2026410 A Kﬂﬂ*ﬂi?ﬁ %57 % F20 W

doi:10.6041/j. issn. 1000-1298. 2026. 20. 008

EAHfRRBAEEAFINEESREE S REBEE
MAERELESKENESN

FRB FEA OHER BX4LM #We x| B & A

arE kAR BRRX % oo A &7
(1 SRS, 78 AT 830001 ; 2. AR K2 AR 5 AR S0 TR, BEribank 712100)

N

WE . HHEEKR(SMC) FLRK A E S T2 W0 A SCHES L, ALY SMC X FHEsh Rl il 158 & R E R
2, B0, B FAEERN PRSI R , S RO S M 5 0T B A A 2 T A S R B LB LB (H AR e R
BT AR AL, PR SR — ARG B SMC AR BEAR T I Pk K, A A BER Rl A 450 5 W) BEALHI 1 TR & s A R e,
PIFET SMC A R e M Sz 4B 1, EFXT ik —[a]dt, LIgr e A r= s 5 A A /I R AfF 5% X33k, LA Sentinel — 1/2
TR R E, LA M T S0 = e e e B A R AR R I S AR e ST AR SCHR I T — Pl T R S
7 (BSM ) 9 Sentinel — 1/2 Gl S 438 S 7K R S0 + 88 55 565 4008 K 2 BSM BRI S 4G B, 45 &
St i BRZCFN BSM BT Sentinel —2 KT AE AU L, FF 00 S IECHE EAT IR0 . 1 B0 TR 25 SRAE Sy 3
BRI 2 R A& 454 Sentinel — 1 Ik JG [ U R B ILLIAEAE , # FH XGboost ,GRBT , AdaBoost i 53
SMC, Z5HE 78 BSM BRI H00 B A9 R BT S 4L Lt F1 lon BRI RAFIZME X R MR T REBEE SN
FHEEARE | BRI (R = - 1. 143) KR T ZE R =0. 368 ; KT LR AR S Sentinel -1 AR
BRI R SMC A B FALERF I R 5T AR e R AL R34 0. 8165 fill A Sentinel — 1 1K 1) BT R B FLLL
FRERAE A Sentinel —2 £ Y6 E (IR S i | AdaBoost 2 HIL M e AR 1Y S O BE | 36 IF 4 R 35 %) 0. 816, BailE T4
YA 55 B G AR B AR S SMC s B ) AN T, ARG R E TIRA ik st R R B Yz ke h 5 4
SO REAU I G, SIS DX S K SR S I B - B YR TSR AR TR ER TR,

SEER, HHEAKR, BSM AR ERB, Sentinel - 1/2; MRS, L o
hESEE.: S127 SCEAFRIDED . A XEHE . 1000-1298 (2026 )20-0082-12 OSID ; S2EIE:

Potential of Stacked Model Integrating Radiation Transfer Coupling and
Ensemble Learning for Soil Moisture Content Retrieval from
Multi-source Remote Sensing Data

Li Ruiqi'® Li Wangye'> Hu Guogiang® Ge Maosheng'”> Fan Shuailong'® Liu Lu'"’
Qian Long'” Bai Xugian'” Zhang Zhitao'> Chen Junying'”> Bian Jiang'”® Hui Xin'?
(1. Xinjiang Research Institute of Agriculture in Arid Areas, Urumgi 830091, China
2. College of Water Resources and Architectural Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China)

Abstract : Soil moisture content (SMC) is a key parameter in agricultural water management and drought
monitoring, and accurate estimation of SMC is crucial for promoting sustainable agricultural development.
Currently, due to the excessive reliance of empirical models on statistical relationships, their universality
and portability are poor. Although physical models have clear mechanisms, they often need to be
simplified in complex environments. Therefore, the accuracy of single model estimation of SMC is still
facing challenges. It is necessary to explore a hybrid modeling strategy integrating experience and
physical mechanisms to improve the stability and generalization of SMC estimation. In response to this
issue, taking the Agricultural Eighth Division of Xinjiang Production and Construction Corps as the
research area, using Sentinel —1/2 satellite as the data source, and ground measured hyperspectral data
as the auxiliary, the radiative transfer model and ensemble learning was coupled, and a Sentinel — 1/2

Wk B 2026 -07 -03 &I H I . 2026 - 07 —20

HEWHE . SR B IR BB AL 5 ( XTHQONY — 2025 - 3) Al 2 # A 07 & -5 H (2022 YFD1900404 —01)
EE B ZEW(2002—) 55 A FE SR E BG K SOKBEES, E-mail : liruiqi999@ 126. com

BEESE . 5% (1990—) 5 207 A4 T, 2 S A0lb i B /K SOK BRIRIFSE , E-mail ; zhitaozhang@ 126. com



220 11

UL A BRI IR A S T B B R T 2 U SR S R S KR AU

83

fusion inversion soil moisture content model was proposed based on soil radiative transfer model (BSM).
This method firstly calibrated the parameter range of the BSM model based on measured soil hyperspectral
data, and then combined the spectral response function and BSM model to simulate Sentinel — 2
reflectance, applied it to model training, and verified the measured data. Finally, the validation results
would be used as input variables for the second layer of the stacked model, combined with the Sentinel —
1 radar backscatter coefficient and its texture features, to estimate SMC using XGboost, GRBT, and
AdaBoost. The results showed that in the calibration of the parameter range of the BSM model, the model
parameters lat and lon exhibited a good linear relationship (R* =0.545) , and the accuracy was improved
as R* =0.368 compared with the first layer inversion model of soil moisture content without calibration
parameters (R* = —1.143). The fusion algorithm based on soil radiative transfer model and Sentinel — 1
satellite had better accuracy in retrieving SMC than the machine learning model, with a validation set
determination coefficient R* of 0.816. In the hybrid model constructed by integrating the backscatter
coefficient and texture features of Sentinel —1 radar with Sentinel —2 multispectral, AdaBoost showed the
best inversion accuracy, with a validation set R* of 0. 816, verifying the complementary potential of
empirical and physics based models in the inversion of SMC. The research result emphasized that hybrid
methods combined the generalization ability of physical models with the flexibility of empirical models,
providing technological means for real-time monitoring of soil moisture and sustainable management of
land resources in the research area.

