022; RV 4%,
2021; Xu%§, 2021a), XEEPRE G BRI T F
B R A A AE R, BR A S R
WA I A G PR 22, BRI T e RO A5 28 ) K
SRR B XL 2% 2] O b TR 4 4
DR A R B — | PIRAR S EBEAN A 1AW K () A
A ST LA AR L XA B, 5 TR R EE RN
JEER ML ) R TR A, I e R AL
HICIC AR IETE N B S50 . MRS 80. tEdk
a8, R EE S 2 i R, TR LELRE
FIH 4 BARRMENLAS 2 ik, WA T i e
RN B H B AR G b X 4 SR 2 7 A b )
REERIAL, BFEANREEREE (1 km) AR 40
JE OB A SR ) A HE R R R, AR T X
AEREKSCGE RS SMATRE 1, B4l 4n
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2 WX BAE A
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Fig. 1 Technology road (A—G, G1—G4 are combination schemes )

2.1 RXER

WX (F2) PP EARIGHE (38°N—54°N,
115°E—135°E), ## B EILE . WA LT84
NS B XA X, Y 125 77 km?,
2y 5 A E R 13% (Bparig 55, 2022), 1ZHbIX
J& TR KR PE AR, BEKE HZREE (900 mm)
M PGACE I (400 mm), /KA H R B4 L4
FOREE SRR (Zhang %%, 2010) . AN, ZRdbHbIX
TS B4 18 )11 1 ) b R AR A (A5 T Y 3 R X6
BN B oy A AR AL B B, e R R E

RPN AMIERZE, Al R TR Y 38 P
AR IER M (Chen %, 2023). 1ZHBIX &P [E
e A AR B A 7 kb R R R R R e, R
JE A A A B Al K g R A 3 EL AT L R
(B4, 2010) . SR, B4 50 BB i 2
Oy HEREAR, ME LA HE e RO b Mo AR b ) £
WD R AT REAE PR T AR MRS A R RN B R AR
TR B SR, L, TP 8 B R R T
B8 7E DX I P A i 2L AT B ) 25 0 R 1) - R
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PRI | 3 S 3 O we= ST YNGR 0 B
(F 1), BR3FLHRE ™M, HIERIH 10
#% #5 %0 NDVI (Normalized Differential Vegetation
Index) . HE5RAAIHEFE XL EVI (Enhanced Vegetation
Index) A A8 KA 25 0] 70 B BR ), BT AT P72
2SR PR G — R AR 1 km, LA R AERE
JRUBE 3o v B0 1) — SBev AT S, DA 4 e
RUBESE SR o BRI 1 0 3 o 2 M A B E A
WL, RS, FIHBR4ERIE—X3E (Savitzky-
Golay) WX £ P 524710 B, DA S
6] PP 5 A 2 1 S HERf 1 (Chen 55, 2004), BT A
BAERHBTRAAS (Albers) S5 AR BIHE T
ZE[HGE—, WFRIVEEE R 20194F 1 7 1 H 22023 4F
12731 H,

F1 BREZZN S RHEERR

Table 1 Multi—source data sources for downscaling model

A Bl SRPER AR EER
GLDAS GLDAS-2.1 25 km %43 h
b SMAP SPL4SMGP006 9 km #3h
ERA5_Land ERAS5_Land: Volumetric soil water layer 1 8 km &N
- [k 5 ERAS5_Land : Total precipitation 8 km 2N
SR \
IR ERAS5_Land:2 m temperature 8 km BN
. IR MCD43A3 500 m #H
P RE o -
AR BTEARR MODI16A2 500 m %8 d
) ) NDWI MODO9A1 .MYDO09A1 500 m %8 d
LRI EiER .
NDVI.EVI MOD13A2 MYD13A2 1 km % 8d
I R B W] SPLLTWI STRM 30m —
RE [ S U e r LR 2 B IR PR AR 2 R o 1 km —

7T . SPI(Stream Power Index) A7K o8 551 ‘TWI(TOpOgraphic Wetness Index) g HITEZ IR BEFE 5 NDWI(Normalized Difference Water Index) A4
— A6 22 KSR EL, ERAS_Land P80 7™ i 56 43930 0.1° MRS B S B0 AR 2R 0GR R0, 23 M0 B AE AR DL M XS TR M 29 9 8 km,

221 TEEBREHIESH

A58 5] A GLDAS, SMAP, ERAS_Land iX
3R]y BRAL AR A - S0 B 7 i, A R
SRR B E M, 4R TR b R R RO R R Y
K

GLDAS-2.1 AL T 0—10 em 3% + 3RS
B BRI . https://disc.gsfe.nasa.gov/datasets/
GLDAS_NOAHO025_3H_2.1/summary? keywords=GLDAS
[2024-12-271) . K B i Kt IR AL 4 75 5 42
P T BRI BN Y 1 2 S AR SO AU, BB
UETE 25 km {25 [8] 73 PER P ALAZ 3 by Afa] -

WKy 8h 4 (Zhang %, 2021a)., AWFREE S
B A R N SRR, R S R R A A
AR5 A2 H R . 2 EARIEHIX Y 5
fr AR ERER UL, HHUE RE (R 240.384,
B iRiR2ZZ RMSE (Root Mean Square Error) 50.09.
2% (Bias) }0.05 (Hong%:, 2024).

