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Fig.1 Schematic diagram of passive microwave soil moisture spatial downscaling
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AR, BEEITRIR AR E R, — &7
BL 2 2] S5 T Ifi T 9k sh s 1= 4987k 7325 1)
f R BE TAEYH (Abbaszadeh 4%, 2019; Kolassa %¢,
2018; Pelletier %, 2016; Rodriguez—Fernandez %,
2015) . HLawss 5 il DI E SR W 1 &L T
52 3R KA R RUEE PR 2Z ] i AR Lt 6
F, ORGSR R R A5 B 5 A R
fETEF] (SrivastavaZE, 2013; Alemohammad &5,
2018) . TE#% B K 4323 Tl e RUBE rh s Y
Plae 2 kA N T ML M4 ANN (Artificial
Neural Network) . ZFE[A] i HLSVM (Support Vector
Machine) . & BK [1] 5 L RVM  (Relevance Vector
Machine) . FEHLZEM RF (Random Forest) . il [7]
5 # BoRT (Boosted Regression Trees) . 7. 1A JK
(Cubist) FEHEERE 38 54 GBDT  (Gradient Boosting
Decision Tree) %5,

WF5E F W], ANN FLSVM. RVM FIZE o 455 7

(311 A7) 75 SMOS 8 S 3K 4323
i) pA R SR L, ANN AL REE A7 R 5 1
HOK AW ZS o PR, XA KEMAEA K
5+ MR DA E BT (SrivastavaZds, 2013) .
Im %5 (2016) % T RF. BoRT Al Cubist iX 3 ff
MLES2F S Bk, K3 RF 1 AMSR-E #% 3 ik +
K oy 23 [ B RUEE H A T BoRT I Cubist, Hi R
B 25 5 S0 B4 22 8] 9 R AT 3k #1] 0.95—0.97,
ubRMSE 7E 0.024—0.027 m*/m’ Z [d] , [, *fF
RF. BoRT Fl Cubist iX 3 Ff #L % 2% > Bk ok Uil ,
FE AN ] X35k 5 B R R PR o AN R A TR
Alemohammad ¢ (2018) #]H ANN 323 T SMAP
B SN 4 K o AR RO R B RUBE T4, itk —
AAESE T ANN By R BE (R R S5 R R T
9 km Yy SMAP 3 5 B4 2 Sk 38K 73) . [R] A
R A R RO o i rh S B i B A BRI T S %
Zhao %5 (2018) NJ%ET RF 53K SMAP # sh ik +
HEK Ao B B RS, B USSR A AR R T HLER 2
R R 2 B R R 1 A 3 e
Bk T ANN fil RF, GBDT b #% ik B 7 9% sh il )% +
K oy 23 [l B RUBE b oA AU n R B, L R
ubRMSE A 35 %] 0.904 m’/m’ 1 0.044 m*/m*, {HJ&H:
TEAE B % 2 XSk ) R IE A TR R (Wei %5,
2019); T [FEIHM RT (Regression Tree) A1 7E T
DX IAT ) 1 8 RUBE 4 80K 20 RGBT 4, (X
CINRE NS un L N N A S e S NI RS
(Senanayake %%, 2019),

gi BRIk, HLas o) Bk R TE I B b
BYNE S N NS Y DN EE RPN
(A3, (ER HE P 52 B 2R B0 i 1 5
R FRURE R DA e R 58 X RE P s i o PRI, 8
D7 AR RRUBE DX 3 ) it FH 3 5 22 10— 25 i 0T 5% R
R,

32 FREMERETE

BE T 22 0V 1 R RUBE D7 v S A B 5
K, MR, B8 S5 36 A0 T AL ) AL B T
P, %2807 12 00 RE W 70 ) R PIL B ASE 2 1) 52 2%
PEFNZE AR (Y o] B 2 [ SR i — T RT3 H
', DISPATCH 28R 22 ML i~ 22 56 P o U D7 1%
Z—, —HLREATEENZ M (Djamai 55,
2015; Malbéteau %, 2016; Merlin %8, 2015) .
DISPATCH [ 4 FK J& DISaggregation based on Physical
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And Theoretical scale CHange, 1% J7 ¥ /& ) FH — Bt
5 e T S v - HOK 3 5 R UK R SEE
(Soil Evaporative Efficiency) 2 [A] ) [ R & &5
Y, R AL S R S (B A R Y SEE BUE S BT
B BN 0 3K o3 125 (8] 2 BERAE T (Molero 55,
2016). £ DISPATCH 1, 458K /3 5 SEE Z [H]
B R G R ARy