Key words: soil moisture content; BSM radiative transfer model; Sentinel — 1/2; stacked learning;

hyperspectral

0 355

+ 385 7K 3 (Soil moisture content, SMC) 2 4%
A AR BB R R H 3l AR AR A KA
P b K B R TRIT M, TS KR 55
AR 55 V5 0 A B Sl 85 DI AR G, TRl i), SMC
DUECHE Ry A FHRE R DR SRS TR 2R HEmi Tt
SMC AMULHFT R R G R 2oy, WA EY ™ &
BIAIPR AL T OCHE M A S 4 L, RS 4 K
ARSI B, X% T A AR K B 5 I AR
BRRR £ 22 4 AT F B B RSB S

e 5t 3 55 K S b DI 2 7 3 ( QA 3 R i
SRS B FE R R, AHLH T O R B AN )
JAS R X LA 2 XS Sh A M R P R R
BOARASEAG T2 7 5 91 B R A vy A ) 0 38 2
RS ORI EE TR, TR RS
PR R A T I B S A, S IR T ARGy ik
(1 e LA RUIR AR Il R S AR SR, ) 22 16388 Je%
Bl AT S KRN E B ORI B TS 2 ]
N, Mu 25 554 GF — 2/3/5 BRI & T —FhIEZ
PE Exf — BP #1258 [ 24 J7 15 S i - 58 5 K%, Meng
2050 ) 38 15 2e i Dubois #5052 T Radarsat — 2 1
Landsat — 8 ¥4 S i T £ oK &4 F BBy 4 &
IKER,

TE 3 638 J S 3 - R K ik T K3
ZRU RN SE T BRI A 7 vk 2 K2, S il
BTG O A i e N7 3 SO0 I 54l 55 e T S
M KR A [ AR S R i AR B e T AL

B SO R AR, EL7E R DX R B A
1, Guo 557 AL A T IA 5 2SR XSl
fige AL B X 1 - 8 5 K R ST R T, TR R
A HK A SR FHHLE ) X0 s S mDOLiE
Bl gt ARG S 7 RIESOKEREI, kT 2%
BAIA BT F AR e 1156 & |, 38 Y Bl o 32 BR T4
S DX AR 58 [ e T ) R AR AL 2% 2% ) JF %
A B AT PR BILBR AR AR | X LA S LS DX I B
I B ARG E N, — HL SRRl Jo e A= 84k,
F TR GIEH8 B A T 4e i 1R H Y 2 g A A BE AR A
TR R PRI A Oy 1 B ) R P M 2%
FHLLZ R, T PR A58 2o 458 = i g5 |, 15X
R T RGNS I B R B AR AR BE S 4R
AN EDCTE A 5 ISR Z LG R, BA
SRR AT Rt 5z AkBe hY . AT AR LR+
SRR AL 51 405 FE TR AR BE A A ( Bright —
shape — moisture model, BSM) (10] MARMIT i
G ISR AL R A H AR T S R R BZ 5
T2 B R AR AL R S, T T RS A Bl AR B
SR AR TR R T ORI 2 M AR SR
IS T RAFROR . AN Yang 20 8 & T —Fhi8
SHERR ARG T LIEAEY- R AR R R RS
AR ST A P G AR AR RN TR B A A v
LG B FRDHRG B2 A 1A 1 P LA B R AUm At et J2 I
B% . Jiang agliz] Tk TGS R EAR A R 3
AT R 1 AR O 1 HERRAR L T4
BRYG R N LS i RO AR IR, S IR S A
BEAUAE % | Rt e 8 R i i B R 5 153, AT RE T 2L



84 P

b Bl R

2026 4F

SMC EBAFLEAR Y KA E 1, R, 2l +
R GG SR TE 4R 18 E KR 32 SR
SSPARRAE K G WMST IR BRI 17, by 32 - S PE Jor RLAE JEE
R PR RS20 | O 5 R A — R B AT ETE
PR - 48 5 /KO 8 SR S A5 vh R T e
S AR SRR A4 ) PR R 5 S K Bl Y 2 A B A
GIEHR G 2 SO TEA ] RS S5
PR SMC S EHS B2 1) E 2T a3

FE BSM 4 M4 AL F A AL | Jiang 451 B 5T
SEILRW AT LU /O LG AR 45 2 1Y
U HHOERE . BT Yang 210 5 1, 56 T K
3R - 4 SR RO Y S e R LA HIK IR 2
T A TREANL R0 i 4 S Ok B i KR T
M 1SR T TR 7K 43 % A 33 S S R 1
WIVER . BRI, % e T s R AR A 2w T
R BRAR P JBORS - HE 5 7K 3 B T Y S ), S EUE AS [R]
A IEAY AN[E] R PR SRR R, B
X —H2AALEE A 545 JRi B, Sentinel — 1 T3 8L fr $ 41t
G AL B BB , JUH R 5 A 5 1) BN R
HOHRAE , BEISAE — & R 5 LIRS AL fan it
RITEAR 3 H 3R T3 AR BANSE . B 3K 5 1) B 5 X
IR H S BSORI R TEDHLAS B2 AR S Rk, b A
By Al B2 A K R R ] T SR TR R )
SO AL S B AR RRAE " 0 JE S8 a0 3
F Landsat8 . Sentinel — 2 FI Sentinel — 1 ¥4 2 1 3
2 RIS KFR AR T 20K S K BRI S
XU Ak 5 2R T+ A K SRR B R . Yang 451
PRI T i P AR 2 B 3 T AL J32 1) S 30 N TR X SMC
FAHAFE | &R T I8 RGN S5 (A i E HL
B2 AF ) 5 S KRR B A e M PR,
Sentinel — 1 LA 1 E IR B 41 78 1 498 4 S A% i A5 781
HXT S KRR AR @Yk S &
T RS G IR G BAL  RE S Sy - 98 55 /K 38 I %
TSR A T SR ARG R B T U2 PR - S i S A2 i A
R A R W R G IR2E  FHETHERITE 2 X 2
FUBE ST 38 P S Sk

TE S I SRR LA Hlas ] 2
INERA Y SRR i S 22 U B DI ] 23 BT A 5 R
TH AEGEALAS 2%~ J7 vk (A0 SCHE1) AL BE AL AR
AR 38 3 97 4 R 5 A S K R A AR b ¢
R, BERT T RRAARE R, {H HAR R = I8
3 ELAE LA AT A ) AL A1) 5 M B B
IV — MG R 4R 157 2] O 12, BE A% S L) B
WS A 2] HE— Al . Du ST A B AL 2%
2F 2] BB B R T B H A ( Gradient boosting
regressiontrees, GBRT ) F1 % ¥iig B i 42 Ft ( eXtreme

gradient boosting, XGBoost ) 5 2% >J 53 4 4 1- 1%
AKER TR | 45 5K R W] XGBoost A5 AU ] LA T 4
Il a7/ R S i I S S = 3 N N [ U A 8
Taghizadeh-Mehrjardi 25" $ H 38 5 70 24 > 456 50 3
BN ER 7 > B Y 07 125 IR WA Aoy > BB )
A HLEK (Soil organic carbon, SOC) A4 FLM 14
REFF I T R HET, SEB A ey ) A e R T
B B B T R e S AR E 1, BRIz B0
FHRIS

