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Abstract. Soil moisture retrieval from Synthetic Aper- serving soil moisture. During the past decades, many efforts
ture Radar (SAR) using state-of-the-art backscatter modelfiave been made to develop robust backscatter models that
is not fully operational at present, mainly due to difficul- allow soil moisture retrieval from SAR, ranging from em-
ties involved in the parameterisation of soil surface rough-pirical relationships (e.goh et al, 1992 Wang et al, 1997,
ness. Recently, increasing interest has been drawn to th&ribi and Dechambre002) to physical approximations (e.qg.
use of calibrated or effective roughness parameters, as theigice, 1951, Beckman and Spizzichind963 Fung 1994.
circumvent issues known to the parameterisation of field-Amongst the latter, the single scattering approximation of
measured roughness. This paper analyses effective roughhe Integral Equation Model (IEMHung et al, 1992 Fung
ness parameters derived from C- and L-band SAR obseri994) is the most frequently used when concerned with bare
vations over a large number of agricultural seedbed siter sparsely vegetated agricultural solddran et al, 2004).
in Europe. It shows that parameters may largely differ be- The backscattering of microwaves from a soil surface not
tween SAR acquisitions, as they are related to the observednly depends on the soil moisture content, but also on the
backscatter coefficients and variations in the local incidencesoil surface roughness. Despite the continuing advances
angle. Therefore, a statistical model is developed that alin surface roughness parameterisation from field measure-
lows for estimating effective roughness parameters from mi-ments (e.gOh and Kay 1998 Davidson et a].200Q Jester
crowave backscatter observations. Subsequently, these pand Klik, 2005 Callens et a].2006 and SAR observations
rameters can be propagated through the Integral Equatiofe.g. Borgeaud and NoJl1994 Mattia et al, 1997 Srivas-
Model (IEM) for soil moisture retrieval. It is shown that tava et al. 2008 Marzahn and Ludwig2009, the use of
fairly accurate soil moisture results are obtained both at Cthese roughness parameters for soil moisture retrieval from
and L-band, with an RMSE ranging between 4vol% and SAR often remains unsatisfactory. Several studies have at-
6.5 vol%. tributed this to an inadequate processing of roughness mea-
surements on the one hand (eBgyant et al, 2007, Lievens
et al, 2009, or to a failure of the backscatter models in de-
1 Introduction scribing the cqmplexity of surface roughness on the other
hand (e.gMattia et al, 2003 Wagner et al.2007). Most
Soil moisture §4y) is of paramount importance in the hy- Physically-based models such as the IEM assume that surface
drologic cycle, as it determines the partitioning of rainfall foughness is a single-scale random stationary process char-
into runoff and infiltration, affects the evapotranspiration rate acterised in terms of the Root Mean Square (RMS) height,
and drives crop development. It is well known that Synthetic$, the correlation lengthi, and an autocorrelation function
Aperture Radar (SAR) sensors have a large potential for ob{ACF) (Fung etal.1992. However, natural surfaces are gen-
erally non-stationary and should be regarded as a superposi-
tion of single- and multiscale processes, respectively related
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Table 1. Overview of the collected data sets.

Band  Site Site Date # #  SARdata 0 (°) Texture (USDA) My sampling Reference
ID Fields Images
C-HH 1 Alzette (L) 2007-2009 2 6 ENVISAT ASAR 17.2-24.6 (sandy)clayloam grav. (0-5cm) -
1 RADARSAT-1 22.1-24.1 (sandy)clay loam grav. (0-5cm) -
2 Dijle (B) 2007-2009 3 6 ENVISAT ASAR 15.0-29.1 silt grav. (0-5cm)
2 RADARSAT-1 26.7-30.1 silt grav. (0-5cm) -
3 LaTejefa (E) 2003 15 5 RADARSAT-1 15.0-28.7 silty clay TDR (0-11 cm)"\lvarez—Mozos et al(2006 2008
C-wW 4 Alzette (L) 2007-2009 2 10 ENVISAT ASAR 17.2-26.4 (sandy)clay loam grav. (0-5cm) -
5 Dijle (B) 2007-2009 3 8 ENVISAT ASAR 15.0-29.1 silt grav. (0-5cm) -
6 LaTejefa (E) 2004-2005 10 6 ENVISAT ASAR 15.5-31.3 silty clay TDR (0-11 cmAlvarez-Mozos et al(2009
7  Loamy region (B) 2003 10 1 ERS-2SAR 20.1-20.5 silt grav. (0-5cmMerhoest et al(20073
TDR (0-11cm)
8 Matera(l) 1998 5 1 ERS-2SAR 23 silty clay grav. (0-5cm) Verhoest et al(20073
9 Zwalm (B) 1995 6 2 ERS-1/2 SAR 18.9-23.2 siltloam grav. (0—10 cnVerhoest et al(2000
10 Zwalm (B) 1996 3 2 ERS-1/2 SAR 20.5-23.2 siltloam grav. (0-10 cnverhoest et al(2000
11 Zwalm (B) 2003 6 2 ERS-2SAR 21.7-23.7 silty clay loam grav. (0-5cmMerhoest et al(20073