SMAP T A [ Level-4 (L4) &)™ i SPLASMGP.
007 H246% 3 h 1) 0—5 om FKJZ LR EERAE . AT
UG — 2 H R (B4 K 5 : https : //appeears.
earthdatacloud. nasa. gov/[ 2024-12-27] ) . SMAP %%
P CEAS AR 5 L R e [) 3 3 A 1y 45 ) 4
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AR A0H N 1 N B I ) FAR B IR . &
o AR b DX D 07 1 S0 B AU 96, Ry
0.261, RMSE}0.08, Bias 4 0.08 (Hong%¥, 2024).
20 it a0 A R R R O I 25 R[] Ak 3]
Catchment Bl RS A by, A 525 ] 73 FEE 4 9 km 1Y
Bl (Chen:, 2018; T 4, 2024),

ERAS5_Land %4l 48 2% T 285 FAC 20 M %6 B,
FEMZ /N 0—7 om R L HER R E, I
it H R G AbPRAE i HBE CBUAERTE . hups://
cds. climate. copernicus. eu/datasets [2024-12-27]) .
ERAS5_Land J& 1 B H 3] 5K < B4 0 ECMWF
(European Centre for Medium—Range Weather Forecasts )
TR m o PRk R AL RS, B T
BB 5 8UE R SRR 45 G, et
BRIEFE RI R M EHEREF R (24T %,
2023; Muifioz—Sabater 2%, 2021)., & EAJLHIX
4 A7 - 0 B R i, L R? 9 0.413 . RMSE
70.12, Bias40.105 (Hong%%, 2024). %44
ARTRAS THETE L it A i T b DX T 08 0 3ty A
ISR, S BRIl T G o0 A1 A IR S A
FETH (Zhang%, 2021c).

222 MIEILR

S R R R AR A )RS RS2 U R R
Wi, JEHIE TR Z AL RO i 0 o B
T T8 M KR oA 3R A 2, B
HAYOE TR FEARR XA R SR AR (Ji
45 2017; Meng%E, 2023). +HENRE 723 [a) 4> A
SRR ZR R KOR I IE R SE 2 R I FAE N,
Hrp s AR o o3 A P T OGN
TE Fr g AL 55 5 A2 MU IX B, oK 43 3 A A1 A 3R
P R E A B R B ME (Yang 55, 2017). ARt
DX AT LAY ) 788 1| 788 b M T, K U A K S X
P BRI . JEH R EARER B 5 &
I8 K Z ), HIERERE 1K RE 50
i, DT (S - 98 3 1Y s (] 0 A B O
2E5r. P, ek RERRL R SRS B2, ASBiF
FHIA T IKIE R EEFE U SPT (Stream Power Index) |
HTEIR EFE L TWI (Topographic Wetness Index) 55
MR ACFRARSAE LA SE i o 1 = ik 18 %ok K o
AT AISEE, DA B G i ASE AL IR 9 2 (] A2 Ak
M

e AR R SR R TRILE K R I 23 4T 55 4L
T FEFE AL SRTM DEM  (Shuttle Radar Topography
Mission Digital Elevation Model ) (¥4, 25 [0] 53¢
RHN30m (BIERIE . https : //www.resdc.cn [ 2024—
12-271) o BRI 1) Kt i ArcGIS10.6 1“4
BE” RN “Hem)” Sy AT HIREAR . R AR R MR B K =
P83 A1 R A A, T 3 8 AR 1o JO) 2R T T UK 23
(L sh 7 1) (Wang 55, 2022) . X SHp7A8 B REMS
A R W - K o3 i s B) S B, B e AR Y 5
I

SPLATTWI i i 23 T Ui 5 08 15 B3R
5 o X TR A 4 A 1 DAy 1 R DX I TR X A8 3t 1) A
KA BB RO SE, HREARX WA (1)
F1zX (2) (Rodhe 1 Seibert, 1999) . Fj/~484rff
13 b 7 7 [ [ S S R Gl R IRy
i (Yang %%, 2017), i@t 5| AXPIAEME &, &
W52 BE f% T A7 00, S W b B X6 7K i 5 | AR
s TR EAE AN R P BT By or A B,
HORTESE RO . BRI R X, DT B 4
A 7 - S 1Y 2 [ S B o

SPI = SCA X tan(Slope) (1)

TWI=In[ SCA/Tan(Slope) | ()

A, Slope MIEFEAF 5 SCA b A 1w AL AL IR
i, HEARXH

SCA = Flow Accumulation/Cell Area 3)

A.F, Flow Accumulation i E ZFE, Cell Area

MR BT SEBR TR A

223 SHR#HE

RSB+ S0 9 B
RN T, REAE S W 2 BE 5115 A1 K 238 26 1 o
P, ] AR ROBE R AL S A1 d S g ) B2 B

AR FNFE K B R U8 T ERAS_Land 204345
AL A /NS R T (2 m ) AR AR K R
o Wi EZ A RENERESE, RS RHH
PSR B AT oS RS b

224 HEMERSH

L M 2 MG R 4 1 M 2 W R A A E
AT R B AR, AT R e SR A R K
ORI R . TEARZ MRS HUh, R
B T Ml 3 68 DR B 6 S5 A S SR BE 0, o0 S R
(123 6] 73 A HAT L ZEN - (Mueller 5, 2011); 7%
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WO MR TEZ8 UL 5 L HERR B R DI, RE 4R
BRI IEAER SR B, A7 B T4 THF RUBE R Y
PIFIAG B (BSR4, 2011). BTk, AW
VPRI IR | ZR R PN T 78 WU A A I RUBE B
A

R B A UR T MCD4A3A3 7=, 18R 4
fe g B RME R, 2SR B 500 m - (CEU)E
K . https://modis. gsfc.nasa. gov/[ 2024-12-27] ) .
BRSO & T A DB 3 TE I B R s F 28
PR o T Bl 22 BN Hom R AR OG
AT R FH PR 23 A 28 B R R B R R H
BB CRICH 48, 2023).

ZR TR ANV A 28 T B K IR T MOD16A2 7
A, 2 SRR 8 d Y ZE IR IS TE 28 UK BR
i, ZSMHEE R 500 m (BHERE: hitps://modis.
gsfc.nasa.gov/[ 2024-12-27]) .