SM, = SM, +(aSM, /X, )(X, - X,) (5)
K, SM,. SM R RE 3K . B sh ik +
BoKAy, Xeo X, 53R 57 HESFML 2 R i o RUEE TR
+ (SEE), f,=0SM/aX, WA [ RUEE ¢ RIS,
FRAEA A 0] 43 B RUEE I 8 RUBE PR 7% 387K 43
B F 40, DISPATCH J7 ik F % Merlin 4 (2008a)
P IR IR .

B, MerlinZ (2008a) 42 T (5) MyF%
JUEESC R MR, JFor 575 & lLEF  (Evaporative
Fraction) F15ZFr7% & b AEF (Actual Evaporative
Fraction) YENFEREEH T, 455 0oR W B
ZH A HEK AT R, H R A 7 B A R G
FHERAIM KA ERNZ W 5o, %
FEXT LR B, AEF 5 5K 43 2Z R B 56 R B0 B
e, JRHIRAE - HERCNTRIE A X 3K, 1 SEE 5+
Bk oy Z R HA RS S, HAE T = &0 F
LA R AR X R E B o B, Merlin % (2008b)
fifi I SEEVE MR REE R T, #1258 T DISPATCH
D7k, 38X Ik R Bk Y R R G R B A
(X (5) ) il L AR LR M IR RO G RABEAY (FE
K (5) WA ZIRIN) RRAZ AT BN B = R
FEZER ., W H, sl i K S iR T S
JUBE AT DAAE — 22 F2 BE L0/ B i R 2 ) 3
JE 5 i 205 2 1R 4y 3 R RUBE =2 () 114 A 2k R
L 40 km 1) SMOS 9 0 {31 1 587K 5325 [ B RUEE Sy
i, TEASE] 500 m 75 (] 73 B A B R 3K 432
A e L N BE 3] 3—5 km (925 (] 43 982 X E
(MerlinZ£, 2009),

FETF LG, Merlin (2010) % T 30£
TR [ 4 2 B9 DISPATCH 5%, R T 3T 45
B AL LT SEE 3 T cosine #5581 118 1) SEE
AR fd, i ELXF SEE f A IE, P TIRIAY
DISPATCH J5 i 1 F 1 Fie RUE 45 SR BB A% 104 13
FRUBE I AR A AR A ok P A5 B A 0 T 3 5 [RlRs
S 55 RO L O bk 7 25 R B 7K

I3 550F) Xt DISPATCH B[ RUBE 45 SR 25 55058 1) 5%
M), 0Kt ol e U 235 SR (R I 4 24 11 A8 Ak
BERAME (Merlin%, 2012); 3@ #5%F DISPATCH
HEAT AR RO I A% 1E BE % 15 31 550 Jin 1 1] 58 9 5 R
G R T 2R Y R R O R RS A
TR ILT K2 8] 5 BER RUE B R RO SS SR, ik
2 0 I RUE G AR A ) B 3 5 1105 K G B
RUOBE 453 (Merlin 2%, 2013). HTF{l, DISPATCH
B B SMOS % #i5 4b B .0 CATDS  (Centre Aval de
Traitement des Données SMOS) i ] 3 X SMOS
CATDS Level-3 +-3e/K 43 = i AT REREE, Ap= T
ZERI 1 km/Z H 43 B8 30 B RO £ 8K B0 di
(Molero %5, 2016).