TDR (0-11cm)

L-HH 12 Alzette (L) 2007-2009 2 2 ALOS PALSAR 36.5-41.1 (sandy)clay loam grav. (0-5cntjeitz et al.(2009
13  Dijle (B) 2007-2009 3 4 ALOSPALSAR  36.2-39.4 silt grav. (0-5cm)  —
14 Zwalm (B) 2007 2 1 ALOSPALSAR 38.7 siltloam grav. (0—10cm).ievens et al(2008
15 Demmin (D) 2006 2 5 E-SAR 39.1-50.7 sandy loam grav. & TDR Hajnsek et al(2007)
(0-10cm)

the parameterisation of roughness in terms,df and ACF  derived roughness parameters are propagated through an it-
is problematic (se&ferhoest et al(2008 for a topical re-  erative inversion scheme of the IEM and the four-component
view) and often reported as being the main error source condielectric mixing modelDobson et a].1985 for the retrieval
tributing to poor soil moisture retrieval results (eRako-  of soil moisture. Finally, the accuracy of the retrieved soll
toarivony et al,1996 Zribi et al, 1997 Leconte et a].2004). moisture values and the robustness of the retrieval technique
Several attempts have been made to enhance conventionate evaluated through a cross-validation with in situ measure-
backscatter models through a self-affine or fractal surface dements.

scription (e.gMattia and Le Toan1999 Zribi et al,, 2000

Franceschetti et al2000. However, a fractal surface de-

scription increases the complexity and number of parame2  Study sites and data

ters, limiting the operational use of such methods. Therefore,

present soil moisture retrieval research keeps being drivem large number of SAR acquisitions and corresponding
by models assuming a stationary surface. As an alternativgie|d observations were collected over agricultural fields lo-
solution to the parameterisation problems associated withhated within different study sites in Europe. The SAR data
single-scale backscatter models, roughness parameters agmprises spaceborne (ENVISAT, RADARSAT-1 and ERS-
often calibrated. Such a technique was initially introduced by1/2) C-band acquisitions operated at a Horizontal-Horizontal
Su et al(1997), who used backscatter and soil moisture ob-(HH) and Vertical-Vertical (VV) polarisation, as well as
servations of a first acquisition date to estimate a roughneS§pacebome (ALOS) and airborne (E-SAR) L-band acquisi-
parameter, referred to as the effective roughness parametafpns at HH polarisation. The study fields were selected
which could further replace in situ measurements of rough-hased on two important criteria. First, only bare soils or
ness for the retrieval of soil moisture from subsequent SARsparsely vegetated fields were considered, which justifies the
acquisitions. However, recent studi@aghdadi et 8J2004  yse of a surface scattering model such as the IEM. Second,
2006 have shown that effective roughness parameters of thgie|ds were required to display smooth roughness conditions,
same site may diverge significantly when derived from dif- associated with rotary tillage or seedbed preparation, and
ferent SAR acquisitions with specific sensor configurations.yere not tilled during the acquisition period. It is worth men-
As a result, the use of temporally constant effective rough-joning that such smooth surface roughness conditions are
ness parameters for soil moisture retrieval from subsequengyynd during most of the year in cereal cropping areas such
acquisitions may not be justified. as those investigated in this study. Tablgives an overview
This paper analyses the behaviour of effective roughnessf the study sites, the SAR observations and the performed
parameters, both RMS height and correlation length, as desoil moisture measurements. Regarding the soil moisture
rived from C- and L-band SAR observations over a largemeasurements, both the sampling technique, i.e. gravimet-
number of bare or sparsely vegetated seedbed fields withinic (grav.) or Time Domain Reflectometry (TDR), and mea-
different sites in Europe. Based on this analysis, a statisticaburement depth are indicated. The gravimetric measurements
model is developed that allows the estimation of improvedwere obtained after weighing and oven drying (24 h at],05
parameters for each new SAR acquisition. Subsequently, thand were converted into the volumetric moisture content
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Fig. 1. Sensitivity of backscatteb(o) to in situ soil moisture )
for different intervals of local incidence ang®) @t (a) C-band HH,
(b) C-band VV and(c) L-band HH configurations is the number
of data points.
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using measurements of the bulk density. Finally, Taldéso
provides references to the literature for a more comprehen-
sive description.

