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EXTENDED ABSTRACT

Introduction

Soil moisture is one of the primary determinants governing energy exchange between the land surface
and atmosphere, influencing plant growth, crop water use, and hydrological responses. In agricultural
environments, particularly in semi-arid regions such as the Qazvin Plain of Iran, the precise monitoring of
surface soil moisture is fundamental for optimizing irrigation practices and maintaining crop productivity
under increasing water stress conditions. Recent advances in satellite remote sensing have enabled large-scale
estimation of soil moisture; however, limitations remain regarding the spatial resolution of passive microwave
sensors such as the Soil Moisture Active Passive (SMAP) mission. Although SMAP provides soil moisture
observations with a revisit frequency of less than three days, its coarse spatial resolution (~9 km) restricts its
applicability for field-scale agricultural monitoring where the spatial variability of soil moisture is significant.

To address this limitation, downscaling methods integrating Synthetic Aperture Radar (SAR)
observations and optical vegetation indices have been developed to enhance SMAP spatial resolution without
compromising temporal continuity. Sentinel-1 SAR provides backscatter information sensitive to surface
roughness and soil moisture, while MODIS products offer vegetation and land surface parameters that
characterize canopy cover, evapotranspiration, and water retention. In this study, a multi-sensor data fusion
and machine-learning—based downscaling approach was applied to estimate soil moisture at field scale in
maize farms within the Megsal agricultural complex. Specifically, the Random Forest (RF) algorithm was used
due to its capacity to model nonlinear relationships and its robustness in handling high-dimensional predictor
variables.

Materials and Methods

Study Area and Field Data

The study was conducted in five maize fields located in the Megsal agricultural complex in the Qazvin
Plain during the 2022 growing season. The region is characterized by a semi-arid climate with warm summers,
and irrigation is primarily supplied by groundwater. Soil texture across the fields is predominantly loam. Soil
moisture measurements were collected from each field at a depth of 0—30 cm using the HH2 moisture probe.
Sampling was repeated throughout the growing season to capture temporal fluctuations associated with
irrigation events and plant development.

Remote Sensing Data
Three categories of remotely sensed data were employed:

Data Source Parameter Spatial/Temporal Resolution
SMAP L3 Soil moisture 9 km/ 2-3 days
Sentinel-1 SAR c°VV backscatter ~20 m/ 6-12 days
MODIS NDVI, EVI, NDWI, LAI, LST, Albedo 250-1000 m / 8-16 days

Additionally, elevation and slope were derived from SRTM DEM to incorporate topographic variation
influencing water redistribution.

Downscaling Modeling Scenarios

Six predictive model scenarios (RF1-RF6) were developed based on incremental combinations of remote
sensing predictors, ranging from minimal configurations (LST and NDVI) to extended models incorporating
vegetation indices, radar backscatter, land cover type, and terrain parameters. The Random Forest algorithm
was implemented in the Google Earth Engine cloud environment. Model performance was assessed against
ground measurements using:

o Correlation coefficient (R)

e Root Mean Square Error (RMSE)

e Mean Absolute Error (MAE)

e Normalized RMSE (NRMSE)
Results

Model performance varied substantially among the tested scenarios. Scenarios integrating vegetation
structural parameters and land cover information (RF5 and RF6) consistently produced the highest accuracy
across all fields. In Field M1, RF6 yielded the strongest performance (R = 0.97; RMSE = 0.04 cm3/cmd),
indicating near-exact correspondence to measured soil moisture. RF5 followed closely (R = 0.96), reflecting
the influence of canopy structure on soil moisture retention.
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The contribution of LAI was particularly significant, exhibiting a strong relationship with measured soil
moisture (R = 0.88). This highlights the role of vegetation biomass in regulating canopy shading and
transpiration dynamics, which in turn affects surface moisture availability. Scenarios lacking vegetation
parameters (RF1-RF3) demonstrated lower accuracy (R = 0.51-0.75), confirming that soil temperature and
backscatter alone are insufficient to represent field-scale moisture variability, especially during mid-season
crop growth.

Temporal comparisons further revealed that downscaled soil moisture estimates effectively captured the
progression of the maize growth cycle, including moisture increases following irrigation and declines during
periods of high atmospheric demand. Models performed more consistently in fields with uniform irrigation
pressure (linear systems) compared to strip irrigation fields where uneven water distribution increased spatial
heterogeneity.

Conclusion

This research demonstrates that integrating Sentinel-1 SAR and MODIS-derived vegetation and surface
parameters with SMAP soil moisture significantly improves spatial resolution and estimation accuracy at the
field scale. The Random Forest—based downscaling approach produced high agreement with measured soil
moisture, particularly when LAI and land cover information were included. The proposed approach offers a
cost-effective and operationally feasible framework for precision irrigation planning, crop monitoring, and
hydrological assessment in semi-arid agricultural systems. The results underscore the value of multi-sensor
data fusion in bridging the gap between regional-scale satellite products and field-level management needs.

Funding

The study was funded by the Imam Khomeini International University, Qazvin, Iran.

Financial support for this research was provided by the Faculty of Agriculture and Natural Resources,
Imam Khomeini International University, through the first author's thesis research grant as well as research
grants awarded to the co-authors.

Authorship contribution

For research articles with several authors, a short paragraph specifying their individual contributions must
be provided. The following statements should be used “Conceptualization, M.S. Fakhr and A. Kaviani;
methodology, M.S. Fakhr and A. Kaviani; software, M. S. Fakhar; validation, M.S. Fakhr and A. Kaviani;
formal analysis, M. S. Fakhar; investigation, M. S. Fakhar; resources, M. S. Fakhar; data curation, M.S. Fakhr
and A. Kaviani; writing—original draft preparation, M. S. Fakhar; writing—review and editing, A. Kaviani;
visualization, A. Kaviani; supervision, A. Kaviani; project administration, A. Kaviani; funding acquisition.

First author (graduate student): Sample preparation, conducting the experiments, data collection,
performing calculations, statistical data analysis, interpretation of the results, and preparation of the original
draft of the manuscript.

Second author (thesis supervisor): Study conceptualization and design, supervision of the research
process, review and verification of the results, and revision, editing, and finalization of the manuscript.

Declaration of Generative Al and Al-assisted technologies in the writing process
No artificial intelligence tools were used in the article writing process.

Data availability statement
Data available on request from the authors.

Acknowledgements
The authors would like to express their sincere gratitude to the Vice-Chancellor for Research of Imam
Khomeini International University (IKIU) for the financial support of this study.

Ethical considerations
The authors avoided data fabrication, falsification, and plagiarism, and any form of misconduct.

Conflict of interest
The authors declare no conflict of interest.



YAFY—YEYY Ll

7 03l QY 0498 ¢yl Y1 SB g T Lliuis aloxo

Homepage: http://ijswr.ut.ac.ir

3ol b ac 30wl )3 SMAP 5,laale sl2odld S50 Z9dg S99 S Cugb,y 55U

399 31 (o godld
BIY Lgls b | V158 Colalud! dasee

4bLly L olpl (cpgsd ‘(°))‘_¢Z¢A'> plol (ol o o8l ol molio g (65,9liS” 0aSisly ol (swdigs g pale 09,5 )

Fakhar.ikiu@gmail.com

4Bl el enn B )i plal Lol s olSitile nnb e 5 (555LS oSty (ol i 5 pols 09,5 ¢ Jghime okiunsi Y

kaviani@eng.ikiu.ac.ir

ouS>

A4

Ao OlNb!

Lol ol 00 o ylSal gy dw I y2S Sloj Lwbidia y3 SMAP o )lgale 5| esliwl b S5 cogby 3,91 5 05956l
SMAP S cugbsy (white LidlS (gly (63,509, Gimeds cpl 0 Canl Sy 00l ) ol JuSly ol
Syd &5l 33 S5 Cagby )9l Ban b 1N cunl 48,55 4 MODIS (¢laosls 5 Sentinel-1 SAR oS 5 b
CulS 050 )3 (pgid Casd p @Bly JUuKo Carius 5 S 3 ds )30 B 51 ) oS S Cugby diges cubly 4
Cnl 3 b oolatl (S Cusb) (e sl (bl SR STl gy cnl 53 a8 4l VY Gl
sloodls 5l bl el (sl jadls jl glite oS Sy Sile gyl 2 &5 AS Gy y gl D Sl
sl SMAP S sy oo alS (el bolas JSin Jie (6395 oJsicas MODIS 5 Sentinel-1
S L RF6 g)liw ML) S5 deji0 )3 (wyp 3y90 (Slogs i pm p3 48 amd o i kel Cawnd & gl
RF5 g5l RFB g5l 31 ey sl 42305 1) S olpo 05580 (CM3/cM3) RMSE=0.04 5 R=0.97
RF5 clagy b 5> (Sirad oo Gial3l Y5 alos j1 il 355 1 oV (Sian j| R=0.96 s |
daw a3l Gl (Stuwsod (g 53355 0Ll (2] (6 )5 4k 9 LAL (aSls 3929 4 (g5 o |, RFB
b iVl (Snad oljan R= 0.88 i | (sl () o 5 oo o (5,551 ST oy 5 5
Gy dtwgn slbadd and 4 jl g S Cugby (glalais laodly 04 dgaome > a5 0yl S ool polie
ORI 6550 yobar |) SMAP (slroslsy > wlgs oo (gjlopliiofn) slagds) 65 S Sa s g)l3e ik

S a5 (65,3l sl stngly 9 Cu e (gl 4 podiygyho 9 WIS ol 42Ty o g 00l

g5y Alie 1o £o5

VEFIANA 1B > & ,U

VFINWE 16,5050 &0
VFO/FNY 10 pdy U
VE-O o 0 2y Wi g, U

(S laejly
o olar K>
SB s
sjlaeliop

099 ] peies
SMAP
MODIS

loodly 3l oolinul b de i Lulide 13 SMAP ojlsale (slaodly SIS zag daute 5 SB Cusby (iludie (VFed) ol ¢ SbolS (bbbl dumme ¢\l :aliiul
https://doi.org/10.22059/ijswr.2026.405920.670047 AYYV-\YOA (£) OV o 5/p/ S 5 f coliciog dlxo ¢ g 5l yiomins

(otons

oyt ol @l Ll Ao 1L
DOI: https://doi.org/10.22059/ijswr.2026.405920.670047



https://ijswr.ut.ac.ir/
https://ijswr.ut.ac.ir/
mailto:Fakhar.ikiu@gmail.com
mailto:kaviani@eng.ikiu.ac.ir
https://doi.org/10.22059/ijswr.2026.405920.670047
https://doi.org/10.22059/ijswr.2026.405920.670047
https://doi.org/10.22059/ijswr.2026.405920.670047
https://creativecommons.org/licenses/by-nc/4.0/

IPFY o G0 99 dgme 9 SB Cughy (g5l 1 Slgls g )l (ig3s — sole)