N T S R A SR S A R R B T A
IKARFE AT, 3T BB ) W) BR AT, ASBIESE
SRR AL | Rl 55 T4 FEAL R A BSM A7
DU R T BB 7 12 ) S P R e M e g
R RE 1K R R Tr v, A T BSM Yl
FEA Y FE 0 > RIS A R TR R A R
AR SMC, I AR 38 5 s K00 30k Ak 5306 5 ) i 40
TR 5t 1 R e A, SR 0E BSM B0
Bl R0 - B A M T BSML B S50 52 ) 5 43
A 3 Pl ey > AR T 1 R, R 5T i 4 R 5 SR
TE A SRR A 1, IR RS X 1
K ARSI Bl W DAY AT Fp 2 K e S AR I
RS

1 #EITTE

1.1 #HREER

wmE 1 R BT XA T R A R s 5
J\II, AadR Ay 44°207 ~44°50'N,85°50" ~86°24'E , 4k
TR AT B 5 e /R 2 R 2 1 A8 T, XU
R 4 x10° hm® W 354001l VI T R3S 44
Hr B3 AMTIBUX A H DAARAEFPAE A 3 R AT E &
GEUEATHEME . MOV 52 B 0 B Btk o0 A . AR e i R
KL DX,y pa bl 38 A LA BB AT i Stk
PR, MR 311 ~ 453 m, FIIBE 12.3% ,
fige o BURL TR T R Bl MM RRIE N AR 988 (5
R B RO 22 W3 AR 7.5°C, AR A
180 ~270 mm, 4F-7% % #1000 ~ 1 500 mm' "’
1.2 HFEPRERTAE
1.2.1  HHEEIKRERRE

1 2023 4 2024 4EF12025 4 4—5 H XML R
AT TR AL Y5 A 86 SRR (B 1),
FEREARAFE H 3T, e I8 R BE SR 7 - HE TR
0 ~10 em RAEHER T IFR I IIED & 1%
IS ] AR S AKOR
1.2.2  TREZHE KEERRERE

Sentinel —1 TWEZGH A #1 B 2 P EZR,
AR AL (VH) FEE EAR AL (VV) 2 B fe i,



%520 AR GF . RIS T U T 1 HE S AR AE 22 R B Rl B I KR AT T 85
85°50'0"E 86°0'0"E  86°10°0"E  86°20'0"E  86°30'0"E
. z
> s
75°0'0'E 80°0'0"E 85°0°0'E 90°0'0"F.-95°0'0'F, 3 3
T T ——— T
G
z = z
=) . =] ;
21 i 18 s £
@ 4 3 @ =S 1
i { S S
Z P Z
S| s . o 3 +
=N hE=
S| &
F| 1 N b
R SURN
! 3 z z
L s - Qe - w—— N o e
| i L L i >tk 1=
75°0'0"E, 80°0'0"E 85°0'0"E 90°0'0"E  95°0'0‘E g &
N I 3
85°50'0"E 86°0'0"E 86°10'0"E 86°20'0"E  86°30'0"E
0 10 20 30 40
km
1 ST DR R SR 03

Fig. 1

TRPUER LR 693 km, YA 12d, 2 BT
B TG AN 5. 405 GHz 1 C P BLA LR
WK, ISR 4 PSR (SM W EWS Il WV) | fiE
4R A TR Ak A i M AR PR R AR TR, AT R4
Sentinel — 1 B TW BB AN GRD 74

Sentinel — 2 T A RLHL A T £ 63 i 51X
(MST) , HA 13 AR B G5, 88 5 M r] UL OiE A
UTLLAP RN LLANE , A4E 2 Pl o B 2 o
TR ,%%Uﬂil Sentinel — 2A F1 Sentinel — 2B, HiE
JEZy709 786 km, TN 5 d, 7EWF5E XSy B 1
SR 2 ~3 42 ARBFSE R 11 B (BL ~ B8 |
BSA B11 il B12) #EAT 4 38 & /K A5, 3 2L 35 B
T NI 2P SR 22 5 7= e

HAr, 2 T K B 3L 4 5 % ( Gray-level
cooceurrence matrix, GLCM ) $#2 B MG Sr B E & 5
AT SR J5 2, dlid GLCM $2 1L Sentinel — 1
BAREGY VV VH Wb Be iy 8 ASSORFHE, 43
S Sk Xt b B ( Contrast, CON ). dE #H ol 1
( Dissimilarity, DIS) . [A]Jii P ( Homogeneity, HOM ) |
i — B %5 ( Angular second moment, ASM ) . i
(Entropy, ENT) . #J{H ( Mean, MEAN) . J5 2
( Variance, VAR) 31 ( Correlation, COR) !,

Sentinel — 1 FlI Sentinel —2 138 T 2024 4F Fil
2025 4F 5 e XS ER | OF HAR IO [a] 5 B oh
T BEAEAC SR AR I (] AH T, 3 3 Google Earth Engine
(GEE) #1754 T %, Sentinel — 1 B 7 kb 3 3 %2
7E SNAP 7.0 #1 ENVI 5.3 fifbf7 A 4% . HUE AL E |
FE RN RN R RS RS A HE VRS 402

Distribution of research area and sampling points

UEWE AT ECIEDE W | PEAT FE 2 22 W) b A 1 A
PR 35 5 1) ST 2R RO S B RRAE . Sentinel — 2
12A IR C 41T T KARLE, L Sentinel —
2 UG T BRALFE 8 R B R AR 2 20 m 23 8] 43 B
ROIPG R TR i # 3X SRBUZ SR
1.2.3  HbTE S92 i T A AR