A more detailed data analysis has been performed for two
sites, La Tejér (ID 3) and Demmin (ID 15), as they were
both covered by cereal vegetation that was already in a fur-
ther development stage. La Tégrs a small watershed
(170 ha) located in the region of Navarre (North of Spain).
During the RADARSAT-1 acquisitions in 2003, the water-
shed was almost completely cultivated, with winter cereals
being the main cropping system. The fifteen selected study
fields were recently sown with winter wheat and winter bar-
ley. However, despite the average development of the veg-
etation, it will not be accounted for in this study, as the
effect of the vegetation was minimised given the low in-
cidence angles (swath modes S1 and S2) and the HH po-
larisation of the RADARSAT acquisitionB(ftu and Gan
1999. This negligible effect could be verified through ap-
plication of a water cloud modeAftema and Ulaby1978
Prévot et al, 1993, using leaf area index (LAI) and vegeta-
tion water content (VWC) as bulk canopy parameters. For
LAl and VWC respectively ranging from 2.149 to 3.711
and 0.661 to 1.317 kgn¥, the attenuation of the backscat-
ter through the canopy was compensated to a large extent by
a direct vegetation contribution, leading to insignificant veg-
etation corrections within the relative radiometric accuracy
of the RADARSAT observations, i.e. +/1 dB (Srivastava
et al, 1999. The Demmin (Durable Environmental Mul-
tidisciplinary Monitoring Information Network) test site is
situated in Mecklenburg-Western Pomerania, approximately
150 km north of Berlin (Germany). Because of its flat topog-
raphy and large cultivated fields (225 ha on average), this site
is extremely suitable for earth observation studies. There-
fore, it was selected by ESA for the AgriSAR 2006 cam-
paign Hajnsek et al.2007). Between mid-April and the
end of July 2006, the German Aerospace Centre (DLR) car-
ried out twelve full-polarimetric airborne E-SAR (Experi-
mental SAR) flights in East-West direction over the area.
Coincidently, soil moisture measurements were performed
at several locations within two study fields sown with win-
ter wheat. To minimise the effect of the wheat vegetation,
only the first three and last two acquisitions are used in this
study. During these acquisitions, the vegetation was char-
acterised by a relatively low volumetric plant water content
(VWC < 1.7 kgnt2), which is often reported as being the
driving factor for direct canopy backscatter (eAgtema and
Ulaby, 1978 Bindlish and Barros2001). As illustrated by
Lievens and Verhoe$2010, the impact of the wheat vegeta-
tion was found to be well below the noise level of the E-SAR,
i.e. < 2dB (Scheiber et a).2008, for these specified acqui-
sitions, justifying the use of a surface scattering model as the
IEM.

For all study sites, standard processing techniques
were employed, including image calibration, calculation
of backscatter coefficientss?) and geocoding. As a
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combining different soil moisture sampling procedures and
20 from differences in the processing of the SAR imagery. Nev-

ertheless, we believe that the combination of data sets con-

tributes to the quality assessment of the developed retrieval
15 technigue and to the evaluation of its robustness.