-

400
ol oo )5 e GB35 (3L Sl (551 5 Of e sl 2 3 sulS Jsle S lgis 4 (SM) S b
doby 3 Sae slyal (gl S Cosb, 58> oo 9 40 (Ochsner et al., 2013)uiS’ o Wl yoj pdaw 5 (So56)g)n
Glp S cogb, b (Ansari & Deshmukh, 2017) cwl Sls wlislen 5 (5)0liS Sl «(s5glg)dum (53,
L ) 63y 5 G 5 e 55,9 WS ol g ol lie oo ¢ JLSUiS sty dom 5 Ol i (g A8Le om0l
Sloj aceld (i GB3L sl by, 2,0 339 SB cughy 3,90 elaie 4y alise sla 39, (Babaeian et al., 2019) ¢l wre
@lo 2aL)lS (650K g panass 4 & witua S Cogb) (med lp Gl g 38> slagbyy (GPR) cpej 5398 53], 9 (TDR)
O3S 5D (510318 yobo 4y pedle (6553 g 590 ) i Sl Al (sl SusS (Dobriyal et al., 2012) uuS o SoS
(Singh 5445 oo 4Ll dieej oyl 50 o1 1 5308 3 5l (SO lgie & dolas i v 565) 5 L9 co o3litw] S1B Cugls
oS adbaio ol gl |y SB gl bawgio jlade 5lg5 oo dilaie S bl I (65l ;5 daxio glan s puSojlul 4 ST et al., 2023)
slroyed (sl g sl piylo; g A sy labs 0dyinS wlide 53 9 0L (sba g ySojlil 4 il @y jd by ol edlaiwl Lol caiis
o Lulyd plo g (S 955 «SB (Sdgpan 5 (Sosd ool 4 SB o Ol @i el ogMe i o G Y5
(Korres et al., 2015) ol atusly

oy dgate |y (SMC) SB gl iz 2512 5 )llas (g BB ysbo 4 y93 ) lomies (gpskd )3 3] slacd iy
Sloylgale Y game 1) S Cogb, 51 YL zads b sl ez (BDIP) Guos (g5 381 5l oolaiiwl b (g5l pwlidoys o5y ol
5l Lo slaeals jl eslawl [(Fang et al., 2022) S o walyd (65)5liS 5 oo ol (gl (sieus )yl SleMbl 5 a0 )]
Gblie )3 S cugb) (505ll el ) myw g yotuwo @yl Sl cleMbl 350 quyiwd )3 g (Slwyjopm cublE > 4 90
Uil oS wileoly ylis calisee lalllas (Acharya et al., 2021) cuwl ddyo 4 (ygyie (ybgy ol (peicmen g L5 oo w2l )3 03,1uS
(Araya et al., 2021; .5 )b  Suwad lod g jobo 4y S Cusb) b ca199,0k zlgel yiiSly 5 ()l adinds S ol
bl 3985 Ulgs > ) g399,S0ke 493 51 o y93 5l o (slas)yglid alike ¢lgil ke 5> Fathololoumi et al., 2020)
Pl 3 pSede Ol b 4 LlUly cpl WS QL) SB w3 35290 Cagb) ke Wl oo maltas job 4 (S
e ezl BB (el ezt Al el Jlbyet slagiggrSole bl ol pdy oSl lo T 5 St SB o (S Slcs
1S oy ol lgme g wlidipme) S thw (gHlaenl (LS 4 cuus ol cawlus zals L 4 aw Cogb,
&3Mlely YN0 Jus 45 a8 SMAP (Soil Moisture Active Passive) < ,50le .(Entekhabi et al., 2010; Piles et al., 2014)
WS YL cuaS b g 380 6y pddids (peo sloodly Cls i 5 50 SMAP wlialie 38> 3,80 3l ool Gun b s
S 90 SMAP slaosly good 1 odlitwl b yol (ol .l onds &l Jlos jwlpuo 53 oo [ Sabosd (55550 Cunsg ¢ S
(LA_SM) aiy, dibio 9 SB 1515 ¥ mow o0l Joasmo pb 4 (gldoms & cddy) bue 5 SB glaodly Gl pitunw
bl ag5 s Slal I b cdsllas o Jlige (sla s S0jl0l olwl p oxwliel b ¢ Jpame oyl (Reichle et al., 2022) sol>l o
5o yoghS A aSs b b e SB o815 5,0kl Jaame 1 sladl dgup d5ws icmen (Reichle et al., 2017) col 038
Ol sl L 83l jregudly ¢ ybly Jols a5 SMAP I3 jksles .(S. Chan et al., 2017) sl odis s lie! g 04 03l dawgs
oas (gjlulely Yoot Jlo 43 a5 (SMOS) o)lsnle o ygele cpuizman A8 o ool ) YL cd L SB 1S5 Sl sladais Wy
Fogly aygale (nl 98 & pastie dado 5l i3 e b)d aw (6y9d 9 S Cush) Sl Sk loadd Sl Gua 4wl
(Barré et al., .cwl L 5L juilS )8 b (gamgd w3105 G &S ol (MIRAS) las it 1 ooliiw] b g199,55le (51545 9005
235 38 Ll 4 B WS 2559 L SMAP 5 SMOS 454,0le Jlbyue slaodly o Jl> ) L .2008; Font et al., 2013)
T9o9 b (Sl loosls jlJld e 9299 )5le (sboodlsy d9ue sl oliStingl 5l o)l (J> (o 4 Al ol s ST gl
e g,y 5l awy b (J. Han et al., 2018; Peng et al., 2017)sas o yiol38l 1) e8> dap)l plesl b g a8 o odlatul YU
s sy il i (Zhong et al., 2018)loass sty (slolgale S ighy OV game lias Fasy iulisl gl obioss,



(‘:w.?e’ja— u.oj&) VF+D )%M & b)Lowv QY 8,9 ‘ub.j“ Jl&gui oluass VYFY

L TB) pnsgSale (S22t (slod cslools ol 20l Jols o Jlbyé b b g Slo cslnosly olul 1 (liie 208
(Lievens sgi oo ploxl ig399,0le QUjL slmodls (polul o pls (piglysy b SB- Cugls (slaosls (ol (Al L b (idglys)
(GUO et wimd o &yl (6 YL Sl 85 b 5399,Sulo (glbCSLiST ¢ Jlnb pul 5199,Sulo (gl LS b duglio , et al., 2017)
Sloj sy sboodls g (s 4 S5 b (ad bl b g299)S0le bl 2 sl (ials (sla by < Jgene y5b 4 ., 2021)
Jsb 55 (3. Bai etal., 2019) e 0,0 s299,Sele L2S]sik ccloosls 5 (SM) S cusb, b (TB) sy99,5ke (Sanis ) cglos
by 3929 Ll (He etal., 2018) ule o (S el gaw (52 5 (2L by & 3900 yoal el e (SY5b (slas
S gaan &g, 41l slaesls (Millard & Richardson, 2018)5,138 o ,5b Jld 5199,50ke zlgel p odd & paw (5305 9 LS
OB)S Sl 3 bl S 18 adllas 590 S Cughy (bl 3 e slaoely g @lge 4 (Suuw) sl 03515 o 4 (SAR)
L Wl SAR (slaosly b (368 ©jgo @ Sloj o (2Ll & 3,5 <o (Kimetal,, 2017) ¢ alS (idgy 5 gdaw (s3) <151
b (Colliander et al., 2021) cusl ssnlio L SMAP cyjgele 13 0,385 bl Jio Sy 1 odlitl sl oy oSl
logigg 53 Blodls 13 () )50 SMAP S gy CYgase JlSe 2909 (il 38l ln ] (2lagby) Cllas Sl sapwy
(Santi oS wizdlsyy SMAP 5las zausg ilsl 4 48" cuwl a3 S sl (Santi et al., 2021) 4 (Long et al., 2017) lawgs oS
S sl Jse I (Wakigari & Leconte, 2022) iy 50 .cdl cawd ugb; polad 5l je Voo zosg & et al, 2021)
21y8 cpl )3 (oS s Sentinel-1 SAR (claosls 45 03,8 oolisul jioghS V & SMAP ¥ guamme wlie jialS cly olas
pobai 5u1l5 ol SB cogby awyp 4 156 50l sasio YU bl Ggin )d Siddess ddlaio p3 (glde oy gy 5 .cudld
S, 4 e Slgi e Ll ol 3 MODIS § SMAP (glaosls S 5 3l L ool cawsty ulis sl SMAP 3 MODIS
L SSS 1 salazwl (Colliander et al., 2017) s o I8 51 (g)lws (sl caslio €83 b YU 2905 b S cugby Joae
395 4 |y (oynin dogr dacodgize | gyl b ablie 1 Ll Ul s 4 S8 by e glp cpile (6u50L (sla Jao
ol 5 LT oUlgy esle (6,350 (sla s Lol co 30 (Fathololoumi et al., 2020; J. Han et al., 2018) cul 03,5 Cis
FEE 05 sl o 8 s laodls ciliis gl ) o= S Sl S il 5 sy Lalsy 4TS 5 5058
(Xing et al., 4 (Greifeneder et al., 2021) lhwy &5 Slidss ;> .(Adab et al., 2020) 1S o palyd SB Cogb, Judgy
5,509, S (Greifeneder et al., 2021) ciad o lis b dioj cpl 0 1y ouiile (63500 Jos 38 cunl o plocil 2017)
3l oalazwl b 1y S el (Fathololoumi et al., 2020) iagh 0 A8 o (Byro |y YU by b S Cugb, (s)by aiis
B (Jad (19005 9 (RF) (holar R (sl )s8) (odle (6363k sl Jie 9 A-cwsdd (glaodls jl oadgiie slajasls
5 ol 4ty SB cogb, (gildse o 1) 3Slee o yin RF 00,6800 a5 ol olis b)) @l 3,8 wiie  (MLRY)
S oyile o RF (clapi sl b S )5 5 sl yosbas jl Jols (6)55 clayasli 5l oolizal L (Ge et al., 2019) ing},
J3o 2 S RF Juo ol (L s 2 gl iz lag oy SOT58 5 31 (bl 5 (rbaws S gl 359150 41 (ELM) g s
Y b L]y S cagb) (res el RF 02,5801 5 (6558 sl pad b S 5 o5 0l asedie (pizped Conl a2l (655 ELM
ol 9 25l €8> g imgly cnl jl Ban S oo el f cladlate el ) (VX s GBlisl w03 5 2R (e )
S 3 sk I SMAP (clojlgale (slaosly (gilo o) 5l oolitnl b )b cuiS 5 (polyl o (ordaw SB coghy S Slo;
Aot 5 .Cuwl (Random Forest) dslas K cpile (6,u85L SusS (6,554 s MODIS 4 Sentinel-1 SAR sleosls
Slles jlisyge o e lo) Slyis « SMAPs Jgnle S cugby ailjs, coosls 5l odlizul i (Yazdani et al., 2023)
2l gy D BS 090 Jgb 3 SB Cagb) oy (i bt sl &S 15 Lo 350 39,0 (5)lel Kb ) B S
cage AU Pl loj 2 y3b WSy bbige Gl iS4 ol slalo I jlinyge (AL O e g 4l
@3yl plyieds (SiS glaJlo )3 03294 utigmd)l blgl 2 Ol el g 2SS plosl el ] 2 29800 DT e il
oylgnle  Sanis > sled g S cugb, (claodly (Jamei et al.,2020) ingh ) ol odd dvog Ol Cyme yialS cly Sho
loosls 3 s @l 8,5 )5 omwcous 3y90 LEMEB Jas 5 o) sl Sojlul b oyl orésis 5 opé ,3SMOS