2.2.5 HEEIEHY

S5 AT NI ZE R, NDVIRT EVI X A
Bl 5 B 08 A A0 B W e 7 26 R R LA KRB
T A A2 % = K A3 AR A e 7, e B R
JEE AR IR A N [ A 7 3 2 AN K 43R 45 T 1
KGR (BESZLT RN T 0, 2017). H—4k 25 5Fkik
BECNDWI (Normalized Difference Water Index) M|
REAT BCRAE MR AR 0 A, IF 5 4 580 B %5 D) A
K, UHEAEKSF & BB RIS, T RERS
iff S e 0 B A 2 ) AR S e (X IR IR AT
2022), B, AWFFEIESENDVI, EVIHINDWIEX
3 A B B R A RS R P AR

NDVIFI EVI %45 >k 3 MOD13A2 5 MYD13A2
PR ALY 8 d NDVIMIEVI P 5, 28 A4 HER Ky
1 km (CEHERYE: https://modis.gsfc.nasa.gov/[ 2024—
12-271).

NDWI U 3 T MOD09A 1 FI MYDO9A1 7= it 2
BEAYZ 8 d 1Y S5 A S (https://modis. gsfe.nasa.
gov/[2024-12-27]) HEEF], ARXN

NDWI = lsss nm 11240 nm (4)

l858 nm + l1240 nm

A, Lggg o T Lo 23 X I 52 S5 23R 85 40 1)+ 0 D
4 858 nm F1 1240 nm 114 52 5 %48 .

2.2.6 TIERMEE

TIEBUHBAEAR R T KO FEAN ] 1 SR E
MBI PRI MIZ A R 25 5, DIy o S

B Y R RBE BF 5T B AR T G EE R T (Ghafari 55,
2024)

L o ¥ o | e o & T S E L R S R e
U R BT BL 22 B0 o CBOE R VR hitps < //www.
resdc.en[2024-12-271), ZS[E] 50 B M 1 km, %L
PEILT 1+ 100 7 82 (BRI 3E vk - e A 5
/e LTI S U AN R U YA | e w YA
BRI M £ B RD AR £ 3K,
- B I A3 S TS [R5 R A 4

23 FTEEREEEREILEIEE

ABIE ST B AETT RN A Ak 1 560 B R R 4L
o= b, e TS RS B A R L TR
TR 53 BT B A28 2 6 = 308 8 A A %) R AF T B
S, FEF 22 YR A MRV R R Y P R VE S O
TCFA, BET T BRI 114> e B R A
R, DhAE R - R A B S SR RRIE, IR
2 Uk B i b 3 A T AL ) B L BK Bl R 3R
T THASE 28 £14) S0 A% 185 572 AL RE T

A TR E R B T R R
PE, ATREXT e & B RUBE S5 SR 7 A s . R
KRB ARG B AL, R
RUBE Y + IR A Ak, SRR ) 4 S
B IR 2 B s SR o T = oy B
B U BE 0% 1 $ R0 X A A s AL . A B
R[] 4 BRSO, TT DA AR 4 S e
5JRRAny, vReb S AW RBR R, I EZ
FRUBE B 2 22 T 2 T - 1 B AL ) o i 5 ]
SEME. BT, ABFRES AR SRR LR
ETAE™&, It B A G TS, I
Pl oy S B b S, DA DTA 00 - 90 ) S £
mAE (£2).

2 ZEHEAANSHASHE

Table 2 Multiple source data input parameter

o

combination schemes

HETTH MAZE
A ERAS5_Land
B SMAP
C GLDAS
D ERAS_Land+SMAP
E ERAS_Land+GLDAS
F SMAP+GLDAS
G ERAS_Land+SMAP+GLDAS
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FIE R AR IX B R R,
SR JZE A Dy Pl T v IF e R AR, T
PAARLI IS, JUHAE RIS E A 2 B KR R
URVERVV S Ll BT SR e L RS0 ¢ A L I ok 3172
JER)ZE A S Bt NI, ARBFSESIA SPIAITWI,
DA T Tk K SCRRIEAE 1 388 32 e RUBE v A
I, Bt T2V EREG TR, EidE Y
TN SCRFAE PR 5 AT X6 e 3 A, R XS T3
P JEE I 25 I A R SC BRI (R3) o

R3 MWELRBASHEAGHR

Table 3 Confluence effect input parameter

combination schemes

HETE LTIPNE 24
Gl Tl H 7
G2 SPI
G3 TWI
G4 SPI+TWI

24 TEERERREEDR

ML 5 S BIA L 3z  H T A 8 B e R
5% (Zhang %5, 2024; JEAE 4%, 2016) . AHFFE
PR T BENLARAR RF (Random Forest) . # @461
F+HL LightGBM  (Light Gradient Boosting Machine)
VR i 22 N 4% DFNN (Deep Feedforward Neural
Network) F1 4 1 #ff 28 % 2% CNN  (Convolutional
Neural Network) 45k, W TEEMSE . BHE
P& TH G B 2 2] 45 E RS (Srivastava 5%,
2013; Chakrabarti %, 2016) . X877 £ 7EH
UL AR Rz R, B RS R FIs A
Bl R0 S B SR, T AT RUCEE T A I R o R A A
HHGE SR E T .

IX 4 R 0T P I R e RUBE T AR [] AR A A
LA ARFIERBE ST o RE I LightGBM 1 R4 i
) FRR BE SR T Iy ik, RS AL AR LM O R Ry
YERFAE, I HL7E TN 52 22 5000 I BLAT B i B A
£ DFNN FI CNN WACR IR EE 2 T W, R
FI 327 2] B A AR e tii=tl, Horp DFNN 4 2
TR S BT AR E Z A A OC &, T CNN U BE
PEUAS [AIRRAE , G A Ab PR 23 [B) S5 0 o 38 o ik sk
RN S, BB T A RUBE R AL (N 2
S EE