TR AR LR ASD AR A1 FieldSpec — 3
AU O 3% A, D S I 1] 36 B Y b I TE] 10 00—
15:00, B R B TC AL W0 ET B A ) R AR 0 )
SE , DA K PR A B AR 5 B 5 i A8 Ak, ol
TEAY SR 4E 3 BB A 350 ~ 2 500 nm, G 1% %A (8] BE
1 nm, PTG AR Sk i & e P F I X 42
ARICAIE R OCIE RO . DG e AT, SR R
R 1 RS S IO A EA TR OE R T A
YERA LA AR, B RE 5 DL S AR Ty
2O T HERE A S 0 G R AT D i O (A AR R W
TSRO ISR 52 6 il 26 LB AT 2 (i
HBIFE ViewSpecPro F#AFHHETTH
1.3 HARKEEZE

P2 SR 4 3l 2 A 9 4 AL i A A
BSM Sl 2] S B B OKRAR T, BARE PR
W BT b TE I 498 = e B |l ad AR Ltk
/N TS A E BSM AL lat F1 lon ZEGE I
B 10 000 5% +498 = it A5 b 5 -+ 38 5 K R A
Qi 1 e 7 bR K - R B S e o 2ok
TERCE , FEVE i A AR B S KRR 12 R
BRIHEAT TN L, 4545 Sentinel — 2 £ GIERHERT 1
ok BRI, OKE 1 EWMMLERSE



86 gl B % W 2026 4F
B %Ex%““_W :""_f%s«}ﬁa?l): _____ R Y 7 N
I m I S {5 entinel—
| “ . | } , = S R 5 M 2 KT
I S } w |
[ Sentinel-1/2 | | i —> BSMfEiEI —>  REARRIAY
| = | 1L v BOTHE |
[ s ’ | . HTBSMBEAIY

AR l Sentinel-2 Sentinel -2 f7 B} 38 N %I*E%ﬁ
Bl w_ || v o E
______ Q.______ | RIS 2
5 DSBS HE = BEHOHA U -

LR
A

|

|

|

|

& |
s ||
|

|

|

|

v
BSMASERY ()
SRl

0
I B0 700 1000 1300 1600 1900 2200 2500

ST T

& 2

1015

10 R=0.750

10 15 20 25 30 35
SEISMC/%

YA
A
RMSE#4.323%

MAE#12.758%
R=0368

44°40'0'N

0 25 30 35 40
SESMC/%

|

|

|

|

|

|

|

|

| ,
| i >

[:> 15 7 RMSE#2.862%

| MAE#2.340%
|

|

|

|

|

|

|

|

|

Fig.2  Algorithm flowchart

IR I 2R B S R R AR S A
RIS 2 2H AR 38 1 4 A ) A A - S KR
SRR A TR AR PEAR
1.4 BSM T iEEiEaHEMEE

BSM #5575 68 0 455 U1 T~ 11 02 Vi) 4 198 114 4% 17 [+
PRG3R, 2GRS R IE A 2 sk LR R
(GSV) Al A Bk + O 3E 15 iy 3 4> gk
eI, A LA A AT AT 45 02 B T R B e
GSV 5 5 1) i 4L a] T A 3 A~ Rl
TotE AR

Sentinel — 1 ik

deqz[Gl G, Gi]|a (1)
£ R, ——T GG
a,.\a,.a, A FZEL

G, .G, .G,—— &R il st
£ GSV BB FERE [+, Yang 25045 1 (% BSM
RIS 5% - S P S i) 8 I B SR < B i
AR A ﬁﬂt”ﬂﬂﬁi%l%ﬂ%m,ﬁn*ﬂﬁag\
AL A YR, DRG] DG o 8 R AR
PR = HE5E FE RO 5 G RAN  HF , THEEUR

Bsin( lat)
a =| Bcos(lat)sin(lon) (2)
Bcos(lat) sin( lon)
Kb a—E BB &

B——TIESE I Y R RUR
THIERS L, C

TSR I RS H S LT S R AL A A
MERTEARFR . R, lat A lon ZE0LFHuBR B 094
TZSE

lat lon

GSV BRI TR S 36 3, AR DL
R I S ey & SUR R IR ISR uR
PR B U J2 07 vk B0 i BRE BU  3 . K IR 0% )2 7
R U S MOKZ I TR LR RS
AT, AR (RN 1) 25 (9 BN R4
T St R A K AN S rpOK R IR S 1 R 2
[AEEE AR IR [ E N i W

R (k) =p 4 (LmPu)exp( =20, k) Ry (1 )
swel =P 1 _pZIGXp( _2K7‘-'kA)Rbac

(3)
Af R,
P12 P2 M Pl A B2 55— R4 B HETR

H 5%
R, —H SR
exp( =2k, kA ) —IKJZRUa] i 513 b6
JEERE T ARk
K, —— WK R E
A—REAK B R
h——E AR A
BSM {Beisg 7K JI5 J52 5 7 25 Ji] b AN B (B A K
JBE BUK PSS ) b SEAEIARA 3 A5 o X T[] J2 B2 1Y
K AR T WK S BB S AE , AT s 17K
FKE’JXE[?I@ETK( B exp( —2k,kA)), IRl A 22 1T 2
SRRV AN R B s, Rt T R AR
oM P(k=0), 2 LAk, ZHER %N

Ry =Ry P(k=0) + i Ro(WP(E)  (4)

Ho P(k) = (5)

_SM, -5
H="sm




220 11

UL A BRI IR A S T B B R T 2 U SR S R S KR AU 87

K p— KB BB, IFAE R 3 k&
M eREL 25
SM,——L 3K SRR 73 L
SM,—— LR /KRE ST, B 25%
BSM BT A SN 1 iR,

F1 BSM ERBASH
Tab.1 Input parameters of BSM model

28 e

Soil Brightness(B) 0~0.09
Soil spectral latitude (laz)/(°) -30~30
Soil spectral longitude(lon)/(°) 80 ~ 120
Soil moisture volume percentage ( SMP) 0~55
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Tab.2 Descriptive statistics of soil moisture content
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DB AR A B ) A FH B R 1 3 5 K R ARG, 24
TE15% VAR, R WEIZ XK 73 25 AR A X B =, PT fig
S REB AT K O AR R A

MRS R F 4 H B M5 5 A IE e 58
BRSO AR T, Ll HEA T KA AR AR
BEAEHS , BIE R B HEAR TR K AR T, 38 1o >
PEAIFERAT S REAC, LR BEAR AEAR R TR 3L, 1o
PUFRRETT . DRI, i SUIE B S0 O = AN R ANE
FEM SRR R PR R S —Tr i, BEE
B TR AR AR K R MR 26 1 5
RAE S WG, LIRS CRFEHOMR | it — 25
Wi " b3 KR A A R
3 itig
3.1 ETRAFERELESKENRS