1. brightness temperature
2. Multiple linear regression



VWEY o G50 2905 2900 5 S Cugb, (g5ladio 1Ll 5 ,15d (g — (oole)

5 $59liS «(Seolgrien Sllllas ) odlatul Cubll g 039 )l3)05 0 Jgib BB slad 5 caslio (Stusor 5| SMOS S b,

ol 45,5 plo] Jao (St Sgse > B iy slo S5 G gy 5 (sl 50 ol

Bosigs 99190
axdllao 390 03900%
s 290 3o b Pl (938 (il e3gaoe 53 (sladgle )3 (saeje (piz 59y ¢ addllae pl AT TN ey Sl
ol HESa AP+ oS 039y 1S AV dgus JluKe £)l50 JS Corlue s (pgjd cadd 5D JluSe o g cutS ) de e gy ol
025 2P VEIR o (938 (il (N JS) Klosd Bly (938 il (S o) byl (115 53 g)lje ol g ol ST B
dalaie a8l )5 418 Calisee auldl 4l 9> Juolbis 5  SliwdgSdes (gldalaie )3 5 atily jI 505 Job anyd 047V 5 Jlad
sl Siddas 93y S j5boa,

4030 gy 2 ol BB+ oo 3l SB (gl pdiges ¢ g po sloodld (el g S ably gl (550l psliton;
Gl gy lsicds o ptises ol 5| Jols slaodls i plogl VF+ Y il S 0,90 b JlaSo Cartao 5 S )5 Bl &3
ool 2285 )15 oolisl 3)50 ST gl 390 g e tlS AT8 > olas ISt e (et Lol g (a1 dlST 050l
(lgle )3 51 oM (55,3l slaanly cul AS GBS eyl g9 3l adllas )50 glie ST Bl ((Ssd il @l
4l ¥ 3k 5l g)l5e 5l 0,90 o S o g 55 1y 99,5 5 iy ilo (L Y ganms o 1S 5 g2 puiS lai o)) Y oo
€9 9 2bdlyir Cubge g £)lie I < b (55,9liS Cupte 4 bgpe Sl 29 el AL 1l W0 JS (5 L Gres ol
ol 0 &) (V) Jgds 50 gyl bl pian

55555

444444

36000

B N W

2958 G313 Jlae Carias g CudS anlllan 3,90 39008 (il0 Caprdga ) S5

WMo plo b duslis o Joase cpl il (gladgle @) (JuSo Cais g culS ¢S, 50 (£l); odes SV gaz | (S
s Sl B olodls 3 (31l \!9““' aalllas 3)50 adlaie )3 (gladgle ) cuiS bl o YL 5 Slas Lol olisS wiy 0y90 (gl
cL;J))._\A9L5‘a¢>m]a.£|)w4:¢\woL“§d1 Aﬁ})c)}) .Jﬂ;\g&;o C))}«poLodu &})‘9|bolnjq(0)>l91)‘uiwb))9bxsd ID‘.?U] oLo).;



(g — oole) YE+D y92 308 & 8ot DY 893 eyl S o Of Coliiios VYFF

5 U s el S o ol shasle 5 5, ol Sl ol (Y JS5) el e gy VY- VO
SV S i o sl a2 50 i lnoss gy o) o] St (S ol 2 3 4 oS5 e
ol b diy3) 93 Cygots Vo VF N Lolj o 53 Jguamme CulS 00,5 (5yglaen wad 1)) (1) Jgiz o gl (ol cunge
Pl olojre 53 il g oloyss Blgh )3 Cudls oAb plosil i il Vo ditdy (59 2 ol 93 abiold g yio b Ar lacied, (g
Wgad A ely; dabad ya 50 .0 edlatwl HHZ Juo S miwcosh ) olSiws i p yloj ;0 S Cusby (6 050l0l gl céply

ol Conday S Cagby e 031 ¥O ggeme j3 a8 13,5 (¢S 05lul ¢ yie Slwgs Ges > SB cugb,

\
Nz \\‘ i/

NS

\v |
V / R/ ~ /

1’1}7.’;\?;./: ,\i/\ \./" ‘/\ '/'\

ladgle €53 by Sl o ¥ IS

Sl e £95 9 (o532 290 E5l50 (2Bl i CuxBige ) Jgu

as)50 AU Ui Job 2R 4o e &yl g
M1 8- 2 .230 Y8 A AVY o
M2 De Ve oYY Y5 A AVY %
M3 B+ Ve NAY Y& Fey i
M4 b+ Ve X5 Y54 AFA o
M5 D+ Vo XV AY A RIARIN o

SMAP 5,52l
cusb, U (Entekhabi et al., 2010) s Gby Y4V 4915 55 Wb lawss SMAP (Soil Moisture Active Passive) o)lsale
92158 yiegks FAD glis)l b (el 4y S35 Jlae 3 ojlgale cnl ST il |y (e e 93 b (S350 Cumsdg 9 SB (daw
So3l el b ol 1S o onlial L sl b yue g Jlad odizwiaw jl SMAP.LS o (6y9laen |y S5 cugby Sl (slaodly
SB Casb) 3yl 5 2lidyy (sled (5ol (sl Jubp jrogl) 5 S (K5d sla Sy ool o o) e (1Sl
s V¥ S wigle) dw 0 OV qaze pl b SV game (SO Coro 5 (Se B Gl Coge Wodly pl Hlojen cuS 5
Slagnesol 3 (gl dos slaodbl2 Jolds Joae golaw im0 iy o) YoV 2 |y () SS9 Ngd e )] piogls V7
odly g ol Jlad ylieed Jlad e gogdly ¥+ VO (Vo ;0 Jlad )by aBgr 5l o ol Jo (g5l lunod &Y gaze LA 4 4l
(S. K. ol S xS 2o y2 53 O Cano g0+, ¥t dgds S gy (6puS0jll e85 amd o 48l)] yioglS ¥ S L |,

Chan etal., 2016)

MODISsY guamxo ¢ Sentinel-1 glo,lgalo 1 glai

Egman dlbd )by g6 5l g awn byl olas ul3l Copernicus asby, ;I isw Sentinel-1B gSentinel-1A  clao,lsals
YoO¥ 815l ol elwodls g s Gl Y0¥ oyl 3. Sentinel-1A sisb o 5,0lK5 0/F+0 LuilS 3 L C b ,» Jlé (SAR)



IPFD oo (S0 99 dgm 9 S Cugh;y (g5l 1 Slgls g )l (ig3s — sole)

Oamol5,M 30 ()10 pgual Cubll SAR sdistiw g o (550 el ;S joy & sb e pdaw S lojed (615 00 00 Dygeo
Interferometric Wide Swath <l .l e a5 )0 ¥ U Y, oo zlael (il agly 9 5,1 1, VVIVH L HHIHV &840
o Yo g eyl dliel 3 yi0 0 e S5 55 g ool YO 90> g (sliag & Gl (5050905 Sl o i Ll(IW)
ol ol odds 650y 35 MODIS o jlaale goite scSldgy 5l « SMAPSE cugby Y gaxe 5 Sentinel-1 glacoly
534S Wiwn 9l g LAI NDWI LST EVI NDVI plss yeoj pdaws (sl jial)l g alS jibey (slaadls Jols Y g

ol 0us @] (V) gz 5 SV guaseo ol 1S jo Sl 5 (18 sla Sy )b il (185 S Cagb) (gl se g 39l

Lo 51 S 2 Olasuin ol e 4 (659,9 03w 3590 Hguimw Claswin .Y Joua

(R S S ST @08 (39)) (Sloj WS wyud

MODIS MOD13Q1 yio YO \§
MODI15A2H yio Do A

MOD11A2 JEATE 39,
MOD09Q1 yio Do A
MCD12Q1 yio Do -

SMAP E_P_SM_3L Jieshs a Y-y

Sentinel-1 A&B  Pol-Dual - 2LHD-GRD_I AR S—\Y
(DEM) _clis )| pgd, 4 SRTM Topographic Data S Y -

Ol (553 3 (e g 5lwwliio sy by
2y C8> sl ey gy p Ol g 6y padd (gl gl (sl by, ) ookl 93 I Sloris wre sl )l I (S
b poad 4 LS & (gandal 4 <y (Congalton & Green, 2019) 5,8 obj,)l (o5 Shpo & Glg oo |y 0l gabdils
(Rodriguez-Galiano & Chica-cu! duwly 0 oad Jloe! (sanadb jbgy ¢8> 4y aSly o)y  Sitws i (gandals slaodls
(Portal et al., cul o ool S Cugby poss sl calisee Glalllas )3 Cuidse b (RF) Loolas K> 59, Rivas, 2014)
g99y50l SB Cugb) Jpaze cdd 300 4l RF 5 bt wlis Lials 3,50, 5l (Sheng et al., 2019) iags 5> .2023)
9 y (Senanayake et al., 2021) 4 (Park et al., 2015) .5 5" eslatwl S Blyzil o YU Sied 45  oliwd jolaio & ¢ Jld e
Wosly 3,5 s 53 i Slobsy Sl gy 9 ikl JRix slaso oy & edle (5xS3b (s03,S0g) o iy
O3S 5 ol i gy a5 0y il g calyy (ol awyp 4 (Pasolli et al., 2009) 1S o Jos ypp SB Cugb,
Gy 3l g ol bS8 ol (Senyurek et al., 2020) .cuol $ge c5099,le 50 oly 5l (6 K slaodly 5l S gl
28l G iacoloy B 4 90,8 odatl oylsale yr tiee 593 ) o (SlacspSolul I SB Cushy oS (sl ndle
o3litl by (3l e (52l (b (S gans Coglo) 35 €53 (BT 055 5 5935 tomies il (o pite 15U gy 2 pslateds
gl (slade gosmo youis 3 Jdo 3, Sdas duslie Bua b gy sliw pl 0,5 sl (Random Forest) slay [Sis vi,65) 5l
&S Jls y> s Bai et al. (2019) yiagh 50 oddddl)] slacuS 5 g (e CaunsS (So0jluw guis o Slodd a5 (63959 (sl yuiie |
SUIY gz 3 it (gla o jl odlital azgi g g2l 0 Slije sl 3l Jhmgh St 5 o] ) slinug (i (g2l
L0338 iy S sl &)l S5 el 4 S plonl ol @) 555 baes )3 (pun S oll 0l plonil gy L cal 0ad
(oo clame ] S o oml)3 1) Gl g lgm 5 Ol pulidinee) S sloosls Jelows g (31l ISl &S el 1 (e
3 odae 02 99y 2 o SlapiyeNl Gl el 5 oo 4 iy ba)lpl senids (lojlgalo o3l (slads gorte 4 @y
lrosly 38> g 03yt Judow Sl ¢ imghy cpl 53 ol @)l 565 51 ealaiwl il o woly8 e mle 4 jlo e 1) aodl
Sloslanle (glaosly o315 i Gl 03,8 SaS YU s o g B b calises (glagsylow (g1l g (cungidS & 503, pal,8 1) SIS