ST - g R R R IR T AR R 0 Bk
MR %5 %, s 2019 H-—2023 4F ()32 /N 08 I 5 e

(B UR . hitp://data.cma.cn[2024-12-27]), H:
D52 R B2 R 0—10 emo ASBIFSE T 1 80 2 7 i
PEATRERUEE 73 A, PRt 5 TR R R (0—
10 em) FEAR g S Bs ,  LARH OR A ) i) —
Bk, 7ERAE IR, SR AIBEALAAE 5 ik
B 190 4> i BB F T ARSI 2R, TR 39
SR T T ROALE IR, IR SRR EL T « 3
N A7 S5 8 1B N D ST 2 = R G A

NP TR R AR EFRRE ), ASWT S AE B D
Bk IS AR HRHIETEER RFE (Recursive Feature
Elimination) J5i, XPRHIE A EPESEATHE R ITIL
PR R g A7 6o T SO A7 B4 41 i e SR 1 i
AR JU IR N HAE AT S 1 S H0 %
241 FEHLERHK

RF J&— RS ) 500, il il 2 i
R FEAT B o Bk I A 2R I R
B HIL A B4 BB R FH CART (Classification
and regression tree) RTINSk, A TINS5 R
YO A A% 1 A B (B 4%, 2023; Medrano
&5, 2023) o ZFERIOLSAE T EE L BRI DL AR
PHAULE XU, SRR EVE . TR SEY IS
b, ARWFIE IR E SR A S00RR (n_estimators=
500) , JfoR A RIARAE ZE AL T iR /NVEAR 23 2L
(min_samples_split=2) Fli KW IRE (max_depth=
30), PAE—B B ik G ISR ml ZRioR .

242 BREHERAN

LightGBM J2& — Flt 5& T8 B2 4 T D SR 7y 25
Tk o B M A e R £ AR R R A I 24 i
R R 22, IR T 5 B | ko
(Sun %, 2022). M4k, LightGBM 7545 ME 47
. BT LRSI AT A, REAETE R MBI
etk EaRusty, BABARM N IH AR R T )
YR, TERSBBE I, ARUFTH 2] %
wWE N1 (learning_rate=0.1 ), ERWEEE N
500K (n_estimators=500) .

243 RERTRHEME

DFNN & — i th 22 2 R 1) 43 422 0 28 TR Y
N TAHZ /2%, DENN i [ [ (& 3G S i iR 22
BEEE, JERFBEEE T BRI R 34 2R, IR/
Rk i (BB %, 2016; Yang, 2024).
ZM L IE T Z )R WAEL AR, R R R
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FMAELMEOC R, 1A b 3 A I o R X
KA S 4e Bl . FEABE T, WG 2% > ik
40.001 (learning_rate=0.1), A FE k% K 1x107
(weight_decay=1x10") , FjE)ZE0CH 4, R)ZM &
JCHUR N 5124, G PRECK I ReLU
244 HRMEMLE

CNN 2 —F i &2 | )2 MedEsZ A
A 22 2% (Nomura FT Oki, 2021). % 4438
i B BUZ X i AR AT S B, DI R
DI Y 25 [ R AE 5 WA 2 0 — 20 A R AIE 1) 4 2
B C R IUR R e O &4 ST U e Uik o T e
R (Zhang %%, 2021c). CNN 38 1o 3t 1) v (1 Y 5 7
3, BEREHEAT Ry R P AL A, X - R
X P R b R SRR ARWETE T, #)
G2 ] % 9 0.001 (learning_rate=0.001) , AY &
IR N 1x107° (weight_decay=1x107) , fifi F 24~
EBRZ, K —ZEREIN 64, 5 )2 N
128, JFR KM Z A TR 4E
2.5 FEEITMISHR

A e b A A L A N L 0 S0 3l e AR
XF - RN B A ROBE AR AT SRR o SR B IE A 4R
PR 45 R>. RMSE Fll Bias, Ry 1 #5180 %) + 11
BT ZE MR R FLRE . RMSE 267 3805 1 g 5
Wi Z M AR 25 5, 22 W R e 1 -
FE AR 5 LS Z B R GEPE R 2, R T
RIZE TN AR P ) — 3P 2 . 276X 3 815,
AT DL A T VPAR - S0 R 5 RS A A 1 1 i S AR
. BN ERITEARXT

m 2
>(SMAP,, — SMAP,,)
i=1

pre

R*=1-+ 3 (5)
> (SMAP,, - SMAP,,)
i=1
2
> (SMAP, - SMAP,, )
RMSE = | = (6)
. m
1 m
Bias = — > (SMAP,, - SMAP,,) (7)
m i

s, SMAP, HHAG -+ HERE , SMAP,, Sl
B EHERIE, m R

3 HEERHr
31 BRESBEDRHN

311 TEEEFREEMRNEEES T
22 5 1 S R T R B R AN R 4 B
N o AN]SR R 7 A B A AR 2
THAEARIHE T, BIARIS .
*4 ZRYEFREZESN
Table 4 Multi—source data product importance analysis

HETTH
A B C D E F G

RF 0.801 0.804 0.804 0.806 0.806 0.808 0.809
LightGBM 0.843 0.840 0.839 0.837 0.842 0.837 0.849
DFNN  0.813 0.813 0.809 0.822 0.823 0.820 0.824
CNN 0.817 0.807 0.803 0.813 0.82 0.820 0.834

RF 0.107 0.108 0.109 0.108 0.108 0.107 0.107
LightGBM 0.097 0.098 0.098 0.099 0.097 0.099 0.095
" DFNN  0.106 0.106 0.106 0.104 0.104 0.104 0.103
CNN 0.105 0.109 0.112 0.107 0.104 0.104 0.098

RF 0.003 0.003 0.004 0.003 0.003 0.004 0.003
LightGBM 0.003 0.003 0.004 0.004 0.004 0.003 0.003

Bias
DFNN  —0.004 0.004 —0.007 0.002 0.002 0.003 —0.002

CNN 0.013 0.007 —0.008 0.012 0.011 0.026 0.009

7E: A N ERAS_Land .B 2 SMAP.C 5y GLDAS.D 24 ERAS5_Land+
SMAP. E & ERAS5_Land+GLDAS. F Jy SMAP+GLDAS. , G & ERA5_
Land+SMAP+GLDAS,