B T BN 2 ML DISPATCH )7k, ME#Ed
P T HAbE 2R MR R E Oy, e Li 4
(2018) FIFH T ALK = BIAV RN Z B AR (fBik
L BT ) PRy b, R RS 85 AT AR ) U A R R
HUARE 2 76 SAR Bl s 5K 4 R sz, AR5
I /N AR H il G 85 43 % Sentinel—1A 1) J5 1]
55 2 BORMIR 43 92 19 SMOS % 3 i8Ik 1+ 37K 73 %%
P, HEMTHREL 1.25 km/2.5 km B9 3K 43 . %074
iz FTE AR R Y X 8k, H R A RMSE 43
SIAE 0.54—0.70 F10.045—0.047 m*/m* Z Ji] .

3.3 ETYEVIENERESE

Wy BB Y BE 0% K5 I 3t 15 A 18 SOOI £
L5 . B AR AR 7R A0 R i R g
1717 5 T 4y BT B TR g o8 R Ty 1 2 A ) S L 3
B g | N 1 255 18] 43 B 5 o RUJEE DR 7 19 [) o
SR K S Rl Atk AASEAY SR 5 3 o 1o A
P43 B5 H o FE R L K Ay AR i (Merlin 55
2005, 2006; Toride %5, 2019) . HET 4 BEALIL K
R RO 7 3k o = Lol 19 R R o o S A7 B A AR
RTM (Radiation Transfer Model) . [ifi T 2 %5 #55 74
LSPM (Land Surface Parameter Model ) LA S 25 4% 5]
L5 DAM  (Data Assimilation Model) 254y [
FUBE S Z A i A% i A 18 R0 o D 2 B30 7 g
RS . KRR IR AR S S et B 5
HCHE TR A 5 S AR RSP A o R (o FH 37K S WL
TG TERRCIRY DLt S TR T H s 46 SRS 13 A
) (Merlin %%, 2005, 2006; SahooZ§, 2013).
Ut 56T AL B Y [ RUBE O vk ELA 0 1) o 3
5, HRE R 56 R AR RE NSRS i 1) 28 38 [ RS
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N7 5 K o> Z [ YOG R AL, 3 15 3 iy B
RUE TR RS B

Pellenq %5 (2003) #f SVAT (Soil Vegetation
Atmosphere Transfer model coupled) 7K SCHE I F
TOPMODELMERIFEAT M, 15 Joobs 9 s fwip £ 1
IK I3 [FIARFE SVAT 7K SCRE Y I 4RAG it 4 RUEE ) 4 3
K3 B HE , TOPMODEL A5 84 I ) Y 2 23R AF
Wi L2 DAL - T L B 7K 31 B g 4 1) R RUEE
B3 (8] 4347 ;5 Merlin 8 (2005) 456 L-% B 48 5
PRI | FALT G SRS A i A5 TR 0l T 7 A 7Y
LSM (Land Surface Model) Al 85525 [8] 43R 49
TR, B S O Rk S R
JEZ B SEF, a7 1Y OC R 40 km 1Y
SMOS Bl Bl f3ifz 5K 737 fl i ) 2 1 ke 123 1]
OIFER TEMCEERE I, Merlin %8 (2006) i#F—2{fi
FH 2 B B 1) e PR A R T LSML, R FH b 3R 3R 5 LA
LR MK TR A RSB R R A S5,
WAL 2B S Y K BERE S 1 km, 521
BIRIZITEAG B B RUE BRI s (F
¥R 22 0 3%) 5 Sahoo %5 (2013) W i Jf] EnKF
(Ensemble Kalman Filter) ZB3E¥% 25 km ) AMSR-E
K S BcdE R AL 2E Noah (9 LSM AR5 1 km
ISP RS R K oo DL ESRREY], Bl
[7i] A BE 06 3k 4 HEOK 23 i BB o0 A, X L A
J R ) BRASERAS 21 Y o U2 45 SR SRS