(‘:w.é’}’— ‘:D.LG) VF+D )%M & b)Lowv QY 8,9 ‘ub.j“ Jl&gui oluasy VYFS

25 g (5lo3 (slaodls 3y, lnosls JlSe aoh 5 el g oS sl s Jlael el slo Juy Bl ol
59 oo 9l o NDWI [asls s ] sl (Stil yslas 5 LAL EVI (NDVI ol alS sy slasasls o(LST)
5yl 5] g SENLINEI-1 (GOWV) (gyl5], celiosls 1335 duuwlins a0 prlans 3L (el S5g o sy Ly ales psliieas
Sty Wosls (goles 30 5l €165 ) (gnghy Jao 31 s 5 £ Jols (31, Ssu55 (sloeitio 28,5 1,8 eslial 50 S stogyd,
sokaieds ¢ Sloj Has 516 5ls, Google Earth Engine luse 53 5 00 (615 paiges b S yide SlSe a8l 9 Slaiee piww
& Oygo pdy A odliiwl Sy (ileilejen 3,5, 5l csloylarle slaodiziis wilite Jlaalie ylg 5l il Seal ialS
Sl g 8 dlore Sloj (1Slee VL Sloj Jlg5 b (alwosly (gl ad g S yidie Sloj slaojl ) (639)9 Sl e (olod
ey slosls o pleol ISl gy ol )8 Bl o3l (f eatles plgisay Sloj eanlite 1 5S35 a8 il b almedls
Caghy pess 85 p dilisco sl piste oS 5 36 (gwy sebatods 0l Gl3El ) ple 6550k (slate ol 9 03,5 wal3 )
slopiie Sl (b ©jg0t SB Cugh) dagy )l (] 308 2k (Bolad S wi)oS (e (Sle e oyl (RS (S
ol 5l lacseze dbul g Wosly I dolal (g)b paiges | edlaiwl L dolay s Jao 008 (g5l Sl calite (6399
5 0ol s geme 93 43 Lodld 3)F Jao rest bl Gl 5 (3jlngte el sl i3l cul s odls (Bj5el (65 wpenad
s Sy (eS0lie 4y (R) Kiosad gy Jol el (slo sl J oolisl b UnJas 3,Slae 5 503 s 2xia ]
S5l 53 0o (BS0295 5 5Ly (sl (139381 4 3y (LS Ao (glagy s dwolie Sl Jol> gls i (2L (RMSE)

D) SB maw Cugby (gilw wlio sy <8 dou0 50 29 BB Lids RFs

ORRe3 ol 53 o Ly pai gy lw Y Jgaa

PrgLioe Jde dolee Zio
\ SM = RF,(LST, NDVI) Bai et al. (2019)
Y SM = RF,(LST, NDVI, ¢’vv) Bai et al. (2019)
Y SM = RF;(LST, NDVI, elevation) Bai et al. (2019)
¥ SM = RF,(LST, NDVI, elevation, ¢°vv) Bai et al. (2019)
3 SM = RF5(LST, NDVI, EVI, NDWI, LALI, albedo) Bai et al. (2019)
5 SM = RF4(LST, NDVI, EVI, NDWI, LAI, Land Bai et j] aily oS 5) pols Limgl slaiih oo,k

. 0
Cover, elevation, albedo, slope, "vv) al., 2019; Paloscia et al., 2013; Fang et al., 2022)

OlSal b loss o], Bai et al. (2019) ings 5 csoleiin sl pite S 5 ol RFs b RF1 Cou (530l g
Llaidly dswgi glals o Oygody bagyjlo pl e waly8 dalllae dyge ddlaie ;3 Juo (B le bl g s eulie duslis
5 58 sl Sbles Glsieas NDVI alS sy (asls 5 (LST) (e o (slod Jolis iy (sl it il 5 (s psbony
OB (Bl 9295 Sl yuite 9 (GOWV) ()loly (iS5l 0315 (139381 L s ilod 48 S jlai 53 (LS Jubey (s Cumdg 9 (35
lasgerme « RFs o)l 3 sl oad (g SB Cusboy (10035 3900 > S e (SRl g (e o (S35 sl Sy
B 9 55 Cdyb ol ol Cundg b Lo o SlEMLI L Ao 039331 Jio 4 (o (655l 9 (AL (iudsy (oSS sl a3 s
258 bd (el ©ygotr (e gaw (o2 il 9

2 ogMe gl cul 3 ol oad ) addllan ol Sy 9 Ot SRR I Sl Clgisdr (RF6) iid (g5l
€85 5l g ol Gidgl 6 )8 SleMbl g BlS e sl yiie «5)bly soodls ()l 5 (Sl He3ilten sl e
didey 41 olitod § SB o Caglo) (IS 055 5 (o388 st olse lojed 8T i)l eqlis il (S 5l Bam lors
ol 039y goie S Lol pd > Jae gyl 5 D

ol 0 0313 Lioled S gl 59l (g lw (lynl SIS nlpe 5 oles ¥ S5 5



VY o G50 2909 2900 5 S Cugb, (g5ladio 1l 5 ,15d (g3 — (oole)

————————————————————————— —

, N
’ ® \

google varth engine

O i SMAP SM I 9 km input variables I

-~
-

. - - — - — . ——————— e — o a——

hRg3 Pl Wy ©)lagld Y USLS

o g e
aSamd o Ui ool Cowd 4y gla 293 05 a3l SMAP 3lie g g2 jliw yo 5 Jols polie wyp 0 imgh 5l comd opl )
LST asls g3 pogdle pgd goyliw 3 a8 Jbs ;5 cwwl R%=0.51 Ll SMAP I Jols pdlie b ) goyliw )3 (Stnod 50
b1y ool 00 SMAP j3lie 5 Y g0yl Juols pdlie  Swsed ()lire (yiol33] coogo a5 cnl o 4l 6% yel )l NDVI
G 1y 05 oo 5ly8 wyiwd ;3 S Cogby g S (S38 sl Sg il g OleMbl g )bly QUL cnd eyl us asls]
SlaShp & s 3 Sl cul 2yl (Ko 35 o 8Ly (e a1 oly U o 3L liee 4 Ysano (553 LU
Ao 00w yealyb 3l oalil b ao)ly (S (2LS (idg 4 bgyye Glasgas plo g Cogb) lime « S 3l aile e pdaw
4 Ygoro ol 3,8 oolit] SB cugby @l sl ()L lgie ay ccilises bl 13 g oloy Job p3 (ylsly bk elpess
Sy 3939 pae | U W3 o fodge pl e sl a2l SMAP polio b Y gy )l G 4 (64108  Stanons R?=0.62 ,luso
@l @Yb S ) maw a5 1) €ds el g i SRTM alis ol o5 (6psbay il adaio paw )3 3L 5 (215
solyl o8 55U conylim cpl 33 Woml (Siuwad 3935 LY 51 (S plplo ccunl 030> ik pdaue 63945t Cuwl 03l olaid] 245
Gl yasli abadlsl b oS Wi jasuie 0 gyl ple Slpss oy 53 0,8 o)lil SB cogb wlyuss > ELEVATION
¥ ogylus b duolie 13 0 gl  Siuwod im0 a5 (5y5b a4 Canl aBl 20]58] o35l opl (Suwed l500 Albedo 4 LAl EVI
cilisee Jolse ,.)L» ot g Cunl oy (LAL Sy o adlis g SB Cogby oo dasly ccaol aily (ioli8l as s Yoo ol &
polie b oY (Sisen 9 blo)l Sy pdaw (2 ls a8 cunl ooy lis oad pol (gla ig s 5l calisee (gbo w055 o0 )8
Cugby oy 29 JB (Siwwen 93 ,» (Hoek van Dijke et al., 2020; Rahman et al., 2022) 45 ¢ )sb 4 51> S cogbs,
S yxio g ey (BLS gy et bayusie oyl Syidie Cds aS ol L lal js oS widl (LAL) Sy pdew sl g S
a Sligios 10,8 o)l gadl & lgicoe sl cal 23 (Siuan (ie Gl 5 Sse slo el oo jl i oo S5 |y

9o sl 8IS & e ST 5V o) s amdpo i |y il 5 S Caghy i e (Siusad Sy pahie b
98 A8 oo W) (xaw Ll ganl 3 ene i SB cugby a5 Ll «Sis gl )3 039 4 alal, ol (Yang et al., 2020)
e Conl atily lojen yob 4 00 el g ol)) )l AdE emmen (63)lge i ALl &S el atily |y Siusen

S Gioliel ) Siues



(‘:w.é’}’— u.oj&) VF+D )%M & b)Lowv QY 8,9 ‘ub.j“ Jl&gui oluass YYFA

y=09443% + 00173
] RF-1 “1° Re=06528 RF-4
7 [ =05469% +0.0352 %
S| R=0313 2]
g g
“ s
- —
Z ° = S
L3 @
0 r T T r 0 r T T T
’ “ (sMaP)emifmt ’ % (sMaP)em¥bn: %
04 Jy=09269% +0.0115 2o | ¥=1.0162% + 0.0076
- R*=0.8530 RF-2 . R?=0.0588 RF-5
g o
2 2
: :
g o
E E
n @
D @ 2 7 1, 3 2 ’ ' ' y -
7 (SMAP) clote’ i | ’ % (SMAP) cm/ém? P
+] v=00281x+ 00007 os | y=1.0081x + 0.0038
0 17 Rz 06203 RF-3 . R?=0.0802 RF-6
g g
a2 2]
: i
P ° =
B4 6
o T T T T 0 T T "
’ Y (sMaAP)emi® ’ % Map) el %

FoghS A pldo ;5 (o) 1 290 53 )liaw i 9 SMAP S8 Cugb ) (Simmod (o 3 K SISO

Srdises 5 polis duslie 5 wyp & dwoj (S0l b ol (i yai (slags liw (sla 59y 8D g wyp yeliio 4 Aol
RF5 gl RFB gl 1 an ool aily 1)  Siusor 500 o yidis RMSE=0.04 4§ R=0.97 )liss L RF6 o ,lus (M1)

gyl 3 (a3ll ool &5 wad o (L Bllae (glad (Sl (aSLE gy 035 JIy55 50 (2 VL (Siwsen JIR=0.96 )luio
g2l 45 315 LS 5 syt 3990 130 5 gy ki pol syt ol il |, golibe ol MBE= 0.10 jlaée | RF2 4 RF1
Sygb 4 A 1395 2 (Starad Glise (35168 SIRFL g2l filie )3 0390 [l |y (Staon (le0 (il £)l50 (obos > RF6
oyl 5 (St olise Lialsdl LY ales 5 ool RZ0.40 Ll RFL goylis Stused olie (M5) 8 ac o 5 oS
o aizl,s (Ines et al., 2013) _tagh 5 1yj 3,5 o)l ol 6,8 ads g LAl jasls 3459 4 s |, RF6 o RF5
S g dgute |y )3 Jgame 3)Slos (Snsing 6597 Jl piorie loadd jl ekl b S pdaw (adld 5 S Cugb) (55501l
xS Al izman 9 3,1 ygjlel 3l ddlaie Sy 53 Sy s (e lE L) (Stsed 02 5sg8 SB Cugb) o a8l > dmgd )
56 (Qiu et al., 2001) am> il53l Jod bl sl |y S cugby gyl jl ond 3y5lp slaosls cds coul azuily o))
a3 ooliol il 4 55 43 5,8 lolid |y ST by Sl 6y i 2 iS55 5 o lS Alo ¢ oo (slo sl
2 S Casb) )5l 50 (a2 B 80 5 ) Clilas (Bl (idgy 0 sbe Clds b CasgST 5 (g5 slaels )3 Sl o)l
RMSE=0.05 (R=0.99  Stuused gy L (M5) 8 e y50 13 RF6 gyl a5 L5 sy 3390 5150 53 lagy s 51 Sy ooy