B fd ] ERAS_Land % 8 BF (R? =0.843,
RMSE=0.097, Bias=0.003; %4 ¥4 4 #5551 v 1Y £
Do, TR, HTRIN M RE O T SR sk B SMAP
(R*=0.840, RMSE=0.098, Bias=0.003) &{ GLDAS
(R> =0.839, RMSE=0.098, Bias=0.004) , #*
ERAS5_Land 1 4y 18 B B0 U5 A 1 18 0 2 B3 U2 it
e BB A T EE 11 . ERAS_Land 5 SMAP 1y
A4 (R=0.837, RMSE=0.099, Bias=0.004) 5 H:
124 (ERAS5_Land+GLDAS. SMAP+GLDAS) #f
It (R*=0.842, RMSE=0.097, Bias=0.004) #F4
B, nTREh TR EER S PR LN RERES,
FECEAMERAL

2 3 Fofr S B S o (R SR A A AR, A
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TR TN B O T 5 7R R B A Bl — A e
J5o kW] 3 b 100 B B A il B A RVR A TR
— BRI R R, AT T T BT A A SR b TR
AR 2 R A DX ) O 2

TEA R Ve PR 71T, LightGBM A R FLHR AL (R*=
0.849, RMSE=0.095, Bias=0.003), fIi T CNN (R>=
0.834, RMSE=0.098, Bias=0.009) #1DFNN (R’=
0.824, RMSE=0.103, Bias=-0.002), ifij RF #i%! (¥
PERERHS (R*=0.809, RMSE=0.107, Bias=0.003).

LightGBM BE % 43 25 A BRI & 4 450, il
PR 2 AR MR, L TERE BT 55 h R
Feft; CNNHERK B 2 RRAE, (H Y1255 2 B
s AT B IR SR A s DENN AR &b 2
MR, (HAESS AR AR A = 450G 22 B E Y fig
J18855 5 RF W H X0 28 U RRAE A A 2, R
LG
312 WEILREFEEESH

Hi I 3t PR 7 0 R A RS A rp (1) A
ks s, AR R EEA S (G,
G2. G3. G4) XA G8 I /Y 52 i 72 BN —
Ho RFIRICWE I, BARY RS AL, R
BRI G RHOR KA. BUplR I TWIRE, LightGBM
BRI LI (R?=0.847, RMSE=0.094, Bias=0.003)
P F AL FH SPT (R*=0.846, RMSE=0.095, Bias=
0.003), FHA TWI BT BEA RS B £ 38K 70 1) SR AL 4y
PR, XFRERUEE TR TE K

®5 WHLREFEEMIH

Table 5 Topographic confluence factor importance analysis

AT
s B
Gl G2 G3 G4
RF 0.799 0.805 0.807 0.809

LightGBM 0.843 0.846 0.847 0.849

DFNN 0.810 0.808 0.823 0.824
CNN 0.805 0.827 0.829 0.834
RF 0.108 0.103 0.106 0.107

LightGBM 0.097 0.095 0.094 0.095
RMSE

DFNN 0.105 0.106 0.101 0.103
CNN 0.105 0.101 0.100 0.098
RF 0.004 0.004 0.004 0.003

LightGBM 0.004 0.003 0.003 0.003
Bias

DFNN 0.003 0.002 0.005 -0.002

CNN -0.0030  0.0120  -0.0090 0.009

W G AR T .G2 4 SPL.G3 H TWI.G4 4 SPI+TWI.,

>4 SPI A TWI [m] B A5 2 P48 & 15, LightGBM
RS RE ik 3R fE (R?=0.849, RMSE=0.095, Bias=
0.003), M THAHFRIIEHE.

FEA R | LightGBM A9 26 B R 28
HRMEM G111 0.843 $2 15 % G411 0.849, on I
FEWAT 55 A sk, M2 T, REFEFTA 4
SRR, R E 1R 0.809, i DENN
HTCNN AT P 2Z J8]

313 FILMXBHARELERESM

FET 205 - R B 5 MO IR AN A
TR R R BRI, 4 GLDAS, SMAP. ERAS5_
Land 3 B 4 39600 B $ic s K A0 3t B 2L [ 4 A
AR B3R T 3R R IR Y o A
KMRERESRAER . 2. . L40FNr=m g
AL

MERE, BRESRMNE MRS
ERAS_Land & JE 7 fii 8 A 23k, (HRI A RL& T
GLDAS (1% ¥ 45 1 A1 SMAP (425 [A] 4035 . EL A4y
Brak], ERAS5_Land 408 (9 1358 10 B2 (R B AR i 5
1 SMAP Il GLDAS %4 48 7 8 IX 38k 1) 3 A R AiF A7
N EESR.

R RO 4 a8 o Z IR R, AR T DX
HRAEZS IR, [RIRT R SE R AR B T T4 X3
WAFHIE . 256 RFE, FEREBRALE RS 2 A
HHOIEICRE T, AMUEREE S T M aPeR, b
WEUNGE T R RS ARG, AR R
FEIEAR A 2o 8 DX U TR B € . X IR
FRUBE 5 1% B8 7 J 4 B30 =2 [) 1) 22 S v 4R 381 Al
A T TN BRI R R o A

TE - RN B AR X i DX A DX B
3AMLARIEE T (75 kmx75 km) [ T 4 £ 2R
ERMEERILE 4, BRKRE, BRELSRSEE
BAE 0 oA B, E A e i o DT
BoBE Ay, AT B 2 a5 m gy, A g
TRV o AR DX, A RUJEE 4 R A i e
TR ) SR, I BRI R M 2 L A
A4k s FErP IR X a, B ROBESS SRRk IR
DX 5 T XS () A 2 (DA B, A RS
WT, AV 220 N R AR N X, R
g5 Rt —P Ak TR O B A8 (R A AR AR, 30
SN, R RES R AR R, H
SAFAE D B PSR B S, X AT RE 5 A B 3+ 18
D2 RS 7 i A AR 25 8] 43 B O
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Fig. 3 Overall picture of downscaling results
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Fig. 4 Downscaling results detail diagram

32 TREERREMWEEEEMSN

SR, REEREEEE M (ERAS_Land .,
SMAP. GLDAS) 7R REERA (5 35 £ S b7,
& W3 BB 7 e 7 = HEN B s R AR TR
FAPEFIHERG T . B S BoR T R BRI rp 4 Bl AR

W EEEHT .