10 3 The effective roughness approach

The effective roughness approach was first introducefilby
5 et al. (1997 and makes use of backscatter and soil mois-
ture observations for the estimation of a roughness param-
eter. This effective roughness parameter can then replace in
situ measurements of roughness for the retrieval of soil mois-
(@  ture from successive SAR imageSu et al.(1997 first ap-
plied this technique using the IEM to obtain surface RMS
20 slope §/1) as effective parameter, reducing the number of
unknowns in the model. Later oNerhoest et al(2000 ap-
plied a similar technique to retrieve effectivvalues for the
15 Oh model Oh et al, 1992, using ERS and SIR-C data of
the Zwalm catchment (Belgium). This resulted in a signifi-
cant improvement of soil moisture retrieval compared to con-
ventional techniques. More recentBaghdadi et al(2002
2004 2009 calculated effectivé-values based on the IEM
and measurements of They found that effective-values of
the same site may diverge significantly when derived from
different SAR acquisitions with specific sensor configura-
tions. Therefore, empirical equations were formulated to re-
(b) late effective-values to configuration parameters such as the
incidence angle, polarisation and frequenBgghdadi et aJ.
Fig. 2. Absolute soil moisture retrieval error (vol%) for differ- 2006. Alvarez-Mozos et al(200§ applied the technique
ent (s, /)-combinations and a given, My)-observation usinga) developed byBaghdadi et al(2006 to RADARSAT-1 data
C-band HH (RADARSAT-1 acquisition of La Tejer, with 00 = over Navarre (Spain), which led to promising soil moisture
—5.93dB andMy = 22.76 vol%) and(b) L-band HH (E-SAR ac-  retrieval results. AlternativelyRahman et al(2007) prop-
quisition of Demmin, withy© = —17.55 dB andMy = 22.34 vol%). agated backscatter observations from dry soils (eliminating
the effects of soil moisture content) and measurements of
RMS height through the IEM for the retrieval of effective
correlation length. The use of the latter evidenced a large
final processing step, the®-observations and in siti, - improvement over the use of field measurements. Finally,
observations (ranging from 3 to 40 samples per field) werein the past few years the effective roughness approach has
averaged on a field scale level in order to reduce uncertaintybeen successfully applied by numerous studies using both
Figure 1 shows these field averaged backscatter and soifctive (e.gVerhoest et a).2007a van der Velde et 812007,
moisture observations of all sites per SAR configuration. AsJoseph et 812008 and passive (e.¢:scorihuela et al2007,
this figure illustrates, the highest correlation between soilPanciera et al2009 de Jeu et a].2009 microwave remote
moisture and backscatter is found at L-band, highlighting thesensing.
large potential of lower frequency SAR for soil moisture re-  In this study, effective roughness parametegg &nd/es)
trieval. On the other hand, C-band VV reveals the lowest cor-are calculated for eaclwf, M,)-observation using the sin-
relation. However, it should be remarked that a direct com-gle scattering approximation of the IENFing et al. 1992
parison between configurations may not be justified becaus€ung 1994). To this end, a range of and/-values are prop-
of differences in the size of the data sets and data acquisitioragated through the IEM, after which for every combination
e.g. C-band data are acquired at lower incidence angle thaaof roughness parameters the absolute soil moisture retrieval
L-band data. Particularly for C-band VV, additional errors error is calculated. Next, the respectiveand/-values that
may be introduced by merging a large number of study sitesled to the minimum error are defined as the effective rough-
which, by consequence, yields a larger set of unique and disness parametersss, lefr). The selected-values ranged from
persed field conditions. Finally, errors may originate from 0.1 to 3.0 cm for C-band (as the validity condition of the IEM
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25- a predefined value may be preferred, since this parameter is
known to be more accurately measured in the field. However,
it should be stressed that the effective roughness parameters

2 N do not necessarily have a physical meaning, but rather should
E H be regarded as tuning parameters for the IEM that may im-
—~ 15 prove soil moisture retrieval. Whether there exists a link be-
§ + * = - tween effective and measured parameters is beyond the scope
m% T }7 . Q of this paper and could be subject of further research.
¥ [ _
Bagpn, e, . o |
05F + £ L = 4 Analysis of effective RMS height and correlation
= length
0% 3 4 5 6 7 & o 1011 1215 1415 This section illustrates the effective RMS heights and cor-
Site ID relation lengths, which are obtained by the IEM, with input

of in situ soil moisture measurements and predefiggdnd
Fig. 3. Box plot of effective RMS heightssgg) per site according ¢ . respectively. Furthermore, it demonstrates the variabil-
to the index shown in Tablg. ity in effective parameters between different study sites, or

even between different fields of the same site and aims at ex-

plaining this variability. This analysis forms the basis of the
requiresks < 3, with k the wave number) and 0.1-4.0 cm for effective roughness modelling (SeBt.and consequently the
L-band, with As =0.025cm. On the other hand,ranged  soil moisture retrieval approach (Se6}.
from 1 to 400 cm, withAl =1 cm for both frequencies. AS  Effective RMS heights are obtained by setting the corre-
an example, Fig2 shows a subset of the typical error pat- |ation length to a certain fixed value. As an example, Big.
terns that are obtained for (a) C-band and (b) L-band acshows a box plot of the obtained RMS heightsffer 10 cm
quisitions. As indicated by this figure, a large number of per study site according to the index in Tafle This fig-
(s, /)-combinations lead to the same minimum soil moisture yre jllustrates thates is consistently larger at L-band (sites
retrieval error for the giveno®, My), hence, a large num-  12_15) than at C-band (sites 1-11), which may be attributed
ber of possiblesest, lef)-combinations exist. Furthermore, a tg 3 failure of the IEM in describing surface roughness as a
small deviation from these effective parameters may a”ead)écale-dependent phenomenon rather than to large in situ dif-
cause a large retrieval error, particularly for low values of  ferences in roughness, since all fields were relatively smooth
and/. Itis therefore of utmost importance to obtain a pre- and tilled using similar machinery. This discrepancy was al-
cise estimate of the surface roughness. Moreover, it is wortheady observed bribi et al. (1997). Based on IEM simula-
mentioning that the retrieval errors reach a constant level fofjons of SIR-C/X-SAR and ERASME backscatter data, they
roughness parameters sufficiently deviating from the effectound that a good coherence could be obtained at L-band,
tive ones, because the soil moisture retrieval is limited t0 2-\yhereas C-band simulations generally tended to overesti-
45 vol% to avoid unrealistic retrieval values for common soil mate SAR backscattering. In terms of effective roughness,
types Verhoest et a).2007h. Finally, Fig.2 shows that, at  thjs tendency will cause decreased effective RMS heights at
C-band, two differentet-values can be found for the same c_pand in order to avoid underestimation of soil moisture.
left, respectively corresponding to a smoother and roughefhis was also demonstrated Baghdadi et al(2004, who
surface. However, since the selected study fields displaye¢h;nd smoother effective roughness parameters at a higher
smooth roughness conditions, we will restrict our analysis Ofrequency. Therefore, it is important to note that one should