CRU T VR SRR B U A A5 S
L IEHIE A S T R R s B D R N RERS A
R AR TR S L R RE (R B, St
ZRAL EANRRRAE SR, IR MR £ TSR0 £ 0]
R BRI DG A, SR, TR 2 A5 3R 4
F A 2 A TR il 2 R R A AR e v K
R TG R XA 5 5 1o B 2L

O E AL RS AN BB A b X
(03 T 5 AT S AR 1, 5 SRR AU A 1 DIl B85 A
FHRHZ AL RE S 2Z B8R, HAT etk a s>
ABFFEAR T AR AL F AR R S LA 2 > AHEE &
(VR G ST T v, TE 4 T 0 338 5 /KR S 0RS B2 5 L
PEAT ARk Oy T AR B B A, BSM AL T
IR 2 T3 F GSV R R AT e | 3 o 4 1 1
PR B AT K2 0 T 2 R G 1 1 R
T R LA B () LR REAS I I A A
L AL R AR A ROR AN T Al 28 0 BB A ) B AL
Tl AR DT T AN A2 o SR ARG T SR i | 5
[ 57 o 1 B R BRI v B2 2 IR R %5 JE A [, S 3
BRI ] T B R SR S N SO B2 B
AT IRIX— R BR, 5] A Sentinel —1 TR F ik
J5 TN RBOHBORARE . IR E S0 A
R T bt R B A UK, BB A8 TE DG AR R =2 A
L UIALE T b 7 NIV (=S R T BUN e o
5 RSSO, 3G SR A AL TR K H R B TR X4 (]
S TP R - SRR 85 4 PR ) R RE T, A SR S T
BSM BEAUTE K H 3R 58 T 3 P AR g, K S
AJ & H, BSM + AdaBoost J5 32 AH Hb T Ho A A 5 32
Wi fe i , R0 0. 816, TESE TR A B BIHE AL BERS 7



220 11

UL A BRI IR A S T B B R T 2 U SR S R S KR AU 91

Or R AR R SRR UK T 4% H Y IEH . BSM
BRI ERAL 1 R AR 4 2 i) S ATL L 7 4 AL 7%
2] 77 1 U e okl 2 T RN PR AR R AN R
ZRFRBEIN R A RZ IR, T FECRFF ) B SCRYRTER T
BERTE T XU SMC S AR B S Sk,
x5 AEEERETERKEIFNIER
Tab.5 Evaluation index of soil moisture content retrieved
by different models

(i) R? RMSE/ % MAE/ %
RF 0. 547 5.156 2.870
SVM 0.258 6. 600 4.295
PLSR 0. 302 6.398 3.935
XGBoost 0. 607 4. 804 2. 609
AdaBoost 0. 641 4.587 2.536
GBRT 0. 596 4. 867 2.93]
BSM + AdaBoost 0. 816 2. 460 1.551

B2 > B B 3 K ) Z e A2 48 5 AR 2R
PERLGRE T, BB A Sl G W) PR R 5 22 Y 1 JB ke
fiE, PRI L BR300 1) SR VR 0k kg, DAY
]2 2Kl ELM SVM . BPNN Al RF J5 ¥ % A [) 55 4
JEHEATRL G, b RE R 22 R U SR A, 5
S PR R HOR Gy i A Al A R R TR A A
PETF I — R SR, B G ML 2 2 T AE R
PRI AT RRAE AR B 5 2 F L2 kA
BET5 RAFAE— 8 Jmy PR, 38 5 2 AF A i 2F AT R AE
R e, 5 EL B B S TR e i 2
G AL AR RRIE L 1 U
AT FFATRLG K B A AL A AR A RRIE(S S

W5 TR AL B FRAE BSM RS Ay 1 610 ' 2
fESHL, 5 Sentinel — 1 ik 5 [n) WU R B0 H o #f
FHIE, DL R MR R S A TS & 2R
FEE4E | I170 91R F AdaBoost .GBRT Hl XGBoost £
LA S AR IR A RO 25 R R e
MIRFIEZL AR, 3 Fh A iR 76 25 3% I+ 4 v AR
Sfafgrk  ARERTE T BSM B LR B SR I A R
&I, CARFSE (TN Das 25 ) il 5 A A4
B 2 05 % IR SR S BE S AE — e R B b e IR
R AL RE )AL B, Azizi DAY
Wi B L B 1, A 22 P R I b R B
TR YRR, AT E— 2L 50UE T i@ R
FRHL IIHA A BSM 2 18 45 5 5 22 I BRI i A
e RE STHESR ORALER B T A AL ] i e i L
FHGTR T O s ) S T RS B DL SORE Bk B
THAHCARAE T7, T T 5 52 T 5 X X R
B SMC Wil 42 4t T Bl B AT IR R AR
3.2 BSM EESHRFENHEEREZM

BSM BRI ZHRE B T N GSV BLALGR 7K Y

B LI ROGEIRSE lat 5 lon, —FHARE _EIf
AN AW B — ) DG W ISR AR, 2K GSV
BRI 3 25 HOGIE i B 2k T+ LI
Jeik gt DR e Sy A R H RS Y B
TR, fE GSV M RS R — 2w,
B AR B ARSI N AR RS e, AR 1 5 K AR
AT EN

SR, 238 35 S o] pREICKE S B i s 45 e
ek A Z GG EE i, FIF BSM B A i i 1 48 5
TREEIAR AN b DX ) A G R R L T g
ANHETR] , [ s B IR AN [ R i SR TR S AR 25 7
FH lat 1 lon 25 4= HEAE T R ik 25 8] FL A4V
2 BSM BB« T S R B dE K R 2 T
AT B K SR R, B ST A AR R S b, X
T ELAE VN2 9 T Rl A A ) fR BE DL J iR
# (AERUEEE (K 6a) Al B, FIEEF B
L R <0 1751, RIS L)l S8R B U 22

TESIAFE TS 38 = s A dE X lat Jon %K
BRI, BESM T LR, BRSNS EON
QISR S =R e S N e e (Tokeed 1 L R A = W iR A
YIRS X T 156 25 S PRt 5 DX 3 - 820 1) + 398
TEYINZR, A5 4E 185 ACR R b, a] DL #I 25
RERITE TR 2 B i R Bk 3, X —
PRHEEAE R* - 1. 143 $2F1 % 0. 368 ,RMSE M 7.935%
[% % 4. 323% ,MAE M 5.661% [% % 2. 758% , &5H3%
B, lat Jon JCE RN, (HA BRME B4R W
BSM A5 AL 418 B K SRR R

