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ABSTRACT

Synthetic Aperture Radar(SAR) is able to photograph the earth’ s surface regardless
of weather conditions, day and night. Because of its possibility to search for
hydrological factors such as soil moisture and groundwater, and its importance is
gradually increasing in the field of water resources. SAR began to be mounted on
satellites in the 1970s, and about 15 or more satellites were launched as of 2020,
which around 10 satellites will be launched within the next 5 years. Recently, various
types of SAR technologies such as enhancement of observation width and resolution,
multiple polarization and multiple frequencies, and diversification of observation angles
were being developed and utilized. In this paper, a brief history of the SAR system, as
well as studies for estimating soil moisture and hydrological components were
investigated. Up to now hydrological components that can be estimated using SAR
satellites include soil moisture, subsurface groundwater discharge, precipitation, snow
cover area, leaf area index(LAID), and normalized difference vegetation index(NDVI) and
among them, soil moisture is being studied in 17 countries in South Korea, North
America, Europe, and India by using the physical model, the IEM(Integral Equation
Model) and the artificial intelligence—based ANN(Artificial Neural Network).
RADARSAT—-1, ENVISAT, ASAR, and ERS—1/2 were the most widely used satellite, but
the operation has ended, and utilization of RADARSAT—2, Sentinel—1, and SMAP, which
are currently in operation, is gradually increasing. Since Korea is developing a
medium—sized satellite for water resources and water disasters equipped with C—band
SAR with the goal of launching in 2025, various hydrological components estimation
researches using SAR are expected to be active.

KEYWORDS : Synthetic Aperture Radar, Hydrological Components, Remote Sensing, Soil
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TABLE 1. Development history of SAR system

9} L—band ©A AAE 7Psk= FA0laL &
RS AUEE Vst S -8l
2345 7 N FA 992> F=2 X—band
A AA el Tk itk o714, wio]
Ax3R= 0.3GHz(100cm) )4 100GHz(0.3cm) 7}
o] WHelE 7HaL glem, sl e o
3ol L—band(0.39 - 1.55GHz), &3 th¥dl
C—band(3.9 - b5.75GHz), @3 vl
X=band(5.75 - 10.9GHz) & FE#}(Ulaby
et al, 1981). st Hat 94 AR AUE
P 7S o R st ofg /e $14do] st
9 I o]F= AR sAste] e FUIE
S7HA A SuEtE #etaust sk =
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7] fet e dEtE 9" AN IFE
(Working group) & ZAJsl] A X441 &
o A BA AIE 5 9 A Vee B
FA33}E = FAotk(Yoon et al, 2006). A7
P& AAAOE SAR BA AF9IS et
lom @A 157] o139 SAR $1/d0] -85
Qi gF 549 Yo 107] W9l $1Ade] it
AH ootk Hao] SElvbetel A= AR -
A8l A C—band SAR ¥4 (Compact
Advanced Satellite 500—5, CAS500—-5)2 7}
wate] 2026 WAEE SRR kAl lth @A)
& FQ1 SAR A = IAL oAl 49
iR Ql Jr= oy 2o 2).

N

RORA

Year Content

951 Carl Wiley proposes Doppler beam—sharpening technique

952 Doppler beam—sharpening technique demonstrated at the University of lllinois

957 lllinois University uses optical correlator to generate first SAR image

964 Non-real—time analog electronic SAR developed at University of Michigan

969 Non-real-time digital electronic SAR developed by Hughes, Goodyear, Westinghouse
972 Real—time digital aviation SAR system developed and demonstrated

978 SEASAT, the first satellite SAR, is launched and operated by NASA / JPL

981 Shuttle—type SAR, SIR-A launched

984 Shuttle—type SAR, SIR-B launched

986 Real—time satellite SAR demonstrated by JPL

987 Soviet 1870 SAR reached safely on Earth orbit

990 Magellan SAR filmed Venus
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TABLE 2. Brief information of now and upcoming SAR satellites

Satellite Nation Launch Frequency

SRTM USA 2000 C X
TerraSAR—X/TanDEM—X Germany, France 2007, 2010 X
RADARSAT-2 Canada 2007 X
COSMO—SkyMed—1, 2, 3, 4 Italy 2007, 2007, 2008, 2010 X
RISAT-1 India 2012 C
HJ-1C China 2012 S
KompSAT-5 South Korea 2013 X
ALOS-2 Japan 2014 L
Sentinel —1A/B EU 2014, 2016 C
SMAP USA 2015 L
CyGNSS USA 2016 L
ASNARO-2 Japan 2018 X
NovaSAR-S United Kingdom 2018 S
PAZ Spain 2018 X
SAOCOM-1 Argentina 2018 L
IceEye Poland, Finland 2018 X
Radarsat—RCM Canada 2019 C
COSMO—SkyMed—G2 Italy 2019 X
MicroXSAR Japan 2020 X
KompSAT-6 South Korea 2020 X
BIOMASS EU 2022 P

NISAR USA, India 2022 S, L
ALOS—4 Japan 2021 L
SNoOPI USA 2022 P
Sentinel=1C/D EU 2022/23 C
*CAS500-5 South Korea 2025 C
Tandem-L EU 2025 L
VERITAS USA 2025 X
HRWS Germany 2025 X
Mars P—band SAR USA 2028 P

* CAS500-5: Compact Advanced Satellite 500—5(Water resources satellite)

FH el &8
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(Yang, 2018).
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TABLE 3. SAR image—based research cases

Field Primary techniques

Foreign technical level Domestic technical level

— Oh/Dubois Model
— Integral Equation Model
— TU-Wien Change Detection

— Research on estimation of soil

— Soil moisture estimation by using
SAR image and regression model

Soil Moisture Algorithm g}';ﬂ;g?ﬂ%gﬁeh1a§98:en and ANN has been conducted
— Regression Model recently
— Artificial Neural Network
Submarine — Oh Model — In the early stages of research to
Groundwater . - None distinguish SGD using SAR
Discharge(SGD) Integral Equation Model images
I : — Early stages of precipitation _
Precipitation Early stage of research estimation using C—band SAR None
Area(SCA) — Nagler algorithm u

1990s

— Water Cloud Model

Leaf Area Index(LA) _ Regression Model

— Research on estimation of LAl using

SAR has been conducted since the — None

1980s
Normalized — A study of estimating NDVI using
Difference _ . regression model between Sentinel—1 _
Vegetation Regression Model SAR image and Sentinel—2 NDVI None
Index(NDVI) product was conducted recently
1. EYR slE BEYFE RS dMske e dlold
tlorst =mal ul J)AFekA S8 Qlo] = S aket Aol wRg B3 d ) aksd
3] )\uo X]—.J }\]zo ‘AOH EOL[‘\_‘_ HH_[_ % 585]94 gz}%j 33}2:]' Iq]% ] = E]"— oi‘ijﬁo] (/)JI
Q3 AV wiseolu). Eoks¥al wokw) ) ot oled 2AE adah] flsl W A9t
Aolel BlE Eean Apel A  TUHANCL FEY EURE BEgn A5
F98 Ao oo, mRy o) Aoy 2 olHE %}5} °l f—ﬁl SAR 93& B3
oo Aate B3] Aalo] oIske sk ) EIE —Eook—r—u’i'— *% Toll Aleke] Heol $F
A9 7% A xElo] A7bet Jeke uE 2= o A mHeA ) ARk # o ofufR]e] ok
oo =