ERAS-Land, SMAP P55 5 1) B[] 43 S5 A
7z UL B Y L, B TE TR RO AR AR X - g
MR RE TR AT PR RE 1, T GLDASYE A&
S G RUKSCHBL 7= fh, B RE AR S AR X AR e )+
B R, (Hi TR, HXTRIA ) 5T
HRAEXTES /N, R, FERRIEEZEMEHET ., ERAS_
Land. SMAPHEFHE HAERT, GLDASHEFH)G .

Hi I K SCARRAE 2 B A 8 5 7= i A 5ok
BERRHIE o S ANCAARRE (A0 SPLAITWI) £ fir
AR S B R v P M, RO T R X
- BV R S () A AT B PR AR R R AR K
B ZRAC - IX, TE B T 4 N Y 2
[ S S, T 30 1) A e B M0 i AR A 5 2k
DI BN RE T) o 5 ZAHGIAR A, AR A AR
i (QINDWI) HEEIEM R, Rt 1 KAR S A
X g AR, U AR BB, K
A () A7 BB A5 1 DR D s B8 ) 25 () 3R 3

ARG b I AR AR A, HL BT
A U BRI M o, AR R Y
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TRk A, TEASAR AP HER RS . MK
AR FH U B AY T 5, JC AR Light GBM b 3R 3
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Fig.5 Feature importance results

HIZ T, IR S5 TE 2R #UR & i 3R S5
TEABAIh R EMHE P AE 25 . XATHEEH
FHAEZ HRE LA PR, 5288
1) o AT B SR MR AN i, PR I e Al B b sh S
T AAE A BR . teAh, FEBEE 20 (NDVIL EVI)
S (B4 B ) SR R
AE MY S FHE FHAR X 80 /IN AR XY i A L AE 48 v
P RERE T 1 N B I

3.3 BRESREIESMEITMW

331 FEMWIEER

PL39 ALl SR E N S %, D mE
R RUBE Ji 1) - B 5 2R 5 3 P - B A ™
IVCECME (&1 6) . Z5RFEM, BB 25 A AH ¢
28 () OB (,=0.925), BT ERAS_
Land (r=0.786) . SMAP (r=0.691) FlGLDAS (r=
0.622) . {E RMSE F Bias J7 i, SMAP %4 (40l &

BORAR T ERAS_Land, 1 GLDAS R A% ) 25
oy HR, PERERKZE . Bk E, BERIEZ
JAE r. RMSE Fl Bias 55 45 Ji 48 45 b 3 0 00 T iX
3P A R B A, R AR T AR 5 i A
R R A B A 0k

TEREA B PN A B — A~ 0 5k — 25 B IE R
JEZE AR P o R B (B 7). FHETEMN I,
55 3N S S B T A  k , UCE R AR 112 K
PN 317 RIGMMIC %, R BR, FBRESRDY
8] 3 371 34 5 S I B die = JE W, R PRI B
AT RO R B 0 B R AR AL . SR, BT
FESRmFBE (WA 92—120 K HIES 142—155 K ) Y
TR A AR B, 0] R 5 AR A R S B[]
B AR G AR s m H At i AR AT A e R A O
JUEmL, BUHORE, BRESRMILEHRS
SRR O i B — 2, HE 2P IR T R Y AT
SEPERRS BE .
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Fig. 6 The downscaling results were compared with the in—situ validation of three product data
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Fig. 7 The downscaling results were compared with the in situ validation of three product data
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W I = 5 2 BB AR 1 2192 DX I M B A A Y A
ffs, RAEREAAE—E M, AR R
JEERT B0 A AR SRR . R M R AR B S, A

AU REETE 2 0.849, FWTEHE 15 25 (8] 43 HER 14 [A]
I, EE RS T ek,

Ro6 RESEXLL S

Table 6 Comparison of model accuracy

AT LAy ik PEAL X 50 R? RMSE Bias
GLDAS(Hong %,2024) p 0.384 0.09 0.05

WA= SMAP(Hong %5 ,2024) KR =4 0.261 0.08 0.08
ERAS_Land(Hong %5 ,2024) =4 0.372 0.12 0.105

Sishah %5 (2023 ) 1 77 12 B B AT 358 (2021 4F) 0.471 0.07 -0.036

R 1] S Shangguan % (2023) [ 7 7% T I (2015 4E—20194F) 0.67 0.084 -0.064
Xu 45 (2024) (197775 PR L AT 8K (2015 4E—2019 4F ) 0.779 0.073 0.041

BN GLDAS .SMAP ERA5_Land ZRAUH X (2019 4-—2023 4F) 0.849 0.095 0.003

Wk, 5 AT I 5 e 1) X e AT DA
Sishah &% (2023) SR 13 F01HT Ph A8 i 1 pL 5
MOk, FER AR A B S BT RN
0.471; Shangguan%s (2023) RS kS
PLER 2% S M5 A 1 DT RIS T R* 0 0.67 I 45 5
XuZ§ (2024) SR FHBHLEES G % S MG 05
%, BB T RROTIOMNEE . MHLLZ TR, AR
TEARFF A Bias (Y[R, HUS R4 0.849 (13RI