VFFA o G0 2905 2900 5 S Cugb, (g5ladie 1Ll 5 ,l5d (g3 — (oole)

Joges a d2g8 b Gpzmed sl ALY (g 3)90 Eilie 5 geyliw e 3 1) €83 (VL 5 (Ntrer (3 yui MBE=-0.03
5 (RFB) b (RFL)cgjlopoliiony slgsslins oles lyuais B9y « (M3)pguw 430 53 &S 395 oo odnlia ((8) US55 ol
b Baes lgiion |y oy (39 ol oaalie bagy s r (oo i il ol 3 Sl )3 S o G el 55
I G 95 51 oolitl 350 ()l s pgos 45350 53 s 150 s & Cand pges 4850 (Sl s £95 5> gl
Cagby (o (Kanl alS a3 g 40 )jo gaw 3 Ol SIS mig 4 e o Cusl og Slite () JLib 5 (b
b gxie (apn GRlBl g dltte ladie (295 3 2lKen cel agb) S b GRSl oS SK
Ji> 2 Lol o odlisol oo (5 kel s 1 425145 )50 ol o e Jlie o sl o a0l )3 (S3lopsliigs (sl )l
4530 s 3 SB Cush, 5 0365 C8leiSy O g5 e 30 Cy o § S Bl 4> Ol (oo s (5)lgenli doglas b ) B
9> 9 ) Ll Jglate Camlus (63959 (sl ol b Cuns o U Cuwl 005 s (iKedl ol ] 099 0l ye (g5 Jlwsi b
Foe el Jolse | Gl @igh (BI5Se 5 ol s £ 45 amd o (L3 gl (IS gty i3l a2 gy (2T o0 5l loga )l
» (RFB) b (RF1)cakise (clngs liw (39,5 Coolds picmods Cal (glac o wlidie 1> S cugby 3)5lp (slaJdo €83 g  Siumen
J S iy gl e o (dame sl Shy 9 92l 2 (939)5 Sloiite oS5 > Sl (3L g ) ean 350 E)l5
b e S8y s yol (ol 9 8> ST gy p 50 Jolge &) S Sgliste Sl w03litnl 3)90 (gl puiite g9 (polsl 2 lagyUiao
L « (LST) o5 g (slod s 39100 sl ol o5 RF3 o RF2 RFL a) (sligylins 55 sl o5 il slSo Ll )3
o b1y S cogloy (S s 15,08 e oyl .ol 0 48,5 IS4, (Elevation) glis,l s)lge 5 15 9 (NDVI) 2lS i
Kimd o )] 88> guwl it gylol Ll > cglas b Sl 3 s Vb SKe Keal (s 45 o)l 5 Lol cimd prds
i oo (g S]] SIS 208 gl Ll 5 i iy oo 4 (M) 5 (ML) 55 5o 5 5,00
(NDWI) ¢ (EVI) ik (glo sl sl LLaS5 clayuita 5| RFE 5 RF5 1tlo ot (slagyylio 5 ( blio 3. 395 0 otnliie
i (el e ol Ui ) sl o o2zl COVET LANG 3l (6 )18 s 5 (£165,) 5 can) L3, 0230 sl yzol s (LAI)
) ol Coppte k5 1 SMB - ile o i 3 (S (e 4 D o GIEI ST gl 5 b sla Sy o (a3 d by,
(S gk 4258 o oo Vb (e b g o Wagy s 13y sl J1ay05 0 65V (5l J) (oo Ll g (edlyisy JLad L
Lolys @ la]  Souly e 9 Jdo (slaedgyg po cogles =) tcawl ol Jolo aw jI b calisee g)l50 50 gyl 3,Shee 3V
bl 4 a8 Jidy (slapasls gl Cgla-¥ (SB il 5 )b £5 ) 86 SB Cogb) SIS (el -Y (i g (o

sl 430 g (e g (ould

RF1-RF6 (gLgs U jd 4530 gy 53 oo (wlido 31, S Cugb,y (5,bol (b yad Ll gl dmg e .V Joua

MAE RMSE  NRMSE R  MBE MAE RMSE NRMSE R MBE
M1 RF6 ..y ofo¥ AT Ay -..y M3 RF6 ooy ooy V¥ -[aA ooy
RFS A N Y. NLV IR RFS oy oy AN [as [y
RF4 /A Y -[o¥ JM ]S RF4 o[y oo A NN ey
RF3  ./yy Y ¥ias N =]y RF3 NN WAL /¥ A I Y 4
RF2 N NN - IvY VA —e]es RF2 [0 |5 - IvY JAY =¥
RF1 .. Y oFY JEE =]y RF1 . Y NG Jos =y
M2  RF6 .5 oD <Y AN A M4 RF6 R Rt NAYS AYe R
RF5 /.5 o] <IvE AE e RFS oy ooy <Y <120 /ey
RF4 /.5 /oA -/yv Al =¥ RF4 ofo¥ oo IV N ey
RF3 NN NN vy AY e RF3 [0 |5 -Iys I A
RF2 )y ¥ /¥ OYE A RF2 [0 [0 YN IS
RF1 /¢ Y /¥ JEE =W RF1 ooy /A AR VY oY
M5 RF6 R b Y4 AR YR
RFS /.y o[- AT a5
RF4 .. e <Ay Ay )
RF3  ./.q <IN A «Ivo [y
RF2 /A e NI -1AD e

RF1 .. <Y -5 </ — /¥




(oigss — oole) YF+D 492 y0d & 8ylows DY 893 eyl ST g ol Wolidios 1¥D+

“gpe ® RF6 "gos ok
& - . RF6
g s RF4 ge
g S - RF4
* + RFS a -
E - g + RF3
o - RF3 R 3
"’U.~ £.= - RF3
é‘ = RF2 5 - RE2
L « RFI ¥ BEl
@ (Boil Mbisture Measlred) &mi/cm™ i 2 (Soil Moisturé Meastred) dn’/cm? 2
7 ® RF¢ - \
g M4 ’ g N3 * B¥S
g s RF4 ‘Ho a RF4
(=]
5 = S .
%.4 / « RF5 §4 RFS
<
it . - RF3 Bo - RF3
S Y S )
G * . = RF2 Be = RF2
= = = = <
(=] & k=]
e e« RFI 2 « RFI
?  (SoilMoisture Méasure®) cm3fem® % %> ?  (SofrMoifture Measuréd) cm¥em’ % 2
'3 e RF6
B + RF4
<
= + RFS
= -
B -
S - RF
v,
g = RF2
[=]
e e RFI

Q
Q

(So1 Moisture Méasured) cm¥em?

05 Ly a5 (G gy )luw )3 gl So U (glw wlilo sy 9 48550 )3 o (S 01T S Caghy (SuS1y log05 O JSud

bl jolaieds i plodl (o) paiged dlai pin 43 g glalal Oyl s e g SIS a0 S Cugby Slae sla s S0l
bl > sndgypSojlil SB Cogby polie pwSlo cyoghsS V S S L SMAP glojloals (slaodly b uoj (slrosl
L glejmn 5 slojg> gty baislopaiges o 43S jlas )5 JBlite JuSy 3 S Cugh) oaisles plgisds 4y 0 ()l piges
b duslio gl Juols loj (s g b plol prolipes 5 CansST (Vg (slacle (o SMAP (glaosls uyiod ) (Sloj slaojl
SB cugby polie 1S0ke ioglS VS S8 L SMAP claodly b anslio jolaiods .04 00l x195 ds)je pdaw o
A 001y Baudai (glolanle (slaodly Sloj (g b g 8,8 ploul (VF+ ) liwnl) yd by 090 (b Sian
Cogby Olyoss awyyp e Gioles Jod bl ol ]y S ughy il s cuwl diwsles SMAP o jlsale sad oo ol by )
b 3 68 sy &yl Bl GBI o 5500 4 0l 25, GBI L S Cagloy olive o m o i g3 poled 5 S
bl Gl 55 SB Cugh) i (355 5 w55 Oliee LRl g oS A8y LRlSIL gy 4 SEP g AUG Ul g 2 3590 slaole
Ol Ol 4yl ey i dnsgs 9 55 05 QI L 2> 5y g s lp ol 5l )b ) Jad ok o 15l
2590 El3e (olad 3 &S am3 o L5 SMAP Lawsgs o 39l 1 y23lie s il o el gyds 4 ST gl oo g b 0
wolleo 1o U1y osds (65503l S Cogby Ol pusd gy Cowl dinilys oads wlide 33y SMAP &S a2 o i M1 as 50 0 S



IFDY o (Gl £909 S99 SB- Caghy (gjladio 1 Sl 9 )15 (g3 — sole)
e 35 M5 g M4 M3 g)l50 oy 55 ol a2ild (63,91 o8 7Y (im0 0 SMAP Jul olo j> a5 (6y9bo 4 am> g
i ol ol o (635910 05 b 0l ol sy SMAP Lauwsgs 0 3590y 23lie AUQ sle baslgl b S 095 (clisl 5l a8 wis
ol 650505l polie L SMAP Lawgs oais 359l Caghy 45 650k 4 sl M3 d 50 p3 S 0,93 315l )3 bigspo S| l500
1 SMAP Lug SB cogby oylie 3y5l5 ;0 NDVI jaslis 1 oslitul gl wyp 40 g )3 ol 0392 0l po (635913 o b
NDVI a3 ls 5l eslisl 48 sl lis ous plos] gla o)y i plosl 15,15 1) alisee alS by o515 45 las 5l cilises 5blie
2LS Gibyy Db a5l G 003 205 4 NDVI (el jloslitl 15 g0 S Cogb)y (625l ot el (2o 4