TEALHZ T, lat lon P HLE SCH BRIF A B W E
ATDMERE S, 50 1, 7F GSV AAZS [a iR T
A AT RO A X — R AR K R E T
PR AGE AL Y lat, lon B4R FFAE A B X A B
BSM AR AU FEAN [] 1 HE AU AP F 55 e o
mNZACRE T RS E M, AR AT LA & +
BRI A (5 B, X lat Jon 585640 A R 4743 25 45
A, NIMTEHES FlA i — 2R B GSV HEHETE
AT LSty RIUE NS N R oG
s
3.3 AXFEGFHESABENE

ABFFEAE 1358 5 KRR R T T — A
B TR A ATV | DK O Y BSM e % i
B SRR I RER AR SS &, SE 8 T BB 5 | 5
PIRLER 2 > T, ARA TR AR o F e Sk 42 00
Geit R RBML G T 1k, e TR A A E A A
1B L HAER 2 AR A 7, o BSM §8 5%
AR R AR By LT BRAIL T AL 2, S 800 32 4 0 Hb B
FEL , T ECEE DN S ARAS , DT (AR 7Y BE A e IR AE AN [+



92 P

b Bl R

2026 4F

M DX AN [R) 3 I A 1 T B RDORG N 2 5 T R
PEEEES 1) 7]

BRI, BSM B3 1 7K B0 2 19 7 = el i
GSV 1A W30 4= 40k« K 2 55 00 T4 R A
R, T HERRAIE - w6 S 2R I 1 7 37 B
B B A% g % A . TE Al B 51 A Sentinel — 1
SAR B 1) J5 1) B 2R B0 B SO AL 1 iR A 78 %
- HEA R 5 b MRS B A 20 1 RE T, O Rk
PR Bl 7 56 X I 15 R R, 2 VR AR AE 2205
—fb 5 S8 b ¥ 5, 4 A F] AdaBoost, GBRT Al
XGBoost £ i 2F > Fik v, T8 3 T BEAL B 24 3R
TR A S HESE

FE IR R B UE R 20 HE% 20 m Sentinel —
172 PHFBEE S2 3 1 4 I 38 5k KAy sh S H1A
S5 R R IR 10075 1) S TR (0 R0 T A RE AR HE
WS R SR ErE, SE AL, A0 Das 255
1Y S AR R T VE | Azizi SR B M S R
Ty ARBEGE E— A5 B T 5 AR W A e IR —
BRLZ AGHEAS T R3S, ARR Z b7 F, AR 0F
FERIE T ) FEASE A G 5 HLR A )RR AE TR B
G AR AR RN U2 T Al Bt i HE A 4000
(14 5 DX IR IV T

FE AT B AL 7 1, A 5T () S S i A S 0T Kk
FeeERC A =i 5 EdEFE (40 MODIS LAT, SoilGrids
) BRU, A T XoF S b 0 A AR RS ) o B % i
RLVRIE BB S, fL45 Landsat — 8/9 . Sentinel — 2 4§
JEEEWLI ) LK ALOS — 2 PALSAR™ NISAR'™'
SO B R T TR R [ M XRS50 1S
PESHE M, BRNE AR TR TR
DX - S S K SR B T T R ] iR L A
JEME AR B,

3.4 AEERE

T BSM - 48 4 47 50 75 5 A2 27 2T HE
o AR PR A B 5 A T RS AKOR R,
11T 7E A 7 26 01 ) - 5 K R R AT A7 A — 5 Bk
0 TEATLTE o 5 B X B, R OK 0 & B A )
U SR 5 R M B, BT B R A SR
ES W EDO KRR (EN S N R0 e e wb LR nE
FARIRENS 5 56 2 4 S AL A B AR 45 & 38 2o AT
FE I R S 2 [ 1) A% 1 A, A% TEORS ff b S 40
LS 6T 398 2 1 4 S AR O R 3 e s A A A
YT DL G PO 2 S I R A EAE A
I FE B CL AR T J2 A0 4 39 5 10 =22 18] A 22 UK T
RS WIGE R X — R T R
K 3 ST ) AR I, I A A e 7 i DX, 3 B A AL
b A AR B o} 328 A 5 1 T, i R 3 AR

AR 5, AR ] S — 2B LR A R
T, e AN [R5 2 TR RN A= K B BT - 38 5 K 3R 1)
S BETHE R 24 N S g

JRAE BSM BRI AE - HE i R PR B v LA
SR Y BEILA AR SE BRIV P R | AT 75 B 2 1
SEEN Y - 9 v T RO, LA 2 ) A
TR R A AN ) b DX ) - 5 B R [R] GRE A AE )
PR, 302025 S B 2 52 M B R S 50 04 35 FH PR ROk
B, PRI, R T R BSM AR AL S BURE S 76 R A2 X 45k
PRS2 HR A RO BRI 104 1E | 0020030 3 52 i
SRAE G R AR A 224 M - A E TS AR AE
B RSB b Sz e - SR B 1, B s
BEE KR R AE R nT S S, A1, SR
AR R T AR o mT A e e LAk e i A
BAR, LA X BSM AR 28505 5 | {HUAR L T b T 0
RS BT AT BRAR X AR, BE Ak, SR A Bl
TRREAARL PR 28, Al BSM BRI FE AN [R] £
HE RIS N E AR B A Ak

S o7 N i o= I N i = B 3 S N
AR Rk W A PR AR A A A R R
52 KAFRAHE MBI LS & |l IR RO
AN AR L R, 45 T3 A 18 Jak S U ) B 25 7
RS R LI ) H R R T, STt - K R
MR GER T SEE Sz FE . AL, 338 fin b T % 2%
Mg, IFEE A T A M E & Bk OGS E A
ST HUE A AN F XA S 805 B L E AN+
AN SEIURRE RV R B - K S KR

4 g

(1) $EH T —Fhal & R S R 5 4 g
) M HE B AR ) FH 22 U 1 BBk B T K
R R E 5B RS SR 5T Y
BRI A REPE 0 B, R T 5 DXl K 9 D A 3
PO T B AR TFBL,

(2) FET b I SEI = G B He i o BSM B3
B E T WF5E X OGRS 4 (at lon ) Y
BRGEE L G550, BSM B8 48 w5 ik 1 4
EHEERE (R =0.944) , HZ 8 lat 55 lon Z [AIFETE
BFERLME LR (R =0.545) , FEFEN BSM 4
R 7 Rl AL SRR R T 454 Sentinel —
2 S SR AT A X R A HE B AR 1
JE R AE T O BRSNS