SElm, AHESE B9 RMSE {EARES T HAb A 5T
A, X —BLAR A DL 7 AT A . 1,
BT IR S s R BER UM G . FoE
By, B 2SR BER RS A4k, RMSE {H 5 28
HEfn#a% (Maslanka %%, 2022) ., ARWFFEFER G
A - RO 1 25 ) 4y BE R 1 km, AHER TR
I R R S, T RS 40 ) 2 [R) 20 g g 3
5T R AR S, T S E RMSE (AR 55 .
W, ARHFGE RIS X S8 B A, T g %o L )
AW FE LU S BF S 0 42, XITE /N 85
KRB 5 X3S AT 3k ) AR T B 22 X el 10 1%
2, E—HEE TR RMSE A 3X — [l Y
ISR 2 0 4.477

LEA T, AWRIE S AR RO kAR A
BOCR BT IR Y, O M R A R R A B
PEAET A I3, I B R EOE 9 2 (Rl AT
[HERAR AR

4 T
41 SESRENEFRHEESHERERR
EERE T

MR 22 A 7= A RO X BT 45 R, fil G ERAS

Land, SMAP. GLDAS 3 Fh&HE IR BT, o )R 55 7
W R, X FEEMS R T = H BRI 2 5
23 () G By i EAMAE D I R (7).

T, T R AR B Y 2 MR ORG E 4
T £ 5N K . ERAS_Land Il 8 T4 46 0F X} £
SRR R, R T A R R R A R A
T R AR L, GLDAS I FE T4 # i #2 3K 5
B, WK BOKEEHOK 1B E; SMAP
D368 g TR R R UL - R, BES R
K2R 2 TR BRI (Abbaszadeh 45, 2019;
WuF, 2021; 3R 4%, 2013), =H7E LR
FEARIBORBE Ay 12 by 22 5, (BB A [A] 4L
AR AR B . BRI E , ERAS_Land F0
GLDAS 3 i3 5 Ay S 4DLAT 55 1 R )3, i
SMAP W 368 5 [7] A 52 it 5030 30 ol T A5 78 e e 5
TR, TR RS R R A AR R BR A,
iGN U RiE

FOWR, A ) 0ahs 5 ) e 1 22 S R BBOHEAS AL A
TER G IR 2 80w 22, (B 2 8] CHRA B AR
Ao ERAS_Land 2 TG M4 R RS,
i KSR A R AU B HOIR A, L HERR AR
PR R RS A S, AT B E R
ZM 5 A—F iR (Mufioz—Sabater 5%, 2021) ;
SMAP W3 i SMAP TLAE 0L 5 J52 i 8 ot 45
Catchment #& 78Y [R] £k J2 7 + 3808 % (Entekhabi 55,
2010) , JF 52 2 2 8 55 0 TR LM SF LR S
GLDAS B3 T 24T (GDAS (Global Data
Assimilation System) . GPCP (Global Precipitation
Climatology Project) #1 AGRMET (Air Force Weather
Meteorological ~ modeling

Agency’s  Agricultural
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system) ), AL i A R AL 2 U0 85080, T REAE
588 3 K00 S I R VRS DR FiC B 5 AL s iR 25
B A —E (Rodell %, 2004) . i i 25 41X 4k
BRI, FTLLARORAN S AR 22 52,
PR AR ZE I AONE o Ah, X8Rk Ky
2 B I 28 Fi R — e R 4T T A G £ 4

TR RE R BERIBE /7. ERAS_Land Fl SMAP #2441 (85
150 25 [B) 43 B B0 AT LA 2 21 JRy 350 b DX 1) 48 AR
&, T GLDAS A4 %504 W) ] 48 AL B K3 il ) 75 5
Bo BlA R E RUEE 7= S (5, B BE 0% B 4 b
A5 B4 ek #h, 4w s i 4 389 2 1)
bZs 254k, DI TN v 1 5 T S

®7 TEEEFREBIEXTLL

Table 7 Soil moisture product data comparison

s XT B
i 74
AR A T i g R B — B gy 43
A= 4k =i R B S 1A
B T R 2 e R L B AR B
ERAS_Land  (GNSS-R.ASCAT). e R e P Rl R L
G IR B B - - . TRT R
P
aap | SMAPRSDEEL Cachment ey fiT B S
HRSHH MK b T el AR T FALBERE % T4
4NN
b T =07 “j&#ﬁ‘A\‘
o, R Noah PE B THN SRR, AL A
LDAS (TRMM .MODIS ) Fl1 I A e o & RS ERAS5_Land,
T4 BT R - T i SYERILT SMAP

¥ : GNSS-R (global navigation satellite system reflectometry ) A 4Bk i 112 R 58 ) 5 I i . ASCAT (advanced scatterometer) A C I B i1k 1
HH1 . TRMM (tropical rainfall measuring mission ) 37 [ Ml AT 55 L2 \MODIS(moderate—resolution imaging spectroradiometer ) A 14335 A,

B

42 ETRICRERERK

R 4l AL I8 52 46 09 o A 4 SR, MR 3 it A
- SPT AT TWI [i) Bisf A1l A RSy o 586 8 8 A FRR B 45 T e
Ko MU It A 2 52 ) 4 9V 8 4% (8] 43 AR 1 4%
OHLEIZ — (FE 4, 2005). SPLAITWIC 8%
o FH 0 5% 7K SCad B2 A 4 () ROEE RO L A o b BR
Al 2R 1) K SCIR sl AR L 8t K T R 3 B
A, JFEBOIESE S R 0 A B A A
RAFAAHEME (Tehrany %5, 2014; Yilmaz, 2009;
BevenZ%:, 1988; RobsonZF, 1992).