9tk (Seneviratne et al, 2010). EFEOZ
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TABLE 4. Case studies of SAR image—based soil moisture estimation
Reference Study area Data Methods Findings
- A simple linear model is effective for
- Use SAR images of dry days to drying days when the effect of
ERS 2 o ; >
Upper San eliminate the effects of soll roughness is eliminated.
Moran et al. . - C-band i )
Pedro Basin, 0. roughness - Low correlation between backscattering
(2000) - 23° incidence . R . L
AZ, USA W polaization - Estimate soil moisture using least ~ and soil moisture
squares method - High correlation between back
scattering of dry day and soil moisture
ERASVE ) Emp|r|pal correlation function - Fractal dimension introduced in ACF
SIR-C definition )
- ) ) - Fractal ACF can express Gaussian and
Zribi et al. Orgeval France C—band - Comparison of Integral Equation Exponential ACF
(2000) ' - 2550° incidence  Method(IEM) and Moment method .
: ) ) ! . - Improved backscatter output by using
- Multiple simulation using backscattering and
e Fractal ACF
polarizations Fractal ACF
- Washita 94 SIR-C and X-SAR - Water Cloud Model combined with Cross polarization increases cortelation
Bindlish and ) between NDVI and backscatter
Experiment, - C and X—band IEM . )
Barios Little Washita, - Multiple - Water Cloud model parameterization Improve the accuracy of soil maisture
(2001) ' calculation by classifying the Water

USA configurations using NDVI

Cloud Model by vegetation type

ERS & RADARSAT 1

Baghdadi et al. Pays de Caux, - C—band  Least squares method and [EM

- Surface roughness dominates at high
angles of incidence
- Strong influence on the incident angle

(2002c) France - 23-47° incidence Y o
- HH polarization with high collumn dlrecngn
- Suggest optimal correlation length
Orgeval France; 91 -C . .
Zibiand  Pays d’e Caux RADARSAT-1 . -7s pgrameter mtrpductlon . .
Dechambre France: " ERASME - Introducing new parameters to - Defining the empirical relationship
(2002) Alpilles—Reseda - C—blandl . reverse surface roughness between le and backspattler changes
France - Mult!ple mmdgncg between high and low incidence angles
- Multiple polarization
- Eliminate the effect of surface
RADARSAT—1 - Estimate soil moisture using ro%g:ne;s thrloughfg cg(;nblnatlon of low
Srivastava  Agra, Mathura - C—band empirical model _ lan |gdang o OI |nC|de|nce i
et al. and Bharatpur, - 10-23° and 41-46° - Use low and high angle of nCreasea empirical model core ation
(2003) India incidence incidence to correct surface when using surface roughness

- HH polarization roughness

coefficients
- The effect of soil moisture at different
angles is negligible

Pays de Caux,
France; Rhone ERS-1
Valley, France; RADARSAT—1
Baghdadi et al.Orgeval, France; SIR—-C
(2004) Chateauguay, ERASME
Canada; Riviere - Multiple
aux Brochets,  configurations

- |EM calibration
- The observed correlation length

replaced with a correction function

- Surface roughness can be characterized
only by RMS (Root Mean Square) height
through correction

- Fractal ACF gives the best results

Canada
RADARSAT—1 . - . - Ré=0.92, RMSE=2.2% for. watershed
Leconte et al Quebec. - C—band - Est!mate sql mqlsture using the soil unit soil moisture calculgtlon
(2004) Cana day - Multiple incidence moisture dielectric model and - The presence of vegetation does not

-~ Multile polarization 22O Moce

appear to affect the backscattering
coefficient
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TABLE 4. Continued

Reference Study area Data Methods Findings
- When the soil is dry (<10%), the
ERS 2 Optical / Microwave synergistic model contribution to vegetation backscattering
Wang et al. Aizona. USA C—band using Landsat image and SAR image s large, and when the vegetation
(2004) ’ - Multiple incidence to estimate soil moisture in grassland density is high, dominant backscattering
- Multiple polarization/ grass area occurs in vegetation, making it
impossible to calculate soil moisture
Manninen o ENVISAT ASAR . - LAl estimated with ASAR shqws better
of al Suqnenjok|, - C—b.and. . - Companson of S.POT NDVI and results than LAI gshmatgd .W'th SEQT
(2005') Finland - Mult!ple mmdgncp depolarization ratio to calculate LAl = HH / W polarization ratio is sensitive to
- Multiple polarization LAI

- Water Cloud Model(WCM)

parameterization using Landsat—7 - Large dispersion between [EM and

RADARSAT 1 measured value due to spatial variability

Oivarez—Mozos  La Tejeria  _ C—band NDVI of surface roughness
éggé) Nz\a/\\f::reerShSe dém - Low incidence B %)Vlmblne Watercloud model and - _ At the watershed unit scale, the
»oPAN polarization . IEM/WCM is relatively consistent with
- |EM calculation through the measured values
Newton—Raphson iteration method '
' . ENVISAT ASAR
Baghdadi ef al Vlllerag;]t;I:{n, ~Cband  Least squares method and IEM -y, i o1ovizeq data show no significant
' ’ - Multiple incidence - Multiple polarization, multiple . : . X :
(2006a) Toulouse, S improvement in soil moisture calculation
7 - HH, HY, W incident angle data
France; o
polarization
- Comparison of artificial neural - Neural networks provide better results
Lakhankar RADARSAT-1 network and fuzzy logic for IEM but require a lot of training
SGP97 A ’ _ o
et al. Oklahoma. USA C—band calculation Fuzzy logic is less accurate than neural
(2006) ' - HH polarization - Using NDVI to parameterize networks, but produces consistent
vegetation results
- Low quality dictionary information can
ENVISAT ASAR - estimate soil moisture using reduce errors by 4%, while high quality
Mattia ef 4/ - C—band Variation assimilation method and  dictionary information can reduce errors
(2006) * Matera, ltaly -15-31° incidence  IEM and GO models by 8%
- HH and W - Thornthwaite—type model used for - Preliminary estimation of surface
polarization dictionary information roughness improves soil moisture
calculation results
AIrSAR _ ' ' : - Removal of vegetation is more effective
Notarnicola - C and L-band IEM calculation using Bayesian in C—band than in L—band
et al. SMEX 02 Walnut_ 40° incidence mgthod ) . - Double bounce is more pronounced in
. Gulch, USA - Eliminate vegetation effects using . L
(2006) - HH and W L—band, reducing soil moisture
o NDVI and NDWI )
polarization - NDWI removes vegetation effect better
. RADARSAT-1 - The estimated soil moisture has a low
Sn;z;s;va ;géa’Bh’\g?;?uL? - C—band - Empirical model using least squares correlation with weight and volume
(2006) India PUL _ 40-23° incidence method to estimate soil moisture moisture content and a high correlation
- HH polarization with free water
Kasischke ERS 1/2 - Calculation of soil moisture through rTnh;s?SrCeur\zaCriye:f dgalgﬁé?ﬂngoﬁoﬂqe
el al Delta Junction, - C—band linear regression between orgaric layer deptr? and git is most
(2007) Alaska, USA - Multiple incidence  backscattering and actual soil accurate when it has a layer depth

- Multiple polarization moisture for forest fires between 2 5-7.5¢m

RADARSAT-1 - Derivation of correlation between - Correlation length changes with surface
Rahman ;
Walnut Gulch, - C—band surface roughness and correlation  roughness
et al. o e )
(2007) USA - 47° incidence length using images of dry days - For dry surfaces, corelation length can

- HH polarization - |EM calculation using look—up table be calculated only by RMS height
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TABLE 4. Continued

Reference Study area Data Methods Findings
ERS Configuration - ;;;féaﬁproach is similar to possibilistic
Verhoest ef 4. 2:23;25 ?dgﬁf:n q ) E:Ezrang?—tgungSr:osiltljzmmlf/ltg(rjeeluzlr]ndg - Fuzzy approach has high computational
(2007, 2008) Zy efficiency

synthetic data - 15-30° incidence Possibility distribution

L - Soil moisture can be calculated using
- W polarization

the limit of uncertainty

?ru?:fk?;rgunte d = ANN outperforms Bayesian method
: . . - Errors are reduced by using various
Notarnicola . . scatterometer - Comparison of Bayesian method e
Bari University, . e incident angle data
et al - Multiple and artificial neural network (ANN) )
Italy X ) . L i : - Increasing the number of parameters
(2008) configurations to in estimating soil moisture . ‘
simulate ERS and improves ANN's output accuracy and
ASAR data reduces Bayesian
- RMS height and correlation length can
ENVISAT ASAR be calculated separately from Zs
Rahman ef 4/ Walnut Gulch. - C—band - Calculation of surface roughness - Surface roughness and correlation
(2008) ’ USA b 24-41° incidence using low and high angle data on  length map generation

dry days - The accuracy of the soil moisture output
was high at the watershed unit scale,
but low at the field scale