the former. be cautious when applying the IEM in combination with a
Soil moisture retrieval based on the IEM requires specificmulti-frequency approach — retrieving roughness at one fre-
values ofs and! as input. Therefore, a singleef;, leff)- guency and soil moisture at another using the former derived

solution for eachd®, M,)-observation should be obtained. roughness — as obtained roughness parameters may not be
Given the criterion that selected study fields needed to disvalid at the other frequency. Another conclusion drawn from
play specific roughness conditions associated with seedbeBlig. 3 is that sometimes large variations exist between the
preparation or rotary tillage, very similarand/-values may = meansesi-values of different sites (e.g. 14 and 15), or even
be expected for all fields. Based on this hypothesis, it was debetween the different.s-values calculated within the same
cided to set one of the roughness parameters at a predefineite (e.g. 6). The large variability ofsr within one site
value and calibrate the other parameter, such that a uniqueras found to be caused by temporal changes in combination
solution is obtained. Both options, i.e. predefining respec-with sometimes large differences between the different fields.
tively s and! will be analysed and evaluated for different This is illustrated in Fig4, which shows the multi-temporal
parameter values. From a physical point of view, settiag behaviour ofsesr obtained from a series of ENVISAT ASAR
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VV acquisitions over five out of the ten study fields in the La (d8)

Tejeri.a (ID 6) wgtershed, Spain. As revealed by t_his figure, Fig. 5. Dependence ofuf on the backscatter observationd} for

the differences ieft between subsequent acquisitions range giterent intervals of incidence angle

up to 0.5 cm. Therefore, it clearly demonstrates that large er-

rors can be expected if effective roughness parameters of a _ _ . _

given acquisition are further used for soil moisture retrieval 5 Modelling of effective RMS height and correlation

from subsequent acquisitions. Furthermore, differences in length

seff between fields also range up to about 0.5 cm, even though o )

the same tillage operations were performed. To conclude, anhe effect of the local incidence angle on the calculation of

accurate soil moisture retrieval would thus require individual €fféctive roughness parameters may be reduced by normal-

seff-values for each field which moreover need to be updatedSind the backscatter observations with respect to a reference

every acquisition. A further analysis of the effective RMS incidence angle. To this end, a large number of empirical and

heights reveals that the source of the variabilitydpvalues ~ theoretical techniques exist, however, each with their spe-

is twofold: (1) they appear to be affected by the local inci- cific shortcomings anq I|m|tat|onsAbde_I—Messeh and de—

dence angl@ and (2) they are function of the backscatter 92n(2000 compared five of the most widely used techniques

observations°. Figure5 demonstrates the linear increase of @nd concluded that none of the models performs particularly

seft with o© for different intervals o®, as derived from the  Well, and that no model is markedly the best. For this pa-

C-band HH observations. per, we choose a theoretical approach initially introduced by
Analogously toses;, effective correlation lengths are ob- Ulaby et al (1982 and based on the Lambert’s law for optics:

tained by setting the RMS height at a certain fixed value. 0 0 COS0ref

However, it was observed that L-band generally requires”se =% o249 (1)

largers-values than C-band. Therefore, in this illustration, 0 _ _ o

lesr-values are calculated for an RMS height arbitrarily set atWith o Ec)he Imez_ar backscatter observahon at incidence angle