SPIAT TWI M) () b P o P A 38 S e T+ 38
R RE 1Y 25 (] A5 AL AR . SPLA AR 1 b 26 5 A5 (0 Ve A
AKHIC RERE Sy, 32 EE U R AR R e
(Tarolli, 2015) . it sk i A2 5 e 7 b 3t (%) (1 /K B
J1, WM K A (RBESE 2=,
2002) . KL, SPIREHEA RRAE Jmy MK SCEAF
SIS, A EHERE ARG R, TWI
DU 27— 0 £ B Al T X /K St A g P ],
g5 4 Y R 5 AL L Y U s ek T A, IR R

Hu UK A ) FIHE K 505, e 6 B 1 45 ] R
RN (Sgrensen 55, 2006) . Wi M sh 245 A&
P T ANTE T R E M A5 8, i iE Tt
R RUBE R A (RS T

TWI 7 38 T R R A AR & T 19 4 FH L SPT
HOR R, DR RS v S W T A Y X
VP B R . TWE 3% B A B UK A 25 &
FAE, AT RK S FUERAE T, JCILRRAE AT
b X SRR X K SCREE, 5 R IR Y2
] oA LA BE AR OGE (i) 48, 20165 A
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Fig. 8 Results of the time feature under different models and different combination schemes
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Abstract: Soil moisture is a pivotal variable within the terrestrial hydrological cycle, exerting a critical influence on climate change,
agricultural productivity, and ecosystem management. Accurate, high-resolution soil moisture data is essential for applications such as
drought monitoring, flood prediction, agricultural precision irrigation, and the refinement of climate and carbon cycle models. However,
prevailing soil moisture downscaling methodologies are constrained by significant limitations. This limitations include reliance on single-
source soil moisture data products, which fail to leverage the complementary information from observations and models of different scales
and physical mechanisms. Furthermore, the selection of predictive covariates is often incomplete, frequently overlooking key hydrological
drivers such as terrain-controlled convergence effects, which govern the spatial distribution of moisture. This study addresses these gaps by
proposing an integrated downscaling framework. The primary objective is to generate high-resolution, spatiotemporally continuous daily
soil moisture data for Northeast China, thereby enhancing the precision and applicability of fine-scale soil moisture monitoring for
ecological, hydrological, and agricultural management.

This research was conducted in Northeast China, a region characterized by a semihumid continental climate, rolling topography, and
significant importance as a national grain production base. The core methodology involved a synergistic downscaling model that
incorporated multisource soil moisture products and key terrain convergence features. The model inputs were as follows: (1) Three soil
moisture products based on different principles and scales——GLDAS (model assimilation, 25 km), SMAP (satellite passive microwave,
9 km), and ERAS Land (reanalysis assimilation, ~8 km); (2) A comprehensive suite of covariates encompassing meteorological data
(precipitation, air temperature), direct land surface parameters (albedo, evapotranspiration), vegetation indices (NDVI, EVI, NDWI),
topographic attributes (elevation, slope, aspect), and, specifically, terrain convergence indices [stream power index (SPI) and topographic
wetness index (TWI)] calculated from SRTM DEM; and (3) Soil texture data (sand, silt, clay). All data were harmonized to a 1 km spatial
resolution and a daily temporal scale for the period 2019—2023. Four representative machine learning algorithms random forest (RF),
light gradient-boosting machine (LightGBM), deep feedforward neural network (DFNN), and convolutional neural network (CNN)——

were employed and comparatively evaluated to construct the downscaling models. Eleven controlled experiments were designed to assess
the individual and combined contributions of the multisource soil moisture products and the terrain convergence factors. Model training and
validation utilized in-situ soil moisture measurements from 229 stations, with data partitioned into training (190 stations) and validation (39
stations) sets. Model performance was rigorously evaluated using the coefficient of determination (R?), root-mean-square error (RMSE), and
Bias.

Experimental results demonstrated that the proposed framework successfully enhanced downscaling accuracy. The integration of the
three complementary soil moisture products (ERAS5-Land, SMAP, and GLDAS) yielded superior performance compared with any single
product or dual-product combination, with the best model achieving an R* of 0.849, RMSE of 0.095, and Bias of 0.003. Among the machine
learning algorithms, LightGBM consistently delivered the highest accuracy. The introduction of terrain convergence factors, particularly the
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combined use of SPI and TWI, significantly improved the model’s ability to fit the spatial distribution of soil moisture, raising the R*> from
0.843 (without convergence factors) to 0.849. Feature importance analysis confirmed the dominant role of the input soil moisture products,
followed by the terrain and hydrological covariates (SPI, TWI, slope aspect). The generated 1 km daily soil moisture product effectively
captured fine-scale spatial heterogeneity and seasonal dynamics, showing a high median correlation (» = 0.925) with in-situ validation data,
which outperformed the original coarse-resolution products (ERAS Land: =0.786, SMAP: r=0.691, GLDAS: r=0.622). Spatial details in
low-, medium-, and high-moisture zones were refined, and temporal series trends aligned closely with station observations. A comparative
analysis with other recent downscaling studies confirmed the competitive performance of the proposed method.

This study developed an effective soil moisture downscaling approach for Northeast China that successfully addresses the limitations of
single-data-source dependency and incomplete covariate selection. By synergistically integrating multiscale soil moisture products
(ERAS_Land, SMAP, GLDAS) and explicitly incorporating terrain convergence effects (via SPI and TWI), the method generated a high-
resolution (1 km) daily soil moisture dataset with improved accuracy and spatiotemporal consistency. The LightGBM algorithm was
identified as the most effective model for this task. The results confirm that multisource data integration provides complementary
information, and terrain convergence features are crucial for capturing the spatial patterns of soil moisture governed by hydrological
processes. The final downscaled product reliably reflects observed soil moisture variations, offering valuable support for fine-scale
applications in agricultural water management, hydrological modeling, and ecological monitoring. Future work could focus on enhancing
the model’s adaptability to diverse global climates and topographies and incorporating broader temporal data to capture extreme
hydrological events.

Key words: soil moisture downscaling, Northeast China, multi-source data, machine learning, deep learning, terrain convergence,
spatiotemporal continuity, soil moisture products
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