- W polarization

ENVISAT ASAR - Estimation of soil moisture and ' ) .
. ) ... .~ High corelation between backscattering
! . = C-band comparison of results using artificial o
Paloscia et al.  Alessandria, 0 and actual soil moisture
- 23" incidence neural network, Nelder—Mead,
(2008) Italy . . - In terms of accuracy and safety, ANN
- HH and HV Bayes, and linear regression . .
. is most suitable
polarization method
! ERS-2 - Calculation of soil moisture using - Artificial neural network shows better
Said et al. ' g ) o
(2008) Roorkee, India - C—band artificial neural networks and results than linear and multiple linear
- W polarization multiple inputs regression
- Spatial filtering improves output
Walnut Gulch, _ accuracy
AZ; Little RADARSAT- - Reduction of speckle using median - The optimal surface area is 25—160
Thoma et al. . .~ C-band .y . . . . .
Washita, OK; o . filtering and spatial averaging times the SAR spatial resolution
(2008) . . - 46° incidence o LS . .
Little River, GA, o before estimating soil moisture - Depending on variability and roughness,
- HH polarization . . oo
USA the most effective spatia resolution is
162-1131m
- RMS height error is greater than
B
: .. ALOS PALSAR - Evaluation of the effect of various y
Lievens et al.  Synthetic soil " i X than L—band
: - C and L-band surface conditions on soil moisture
(2009) profiles o o - Increased effect of surface roughness
- Multiple incidence  estimation A . i
i o error with soil moisture content
- Multiple polarization '
- Polynomial removal of roughness
tendency is the best method
ERS 1/2 - New algorithm estimates spatially
Nasimi ef ! ASCAT - Improved parameters of WARP4 consistent soil moisture
(2009) ' Global - C—band algorithm and TU-Wien Change - In addition to the correction of
- Multiple incidence  Detection Algorithm vegetation, it is necessary to correct the

- Multiple polarization dry area or wetland
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TABLE 4. Continued
Reference Study area Data Methods Findings
- The soil moisture of the hydrological
ERS 1 - Comparison of soil moisture model is estimated larger
Paraika ef 4l - C-band estimated by TU-Wien Change - When the soil moisture estimated by the
(12009) ' Austria Multiple incidence Detection Algorithm and soil TU-Wien method differs from the

- Multiple polarization
plep model

moisture estimated by hydrological

measured soil moisture by 12 hours, the
RMSE rapidly increases from the initial
value to 50% or more

ENVISAT ASAR _ . P - Correlation with soil moisture is lower
Pathe ef al. - GM Mode E\{aluanon of app||c§b|l|ty 0 .TU .. than Radiometer due to data noise
Oklahoma, USA Wien Change Detection Algorithm's } ! )
(2009) - C-band ASAR Global Mode (GM - Improve correlation results using spatial
- HH polarization averaging
- Detailed parameterization of
Agra, Math RADARSAT-1 SM_WAP, the soil moisture - Improved soil moisture estimation
Srivastava fa, Walhura, IRS LISS—III estimation algorithm for bare field  results using multiple linear regression
Bharatpur, ) . i . )
et al. Saharanpur and - C—band - Used as an index of surface including the difference in
(2009) -16-36" incidence roughness by using the difference  backscattering values from simple linear

Faridwar, Incia _ HH polarization

and low backscattering value

between high backscattering value

regression with backscattering

ENVISAT ASAR - Estimation of soil moisture using
Dabrowska—Zie Biebrza  ALOS PALSAR SAR and optical images - Discovering high similarity between soil
linska ef al. Wetlands, - Multiple band - Soil moisture is estimated by the moisture estimated by SAR image and
(2010) Poland - Multiple incidence  ratio of Sensible Heat Flux and soil moisture estimated by optical image
- Multiple polarization Latent Heat Flux
HJ constellation - Evaluation and simplification of the _ Backscattering increases as sol
Du et al. Walnut Creek, - S—band applicability of MIMICS (Michigan . L .
(2010) USA - 97.37° incidence  Microwave Canopy Scattering) m oisture or soil dielectric constant
o increases
- W polarization model
- Ratio method is more accurate than
NASA/GIWU Water Cloud model

OPE3 Truck mounted
Joseph ef a. Experiment  Scatterometer
(2010) Beltsville, MA, - C and L—band
USA - Multiple incidence
- Multiple polarization

model comparison

- Ratio method and Water Cloud

- Estimate soil moisture using IEM

As the VWC (Vegetation Water Content)
increased t0 0.2 kg m ™' or higher, the
measured backscatter exceeded the IEM
backscatter

The difference in backscattering in
plants is greater in W polarization than
in HH polarization

ENVISAT ASAR

Koyama et a.  SFB/TR32, - C-band

- Develop a simple empirical model

The soil moisture estimated through the
empirical model is RMSE 5.0% (Vol/Vol)
compared to the actual soil moisture

- The variance coefficient changes

2 Germany - Multiple incidence ith minimal number of parameter. . .

(2010) y ~ Multigle polarization with minimal number of parameters according to the size of the target area,
and the smaller the number of samples,
the smaller the variance coefficient

- Calculate new empirical equations ' ) ) ) !
) . : - High correlation with vegetation height
) - It timat tation height P
Gherboudj RADARSAT-2 0 estimate vegetation helont, at 30° incident angle

Saskatchewan, - C—band

eral. Canada - 29-46.5" incidence Water Content (VWC)

(2011)

- Multiple polarization - Estimation of soil moisture uses

Water Cloud model

surface roughness, and Vegetation

- Unlike other literatures, the empirical
formulas appear to be independent of
the type of crop
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TABLE 4. Continued

Reference Study area Data

Methods

Findings

Lawrence ef 4.

(2011) Synthetic Data Laboratory radar data

- Apply FEM model to estimate
backscattering on rough surfaces

- FEM is not more accurate than MoM,
but provides an alternative to
multi—layer structures

Demmin ENVISAT ASAR
" RADARSAT-2 - Applying SMOSAR Algorithm based - VW polarization in the back scattering at
Balenzano Germany; . : )
- C—band on temporal change of low spatial resolution has lower soil
et al. Flevoland, L . - : -
.- Multiple incidence  backscattering in a short revisit moisture estimation accuracy than HH
(2012) Netherlands; o
- HHand W cycle polarization
Matera, Italy o
polarization
RADARSAT-2 - If only the standard deviation of the
ERS-2 surface is the variable, the accuracy of
Crooks and ) - ! ) L X
Cheke Karoo, South - C—band - Estimate soil moisture using IEM calculatmag sqal moisture is
(2014) Africa -19.4-31.0° and Water Cloud model +0.06cmcm
incidence - The accuracy of RADARSAT is lower as
- HH polarization +0.14cm’om™
ASCAT - Analysis of vegetation corection - High temporal correlation of vegetation
Vreugdenhil AMSR-E method of TU-Wien Change optical depth in temperate and
et al. Global - C—band Detection Algorithm continental climate regions
(2016) - Multiple incidence - Estimation of vegetation optical - In arid regions and tropical climates,
Multiple polarization  depth of water cloud model the correlation is low or negative
Sentinel—1 -~ Nonlinear approach to actual soil
~ C—band - Combination of Dubois model and  moisture accounts for about 89.5%
Alexakis et al. Chania, Greece - 38—41° incidence Topp model to apply vegetation uncertamtly . -
(2017) and surface roughness effects - When estimating soil moisture, the
-HHand W : : . . o . »
olarization - Estimate soil moisture using ANN angle of incidence is the least sensitive
P and the NDVI is the most sensitive
- Global soil moisture mapping
SMAP considering various soil moisture, - After optimizing the model, the
: - L-band surface roughness, and vegetation  evaluation results for 14 verification
Kim ef al. o »
(2017) Global - Multiple incidence  conditions areas around the world show that the
- HH, W, and HV - Using forward model that considers soil moisture recovery rate is 0.052
polarization different radar mechanisms m*/m’
between vegetation types
Sentinel—1 ) Estlmatlon of.son moisture using Overall Root Square Error (RMSE) 6.5%
linear regression and SVR (Support
- C—band . occurred
Lee et al. R Vector Machine) . -
South Korea - 30—45" incidence . o - The estimation accuracy is high when
(2017) - Comparison of estimation results . . L
- W and VH . o there is sufficient and evenly distributed
. according to polarization, angle of .
polarization o o moisture on the ground
incidence, and precipitation
- Estimation of high—resolution, - Estimated S.CATSA.R_S\Nl vields )
: : : comprehensively high agreement with
) high—frequency soil water index ! _
Sentinel—1 the reference data (Median R = 0.61
Bauer—Marschal product named Scatterometer N .
. - C—band } . vs. in situ; 0.71 vs. model; 0.83 vs.
linger ef a.  Umbra, ltaly 30-45° incidence Synthetic Aperture Radar Soil Water ASCAT SSM)
(2018) Index (SCATSAR-SWI) by fusion of X