1.cm for C-band and 2 cm for L-band. FiguBeshows a box 9 a_nd Ofes the linear be}ckscatter_ normahsed to a reference

plot of the obtained correlation lengths per study site accordIncidence anglérr. This normalisation approach assumes

ing to the site index in Tablg. Again, this figure illustrates  that the relationship between the incidence angle and the

the large variability oflerr between different study sites of amount of _scattermg per unlt_surface area foII_O\_/vs the cosine

the same SAR configuration (e.g. 8 and 10 for C-band VV)IaW. Despite the fact that this model was originally devel-

and between different fields within the same site (e.g. 15)0Ped for rough surface\bdel-Messeh and Quegar000)

Furthermore, Fig7 displays the relationship between the C- and mainly applies to Qaussmn surfaces, it has shown to be

band HH backscatter observations and their correspondin§f@sonably representative for many types of terralkalfy

lefi-values for different intervals of. A similar influence  ©t &l, 1982. Furthermore, it has the advantage that it does

of 6 on the calculation ofe; was already demonstrated by not require any parameter to be fitted, as would be the case

Baghdadi et al(2004, who observed a decrease lgf as for a data-driven normalisation, and has already been suc-

the incidence angle increased. They related this behaviour t6€SSully applied by other studies (evan der Velde and Su

an important shortcoming of the IEM in quantifying the re- 2009. Nevertheless, it should be noted that the incidence an-

lation between surface roughness, local incidence angle an@ll® Normalisation is certainly not limited to the use of Lam-
backscatter. bert’s law, and basically any normalisation technique could

be applied in the frame of the developed soil moisture re-
trieval approach. Finally, the reference incidence angle was
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Fig. 6. Box plot of effective correlation lengthsgf) per site ac-
cording to the index shown in Table Fig. 7. Dependence df on the backscatter observationd) for
different intervals of incidence anglé)(

chosen to be Z3for C-band, corresponding to the standard
ERS configuration, and &(for L-band, which corresponds

to the average value of the L-band observations. the regression coefficientsandb are calculated. Next, the

After normalisation of the backscatter coefficients, effec- . . .
. . . normalised backscatter observations can be converted into
tive RMS heights and correlation lengths were recalculated.

As demonstrated by Fig8.and9, the effect of the incidence modell_ed roughness parameters (according t Fquhich
. on their turn can be propagated through the inverse IEM for
angle can be almost completely removed, through which the

. Soil moisture retrieval. Finally, for each of the predefined
effective roughness parameters become merely dependent gn

. ; . .~ Toughness parameters, the RMSE and the determination co-
the normalised backscatter observatlm“%fo. This relation efficient (R%) between the retrieved and observed soil mois-

ship ca.n be modelled by a simple linear regression model 3fure values can be calculated. It should be remarked that the
follows: . o .
same data set is used for the fitting of the regression models
@) and the evaluation of the soil moisture retrieval results. How-
ever, the purpose of this experiment is to analyse the impact

with Rmog either the modelled RMS height given a prede- Of the predefined roughness parameter value and not to per-
fined effective correlation length, or the modelled correla- form a throughout validation of the technique based on an
tion length given a predefined effective RMS heightand independ_ent datq set. Such validation will be addressed in
b regression parameters)  the normalised backscatter (in the following section.
dB) ande a random error term, usually considered to be zero The predefined RMS heights range from 0.5 to 2.25 cm for
mean normally distributed. Thus, once the model parameter€-band and 1.75 to 3.5cm for L-band, witks = 0.25cm.
a andb are fitted, the model allows a straightforward estima- Note that larger values for L-band were required, as was
tion of RMS height or correlation length solely based on aconcluded from the analysis ofs in function of frequency
normalised backscatter observation, which removes the neefbect.4). On the other hand, the predefined correlation
of field work for the purpose of soil moisture retrieval from lengths range from 10 to 80 cm for both frequencies, with
SAR. Besides, a major advantage of the approach is that tha/ = 10 cm. Figurel0 shows the RMSE ané?-values ob-
modelled roughness parameters refer to effective rather thatained for the different predefined roughness parameters. It
measured parameters, as the latter often cause poor soil moislustrates that generally better soil moisture retrieval results
ture retrieval results. are obtained when modellirignstead ofs. This is in accor-
The model parameters andb» depend on the roughness dance withLievens et al(2009, who found that small errors
parameter to be fixed and on its predefined value. As a consesn RMS height, inherent to its modelling, generally affect
quence, both considerations have an influence on the roughhe soil moisture retrieval more than larger errors on correla-
ness modelling results, and eventually on the soil moistureion length. In case of C-band, the choice of the predefined
retrieval results. Therefore, we will compare the soil mois- seems not to be crucial from 0.75 cm onwards. Nevertheless,
ture retrieval results obtained for different predefined param-he lowest errors are found with= 1 cm. On the other hand,
eter values. To this endl- andses-values are calculated re- L-band results seem to be more affected by the selected pa-
spectively for a range of predefined RMS heights and correrameter value and the best results are obtained fo2 cm.

lation lengths. For each of these predefined parameter values,

RmOdZaUQOref+b+6s
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Table 2. Regression model parameters and accuracy evaluation.