Lievens % (2017) W44 Sentinel—1 %5 iA %541 Fl
SMAP B 3 i i 5 B 1 € [R] 4K JF CLSM (Catchment
Land Surface Model) 1%, SZEL9 km A SMAP ) 3
sl LK I, 207 C AR AR R 9 km
) SMAP Level-4 +5E/K 53755 s Toride 2 (2019)
4 EcoHydro-SiB 14 LSM # 8U [a] fk. i % 288 (+
HoKr MR ERIRE . MEOK), RTM
BRI P e B R, RIS S E RSl
B RN 2 SRS S B B S K A3 i R
NJE, NazZE (2019) ¥ ESA (European Space
Agency) CCI (Climate Change Initiative) +3£7/K43
(0.25 FEZs )73 HFR) [Alki#E 3 km 1 CLM (Community
Land Model) &8 rf X Hphe A 725 [ R, 4558 10
ANIZIT LA B R 3 PR LK o B e = A
AT (ZZ M ESA CCL+HE/K /0 Hi A K il
&, BTN VR - FE S M DX SR AE 2 A R BR
P4); Vergopolan %% (2020) il i #Hi A = 43 HER )
LSM AL RTM AR, SEILTE 30 m %3 1] 73 B4 R

[ = oy - £ il 1 IR T 5 N =
T] 43 3 R (0 58 FE HRE 5 36 km 1) SMAP 5 5 7 % il
G 38 i R 1) RTM #5578 2 8 30 m RUJEE i) + 4K
Ao DT IEASALRE S SE BB 3h S0 K 4 i R
RUEE,  [A] I AE 5 15 51 30 m A4 1 2 I 8 A K Y
EECE, W H B T R EOR R K Ak

R IVYEE
ST, M) P i o A 8 ke 5 B sl A

Wi KA R R, SR AR 23 B 3% 221
Gy HER LK A o A PR AE T AT RE R, H A A
Z BB ERG . B S BOR R0 S S AR
EPER R AR S (Naz %5, 2019).

34 BRERZEXL

XF Ll b R R B R ROBE 7 s Rl L, &g
e 2 U0 R DL K T ) BRAL B A B R E TS
Flwge FLEAR IR 2 iR, BAOKRE, 2Kt
) 8 RUBE 5 i 4 M AT B L AT Bk i S 30 K91 Pl
1) 9% 2h Sl K A3 B RO TAE o (B2 7 7 G
PRS2 56 P R R G R AL fiE
HER Tk B R 15 38K 4 2 18] 52 2% 1 1
B o FESCPRIREE Y, Hb 3 S IR A2 3]+ S |
K o DL R AR AR 5 S R R RS2, T R
R A HE K Sy FIRE A 7 55 S o s i b 2 v A
KM FRIRE (Zhao %, 2017) . XAEFF{NAL
R 28 0 M 1 o RUBE O R AT ARG B AR KRR B I
B e j RO R 75 R0k o I i R RE B, TR
FUBE O R R AR B IR 23 6 B U &5 SR A 4 13t
225 (Kim F1Hogue, 2012),

JE T AL B 1 o RUBE T 10k D3 5 0 4 B0 1
W 3K o3 DA KR RUEE TR Rk e AP BRASE A o
T o A R ASE DL 0 B B R 0 R Y R K S AR
FHABAR C I MR S (Merlin 5, 2005, 2006;
Toride 5%, 2019). AXEF , FET YR A%
JUBE J7 7 BEA% 2 BORS B2 452 8 25 6] 73 B3 (1) 1 38K
S, HJE, T R 2y, i H ALK
THEMASEIK L, 285 EE A 2 L,
{45 3% T 4 BRI Y B RO D ik BB H T
Y T] M DX, 3Kl 50 5 AR BB | B R R AN A
HZEFTE (Wends, 2020).