- W polarization

Metop ASCAT and Sentinel—1 SAR
image

- With SM2RAIN approch, SCATSAR—SWI
shows good capability to estimate
5—day accumulated rainfall with R=0.89
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TABLE 4. Continued

Reference Study area Data Methods Findings
- Soil moisture changes due to
precipitation are well represented in
Germany ERS-1/2 - TU-Wien change detection most SMI maps
Esch ef al. N ' - C-band algorithm and 7—day antecedent - The relationship between SMI and
etherland, 0 s . L
(2018) Belgum 23° incidence precipitation was used to estimate  7—day antecedent precipitation is
g = W polarization Soil Moisture Index (SMI) comparable to the relationship of
in=situ soil moisture and 7—day
antecedent precipitation
- The correlation between other surface
RADARSAT—2 - Joint use of Artificial Neural parameters such as the soil texture and
Sani . A Network (ANN) and Compact surface roughness was low (0.21 < R
anti et al. Manitoba, C—band ) . . -
(2019) Canada - Multiple incidence PoIgnmetry (C.P) fo.r improving the < 0.26) . .
~ Multiple polarization retrieval of Soil Moisture Content - Purposed ANN algorithm retrieved SMC
(SMC) with correlation with 0.67 to 0.92 and
RMSE with 7% to 3.8%
- Topp model derived soil moisture was
Sentinel -1 ~ Estimate surface soil moisture using validated with thze ground truth soil
Punithraj ef al. - C—band moisture with R°=0.7

Yanco, Australia_

Topp model and semi—empirical

(2020) 3045 incidence model - Developed semi—empirical model,
- W, VH polarization dependent on only backscattering
coefficient, performed R’=0.6
- MTRFR algorithm has capability to
Sentinel~1 - Modified Water Cloud Model mﬁim %U;'f;;g';itzfsd afqu”ed
Yaday et dl. Varanasi, India C-band (MWCM) and Multi~Target Random compared tyo other inversion algorithms
(2020) ' - 30-45° incidence  Forest Regression (MTRFR) was

- W, VH polarization

used to estimate soil moisture

- MTRFR based inversion algorithm
developed inpresent study provided the
better inversion results

o

a3 QTN FrA o A7) 213w
TES 4 S ddTE D). A gAY
7% RADARSAT-1°] 11712 7Fg wo]
ARE-E9l31 ENVISAT ASAR7} 971, ERS—1
3} ERS—27} 7+ 613 771, SIR—C/X—SAR7}
47102 Yephgront 5712 Y HAAES B
F 2ol FRESY, dA 9 FU
RADARSAT-2, Sentinel—1, SMAP %< &
83 A7 4 44, 571 9 1dow Ao
257 B ot Hap S Jlow W
QITHFE 5). v (2025) o] TARE o7g <l
2Hd T 'AE 4147 C—band
SARYS 13 E of s o E & EFr
i AHE S ATt 8 o1t e 9
A= RADARSAT-29} Sentinel—1°]2}ar
& 2= Qltk Sentinel—1& ESAIY F8 2 94¢

< AFska AT, RADARSAT-29] 7%
Avcte] MDA jiteld @ 13T Ha
$3,600, | $7,8000 Ffstar o] (MDA,
2020) 7HQ1 AFAEelAl Qo] &gab] o
9 Bl w3k Ak BEokrRO] AT 8

v "HEFoRE V1, SerrAAvEd,
K-water, &5 A5 st 9l
o (Lee et al, 2019), 47} 71 & 7P &
< 2000 #HZAHANN ETEe 5
FENETHY A9 20149%E AR =5
7Fs3te] Sentinel—12] AL Al711 20141
HlwA dx|sich g AS BT &
5o AT 2 84S 1EIE o
Sentinel—1 YAo] =& oz 3 Ao
71 &8 7HA7F =& o= ek
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5 Cases (11%)
India
5 Cases (11%)

South Korea
1 Case (2%)

4 Cases (9%) 4 Cases (9%)

Global
2 Cases (5%)

FIGURE 1. Current status of research on estimating soil moisture by country

BT AEdTe A el EEld B
dlo] [EM(ntegral Equation Model)©] 1042

Z 7P "ol AREE9leH,  ANN(Artificial 3170 opd FH LS Ao Ao T
Neural Network)# WCM(Water Cloud TO| A= Bk A wiggdoz

ModeDo] 7+ 7713 6AH 0% g} o2

T}, A o), B 54 s BE K
T2 T HAY AFS T8 doxich Ay
w7
5438t

7] oAl AFo] o FoixH] o2 A, B

welol} B4 29 o]geln 1FAEE ol
8% ATh WA ZAE ARRIHE 6).,
IEMolLF WCMe] ®¥ wl7] w4l Amw =

A-go] o Ao It (Srivastava et al,
2008). wWeEhA, dFRAPE Hax ok
TU—-Wien Change Detection Algorithmo]ut

TABLE 5. Satellites used for SAR image—based soil moisture estimation

Obsenving system  Launch date Freéq:r:agcy Tempor(zﬂa;esiolunon Spatial (rne])solunon Operation status Cases
RADARSAT-1 1995 C 24 10~100 End (2013.03) 11
ENVISAT ASAR 2002 C 35 30~150 End (2012.04) 9

ERS-2 1995 C 35 30 End (2011.07) 7
ERS—1 1991 C 35 30 End (2000.03) 6
Sentinel—1 2014/16 C 12 5~100 0 5
SIR-C/X-SAR 1994 L, C, X - 10~30 End (1994.04) 4
RADARSAT-2 2007 C 24 3~100 0 4
ERASME at times at times at times at times at times 2
ALOS PALSAR 2006 L 46 7~100 End (2011.04) 2
Truck Mounted at times at times at times at times at times 2
Scatterometer
AirSAR at times at times at times at times at times 1
HJ—1C 2012 S 4 20 0 (2012~2019) 1
NASA/GWU at times at times at times at times at times 1
SMAP 2015 L 1 3~36km 0 1
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TABLE 6. A models used to estimate soil OFFE gy sy mdlo] ufjy) A3}
moisture based on SAR images 2 w4 (Calibration) ] T8 & 4 31oH,
)=l olxJ o] ol W oli-
Soil Moisture Estimation Models Cases A _X]:IL"ﬂ ok SAR_ 4 é-l_ g Wele vl
Integral Equation Model 10 A 99 w7 Hpske] st A4 o] S
Artificial Neural Network 7 7Rt}

W;ter .C.IOtldeMg?el EokrH zlg go|Ele 7hgAl HE3 Ak

mpirical Mode - ,
=¥ EokrR 21890 Al =4 rf= o
Linear Regression Model Eq” i" v }L-J o"kzﬁ i - ] Wo e
TU-Wien Change Detection Algorithm Aol AR, ol ESE Al e
Fuzzy Logic %7t AS5 B2 e vlae] 7o)
Dubois Model A Q3 ETEY 574 o4 (Spatial
Topp's Mods heterogeneity) 14 -8 T@AlAY] FHS A
G0 Nodel g3akA] 97] wito|th(Konelsen et al, 2013).