SAR configuration  a b RMSE (cm) R2
C-HH —-5.261 —8.493 3.578 0.862
C-wW —4.330 -—-3.841 7.007 0.533
L-HH —-8.833 -—-102.7 4.001 0.985

The selection of may be further optimised, particularly in
case of L-band HH. However, a general optimisation would
require more data and therefore cannot be performed in thi
study. For the remainder of this paper, we will focus on
the selection of RMS height, with=1cm for C-band and

s =2cm for L-band as the predefined roughness paramet
values. The final regression model parameters for this set-u
are given in Table€. Furthermore, this table also shows the
RMSE- andR?-values between the modelled and the effec-
tive correlation lenghts. Finally, a scatterplot of the modelled
and effectivel-values is presented in Figl. As revealed
by Table2 and Fig.11, the modelled roughness values are
in agreement with the effective ones, particularly for C- and
L-band HH. For the latter configurations, errors of approxi-
mately 4 cm are encountered. On the other hand, C-band V
is exposed to a larger error of about 7 cm.

6 Soil moisture retrieval based on modelled effective
correlation length

S

al.: Soil moisture retrieval using modelled effective roughness
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Fig. 9. Dependence akg on the normalised backscatter observa-
tions (ae(:ef) for different intervals of incidence anglé)(

soil moisture, e.g. using the four-component dielectric mix-
ing model Dobson et al.1985. The performance of the
regression model will be assessed through cross-validation,
rather than through validating on an independent data set be-
cause of the limited amount of data availabiastie et al.
2009. The validation is performed based on three different
strategies. The first strategy consists of training the regres-
sion model on all data points, and subsequently evaluating it
on all data points. In this case, there is no independent data
for validation. Nevertheless, the results are useful as a ref-
erence for the other strategies. Next, a leave-one-out cross-
validation was performed. To that end, the regression model
is trained on all but one data point (i.e. a measurement on one

Sfield and one date), and evaluated on that data point. This

Brocedure is repeated for all data points, until a soil moisture
value is retrieved for every data point. Finally, all retrieved
soil moisture values are pooled together and compared with
the measured soil moisture values. In this strategy, the data
points are not evaluated independently, as the training data
contains measurements on the same field. Therefore, a third
strategy was applied, callddave-field-outross-validation.

It consists of training the regression model on all data but
hose of one field (i.e. measurements on one field and all ac-
quisition dates), and evaluating it on all data of that field.
This procedure is repeated for all fields, until a retrieved soil
moisture value is obtained for every data point. The retrieved
soil moisture values are again pooled together and compared
with the measured soil moisture values. Performing both a

In the previous section, a model has been developed whiclleave-one-out and a leave-field-out cross validation allows

allows for the estimation of an effective correlation length

for assessing the method’s robustness with respect to a pos-

based on a normalised backscatter observation. Furthermorsible effect of the geographical location of the samples. In

the modelled correlation lengths can be propagated throug
the inverse IEM for the retrieval of the soil dielectric con-
stant, which on its turn may be converted into volumetric

Hydrol. Earth Syst. Sci., 15, 15162 2011

bther words, it allows for checking whether or not there is
an influence of measurements sampled within the same agri-
cultural field. It should be noted that, as the third strategy
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Table 3. Cross-validation of the soil moisture retrieval technique

>
&
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RMSE (vol%)  R?

C-band HH strategy 1 4.77 0.56
strategy 2 4.85 0.54
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C-band VV strategy 1 6.17 0.4
strategy 2 6.29 0.38

strategy 3 6.46 0.36 i

L-band HH strategy 1 4.00 0.88 4 M“ﬂlcv
strategy 2 4.22 0.87 ] »
strategy 3 4.25 0.87
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still uses training data of other fields of the same study site, i
no conclusions can be drawn concerning the extrapolation of
the regression model to different study sites. Unfortunately,
accounting for this dependence as well would require more 3
data sets and is not feasible within this study.
Figure 12 shows the retrieved against the observed soll
moisture values for strategies 1 to 3 and each SAR config- RC TR R 2
uration. This figure demonstrates a close agreement between © ®
modelled and observed soil moisture, particularly at C-band
HH and L-band HH configuration. Moreover, very simi- Fig. 10. Soil moisture retrieval performance in terms of RMSE
lar results are obtained using the three different validation(Plack) a”dRz_ (white), based on fixed correlation lengths (left) and
strategies, demonstrating the robustness of the retrieval apx¢d RMS heights (right) at C-band HH (top), C-band VV (middie)
proach over different fields. In addition, TabBepresents and L-band HH (bottom) configuration.
the associated RMSE ankP-values for each strategy and
configuration. The best results are obtained at L-band HH
with errors close to 4 vol% angt?-values of approximately
0.87. Also the C-band HH configuration yields accurate re-
sults, with error values below 5vol% and &3 larger than