2 0 PR B R RS T 1 A T g MR T
Yy sHLEE Y 8 ROBE Tk 22 8], HG3E 2 AE P B
BRI EREZ i i, 5 — A TE AR
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PERE R SC R, X AE—E R LR W T 2%
P I 95 BRSO [] I AR 1 4 BB TR 9 52 2% 1
(Peng 55, 2017). Wik, “F&EVERTTILIETERE
A e T ek L8 245 2R ARG JBE 1 5 0 Dy AR PP D T

AR ZRYE N ETEA R —ENLS, A
JE HRTRERS e R B (BB 2R E) i
FHE R R T MR it — R

R2 WHRWELEASTERREFEZEEXBRERS S

Table 2 Main passive microwave soil moisture spatial downscaling methods with their advantages and disadvantages

CINEWIR7S

AR P

(1) AT B3 MBI LA R R A %5 0
IG5 7 T A A B R SR

(1) P RUE O B AR 2 oy [ A BRI B 2 (8] (2) o R 45 SRAR AR B 1 M T e R (R

IREAREAL , A REAR R i 5
(2) [ RUBE 5 AR vp BT 7 S B A RUBBE IR 7 K a3 (R BE (4 25 IRV 7 B 01 A 7 R

B 2L ez WA NINDIREN Yo

F T SR S i R R BE L B W S e -

— B B R R R T A 5 R, BT

Z 551

{91 G o 2 3L PEE A A 5 S

(3) kDt EBIEHBENEREN THZ =
55 BRI
(4) FT G T 865 D e DX e i

(1) AR TIME LR FFE RN T2 [ faa g
SEZRI AR AL, RS A A S T SE R RSB (5) ZEFET LR 2T vk, I Rscdia Ay it

HFHARFIMITE ok SR

T S 1 7 (1 R i o RUBE 55 SRAT 4 e

(2) 18T 52 B st K50 ) i A 114 IR

(1) HA—Er Y

(1) FZBa kR RO 7 AR, 2 22 30 1 o

W R MU RUE Ty vk f ) R E 4 SR A — S R

CRH FE T 2240 M Y e JURE 7 102 REAS SN 3 J AR T B FORE I 7 5 - 387K 7 22 [l f4 A0

P2 e Yo Yo ¥

2Ok SRR T2 MR etk

(2) oy L Y — g B L AT AL, RO (2) JRRk Ik BVAR AYIE T TE , AN IR A9 7 i H g

KRR LS BN 5 5

B A ) TR 19 DX (91 2 Y L
AU R BB DX S

(1) PRI SR, e RUBE G RMRIRRABEL T (1) TR XS B 2 MEALBATHON H A%
R RIBFEREN 5 2 HOK > Z BA5E (2) B KRS HRZE SRS BT

FLT PR Yo Yo ¥ e Yo

N L cAL [ S ST
(2) PR -FHOK 545 R AR RS

BRI SR
(3) MELITER DX IBUREE B St oz T A0

T e R ATHERAEMERL G, e Ho e oo v TARER ATHRAE RO

4 P =S ] RO =

IR H TS K R R E TR £,
{E ARk P B B B 3K = AR &, Horhr,
Bk BN AS BEC-SMOS Level 4 387K 437
i (1 km, & H/3 d43r#%) Fl SMAP/Sentinel-1
F a8 G0 K =5 (13 km, & H 239
) WRh . T TP XTI R R R - 3K Ay 7
VAT RIEAN 4
4.1 BEC-SMOS Level 4 13127k 7= &

SMOS 2 Fx i Z5 ] J§) ESA  (European Space
Agency) T-20094F 11 H 2 H % 5 Y — 55 s 00 101
A, BN Ak KRR (Y 12 3K 4y Rt
EHEF (FontZE, 2010; KerrZs:, 2010), Hy=mixik

FIRE I fAE R, IR TH LR #IH 22 W] A
HAEMAEEEE L, (B2 PR 2 1 4y
POt A ey, BRI T AR XU E ER . AT
Rz, ELZED AL Z H .0 BEC (Barcelona
Expert Center) X} SMOS Level 3 #% 8l {3 £ €K 43
FEah (25 km) HEAT TRERUE,  HETAS E R X 5K
) BEC-SMOS Level 4 137K 537 fh, %77 i o0
THA BRI A EIE A, B R) 0 23 ] 43 3 2R 43 5]
KUdB AR kme HAT, ZMEIRE K5 5
EEHES TRA (Version 5), J& OB H AR N
SMOSLAVS5 + 37K 5377 i