(Fanetal., 2020) 5,5 o 00550 |y e (505 Sl )il g 005 0 Y5 j5 1,

1 1
M] - Zod Moiture Mazmured M2 o Zod Mokture Messured
s — ==« SMAP lim ¢ s — = SMAP lim
E . —
= . E
2 a % Eos
8 o T
S =
“ 3 . . 2 B g
- =G -—— - - — ==
= LS s = e - - =
[ _-—‘-l"" .‘."“.‘_ @ g "- -. @
¥ g2 4 - R -
al ” L] - L @
- el -~ 0
] N N N N
¢ ¢ e o W &
a‘a o o b i ® & 2 > > >
h N A o : o o . ; ?
o o SDayofyear & & S W si')ay of yesr o J &
¥ N ¥ & v 3 &) K 1 P
1 1
M3 o Sal Mokt Mezzurzd | 0g | M4 8 501 Mobture Mamured == ==« SMAP |
@ 08 = = s SMAP lkm .
£ :
K] N
IR - - - S ¥4
= 'E‘ o s S = ® a-.— - - 2
Elﬁl. .___,.._/ =2L .‘—__.-;-s“_ —— - -
1] = - ® y 2~ e ¢
0 - 0
Pt & v A o s e 2 o K, K, o o
L 7 P < ; W o o 2 i g 2 >
i N A ) 1 B 2 2 a
S 3 & I ¥ ¥ & b s ¥
W & ~ Day of yeay o & o Day of yeat' o o
o " o . & &
‘ 1
5 o= 50il Moisture Measured == == «SNAP lkm
o os |MD
-
= ﬁ
£
- 0.6
52 A~ o
= 'E 04 ° / e~ _
— -~ .f -~
v -
” -
{g = 02 ¢ Y e _ ._ - : - :
0
e " A A O e
> ol ‘:Sl?a.v of year :?} Pl &
N rd & & & &
¥ .\) b b o =
{‘; 4 \\f- A'bf- \Q '\,h"

SMAP 1km buwgi 00wd 859151 9 3lo U oy dunlio g (owyp 3590 £)150 45 00w (6 503101 S Cugb,y Sloj (6w yld905 & JSW
o ol )

0593 (slal > g o JETMAY slo jl > S aSiy) 4y da g5 b .ol 0397 520 NDVI 30 ¢ 6LS e o515 092 o5 S

¥ g0 5l ol Hlade g ool lis iulidl w9y 6 (LA Sy o a3l NDVI il 38 b oo jen ol a8l )58 Sep olo
e Sladllas )d 0ad 45155 20l b a8 Canl oduuwy yrolivw olo ;35 51 i 4 &gl olo jo
peitane yobods LAL gNDVI (clay yasls a5 bl 5l 5 039 LS Jidgr (50,05 dmags ,S5ks @l s opl.(Sotoude Nia, 2016)
o Jio > S gy 35l dgu80 1> (SloAS s S 3950 ] it Jhe (05w (551 SVl 5 5y

Al sl cpidle (6,,80L e



(Lorigs — oole) YE+ D 90,005 & 0o DY 2,93 eyl S 5 Of oligios VYOY

NDVI
I High: 0834

L Low:-0.1982

axdllao 3590 8395w (0 S Cugb, b)gix 33 yige b ad Ll Ol pudd Mgy Y IS

Syt by lyad sl ) o 130 o5 edllan 390 (slaolo 13 (LST) () s (slod Slyests g 05 (53 I
03 G5 (e s sla e Sloyins g cinosi sl LST g NDVI s Laly) 4] &) 4355 b 5 o ueis LAI 4 NDVI
—Soid blyd s olesjl oSKel Random Forest Juie dswgs po b jadlis ol 5l olojen edlawwl « (Han et al., 2006) ol
Cal 00D yomie byl Slaga )l )3 Jio 3)Shos dgut0 41 5 03,5 wal3 1) (o) aw (S
Sy o ol 825 0305 Loles SMAP ojlsnls 5 ol JSix slabsy obol p SB Cugby @i A JS3 5
O&el (gyi0slS A ol JuSlo 09 Ly Juds 4 SMAP o)lgale ol 5 S Cogby a5 wad o lis S cugby @l s
ooy Olyess B9y (i U Slgs o 00 (i yo5 (glagyyliw 11 @)l cuslio Sl SS&5 4 1) So 68 £)l50 Sluss Koy iuled
on 290 Bl (oo > SB Cagb) lise &5 am3 o0 Lt SMAP o)lgale I ol podlie (o) oS (5ol ed ales
Cagh) Ol Sl oo gyl () 45 0 (asedio 00d Chapai laga b (g )3 bl 35800 ol |y (31585 5 ol (s)lade
23 o His o wlide sy SMAP ulul 1 S Cogby e @l (a9 duslio ad sl |y calises g)l50 SB o
ol bl yrgal &S pl gl b aed Ginled 0gd 4 S Cugby (SIS Ol i gy Cunl dtuiles ol wlie sy SMAP &
Gl e (LS gy o515 g (68 0y W sl SEP ole 4y bgy o o (ol 52) SMAP 5 003 iy 15 (sl sl (61
ol Wless Wgy Cunl dtuily )8 RFL g5l o5 ob lis SB cugby Olpusd 89y (awoyp g 0 SB Cagby liue
o)yl 1 S Cugby 13lie 3,91 3 RFL g5l g 0392 ol e (635910 o5 b ol 5 Jeols polie Lol iS” s S5 a0 1) (65,9l



VYOY oo 50 £ 2900 5 S Cugb, (g5ludio 1l 5 ,l5d (g3 — (oole)

obide ) (e sl Yomr) Ges ;> S cusby dyglp aidgh a5 Canl Jboyd cpl ccowl 039 4005 5 oS CBd I calise
(X. Bai col 039 juol Casibgo ey ()6 Jloud gt 43539, dgn CawndVl ;5 LST 9 NDVI (claodly I osliul b (gladlaie
SB Cogby olie 4 1) 65005 ks RFL gl Cons 4 g5l opl &5 s> 0 Lis 35 RF2 45l o)y £t al., 2020)
o2l 3 YU Sl 5 Sl oy by (xdaw SB cugby SbsL oKel Sentinel-1 1l ysglas 1,5 )1y SMAP o Jsals 5| fols
s aly SB cosb) Gl SlKe xjg5 3 gyl 93 (pl &5 W o WS 35 RF4 3 RF3 ol (Gao etal., 2017) 1S o
ol 208 2o )3 VY lime 4 RF2 s 4 RF3 g5 )l 13 (M2) a0 13 00 3,90 5 Cargloy e 457 (60 4 Canol 03105 ol
@l sy 290 £l ) gyl (pl &5 423 o0 (LI RFB 5 RFS (slagyjliw (olul yy SB cush) lpnts SSe 2358 (y 2

21> SMAP-1KM Luwgs ol ¢l polie a1y (Sod3

SMAP SMAPF lkm REF-1

SM (ecm3/ecm3)

. High : 0.45

— Low : 0.02

0 510 20 30 40
— ~ e [ilomieters

SMAP 5,lgalo 5 b Ciy y25 (SWgs b (wleo! y1 SB Caggby Ko Ol pards (ST oy 2 AJSUS

rdaw slod i a3l S coghy 359l )3 wyp 3590 slayal)b g o jadls | S ya  Siuwed pwyp 4 A S5 )

SB Cugby ot lp e pa3lE 4 st 4 g 398 o0 g S Cusb) (o )3 wree s yell 5l (S (LST) (e
dod (al381 L 1y5 a8l andls S Caghy o (9945 s 5830 SI 0 e aws (glod D900 o Jgb 1 o Sl Jeloo
@ wilgi el ol S Cogb) alS b sl SialS S cogb) a0 5 Wl e Gl (e s S (gt 30—
am3 0 i 01 Pl (gl gy pskale (et 4 b (RIS o] Anwgi g M) a3 S Gl SB 1) O B 5
Sadls g (pej gaw slod e (Stuod (5o (o) Col Al 1) (Stunson (pyitin R=-0.98 (520 LLST adls oS
5 Se b LST adla b1, oYU Staad ok suyy slopasls oles &S ol Lt LAI g NDTI NDVI _alS s,
oy > oS (e e slod GLIBIL 1 sl (LS by 2 )l S LST 9 NDVI (adls o (ite (Stren Jle
g M pialS dilaie )3 (LS by i )3 9b (AL oDl g M)y RS el Wl o a5 855 (0 )5 (Sl b
9 SB maw | Gl y5es e e (slod (]38l L izen (Jagadish et al., 2021) d4i 0 NDVI 23l jlade yialS Coge
» Foe Jele 503 5l 298 (AL dsy (lise 4 3 9 NDVI ials” el Sl o e () 9 48 (o0 Iy Sl 3 (LS
b 155058 0)lal ol (Sufgleid s 4y o) aw slod g (LS by lapadld G > (e (Staren (i



(g — oole) YE+D y92 308 & 8ot DY 893 eyl S o O Coliiios VYOF

dg oo 2L CooMw ¢ Ay ialS (o alS sriwed culld jals cel oS Wb o GialS jls o Yals Ly il
25 51,8 293 ool )3 R?=-0.94  Siued oo lade L Albedo asls LST asls jl ae (Ruiz - Vera et al., 2015)
5 byal)l o 3 )l SB cugb, polie b1y (g)bline ( Stuwen P<0.05 5 R?=0.88 laie b 35 (LAI) Sp maw adli

b adllas 3)g0 ddlaio )0 Ol Cund Ay s D939 pas I SU

1
BN X X X X 0
0.8
o - @ Q@@ X
0.6
NDVI 0.85 -0.81 NDVI ‘ ‘ ‘ * ‘
04
LAl | 0.88 -0.86 0.86 LAl . ‘ .
0.2
ALBEDO | -0.94 0.89 -0.76  -0.85 ALBEDO ‘ . ‘
0
NDWI | 0.82 -0.80 0.71 0.72 -0.78  NDWI ‘ R
- -0.2
RADAR RADAR .
—-0.4
Slope Slope
-0.6
DEM [ 0.76 -0.79 -0.67 0.65 -0.51 DEM *
-0.8
LandCover | 0.74 -0.77 0.67 0.74 -0.55 LandCove
-1
D A XN N O N < & IS &
B 7 S g &Q? éo“‘A ng‘? R N ,\\bc‘é
v >
%
* p<=0.05
odliwl 3,90 (5 yol )b g L Has LG 9 SMAP 1km I Jols S Cugb, Jlaile o (Susod A JSUS
S 5 Ao