\(/)w?h g: It:?la gg‘f%@iﬁl& gr;za:?n\a{:(/inrfniggﬁ g“ght:}ﬁ]\évsoése’surface parameters from SAR. Furthermore, effective rough-

larger errors in the case of C-band VV may probably be re.ness parameters display a large variability between differ-

lated to the lower correlation that was observed between thgn.t fields, even though they were t'”ed. using the same ma-
- . . chinery, and between successive acquisitions over the same
radar backscatter observations and soil moisture, as shown i

Fig. 1. Notwithstanding the mediocre results at C-band V. Held. Therefore, S|gn|_f|cant rogghness parameterlsanon_ er-

. . . ors may be expected if the retrieved parameters from a given
the developed retrieval technique can still be a step forwar AR acquisition would be transferred to other study fields or
towards the operational monitoring of soil moisture from q y

SAR, particularly as it does not require any field measure—acqu'S'tlonS'

ments and can be achieved using single configuration SAR. 1he source of the large variability between effective
roughness parameters is twofold: they are affected by the

local incidence angle and are function of the observed
7 Conclusions backscatter coefficients. However, the former effect can

be removed by normalising the backscatter observations to-
The paper analysed the behaviour of SAR-derived RMSwards a reference incidence angle. As a result, the effec-
heights and correlation lengths at two different frequenciestive roughness parameters become merely dependent on the
C- and L-band, over a large number of bare or sparselybackscatter observations. After predefining one of the rough-
vegetated seedbed fields. The derived roughness paramaess parameters, the other parameter can be estimated from
ters show large differences between frequencies, with RMShe backscatter observations through a simple linear regres-
height being consistently larger at L-band than at C-bandsion model. Subsequently, these estimated roughness param-
This is probably due to a failure of the IEM in describ- eters can be propagated through the IEM for soil moisture

>
&
>

&
>

(vol%)

&
H

4 0.4

RI
R (
RMSE (vol%)
R ()

&
S

ing surface roughness as a scale dependent and complex
phenomenon. As a consequence of these large differences,
one should be cautious when applying the IEM in combi-
nation with a multi-frequency approach for the retrieval of
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Fig. 11. Modelled correlation length/{,qq) versus effective corre-

lation length {cf) for the different SAR configurations used.

retrieval. Generally, more accurate soil moisture retrieval
results may be expected with the modelling of correlation
length. A cross-validation of the soil moisture retrieval ap- Y Ve Ve
proach reveals errors between 4.77-4.90vol% for C-band Hepsenes ety Hepsenes et Hepsenes ver®
HH, 6.17-6.45 vol% for C-band VV and 4.00—4.25 vol% for ® ® ®

L-band HH. These results highlight the operational potentlaIFlg. 12. Retrieved versus observed in situ soil moisture based on the

of the d eveloP?d retrieval approac.h.gnd prove its I’Obusm(:"S("?‘ross-validation for strategy 1 (left), strategy 2 (middle) and strategy
over different fields and data acquisitions.

) ’ . 3 (right), using C-band HH (top), C-band VV (middle) and L-band
Notwithstanding the approach was validated based on g (hottom) configuration.

large number of different data sets from study sites across
Europe, future research requires a further testing of its ro-
bugtness on addmgnal data, particularly comprising dry SOI|f0r providing the RADARSAT-1 data in concern with project
moisture observations at C'band and maore L-band obserpr(y_10-02. Finally, special thanks go to Davy Loete (Ghent
vations. Furthermore, alternative expressions could be deynjversity), Francesco Mattia (CNR-ISSIA), all AgriSAR team
signed for other tillage operations or roughness states. Remembers and the people from the Universiatholique de Louvain
cently, the uncertainty quantification of soil moisture re- for their help in the collection and distribution of the various data
trieval has become increasingly important, as it serves majosets.
applications such as the assimilation of remote soil moisture
observations into hydrologic models. Therefore, the devel-Edited by: D. F. Prieto
opment of a method for the estimation of the uncertainty as-
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