TESMOS L4V5 37K 537 S i e RUEE i f v
{6 1] 25 km 1% ESA SMOS LI1C %5 R . 9 km (1)
LST A1 km ) NDVIVERFEREER -, #E0RF 25 km
(1) SMOS L3 387K 53 1 25 (0] 73 BE R4 = 20 1 km 1)
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REE. b, SpEl B A AG (6) 3257,
42.5° F1 52.5° Wy A ELAR AL (TB, ) H1ZK - 1 4k
(TB, ) ¥, b, LSTHHE K B RO R
KM H 0 ECMWF  (European Center for Medium
Weather Forecast) F&R1[1%) )2, 1 NDVIZE
K H MODIS BB (16 d, Terra, MOD13A2,
Version 6) . BEC-SMOS LAVS 417K 537 i (5 R
JI2 D B B S M FAEL 0 B 38 SMOS L3 8K 3 5
R RUBE R -7 25 km RUBE bl 57 22 S0 46 4% [ml )5
AL .
SM = b, + b,LST + b,NDVI +
b3jTBHﬂ’ + b4iTBw

A, 25 km B LST Al NDVI i ECMWF LST Al
MODIS NDVI == MRG0 K5, FIHFE R
RIZH (b, =1, 2, 3F04) A (6) JWHT 1km
25 (8] 4 R B R 7 15 21 B RO + 8K 4y
(1 ke F1% 5 5 7L BE AN LST 43 51 AN 25 km 19 km 2 P
FETR) o 3 d B[] 43 BEAE 1A SMOS L4VS + 3K
A3 W0 AR R % H R R R 38K 731553 d NI
BEA R . Tk RER L NEHLIR, ES
2% Pablos 5% (2016b) . Piles %% (2014) . Portal 5%
(2018) MYSCH .

SMOS L4V5 +- 587K 537 i B i HA 7 1 B -
Hi IR IR AR, (B BEC X7 S BE RO T8
ATHIAEAE (Pablos %, 2020). ZWFFEAIH 1 KR
54~ eI 43 S 5 2% ik SMOS L4V5 148K

(6)

(a) HRPETHHL™ i

(a) Daily product of ascending orbits

Sr7E R L, o oA 8 T P BESF ) REMEDHUS
(Soil Moisture Measurements Stations Network of the
University of Salamanca) (Sanchez%§, 2012). H
) SMOSMANIA (Soil Moisture Observing System—
Meteorological Automatic Network Integrated Application )
(Calvet %5, 2007) . F}Z 19 HOBE (Hydrological
Observatory) (Bircher 45, 2012) . % & Jg ¥ /Y
RSMN (Continous Soil Moisture and Temperature
Ground—based Observation Network) (Zeng 4%, 2016)
2% 2% B9 FMI  (Finnish Meteorological Institute )
(Ikonen %5, 2016) . HUELSH L 7w, SMOS 14V5
THK 5 AR R LK) (SMOS Level 3
PN LK) BB IESS RARE AL, R
T R RUBE Bk X e RUBE 485 SR (R G O I s
SISENE o X T FHIURERUEE HIOK 507 0, 250l
R RS 5 2R 5 SIS 22 [ R i v (%02 2 0.556,
ubRMSE [yt AL 524 0.063 m’/m’, i [ L™ & R
HI ubRMSE #2472 %5 5391 29 79 0.55 1 0.068 m*/m’
(Pablos 2, 2020) o X 48 55 ik % 46 1 3% W] SMOS
LAVS LSRG i BAT B RIAREE . iZ545 SMOS
LAVS 13K o3 7 fh I 22 04, Al RUR BLZ R R
JIE 3K Sy e AR I 25 RUBE b 350 1 s e b, 35 1)
LKA HIAEAL (Portal %, 2020) . HARZFER
JE £ HOK I BAT 1 km (925 (8] 20 B R AE H /3 d Y
I E] 23 B3, i) ELd 23 Bk 1 B RUEE IR 2 55 1
SR, AR R ™ ik 4K T SMOS Level 3
B LK ISR, K 3 R .