Nelder—Mead Method
Bayes' Therorem
MIMICS
FEM Model
SMOSAR Algorithm
Support Vector Machine
Forward Model
Optical/Microwave Synergistic Model
Variation Assimilation Method
Ratio Method
SCATSAT-SWI

6
4
4
4
2
2
Bayesian Method 2
2
1
1
1
1
1
1
1
1
1
1
1
1

Regression Model, ANN©| H|w2% ZFdsHA
SUlel A& 7Fsd Zow Holw, W wizl
Ho] ASo] RkE A9 [EMY WCM 59
ol Y% &8 7hsd Aow ket
SARE o]gsl AkEd EokE A= (o]sh
ETE AR e e 9 7Y S8 ol
g8 77 B Zlow duA Q) 53], 4
oA REe A EL ouA] EEA0] AlE
dolds fal 717 dHolHuy Bkt 27]
AE 52 theket 1E ol A e
Aol oEHEY, EYTRE Aue w9
(Assimilation) & g3l Rl EA1E = =
32 = 4 vk Merlin et al, 2006.;
Lowe et al, 2009; Bolten et al, 2010). %
gk o] dAFo|AY g ZPAZRL Y
(Wooldridge et al, 2003), =& 7]|%H3}e]
AeS W= F9Merz et al, 2011; Peel
and Bloschl, 2011; Ahn et al, 2013) i3}

= =135}

)

==

BEoRY] 3H 9ele fF wHAY 22 T
Q3% FE|E 2 AEE 4= glo] e Aol
T rdo] AlEgold Adeo] EEY
A AEERT 33 oldide] o oEks W
= AoF YePdt}Bronstert and Bardossy,
1999; Pan and Wood, 2010). webA, Eokr
= AR o] B A AA| R
o Tl FIHA el 2o Sl & 4 Q)
T} (Parada and Liang, 2008; Wagner et al,
2008).

1) 9EE4 nd
VRS- =Hoj o fe]e] S ebAF(Backscattering

coefficient) &} B 7F A2 RdlS AA|
SATHOh et al, 1992; Wang et al, 1997;
Quesney et al, 2000; Le Hegarat—Mascle
et al, 2002; Zribi and Dechambre, 2002;
Zribi et al, 2005). ol2fdt HF3A RS
SHRAHATERE Ets 28] A T
Soft, gRbdo® Ago] E7Fssh Wilo] 9l
+Hl(Oh et al, 1992; Dubois et al, 1995
a,b; Moran et al, 2000; Le Hegarat—
Mascle et al, 2002), R334 Rd2 FJHI
SHAl FarE AEZ 2Ele] ke o] E4)/=
22 7|25 Agst

AR o F  AMRE=
model(Oh et al, 1992)3} Dubois model
(Dubois et al., 1995a)©] it}

= (e}
AZHE

LR
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(1) Oh Model

Oh model>- HZW|E o] &35 4 Akgke] &
A AR SR JEE o, thekst EoF Y
T e AX A8EAoH(Alvarez— Mozos
et al, 2007). Oh model> ¥% HiH]
(Co—polarized ratio) p9 w3} HA3H)
(Cross— polarized ratio) ¢& YAHH®), A&
el EFHA(Hrms), dol(L), EFE
(mv)olvt BESF 74 A (e) o 2 xdst
W fa H= 4 < me(ol. %) < 29.1, 0.13
< kHrms < 6.98, 100 < 0 < 70° otk

=2 x T AR BHE oo ® sk A
%, Oh model:> RADARSAT-19] T& Hi}
AmE s S Ak =2 Aiee F
ANl AR Ate A= Oh model®] wWxf
Hup 52 25 fapel djsl] 9 Aks 34y
@7l A4S Hols= Ao Z et (van
Oevelen and Hoekman, 1999; Baghdadi and
Zribi, 2006; Merzouki et al., 2010), @2 1
TASS Oh model?] 7MAES 98 BAGATL]
ko] Fashta  AFsHtt(Merzouki et
al, 2010).

(2) Dubois Model
Dubois model:> theFst 3 =313} dloy
o TS 1HT F ST e AEA B
a2 AAMHG), AxAe] TFEAH2H(Hrms),
A ATl 9 gk e Tz mdEY,
g W= kHrms < 2.5, mv(vol. %) < 35,
9 = 70° o]t} (Dubois et al, 1995a).
Dubois model:> 2]4fo] 22 3xwef %83k
T UEF AAEe Aol ws A, xH A
A717) JFHE 1 ErREo] HAH I E =
Zgro] Qitf. w3k wrie]e ¥wo] A9 ¥d
ARy A&7 E S AR FHY
EoFrito] Qv El diside Al &

Dubois Eilo] #54]¢} nlawa b AR,
mEle] ool R MR Qe @ Ao
AAS L A Ak vp 9lom FEle] Fei

S S8l AR Al iRV S sk
(Sahebi and Angles, 2010).

]
chekel #A1% b Ak o] EAfelA,
IFME 1992 E9l¥ IEM(Integral
Equation Model)2 A+ 10d
Z de] ARgd olEA Rdom, Rde] {3
Helel t2ds W] fIsh =2jg A5t
A&E 0 Ak (Fung et al, 1992, 1994;
Hsieh et al, 1997; Mattia and Le Toan,
1999; Chen et al, 2000, 2003; Wu et al,
2001; Liu et al, 2003; Fung and Chen,
2004). IEMolA Bk §34 A5 (e), AxH
o] A Hrms), 743 3] FEieh A
Aol(L) 2 57 AA, Ak (9), As), 5t
k) 2] dold Wiyl WeEE sk A 1
I 2 fE H9E 7RIt

((kHrms cos)2/ \/0.46kL ) 1)
exp{— v0.92kL(1—sind) }< 0.25

o714, kHrms < 3 ©]th

[EM2 Rel 2pA| o] dgto] opd Eqf %1
A SASeA HREHE A AFH =
of Bels AEshz HolA] ojee] E
T A Al A He Alew dEA Sl
(Altese et al, 1996, Baghdadi et al,
2002b,c;  Zribi and Dechambre, 2002;
Baghdadi and Zribi, 2006). Xt} gkt B
Tl S flE B A7 APt [EME WY
sto] ARgeR=, W AFZIE o AAIEH
s [EM AHAE BA s|e skl
(Mattia and Le Toan, 1999; Zribi et al
2000; Baghdadi et al, 2006b). oj2] <7t
Al IEMCe® AlE#HCd € FleHAGe}
SAR AME S4¥ FAEAlT Afole] B
27} R = (Rakotoarivony et  al.,
1996; Boisvert et al, 1997; Zribi et al,
1997; Baghdadi et al., 2002a; Panciera et

AL 1o

[e]

Orrs

i
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TABLE 7. Comparison between each versions of Dubois, Oh, and Integral Equation Model
(IEM)’ s simulation result and observation soil moisture data

Model Polarization Statistics All Data L—band C—band X—band
" *Bias (dB) -10 —1.0 11 09
Db “RMSE (dB) 40 30 41 41
w Bias (dB) 07 =02 0.4 18
RMSE (dB) 29 25 28 3.1
m Bias (?B)) 0.4 25 0.1 0.0
RMSE (dB 26 37 24 25
On et al. (1992 " Bias (dB) 01 21 04 2
RMSE (dB) 24 3.4 23 21
" Bias (((JIB)) -0.9 1.3 -1.2 -1.2
RMSE (dB 28 28 27 28
On et al. (1994 " Bias (dB) 3 07 3 wy
RMSE (dB) 26 26 26 27
" Bias (dB) 03 21 209 -10
RMSE (dB) 27 32 27 28
Bias (dB) 07 15 1.0 09
On et al. (2002) W RMSE (dB) 29 31 27 38
w Bias (dB) 06 18 12 0.4
RMSE (dB) 25 29 27 20
" Bias (?B)) 05 21 -10 06
RMSE (dB 26 33 27 23
On (2004 w Bias (dB) 11 14 15 14
RMSE (dB) 26 28 28 21
" Bias (dB) 08 =0.9 07 15
RMSE (dB) 105 36 1.2 106
. Bias (dB) 17.2 52 1.8 46.3
EM using +GCF W RMSE (dB) 38.4 145 267 740
W Bias (dB) 0.4 -25 0.7 3.5
RMSE (dB) 92 50 86 1.3
" Bias (dB) 08 06 -10 42
RMSE (dB) 56 29 41 83
. Bias (dB) ~15.8 12 ~19.9 0.0
IEM using +ECF i RMSE (dB) 314 6.8 251 544
W Bias (dB) 22 -1.3 0.5 6.7
RMSE (dB) 65 35 49 9.4
" Bias (dB) 03 0.1 06 03
RMSE (dB) 20 23 21 18
IEM_B with *Lopt " Bias (dB) - - -1.3 -
using GCF RMSE (dB) - - 31 -
w Bias (dB) 01 02 0.0 03
RMSE (dB) 19 23 19 18