(Gl (S5lg)tm 2,18 (sladsly (sl 9 A8 o is] (pn0) o 5 (SeSslem (sloan]yd o e )3 cere 1B ST g,
(55 LS s ol bl oo (JUSts dgn g T (st slp S Cagb) Gl ol Sl (lidlon g 65)5LiS
15)9 sodly S5 b osds wlideysy SMAP slaodly g (glp () oplplo )l Cuad] LW 5l (6,38 5 3y 5 puoed
5 cuiS G0 &)l 039ae > S ddaw Cagby )5l lanl 3 11 b @l RF S5 ol 53 SAR (claosls b jo,8 9l
aSo) 4 dngr b oly LS odel o dy (sla 39,3 awyp b a3y i0gkS A gy 3 SMAP o)lgale bl p JSe cais
SB Cusby gy & (ble gy (S 8> gl 2l 4l ply 28b e s peokS A Sl plo JuS <)l SMAP 5 leale
gl y5 olilyy S Cagh) () jshaie (e 4y W s Ganlio A3l oo Comnl ) Sl S8 5 i L
5 (RF) (oolas S b9y (bl il gl (il gy ol ) clplis A sl 0ad b o) SMAP 5 Ciliee
Souan (530 L i 4 RFS 9 RFB (glogy s o s o (i oel oy (sl 298 (o0 0 i poi cilies (sl jad L
lngs o b SMAP sl Sy ( Simsad iyt §] cpot 0 |y (Ko cypyiies SMAP slnosls L R=0.95 5 R=0.98
WD Al odd iy glagy )l Sl Suyn g ey 3)90 45 e gyl o Culby (sladigel (Stued (gwp & 0D iy e
i (MB) 0 de )50 13 a5 (g yob Mt JI3,65 1 Samed ljso oy yieS I RFL g5l a5 3l L5 el cawd 4 (sla 9,5
e s RZ0.99  Stumods oy b (M5) d ey 30 33 RF6 goylis &8 Jloys sconl R=0.40 b plyy RFL gl  Siusans
2 6% 5 Land Cover LAI (sla sl 39m5 s & RFB gyl (oYl Ktsen e 45 coul Joygip |y 53 5 St
SB Casby Ol (Koo ()32 )3 &5 (Gysb 4 Cal 0ad o5 o)l )3 SB Cagbo) (e <85 (al3dl 136 5 (lojan yobo



YYD .. (S0 £9d9 S 9 SB Cugh;y (g5l 1 Slgls g )l (ig3s — sole)

o] g aslio €83 2112 L5 &S sl A b s LA (a3l b S gl  Stumat oo &5 15 oo LAL jasli |
a1 gy s 1S53 4y s RFB 5 RF5 g5,lias 95 il yliy sl dalllns 590 dilaie )3 S Caghs, olimo 3,00 )3 asls ol (Yl
Slgs oo pol gl gls ool cplply wisls (lis (wej SleMbl 4 5ls g |y Slise lidie 13 SB Cugbo) Ol (55
oy <38 ol @S iy 4 p2 ol (sl bl (9,08 g LiSal, ol 5 S gy M il il o) die
Sy L o9 oy Olie (oo 5 ame Lulid )3 490 5l o slaosly 5 ST sy e bl )l eat] clilllas 15 595 00
& Olyie casgine ol dlas 51 ol a3y oot 35 nCyigions 5 bl (S b il () telcanse Josb LB ol
5303 S (i liie] gl dogy (o) o> 4y g yiwd pas ($39)9 laodl (e Sloj z9dg 9 CudS 4 S (Sialy
23 (53939 Syt a5 I3 cmizzan 3,8 0)l3l S gl dygl > 1 £5l5e (SoSele g e bulyd (Senls 45T
Srpresd )3 dag dajls Edge (pl 45 > GLIBI) Jae (Sdiomy Slgi oo b CE D90 4 oo N ph Syl slagy )l
ol odl8l bl g sblie o 4 Jaa
S ol
S o>
35 ol 238 il ) pll ol 5l iy gl g 5 o Calas b il Al
bl Slaghy B 5> b gl 5 65,5lS 008l ) tad plol lall e oSty Bk I tmogy el 5 o oles
ol od ploxl Bty ol slp Blaghy wimen § Jgl ot (2920l
OF Mg &85 ) Lo
asmo 1)l38lp 5 ¢ Sbgls wle g )l5d Gl duse & imghy (0,155 as ¢ SLgls (wle « jlxd bl dasce. osld (¢ )glres
bl ase aodly (gyglaen ¢ 5ol wle gyl Clslull dase ¢ i liel lxd oLl Guse todly o ¢l lol]
59y Cupde g gloidly { Sbgls ole @i Lilng g Mol ¢)l5d Gl duse (allie gl donus g < SLbols Luls g b
(bl ol
il ) JS8 @ Lo asbpbl 5l s dlie )3 (S b o8 )Lt
Juloss g 20355 cluwloe plosl daodly (595,55 ioles] ploul dadiges (gjlwosle] g args H(goxiily) b lolull umer ol odims g3
i g antd @l 9 SleMbl puds g Juloo daodly (¢lol
ol @l JyS g (yp cpboi plxl ol )las imggy (Shb (Al bl sloialy slial) (Sbols” pulie pgd odiuys
lie (gjloales 5 il
PG Ml 50 (Egan (pigr i (e S Hgld g e (Egan (pigh dpedls]
3l 03,5 oalisl (5,155 w13 )3 egias Shom p e gl 5 @l B Ay
L2213 dy o piand duil
ol o yiwd BB B ain g jl Caled s 34k 5l ol yimgh olaedly
&)l b
Dy e 6yl (Jlo Culos Jbls 4 0 ad plal el (0 oKl (ing}y p oo Ciglas ]
oARgd Y Jgel 51 595
el dan 105 3)00 £gd50 (nl g Slodgas Cole) ol gl onl il g plosl o 1y (BMS Jsol (St
&b o)
)8 @lie (2)l5 Alie cpl Bt g Bl L

REFERENCES

Acharya, U., Daigh, A. L. M., & Oduor, P. G. (2021). Machine learning for predicting field soil moisture using
soil, crop, and nearby weather station data in the Red River Valley of the North. Soil Systems, 5(4), 57.



(‘:w.é,}'— u.oj&) VF+D )g).g,w & b)Lowv QY 8,9 ‘u‘).j“ Jl&gui oluass YYOF

Adab, H., Morbidelli, R., Saltalippi, C., Moradian, M., & Ghalhari, G. A. F. (2020). Machine learning to
estimate surface soil moisture from remote sensing data. Water, 12(11), 3223.

Ansari, S., & Deshmukh, R. R. (2017). Estimation of soil moisture content: A review. International Journal
of Theoretical and Applied Mechanics, 12(3), 571-577.

Araya, S. N., Fryjoff-Hung, A., Anderson, A., Viers, J. H., & Ghezzehei, T. A. (2021). Advances in soil
moisture retrieval from multispectral remote sensing using unoccupied aircraft systems and machine
learning techniques. Hydrology and Earth System Sciences, 25(5), 2739-2758.

Babaeian, E., Sadeghi, M., Jones, S. B., Montzka, C., Vereecken, H., & Tuller, M. (2019). Ground, proximal,
and satellite remote sensing of soil moisture. Reviews of Geophysics, 57(2), 530-616.

Bai, J., Cui, Q., Zhang, W., & Meng, L. (2019). An approach for downscaling SMAP soil moisture by
combining Sentinel-1 SAR and MODIS data. Remote Sensing, 11(23), 2736.

Bai, X., Zhang, L., He, C., & Zhu, Y. (2020). Estimating regional soil moisture distribution based on NDVI
and land surface temperature time series data in the upstream of the Heihe River Watershed, Northwest
China. Remote Sensing, 12(15), 2414.

Barré, H. M. J. P., Duesmann, B., & Kerr, Y. H. (2008). SMOS: The mission and the system. IEEE
Transactions on Geoscience and Remote Sensing, 46(3), 587-593.

Bollero, G. A., Bullock, D. G., & Hollinger, S. E. (1996). Soil temperature and planting date effects on corn
yield, leaf area, and plant development. Agronomy Journal, 88(3), 385-390.

Chan, S., Bindlish, R., O’Neill, P., Jackson, T., Chaubell, J., Piepmeier, J., Dunbar, S., Colliander, A., Chen,
F., & Entekhabi, D. (2017). Development and validation of the SMAP enhanced passive soil moisture
product. 2017 IEEE International Geoscience and Remote Sensing Symposium (IGARSS), 2539-2542.

Chan, S. K., Bindlish, R., O’Neill, P. E., Njoku, E., Jackson, T., Colliander, A., Chen, F., Burgin, M., Dunbar,
S., & Piepmeier, J. (2016). Assessment of the SMAP passive soil moisture product. IEEE Transactions
on Geoscience and Remote Sensing, 54(8), 4994-5007.

Colliander, A., Fisher, J. B., Halverson, G., Merlin, O., Misra, S., Bindlish, R., Jackson, T. J., & Yueh, S.
(2017). Spatial downscaling of SMAP soil moisture using MODIS land surface temperature and NDVI
during SMAPVEX15. IEEE Geoscience and Remote Sensing Letters, 14(11), 2107-2111.

Colliander, A., Reichle, R. H., Crow, W. T., Cosh, M. H., Chen, F., Chan, S., Das, N. N., Bindlish, R.,
Chaubell, J., & Kim, S. (2021). Validation of soil moisture data products from the NASA SMAP mission.
IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 15, 364-392.

Congalton, R. G., & Green, K. (2019). Assessing the accuracy of remotely sensed data: principles and
practices. CRC press.

Dobriyal, P., Qureshi, A., Badola, R., & Hussain, S. A. (2012). A review of the methods available for
estimating soil moisture and its implications for water resource management. Journal of Hydrology, 458,
110-117.

Entekhabi, D., Njoku, E. G., O’neill, P. E., Kellogg, K. H., Crow, W. T., Edelstein, W. N., Entin, J. K,
Goodman, S. D., Jackson, T. J., & Johnson, J. (2010). The soil moisture active passive (SMAP) mission.
Proceedings of the IEEE, 98(5), 704-716.

Fan, X., Liu, Y., Gan, G., & Wu, G. (2020). SMAP underestimates soil moisture in vegetation-disturbed areas
primarily as a result of biased surface temperature data. Remote Sensing of Environment, 247, 111914,

Fang, Y., Xu, L., Chen, Y., Zhou, W., Wong, A., & Clausi, D. A. (2022). A Bayesian deep image prior
downscaling approach for high-resolution soil moisture estimation. IEEE Journal of Selected Topics in
Applied Earth Observations and Remote Sensing, 15, 4571-4582.

Fang, B., Lakshmi, V., Cosh, M., Liu, P. W., Bindlish, R., & Jackson, T. J. (2022). A global 1-km downscaled
SMAP soil moisture product based on thermal inertia theory. Vadose Zone Journal, 21(2), e20182.
Fathololoumi, S., Vaezi, A. R., Alavipanah, S. K., Ghorbani, A., & Biswas, A. (2020). Comparison of spectral
and spatial-based approaches for mapping the local variation of soil moisture in a semi-arid mountainous

area. Science of the Total Environment, 724, 138319.

Font, J., Boutin, J., Reul, N., Spurgeon, P., Ballabrera-Poy, J., Chuprin, A., Gabarr6, C., Gourrion, J.,
Guimbard, S., & Hénocq, C. (2013). SMOS first data analysis for sea surface salinity determination.
International Journal of Remote Sensing, 34(9-10), 3654-3670.

Gao, Q., Zribi, M., Escorihuela, M. J., & Baghdadi, N. (2017). Synergetic use of Sentinel-1 and Sentinel-2
data for soil moisture mapping at 100 m resolution. Sensors, 17(9), 1966.

Ge, L., Hang, R., & Liu, Q. (2019). Retrieving soil moisture over continental us via multi-view multi-task
learning. IEEE Geoscience and Remote Sensing Letters, 16(12), 1954-1958.

Greifeneder, F., Notarnicola, C., & Wagner, W. (2021). A machine learning-based approach for surface soil
moisture estimations with google earth engine. Remote Sensing, 13(11), 2099.