(b) H R BRI 5
(b) Daily product of descending orbits

Surface Soil Moisture (m?*/m?®)

<

|

0 01 02 03 04 05 0.6
K3 201948 A 15 H SMOSLAVS 3ok 4323 [a] 43473 [ (5] [ Pablos %(2020))
Fig. 3 Spatial distribution map of SMOS L4V5 soil moisture on Aug. 15, 2019(Figure source: Pablos et al. (2020))

4.2 SMAP/Sentinel-1 £ EEH T IE/KS =M

SMAP f&— it NASA (35 [& B F = M7
17 )7, National Aeronautics and Space Administration )

BT T 3K FRRCIRZS WA (Entekhabi 55,
2010) A9 X Ho WL T . % TR T 20154F 1 H
31 H ESIFE T T/, HIEE T8 LI
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W) F AL E (k) Fgish il e ey (48
St £—FH. SMAP TR A 2 BRI 1950
= RERS R B (1) TRkliK . G FERIE
ZIRAEZR; (2) A4 BRI Hb 3 1 A 7K I RE S
B (3) @RALHBERIGT X (0 dkm 5 (4) 12
ERAMAERARAEE T 5 (5) KRIBBK ARKE
T AT 5D Y e

NASA FI| FH SMAP 4 s il Bt , A== 1
Bl ik £ 38K 5> (SMAP SM-P, 36 km) . F 3
ik +4E K4 (SMAP SM-A, 3 km) FIFE#shi%
e k4 4K 4y (SMAP SM-A/P, 9 km) X 3 b
TR KBRS . SMAP DA 13 IA (L IR aS 5
1L TAER (201547 H 7 H A A ) (Chan 5%,
2016), SMAP SM-A 1 SMAP SM-A/P i & 3
O B 1 3K o B s T B T AR, S T ReER
FRE R A T 1 o HE R S0 1 Bk 4377 i, NASA
FIH Backus-Gilbert f A4/ {4 A K 36 km ) SMAP
ELREE R BT R EE R 9 km, SRS S 9 km B HE 5R
IR SNk 38K 7> (Chan%s, 2018)., K T #k—
A4 HE K Ay S oy PR, fERL G
Sentinel-1 75 ik B0 ¥& A1 %5 9 km 1) SMAP 5% J& 15 &
R ROBEJERS [, R3E T 3 km A1 km B R Sh

45°N F"’— -
(%
25°N
120°W 100°W 80°W
 _  eee——J] ¢
240 255 270 285 300
(a) 33 km [ SMAP 5 2 i &
(a) The 33—-km SMAP brightness temperature
WNi: g e RS A\
= 2 9
2N 120°W 100°W 80°W
| e—— |
0 0.03 0.06 0.09 0.12 0.15

(¢) HiSentinel-1A/Sentinel-1B 5 A EHE 22569 3 km
IH—4b R A B 5 Tl B 2R %K

(¢) The 3—km aggregated normalized copolarization backscatter

retrieved by the Sentinel—1A/Sentinel-1B radars

ZEE W 3K 477 i (SMAP/Sentinel-1) (Das %5,
2019),

Portal % (2020) 7EMFELFE 5 AT SMOS
LAVS + 3£ 7K 73 F1 SMAP/Sentinel-1 +3E/K 7>, Il
FH REMEDHUS 35t 55 I £ S0 4 387K 53 55040 X o
AT THAIE, Z55 R0, Wi B RE ™ i B B4
Ui b ZRAE M 3% - SEOK A R B B) A2 4k, {H R SMAP/
Sentinel-1 H SMOS 1L4V5 3K /3w i, I HEAE
LA B IV A e ¢ o S e 31751 7 P = S
T 22 S5 70 A Bl 2 4 ) b IR A I A, X AT RE R PR
T SMAP = Syl ) COE BRI (FRiK) B 5 A
REZE 5 % A (R (Jagdhuber 45, 2019).
& 4 g HY T 2 77 SMAP/Sentinel-1 4 387K 4335 F v
{87 1] 4 SMAP 1 Sentinel-1 %% 4% 2% [A] 43 4 7% 75
(DLSEER /X R B)) o AT UL, 5Z Sentinel-1 TLA
IR 5 (29250 km) JTBR, SMAP/Sentinel-1 14
KB (B4 (f) fEASR EEHER D (Mao S,
2019); filZ, Sentinel-1A Fl Sentinel-1B 13 & #z fk
BIEH A X, {3115 SMAP/Sentinel-1 + 327K 43
(A RS T 3—6 d (Entekhabi %, 2010),
M — S XA R A 23R 8] T 12 d (Das 4%,
2019; MaoZE, 2019).