* Bias: Observation data - simulations, RMSE: Root Mean Square Error, IEM: Integral Equation Model,
GCF: Gaussian Correlation Function, ECF: Exponential Correlation Function, Lopt: Fitting Parameter
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al, 2014; Gorrab et al, 2015), Baghdadi et
al (2000) ¥} Baghdadi et al (2002)& #=%
A2} IEM AlEdold Al Aol o)z} 5=
2 AARol(p)el 7IjIsRE As Yo
T AT Aol BEYXE Fol7] 9% WA
AWl [EM BE A¢kslith(Baghdadi et
al, 2006¢, 2011a,b, 2015). Choker et al
(2017) 2 HFeE SAR Y3 (AIRSAR, SIR-C,
JERS—1, PALSAR—-1, ESAR, RADARSAT,
ASAR, TerraSAR-X)& o]g3ato] a3
29 (Oh model, Dubois model) ¥} ©]&2% &L
A(IEM, IEMB)9 de& Hlusls o
[EM_B®] Aol 7H $2 2oz Frisigint
(7).

w

) W3} 7] 2d
WA malal [EM AR dAlsh= of
e 3 AR A4S w7 Wittt
(Dubois et al., 1995a,b; Baghdadi et al,
2006¢; Merzouki et al, 2010). W3} 74#] &
e mW ARV qfE 9 #AS Bl o
sk A3 7P SHA QoA Azt wet
Aot 7HE= 1 ART] i) A
= AAg) goly JAdelM oleldt mdE
AAH Bt A¥A wAE AT
+ A Moran et al, 2000; Kim and van
Zyl, 2009; Kurucu et al, 2009; Pathe et
al., 2009).

gl wWsk 74 TU—Wien
Change Detection Algorithm< Wagner et
al. (1999a,b,c), Wagner and Scipal(2000),
Wagner et al(2003), Naeimi et al
(2009a,b) o] AAgE W o=z, oJu] ENVISAT
ASARY ASCAT 149 Edri e 4
gFol Fo o R ALHoqlet o] W
reference incidence angle°l Z73%
HATF o0(60,t) 5 olgsh, AT|HoR A5
AbzollA 7 s i Ak gk P =
ok Ak 3hs FESte] ARESiTh Eoko|

S Algto] vl Efo] x3) H&

1 dlo]
- =l

1_.

ok

I
—

o
O
o A o L e o

o0 (0), 7P sk ghs oS, (0) = EATTL
Azdel gk 9 AbRE 2k 69, (0,t) 7F B 5]
Sk Akl the Bk f AR o
AA= ] 11 AR &7t = %
7= ARkl wkep WakA] o] wiEel o), (6
X of,(0) 5 wiFs Zom ¥ ARY)e
JEFSs AAL 5 Utk Ax7F GAY Foll 4
o] QA Ui, Bk A 29} o] A
AkE 4= Qlth(Wagner et al, 1999b).

2

Sk

~—

1o

a°(0,¢t) fa(; (0)
(t)=—— 2
= ol (0) @

A7IA, m,(t) &= t AREIM S Eqrigolrt
A RS 9 mdou; 244
AkknEl R} 7hashe (Zribi et al, 2007),
W A} Bk Atolell ghdket A A
AE 88 4 dhMoran et al, 2000).
Moran et al.(2000)> 218 2&2] WP A
o] gle WA YgeM E=EE A wAA=

o] 20% o)l w P AdE Hol
3 Efo] ArjAow Axehd wsk 7] 2R
o] 1dB W%k t| &2 AfolE Hol= A&
gl om the 19 29} 2 B W
AE EE3Th

Rl Lo

H

A3 AE ol &St
Aol Aol gk HAaAksHS 718k
o7 s, TF T rEe] A9l AEHV|E
3}tk (Baghdadi et al, 2006a, 2007; Baup
et al, 2007; Bourgeau—Chavez et al, 2007;
Anguela et al, 2010). SS9 Eokr
i Atele] #AlE vldFolAHE, Quesney et
al.(2000) tE7F 28] AW G100k %
ARAIGeL Bk 1ke] #AE AF dhrel

fns
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FIGURE 2. Regional maps of surface volumetric soil moisture based on ERS—2 C—band SAR
images (Moran et al., 2000)

oaf A E g eSSt B
9] Abze) AMEEE v EEL Exponential
(Baghdadi et al, 2006a) ©]1} Polynomial (Altese
et al, 1996; Shi et al, 1997; Su et al,
1997; De Roo et al, 2001) & tFshd A
X A3 o Akeke] Ao wet depxith
Ay g ndg 39 Rl 2% oA shie] B
& wi WAF(ESFTD AT AL Thssitt
(Kornelsen and Coulibaly, 2013).

5) QlFA7A (Artificial Neural Network,

ANN (Artificial Neural Network)<- weight
matrixs &3l FoE d#eol ™ dojE AE
9} 91F FHoR 49 hidden layerE 9124
g 71AIEs 7IHelt). Feedforward ANN

& A g e HE TAPHORM oln] Bk
TH AEo| Agdoz AREE vl ltH(Fung,
1994; Baghdadi et al, 2002a; Satalino et al.,
2002; Lakhankar et al, 2006; Notarnicola
et al., 2008; Pierdicca et al, 2008; Said et
al, 2008). ANN¥} the RElo] v -of|A
ANNLZ- A8 B= 539 (Said et al, 2008),
WA =2} (Lakhankar et al, 2006), H#|o]x|et
4] (Notarnicola et al, 2008; Pierdicca et
al, 2008)& &3t Edrd AFEdyHn £
< AEeE ®elom wojx|et FA vyl
< 9, Notarnicola et al.(2008)2 k& A}
S8 w7 ¥ 78 ST HlolAIqE 49
AR A7) Wl ANNS] e} 37
sk NDVI, LAL 43t 2]
o] W EX|] ¥& F HX HolHE ARt

o
rr
N
o
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S ARE 3 ARE Bestd B¢
A=At NAEY|E S8t (Lakhankar et
al., 2006; Notarnicola et al, 2008; Said et
al, 2008). ANNZ 7z} Ao dielf FH8Fs
o] EFE-e] A Adsol H= Flo] We
Z(Said et al, 2008) YUHEHQl FHo] ohd
54zl tjs] FH¥ ANNo| EGis
Akt o 182 7 e AT

2. i~ XI5k §=(Submarine Groundwater
Discharge, SGD)

SGD& F2 tis3ol] vire] ddxe] Qlar
Aslre] 57 dlgHED =2 A9l wb
stz dRbF o R SoflA  dAYsH
A AAL] WS sk el B E I FH 2
teo] Aqte] wEw Burnett et al, 2003;
Slomp and Van Cappellen, 2004; Moore,
2006), SGD= 7] FUAaE SAoA vtz
SEete Fog 4B S skl x@W
7] opie] Bt sel Sele okl
s 84 o} SGD7} WASR: Aololi
ket BAEFOl AAT & 9tk AL,
Kim et al (2011)¢] A7l m=9 SGD2] <
ko E-2-yo] (Water puddle) ez Jeh}7]

wjFof] Fgele] AZFo] 4ol &
AtH ¥ 3).