(3) filf Sentinel —1 F5 55 1] BT R AT LA
PRRFIE G MES AR SRS B 0 5 4R T, 7E 3 Rl
A 2] B R AdaBoost 15 B AL, W E£E R
ik #] 0.816, RMSE HI MAE 43 %k 2.460% Fi



220 11

UL A BRI IR A S T B B R T 2 U SR S R S KR AU 93

1.551% . RWIH BB REME A R MG R R A
FAE MRS A R P T i AN AL, e T 2
Ut DI ) B 98 A S oA FH BRI

(4) PRy e KRR A RO, A R0
BT BSM FRE S LRI S Al ) Rk, SE o kAR
TOLARORTER R K 3 1w B ALER b A e, LA

LR RBAIE A P 1 U R SRR R T T A 4
K MR EIRTE T SMC R B SR (R =
0.816) , XA K 7048 B + 5 I F 43t 1
— R AT A RS RO RO &, %
SRS AR T IR A8 T 7 g Al B — TR SRy PR | 42
T DXl N s SR S R 3 5 e A LR T

(6]
(7]
(8]

(9]

[10]
[11]
[12]

(13]

[14]

[15]

[16]
[17]

(18]

[19]

(20]

2 % x #t

Faiz M A, Zhang L, Liu D, et al. Soil moisture and ecosystem vegetation health effects on drought severity[ J]. Journal of
Advanced Research, 2026, 82, 59 -71.

Romano N. Soil moisture at local scale; measurements and simulations[ J]. Journal of Hydrology, 2014, 516 6 —20.
Taghadosi M M, Hasanlou M, Eftekhari K. Soil salinity mapping using dual-polarized SAR Sentinel — 1 imagery [ J ].
International Journal of Remote Sensing, 2019, 40(1) ; 237 —252.

Mu T, Liu G, Yang X, et al. Soil-moisture estimation based on multiple-source remote-sensing images[ J ]. Remote Sensing,
2023, 15(1) . 139.

Meng Q, Xie Q, Wang C, et al. A fusion approach of the improved dubois model and best canopy water retrieval models to
retrieve soil moisture through all maize growth stages from Radarsat —2 and Landsat —8 data[ J]. Environmental Earth Sciences,
2016, 75(20) ; 1377.

Liu Y, Qian J, Yue H. Combined Sentinel — 1A with Sentinel —2A to estimate soil moisture in farmland[ J].
Selected Topics in Applied Earth Observations and Remote Sensing, 2021, 14. 1292 —1310.

Guo F, Huang Z, Su X, et al. Soil moisture content inversion model on the basis of Sentinel multispectral and Radar Satellite
remote sensing data[ J]. Journal of Soil Science and Plant Nutrition, 2024, 24(4) : 7919 —7933.

SREE, PR, BAEE, 45, JET Sentinel —1/2 SR AL TR BSOS AE B9 1320 70 S [T ], ARAHUAR I, 2024,
55(1) 175 -185.

Zhang Zhitao ,He Yujie, Yin Haoyuan,et al. Synergistic estimation of soil salinity based on Sentinel —1/2 improved polarization

IEEE Journal of

combination index and texture features[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2024 ,55(1) :175 -
185. (in Chinese)
Doepper V, Rocha A D, Berger K, et al. Estimating soil moisture content under grassland with hyperspectral data using
radiative transfer modelling and machine learning[ J]. International Journal of Applied Earth Observation and Geoinformation,
2022, 110; 102817.
Yang P, Van Der T C, Yin T, et al. The SPART model: a soil-plant-atmosphere radiative transfer model for satellite
measurements in the solar spectrum[ J]. Remote Sensing of Environment, 2020, 247 111870.
Bablet A, Vu P V H, Jacquemoud S, et al. Marmit: a multilayer radiative transfer model of soil reflectance to estimate surface
soil moisture content in the solar domain (400 ~2 500 nm) [ J]. Remote Sensing of Environment, 2018, 217, 1 —17.
Jiang C, Fang H. GSV: a general model for hyperspectral soil reflectance simulation[J]. International Journal of Applied
Earth Observation and Geoinformation, 2019, 83. 101932.
Amazirh A, Merlin O, Er-Raki S, et al. Reitrieving surface soil moisture at high spatio-temporal resolution from a synergy
between Sentinel — 1 radar and Landsat thermal data; a study case over bare soil[ J]. Remote Sensing of Environment, 2018,
211, 321 -337.
JASERE, sRAET,
43(1) . 45 -51.

Zhou Meiling, Zhang Dening, Wang Hao,et al. Inversion of surface soil moisture under vegetated areas based on optical and

T, AF. Dt A R SRR K S S A R R R R EOKCR (] BEBEHEK AR, 2024,

microwave remote sensing data[ J]. Journal of Irrigation and Drainage, 2024, 43(1): 45 —=51. (in Chinese)
Yang H, Song J, Teng Y, et al. Coupling model-driven and data-driven methods for estimating soil moisture over bare surfaces
with Sentinel — 1A dual-polarized data[J]. TEEE Journal of Selected Topics in Applied Earth Observations and Remote
Sensing, 2023, 16 4820 -4832.
Adab H, Morbidelli R, Saltalippi C, et al. Machine learning to estimate surface soil moisture from remote sensing data[ J].
Water, 2020, 12(11) . 3223.
Du R, Chen ], Xiang Y, et al. Timely monitoring of soil water-salt dynamics within cropland by hybrid spectral unmixing and
machine learning models[ J]. International Soil and Water Conservation Research, 2024, 12(3) . 726 —740.
Taghizadeh-Mehrjardi R, Schmidt K, Amirian-Chakan A, et al. Improving the spatial prediction of soil organic carbon content
in two contrasting climatic regions by stacking machine learning models and rescanning covariate space[ J ]. Remote Sensing,
2020, 12(7) . 1095.
L, SRR, HHEERL, 2. R0 Sentinel — 1/2 MIFRGEAS R AUHSEAC M+ HE S 2R S [ ], Al T R4, 2024,
40(16) : 171 - 179.
Ba Yalan, Zhang Zhitao, Xie Pingliang,et al. Inverting soil salinity of farmland in Xinjiang by integrating Sentinel —1/2 and
environmental variables[ J]. Transactions of the CSAE, 2024, 40(16) : 171 —179. (in Chinese)
Sun M, Yang Y, Li S, et al. A study on hyperspectral soil total nitrogen inversion using a hybrid deep learning model
CBiResNet — BiLSTM[ J]. Chemical and Biological Technologies in Agriculture, 2024, 11(1) ;157.