45°N = " \ 78 /3‘
o <
N L
e 120°W 100°W 80°W
/(cm*/cm®)
0 0.1 02 0.3 0.4 0.5

(b) 33 km ) SMAP #% Sh ¥ + 57Kk 43

(b) The 33-km SMAP passive microwave soil moisture
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Fig. 4  Spatial availability of the SMAP/Sentinel—1 active—passive 3—km soil moisture product (L2_SM_SP) and the SMAP-enhanced
passive 33—km soil moisture product (L3_SM_P_E) on 16 June 2018 for the Continental United States (Figure modified from :
Mao et al. (2019))
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Fig. 5 Downscaled soil moisture and corresponding coarse-resolution passive microwave soil moisture
(Figure source: Fang et al. (2018))
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Methods, progresses, and challenges of passive microwave soil
moisture spatial downscaling
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Abstract: Soil Moisture (SM) plays an important role in the global water, energy, and carbon cycle, and its spatial distribution is also one
of the key components of global climate change. Although passive microwave remote sensing technology is the most effective way of
monitoring SM distribution at global scale, these kind products are generally limited by their low spatial resolution, which further prevents
them from meeting the requirements of regional applications. On this basis, spatial downscaling has gradually become an alternative way of
improving the spatial resolution of passive microwave SM products and a research hotspot in the field of remote sensing. Therefore, this
paper reviewed and summarized the progresses on passive microwave SM spatial downscaling in the past 20 years. In terms of the
downscaling methods, they can be divided into three key categories: empirical, semi-empirical, and physical model-based downscaling
methods. The empirical downscaling method is simple and can easily achieve large-scale downscaling but lacks in physical background on
the downscaling process. However, empirical methods have been widely used in passive microwave SM spatial downscaling study due to
their simplicity and practicability. Physical model-based methods usually use data assimilation or/and land surface process models as the
downscaling relational model. Usually, the process is complex, resulting in the low applicability of the physical model-based method, but
this method can often obtain the downscaling results with good accuracy. The semi-empirical downscaling method generally can ensure the
accuracy of the downscaling results and the operability of the method itself. However, the applicability of the semi-empirical method is still
limited by its uncertainty related to the linking model for soil moisture expression and also some downscaling factors. Although numerous
passive microwave SM spatial downscaling methods exist, the available downscaled SM products with good accuracy are limited. Currently,
few passive microwave downscaling SM products are continuously produced, including the SMOS L4V5 SM product produced by BEC and
the active and passive fusion SM products generated by NASA SMAP/Sentinel-1. Although the two kinds of downscaling SM products have
the same spatial resolution (1 km), both suffers from the poor spatial coverage. In general, there are still some problems and challenges
should be considered for current spatial downscaling study for passive microwave SM product. Aiming at obtaining the downscaling results
with high spatial resolution, good accuracy, seamless spatial coverage, and daily temporal resolution. The uncertainty in the downscaling
model (the relationship between SM and the downscaling factors), the uncertainty in the original passive microwave SM products and their
incomplete spatial coverage, and the uncertainty in the downscaling factors (such as the influence from cloud cover and topography) are the
issues should be well addressed. Overall, the development of the spatial downscaling study for passive microwave SM products will also
provide more references and opportunities for promoting the application of SM products based on remote sensing in various fields including
agro-forestry management, water resource assessment, and natural disaster monitoring.

Key words: passive microwave, soil moisture, spatial downscaling, empirical method, semi-empirical method, physical model-based
method
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