3. 4=

1980ty oldj2 7o) dARAR= % wt
olazs WAHAE o]&3] SAH gk, ol
Sk oA HlolHERH ] A S TE A
T d5e Akt Aol &) wiwel Alst
Al Futo] o] FolFlth(Weinman et al,
2009). ©] Agk> X—band = Ku-—band
Radarg AHEEO=H =5 7ls3t 2107 o
el om, TRMM (Tropical Rainfall
Measurement ~ Mission) 4] €A
Ku—band 7% #|o]t] (Precipitation Radar,
PR)= SAlol| st g S4s A&HA 73
SHATH Y 4). sHAW 74 Aol 4km mIREI
&S A57F dAshE PR o]dt 7k oWE
= #AAY 4% & sk Durden et al,
1998). X-band SAR: & ¥ AR
(~100m) & 7F#7] W&ol PRo] S438H4] st
v A2 A ASS A Thsete] B el
Al X—band SARE ©|&3t 7y FAHE AlEst
ScH(Atlas and Moore, 1987; Jameson et al.,
1997; Moore et al., 1997; Melsheimer et al.,
1998; Alpers and Melsheimer, 2004).

FIGURE 3. Close—up photographs of Area A. The same images with water masking are shown in
the right side of this figure (Kim et al., 2011)
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TRMM AGPI (38-42) V5 Precip 1998  (mm/d)

FIGURE 4. Rainfall maps(mm month ') for 1998(version 5) comparing
independent TRMM rainfall estimates(Kumerow et al., 2000)

C—band % L-bandi= A7-9] #50] 3lo] 2 22 X-band #olrrct X EH3] C—band

Bt AREE O el g os Fash, SARE o]gst o] F42 x7] wlo] HE
£3] C—band SARE 7<= F4ol 2lo] L—band 1 Qth(Alpers et al, 2016).
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4. MMEEZMHX(Snow Cover Area, SCA)

A 'A] Ve A8 Qs ol8E A
W wlola Rzt @Ak o8 WHo] e
m Zyzbe] w9 sAl7E Stk 1980
Wiy 3t Qs ol&d A EX7) o] F
oJx17] A1Z8FA 2™ (Dahnju, 1983; Matson
et al, 1986; Dozier and Marks, 1987; Hall
et al, 2002; Dozier and Painter, 2004;
Kulkarni et al., 2010), 55 wlo]a=Zs}
(Hallikainen, 1984; Walker and Goodison,
1993) % 55 vwlolawst Fe =3 ol
ot ¥Xx  FEcH(Hallikainen et al,
2003). Ao I8R5, 22lal o] =7
L S BELE A
ol-gst Ad ] 7]EelAe] Fa ol
of wbA, E ol o] ekow Ho- )
=9} v 3 7P SAR 9 A4 E
o =294 54 F4¢ o U2 gijks Al
gt = At (Goodison et al, 1980; Rott and
Matzler, 1987; Koskinen et al, 1997,
Dozier, 1998; Nagler and Rott, 2004;
Bartsch et al, 2007).

= X oy Y Ak 3 Y
Aol 4 A, AR B4 W AR Qage
71818t Gzl ¢]&EH ™ (Ulaby and Stiles,
1980; Tiuri et al., 1984; Hallikainen et al.,
1986; Matzler, 1987), HPZ<l 2wmg- 2
(Snowpack) O ZHE 9] F1F AbghS o] FH,
= T AR aga BEYF 7]l FEe
2 Ads] 2dy "3 5 QItk(Strozzi and
Matzler, 1998). A2 iwof st & 4 Akeh
(0,,) 72 1A 9 Fuikgho et dAsh=
i, vk = (o,,) A= oo 29 Aksh
o] xujAojc}, AL =] A, Faakeke =
o] F& HEet WmE AAE Hol=d], Hx
O] o] A5 & Aleld w2 A o
Z(Dielectric contrast) 2 U3l + FHAEES
S7MA1717] wiEoltH(Ambach, 1980).

Baghdadi algorithm(Baghdadi et al., 1997;
Baghdadi et al, 1999) 3} Nagler algorithm

o

(Nagler, 1996)-2> SCA(Snow Cover Area)&
ARkt AREE T8 daE]so|th Baghdadi
algorithm®} Nagler algorithm< W3} 74+ <
yElFoE dA A (&S 7Ikh e Y Akek
0,2 71 VY 0, T PR wolY O
of QA & wivge] ) Abedte] vlwE
ERRSES E= e in =

Baghdadi algorithm® #%F 132 =
2] 3%

oft WL

1o

0 _ 0
Oref ~Ops 2 O

ws =

3)

Wetsnow if:
Vs Ohss B

A7M, B,y B5= 3l AHEEE i
AT 48} 6 0,2 AR (Threshold) otk

Baghdadi algorithm®} {+AFs}Al, Nagler
algorithme o3 o] ¢,.%} 0,9 BlE AF

= ol A (A 4a—o).

if:
(L = True or S = True or I = True) then,
No information can be derived

(4a)
elseif: (4b)
(a,(l:,s /a(,?ef < TR) then,
wet snow
else: (4¢)
snow free

oA7I1A, L, S = A4 &5l F4gst g4
2 LE goler (Layover), S&= #@olve 1
YA, = AFYo] W A (v AHuke] 4
T, <177 ) ot} =2 AL 78 ), TR
AAZE(=3dB) o]k

Nagler(1996)2 &% A5 2 Fg+ IS
o]gste] A~ 2ol A JAZ TR
=—3dBS E=3}91, Nagler and Rott
(2000) eAEgol x| tfs] TR=-3dB
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FIGURE 5. Snow maps of the basin Tuxbach, Zillertal (a) from descending Radarsat SAR Beam
Mode S7 image: change of snow extent from 11 May to 4 June 1998(blue), snow extent on 4
June 1998(green); areas of no information(yellow); snow free at both dates(grey); (b) from
Landsat—5 TM data, 13 May 1998: snow(blue), clouds(yellow); snow free(grey) (Nagler and Rott,

2000)
5 AEE w P I A Basl 2
UXE RS FASH (19" 5). Harold et
al (2000) W3t A dugEs AREsho]
RADARSAT—1 ScanSAR Ao 2XHE SCA

=

= ARSI, 99714 ASEe] SAR 9
o234 SAR GAtow Wi, Y HE=E

Ad= s sholth
5. A4+
= A B s AA e

w3
9l SARY FUA

U R A2 )

(Mapping) > 7} 712
& ofolr, #Ee] 91A ¢
My 324 9 22 o F, 7HE, 25 Y
A 98 EX(Inoue et al, 2002
Stankiewicz, 2006; Kussul et al, 2017)3}
e W2 §8 woblA ARE 4 Sl A
oA Akt ¥l SAR AlZE wpo|eus HF &

FHl, TH ARV D AN A (FokE, HE
AAzh ol s o (Stankiewicz,
2006), A wet Addsh Wtels T E2E
7= A2 vhekst g Tkl dis) A
2 e Ak 9SS Witk #ES] AR W
sh= 2= AdollA 7HE el Hs 530l
ol ATt WEW o ARE v e ¥
sF9e] SAR F4e AREE o AE9
A g z2hg A BUE el s o U A
Wt AFEEE Zlo® YERTH(Stankiewicz,
2006; Chen et al, 2007; Mcnairn et al,
2009; Lopez— Sanchez et al, 2011, 2012).
e BUEYPOY 7% oS, B A
BEw S A8l AREEE FHQL il
T2 2 AFS4Q] LAL, NDVIZF o] ARg-¥ a1
Art.

ol
=
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1) A& A 4= (Leaf Area Index, LAID

LAIE= 8t 72t T ¢ d3s e 75
Augad ez U= ZHLAI = leaf area /
ground area, m/m)o=Z AA Ay FF
71221 mHo|H o] A% Al 9 ek
I A" #BHo] Q= zo7 2dyA] 9tk SAR
QoA LAIE F83h= dl AREE F 7