Guo, P., Zhao, T., Shi, J., Xu, H., Li, X., & Niu, S. (2021). Assessing the active-passive approach at variant



IYOY .. (S0 99 dgm 9 SB Cughy (g5l 1 Sbgls g )l (ig3s — sole)

incidence angles for microwave brightness temperature downscaling. International Journal of Digital
Earth, 14(10), 1273-1293.

Han, J., Mao, K., Xu, T., Guo, J., Zuo, Z., & Gao, C. (2018). A soil moisture estimation framework based on
the CART algorithm and its application in China. Journal of Hydrology, 563, 65-75.

Han, L., Wang, P., Yang, H., Liu, S., & Wang, J. (2006). Study on NDVI-T s space by combining LAI and
evapotranspiration. Science in China Series D, 49, 747-754.

He, L., Hong, Y., Wu, X,, Ye, N., Walker, J. P., & Chen, X. (2018). Investigation of SMAP active—passive
downscaling algorithms using combined sentinel-1 SAR and SMAP radiometer data. IEEE Transactions
on Geoscience and Remote Sensing, 56(8), 4906-4918.

Hoek van Dijke, A. J., Mallick, K., Schlerf, M., Machwitz, M., Herold, M., & Teuling, A. J. (2020). Examining
the link between vegetation leaf area and land—-atmosphere exchange of water, energy, and carbon fluxes
using FLUXNET data. Biogeosciences, 17(17), 4443-4457.

Ines, A. V. M., Das, N. N., Hansen, J. W., & Njoku, E. G. (2013). Assimilation of remotely sensed soil moisture
and vegetation with a crop simulation model for maize yield prediction. Remote Sensing of Environment,
138, 149-164.

Jagadish, S. V, Way, D. A., & Sharkey, T. D. (2021). Scaling plant responses to high temperature from cell to
ecosystem. Plant, Cell and Environment, 44(BNL-221830-2021-JAAM).

Jamei, M., Mousavi Baygi, M., Asadi Oskouei, E., & Lopez-Baeza, E. (2020). Validation of the SMOS
Level 1C Brightness Temperature and Level 2 Soil Moisture Data over the West and Southwest of Iran.
Remote Sensing, 12(17), 2819.

Kim, S.-B., Van Zyl, J. J., Johnson, J. T., Moghaddam, M., Tsang, L., Colliander, A., Dunbar, R. S., Jackson,
T. J., Jaruwatanadilok, S., & West, R. (2017). Surface soil moisture retrieval using the L-band synthetic
aperture radar onboard the soil moisture active—passive satellite and evaluation at core validation sites.
IEEE Transactions on Geoscience and Remote Sensing, 55(4), 1897-1914.

Korres, W., Reichenau, T. G., Fiener, P., Koyama, C. N., Bogena, H. R., Cornelissen, T., Baatz, R., Herbst,
M., Diekkrlger, B., & Vereecken, H. (2015). Spatio-temporal soil moisture patterns—A meta-analysis
using plot to catchment scale data. Journal of Hydrology, 520, 326-341.

Lazecky, M., Canaslan Comut, F., Qin, Y., & Perissin, D. (2017). Sentinel-1 interferometry system in the high-
performance computing environment. The Rise of Big Spatial Data, 131-139.

Lievens, H., Reichle, R. H., Liu, Q., De Lannoy, G. J. M., Dunbar, R. S., Kim, S. B., Das, N. N., Cosh, M.,
Walker, J. P., & Wagner, W. (2017). Joint Sentinel-1 and SMAP data assimilation to improve soil
moisture estimates. Geophysical Research Letters, 44(12), 6145-6153.

Long, D. G., Brodzik, M. J., & Hardman, M. (2017). Enhanced-resolution SMAP soil moisture using image
reconstruction. 2017 IEEE International Geoscience and Remote Sensing Symposium (IGARSS), 2499—
2502.

Millard, K., & Richardson, M. (2018). Quantifying the relative contributions of vegetation and soil moisture
conditions to polarimetric C-Band SAR response in a temperate peatland. Remote Sensing of
Environment, 206, 123-138.

Ochsner, T. E., Cosh, M. H., Cuenca, R. H., Dorigo, W. A., Draper, C. S., Hagimoto, Y., Kerr, Y. H., Larson,
K. M., Njoku, E. G., & Small, E. E. (2013). State of the art in large-scale soil moisture monitoring. Soil
Science Society of America Journal, 77(6), 1888-19109.

Park, S., Im, J., Park, S., & Rhee, J. (2015). AMSR2 soil moisture downscaling using multisensor products
through machine learning approach. 2015 IEEE International Geoscience and Remote Sensing
Symposium (IGARSS), 1984-1987.

Paloscia, S., Pettinato, S., Santi, E., Notarnicola, C., Pasolli, L., & Reppucci, A. J. R. S. O. E. (2013). Soil
moisture mapping using Sentinel-1 images: Algorithm and preliminary validation. Remote Sensing of
Environment, 134, 234-248.

Pasolli, L., Notarnicola, C., & Bruzzone, L. (2009). Soil moisture estimation from microwave remote sensing
data with nonlinear machine learning techniques. Image and Signal Processing for Remote Sensing XV,
7477, 382-393.

Pede, T., Mountrakis, G., & Shaw, S. B. (2019). Improving corn yield prediction across the US Corn Belt by
replacing air temperature with daily MODIS land surface temperature. Agricultural and Forest
Meteorology, 276, 107615.

Peng, J., Loew, A., Merlin, O., & Verhoest, N. E. C. (2017). A review of spatial downscaling of satellite
remotely sensed soil moisture. Reviews of Geophysics, 55(2), 341-366.

Piles, M., Sanchez, N., Vall-llossera, M., Camps, A., Martinez-Fernandez, J., Martinez, J., & Gonzélez-
Gambau, V. (2014). A downscaling approach for SMOS land observations: Evaluation of high-resolution
soil moisture maps over the Iberian Peninsula. IEEE Journal of Selected Topics in Applied Earth



(‘:w.é,}'— u.oj&) VF+D )g).g,w & b)Lowv QY 8,9 ‘u‘).j“ Jl&gui oludss YYOA

Observations and Remote Sensing, 7(9), 3845-3857.

Portal, G., Vall-Llossera, M., Lépez-Martinez, C., Camps, A., Pablos, M., Chaparro, D., Irawan, A. M.,
Alonso-Gonzélez, A., & Jagdhuber, T. (2023). A Random Forest Approach for Soil Moisture Estimation
at 60 Meters Spatial Resolution. IGARSS 2023-2023 IEEE International Geoscience and Remote Sensing
Symposium, 2898-2901.

Qiu, Y., Fu, B., Wang, J., & Chen, L. (2001). Spatial variability of soil moisture content and its relation to
environmental indices in a semi-arid gully catchment of the Loess Plateau, China. Journal of Arid
Environments, 49(4), 723-750.

Rahman, A., Maggioni, V., Zhang, X., Houser, P., Sauer, T., & Mocko, D. M. (2022). The joint assimilation
of remotely sensed leaf area index and surface soil moisture into a land surface model. Remote Sensing,
14(3), 437.

Reichle, R. H., Ardizzone, J. V, Kim, G.-K., Lucchesi, R. A., Smith, E. B., & Weiss, B. H. (2022). Soil
Moisture Active Passive (SMAP) mission level 4 surface and root zone soil moisture (L4_SM) product
specification document.

Reichle, R. H., De Lannoy, G. J. M., Liu, Q., Ardizzone, J. V, Colliander, A., Conaty, A., Crow, W., Jackson,
T. J., Jones, L. A., & Kimball, J. S. (2017). Assessment of the SMAP level-4 surface and root-zone soil
moisture product using in situ measurements. Journal of Hydrometeorology, 18(10), 2621-2645.

Rodriguez-Galiano, V. F., & Chica-Rivas, M. (2014). Evaluation of different machine learning methods for
land cover mapping of a Mediterranean area using multi-seasonal Landsat images and Digital Terrain
Models. International Journal of Digital Earth, 7(6), 492-509.

Ruiz-Vera, U. M., Siebers, M. H., Drag, D. W., Ort, D. R., & Bernacchi, C. J. (2015). Canopy warming caused
photosynthetic acclimation and reduced seed yield in maize grown at ambient and elevated [CO 2].
Global Change Biology, 21(11), 4237-4249.

Santi, E., Baroni, F., Fontanelli, G., Lapini, A., Paloscia, S., Pettinato, S., Pilia, S., Ramat, G., Santurri, L., &
Cigna, F. (2021). Soil moisture mapping at high resolution by merging SMAP, Sentinell and COSMO
SkyMed with the support of machine learning. Microwave Remote Sensing: Data Processing and
Applications, 11861, 1186107.

Senanayake, I. P., Yeo, I.-Y., Walker, J. P., & Willgoose, G. R. (2021). Estimating catchment scale soil
moisture at a high spatial resolution: Integrating remote sensing and machine learning. Science of The
Total Environment, 776, 145924.

Senyurek, V., Lei, F., Boyd, D., Kurum, M., Gurbuz, A. C., & Moorhead, R. (2020). Machine learning-based
CYGNSS soil moisture estimates over ISMN sites in CONUS. Remote Sensing, 12(7), 1168.

Sheng, J., Rao, P., & Ma, H. (2019). Spatial downscaling of the fy3b soil moisture using random forest
regression. 2019 8th International Conference on Agro-Geoinformatics (Agro-Geoinformatics), 1-6.

Singh, A., Gaurav, K., Sonkar, G. K., & Lee, C.-C. (2023). Strategies to measure soil moisture using traditional
methods, automated sensors, remote sensing, and machine learning techniques: review, bibliometric
analysis, applications, research findings, and future directions. IEEE Access.

Sotoude Nia, A. (2016). Estimating dry biomass by leaf area index. Water and Irrigation Management, 6(1),
1-13.

Wakigari, S. A., & Leconte, R. (2022). Enhancing Spatial Resolution of SMAP Soil Moisture Products through
Spatial Downscaling over a Large Watershed: A Case Study for the Susquehanna River Basin in the
Northeastern United States. Remote Sensing, 14(3), 776.

Xing, C., Chen, N., Zhang, X., & Gong, J. (2017). A machine learning based reconstruction method for satellite
remote sensing of soil moisture images with in situ observations. Remote Sensing, 9(5), 484.

Yang, J., Li, Z., Zhai, P., Zhao, Y., & Gao, X. (2020). The influence of soil moisture and solar altitude on
surface spectral albedo in arid area. Environmental Research Letters, 15(3), 35010.

Yazdani, M. R., Asadi Oskouei, E., Rahmani, A., Davatgar, N., & Delsouz Khaki, B. (2023). Analysis of
temporal and spatial variations of water requirement for puddling in paddy fields of Sefidrood irrigation
network using SMAP satellite soil moisture information. Journal of Water Research in
Agriculture.37(3),223-243

Zhong, A., Wang, A., Li, J., Xu, T., Meng, D., Ke, Y., Li, X., & Chen, Y. (2018). Downscaling of passive

microwave soil moisture retrievals based on spectral analysis. International Journal of Remote Sensing,

39(1), 50-67.