(%% 117 1)



%520 9 JBIGE S 25 . BET Transformer G VT C ) B AL M R] I ER 0T A AR FH - 198 35 1 ek W 00 7 12 117

imagery[ J/OL]. ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, 2023. https: / doi.
org/10. 5194/ isprs-annals-X-4-W1-2022-49-2023.

[23] Wang Y, QuZ, Yang W, et al. Inversion of soil salinity in the irrigated region along the southern bank of the Yellow River
using UAV multispectral remote sensing[ J]. Agronomy, 2024, 14(3): 523.

[24] Hu]J, Peng J, Zhou Y, et al. Quantitative estimation of soil salinity using UAV-borne hyperspectral and satellite multispectral
images[ J]. Remote Sensing, 2019, 11(7) ; 736.

[25] RBEE, B G Bk B R T RN Z G R L A R AR [ 1], Aol B A 4z, 2019,50 (12)
151 - 160.
Zhang Zhitao, Wei Guangfei, Yao Zhihua, et al. Soil salt inversion model based on UAV multispectral remote sensing[ J].
Transactions of the Chinese Society for Agricultural Machinery, 2019, 50(12) : 151 —=160. (in Chinese)

[26] Zhai J, Wang N, Hu B, et al. Estimation of soil salinity by combining spectral and texture information from UAV multispectral
images in the Tarim River Basin, China[J]. Remote Sensing, 2024, 16(19) : 3671.

[27] Mzd N, Boussadia O, Albrizio R, et al. Salinity properties retrieval from Sentinel — 2 satellite data and machine learning
algorithms[ J]. Agronomy, 2023, 13(3) . 716.

[28] LiY, Chang C, Wang Z, et al. Upscaling remote sensing inversion and dynamic monitoring of soil salinization in the Yellow
River Delta, China[ J]. Ecological Indicators, 2023, 148. 110087.

[29] Mohamed S A, Metwaly M M, Metwalli M R, et al. Integrating active and passive remote sensing data for mapping soil salinity
using machine learning and feature selection approaches in arid regions[ J]. Remote Sensing, 2023, 15(7): 1751.

[30] He Y, Zhang Z, Xiang R, et al. Monitoring salinity in bare soil based on Sentinel —1/2 image fusion and machine learning
[J]. Infrared Physics & Technology, 2023, 131; 104656.

(E#5E93 11)

[21] Ma G, Ding J, Han L, et al. Digital mapping of soil salinization based on Sentinel — 1 and Sentinel —2 data combined with
machine learning algorithms[ J]. Regional Sustainability, 2021, 2(2); 177 - 188.

[22] Duan M, Song X, Liu X, et al. Mapping the soil types combining multi-temporal remote sensing data with texture features[ J].
Computers and Electronics in Agriculture, 2022, 200.107230.

(23] xlit, 8se, ska, 55, JET R O 6 TE 18 Bt 2/ 2 AR I R HE BK R SERERI [ ) ] Al TR 4k, 2023,
39(13): 131 - 140.
Liu Hao, Yang Xizhen, Zhang Bei, et al. Estimation model of soil moisture content in root domain of winter wheat using a
fractional-order differential spectral index[ ] ]. Transactions of the CSAE, 2023, 39(13); 131 - 140. (in Chinese)

[24] Angstrom A. The albedo of various surfaces of ground[ J]. Geografiska Annaler, 1925, 7(4) : 323 —342.

[25] Sheridan R P, Wang W M, Liaw A, et al. Extreme gradient boosting as a method for quantitative structure-activity
relationships[ J]. Journal of Chemical Information and Modeling, 2016, 56(12) : 2353 -2360.

[26] Wang L, Zhang Y, Yao Y, et al. GBRT-based estimation of terrestrial latent heat flux in the Haihe River Basin from satellite
and reanalysis datasets[ J]. Remote Sensing, 2021, 13(6) : 1054.

[27] Bartlett P L., Traskin M. AdaBoost is consistent[ J]. Journal of Machine Learning Research, 2007, 8 2347 —2368.

[28] Prakash R, Singh D, Pathak N P. A fusion approach to retrieve soil moisture with SAR and optical data[ J]. TEEE Journal of
Selected Topics in Applied Earth Observations and Remote Sensing, 2012, 5(1): 196 —206.

[29] Li S, Zhu P, Song N, et al. Regional soil moisture estimation leveraging multi-source data fusion and automated machine
learning[ J]. Remote Sensing, 2025, 17(5) :837.

[30] WangJ, Ding J L, Chen W Q, et al. Microwave modeling of soil moisture in oasis regional scale based on Sentinel — 1 radar
images[ J]. Journal of Infrared and Millimeter Waves, 2017, 36(1): 120 —126.

[31] Das A, Bhattacharya B K, Setia R, et al. A novel method for detecting soil salinity using AVIRIS — NG imaging spectroscopy
and ensemble machine learning[ J]. ISPRS Journal of Photogrammetry and Remote Sensing, 2023, 200. 191 -212.

[32] Azizi K, Garosi Y, Ayoubi S, et al. Integration of Sentinel —1/2 and topographic attributes to predict the spatial distribution of
soil texture fractions in some agricultural soils of western Iran[ J]. Soil and Tillage Research, 2023, 229. 105681.

[33] Shokati H, Mashal M, Noroozi A, et al. Random forest-hased soil moisture estimation using Sentinel —2, Landsat —8/9, and
UAV-based hyperspectral data[ J]. Remote Sensing, 2024, 16(11) :1962.

[34] Zribi M, Muddu S, Bousbih S, et al. Analysis of L-Band SAR data for soil moisture estimations over agricultural areas in the
tropics[ J]. Remote Sensing, 2019, 11(9); 1122.

[35] Lal P, Singh G, Das N N, et al. A multi-scale algorithm for the NISAR mission high-resolution soil moisture product[ J].
Remote Sensing of Environment, 2023, 295.113667.

[36]  JiMg, Tatmi, £K, 5. AR T HOKEIESH ], BECER, 2010,14(5) : 966 -981.

Zhou Peng, Ding Jianli, Wang Fei, et al. Retrieval methods of soil water content in vegetation covering areas based on multi-
source remote sensing data[ J]. Journal of Remote Sensing, 2010,14(5) : 966 —981. (in Chinese)