Fo Bdd A ndy) gy ndo|c)
A4 pue 37 AL olgsle] SAR
WA ERE LAIS 348 54 Ao

,?‘__

I Azl disl] S wzel M7t Algh
QltH(Beauregard et al, 2016).
Paloscia(1995)+= HV #Hulo|x P/L/C—band
SHbRHAel LAL Afole] A2 #AE &
#3133, Paloscia er al(2002)+ LAIS} Ut
FTar 2 v d3; SAR 94 Abele] #A
= #4819t} Chen et al (2009) = 2] LAI
¢} ENVISAT ASAR VV/HH #3} 3+ 3415
ZAFsto] ASAR 1Ak s} djofE7} 2] LAI
= 7 T S AEIleH, Jiao et al
(2010, 2014)+= TerraSAR ©o|& #Hd}t
X—band H|o|E], RADARSAT-2 Als #HA3}
C—band dloJ€], 12]31 ALOS PALSAR ©|%
H3}l L-band HloJElE o]&3dte] T3 &5
LATe| thgh 985 #Aeted L % C—band®
Agak o] LAISE AAIst A7 s
S 913t} Fontanelli et al. (2013)2 COSMO
—SkyMed % TerraSAR-X HJo]E|& AlE-51o]
Merguellil f+ejelld W3t weje] LA thst
SabeAle] et s i daglth
W2 mdle A Al 2y FAREA
Azlslo] A3A wduth o He AL W
9= 7FAth Water Cloud Model (WCM) 2 %
LAT F7e] @o] ARH= W g4 wdlo]
], Fo1zl #H3k(pp) oA WCME] 7|41 ¢
e t22] 4 59 Zt}(Attema and Ulaby,
1978).

ry do mlo

0
Opp = al g +4°

,+ T%° )

veg + soi soil

I, o BT F TR,
o, = AL FARAT, o), i AT
Rk T FRBIE, o, & o] F
Fokdlak 7hajo)c),
AA BES AA SAR 9
B Qeld A 63 2
ARSI skl
(Prevot et al, 1993; Bindlish et al, 2001;
Dabrowsak—Zielinska et al, 2007; Oh, 2008;
Liu et al, 2016; Baghdadi et al.,, 2017; Bai
et al, 2017; Chauhan et al, 2018;
Dabrowsak—Zielinska et al, 2018).

2
L o
X
r
=3
rlo
1>
ox
> 2
1o,
rot

0® = A, V,cos0,(1—exp(—2B,V,/cosb,)) (6)
+0%(exp(—2B,V,/cosb,))

AWEAQl WCMeIA wX|¢2 7 == A4,
B, My Ao wet =, o] 2] wj
o] Lf]ri o] HEH o7 AAF ool it
el 74] = oS A28 Hi7y
v, 2% VE ﬂﬂlﬂ A 28] oldAoR
QI8 VWC(Vegetation Water Content), LAI
(Leaf Area Index), Canopy height(h), A}
TR (m,) I 22 2 7 A st
A A1\ Qo

Beriaux et al(2013)2 WCM= A&}
C—band % VV #Hi} SAR GAlollA] 25529
LAI AF=EATE 3819 2™ Hosseini et al.
(2015)+ vt H3} C—band RADARSAT-2
4 L-band UAVSARE A3l LAIS +3
sttt 712 F 7 BEEE Agst AR
LAI F49o] /IEE7I% sF1+=dl, Beriaux
et al.(2015)2 WCM¥} Bayesian fusion W
= AREet] S5 LAI§ F3n 1 4
¥ o] Azto] LAI 49 Heee} AlFe
= k=l & Aol les BTtk

2) A7F21 A4 (Normalized Difference
Vegetation Index, NDVI)
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CNMN with despeckling

FIGURE 6. Results obtained on the test image of June 4th. Sample SAR bands and target y
on the top left row. NDVI estimations with three compared methods in the next three rows.
From left to right one, two and three adjacent SAR acquisitions are considered in input,
respectively (Mazza et al., 2019)

N A D 7] AAAE T sl AR (o) T TP 99 T A8 99
NDVI= 7P & dejzl 252 J4s 4 (o) SIS HEALE O] Wisl2 o84 2 73}
Feke] S A ashAQl ARl o] el 4= Qltk(Lee et al, 2017).

o, Al vehhis 22 el geellx el nt
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NDVI= PNIR ™ PRED 7

Pnir T PrED

NDVIS] ®H9&= -1 12, NDVIZF 25¢1
73 &l didsh 0o 7k A9-(-0.1~
0.+ ik ox nig], 2o H= o] B
%Ei Aol sty v ok g dHE

Z940.2~0.4) 01 1] 77k #hes & 4
o:h;HOEIO vebdAth EoF "l AAjo] S-Rslek
st} nlo]amslel A Wleh= Axr| 9t
L:_O 71—1:‘~ 1;]% Ao = ‘5'7 zg—;;ﬂ NDVIQJ- ZEL
212 #AHE ARE FEF= oHRS
<t} (Vreugdenhil et al, 2018). o]& 3t oy
o= =7sta, A8 BUEPCAA Falsu
Tl o FFE sHEsh] 28l deold 9
< AESkE A77F AEEH A Frison et al,
2018).

Navarro et al.(2016) NDVI] AJAIL3}
FAEC gt 5F kel ) AlRE Aloje|
2 AT S ekl Aol s
f SAR Qo] st = oAl & T U=
RHSow Frison et al(2018)< Sentinel—1
SAR %79 SHAkeHAlG(VV 2 VH 3 7}
Landsat—8 4= o83l A% NDVI Afe]9]
e AL 55 FHETE Vreugdenhil et
al (2018) 2 &&= ARG Alole] A4
TIAS} o5 Abol9] vlES Wdste] oy
Qe A BUE R oist dAES glsh
vl Uk

NDVIS] 4F&2 NDVISF SwpataAls 719
AABAE vgoR s 34 7Rk NDVI
AEo] tfFRolt). Mazza et al (2018)2 3%
tﬂ— H/HOZV\]'.J NDVI }\]'EEOHH _‘[L.E_OE_ ioﬂ
¥ Z42] NDVI 345 918l 15isk A[ALde
NDVI 9743 SAR 97d= ol&sll A3+ 2
CNN(Convolutional Neural Network)S ©]-83}
o] NDVI 1H&<= 38iitH(1d 6). Filgueiras
et al (2019)+ Sentinel-2 33 o=z Ak
=%k NDVI2} Sentinel—1 SAR 7] $HAk
G Abole] 7T7HA] 1 As abdste] ZHte]

FIOAQ_L

; dolEl} 5ol Be
9] ¥9 wUEe] A%H0E Mgl

A A AR verg gyeleld A
o] Aol Sy 8 weh 9 4, s
5 Zye Ropeld B Bgo] olFolH

’31, ? Fl Eopelld B 5

s

O
-

E.%Li E?JHL k. et dold 7l
27184 2| 2)E wlel] 7 g8 Atk
Al o] EAsta, =ulelA ol 7hs
St glolr] gade] WA kol FEh el st
OlELTF =2 AEolglovt(ang, 2011), H
= ESA°A A} 4 23k= Sentinel—1 9
] SAR e el FEZ AlwsH]
Az mEl SARE E-8-8F At Ak A
T7F Aak Gis)d Ao At
FEvEtlAE Hul Ak W = AlE]
ookt & AR a9l xEe] ek 22
i AR e 7F AA S| el oleidt
TLA TS 9% wEE o AR AT Al
Al TS st A - AR A8 C-
band SAR F@AFS 7IEste] 2025 WAL

ﬂmﬁ@wm
59
o 10 =
by
tlo
L
< o
£
1o
2
2
2
1o
ot
ofo
L

FE

£ AFsta it —)FX}‘” A S o] -
=, - AR T = T wokelA FHE
o] AAZF ARE F|Fo=R AFsty, 94
29E B8 A B FRO F5 HYE
SHEE dYo =z Fujste] wAS XYY b
A ARE gl 5 oA a&4 el
ZQ3k s T Ao JYgHe] AL e
St IR AR V1€ AE ke g Al
sk Al & 4= vk (Hwang et al, 2018).
olef, & yod= = - 9 FuEHS HE
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