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Abstract. A change detection algorithm is applied on a three were generated from data collected by the scatterometers on-
year time series of ASAR Wide Swath images in VV polar- board the European Remote Sensing satellites ERS-1 and
ization over Calabria, Italy, in order to derive information ERS-2 and their successor, the advanced scatterometer (AS-
on temporal soil moisture dynamics. The algorithm, adaptedCAT), onboard the MetOp satellite$vagner et al.1999h
from an algorithm originally developed for ERS scatterome- Bartalis et al. 2007 Naeimi et al, 2009. All of these sen-
ter, was validated using a simple hydrological model incor-sors are characterized by a low spatial resolution (25-50 km),
porating meteorological and pedological data. Strong posiwhich makes them of limited utility for applications at finer
tive correlations between modelled soil moisture and ASARscales.
soil moisture were observed over arable land, while the cor- Synthetic Aperture Radar (SAR) systems can reach much
relation became much weaker over more vegetated areas. Imgher spatial resolutions, making them attractive for appli-
a second phase, an attempt was made to incorporate seasarations on watershed and field scale. Despite the large vol-
ality in the different model parameters. It was observed thatume of research conducted on the derivation of soil mois-
seasonally changing surface properties mainly affected théure from SAR, routinely produced soil moisture maps are
multitemporal incidence angle normalization. When apply- not yet available. The difficulty of mapping soil moisture
ing a seasonal angular normalization, correlation coefficient§rom SAR lies in the nature of the reflected signal, which is,
between modelled soil moisture and retrieved soil moistureapart from soil moisture, also influenced by terrain proper-
increased overall. Attempts to account for seasonality inties such as topography, vegetation cover and soil roughness.
the other model parameters did not result in an improvedSeparating the soil moisture contribution to the backscatter
performance. signal from the roughness and vegetation contribution has
been attempted using physical backscatter models in com-
bination with multiple-polarized and/or multi-angular data
(Zribi et al, 2005 2007 Baghdadi et a).2006 Rahman
1 Introduction et al, 2008 Gherboudi et a).2011) or by using effective
roughness parameteiSy( et al, 1997 Baghdadi et a].2002
Up till now, the operational retrieval of spatially distributed Rahman et a].2007 Lievens et al.2011, Lievens and Ver-
soil moisture from remote sensing systems is limited tohoest2011). However, the satellite and/or ancillary data re-
coarse resolution radiometers and scatterometers. Differquired in these models are seldom readily available.
ent algorithms have been developed to derive soil moisture Alternatively, the modelling or description of vegetation
products from C- and X-band Advanced Microwave Scan-and soil roughness has been circumvented using a multitem-
ning Radiometer — Earth Observing System (AMSR-E) dataporal approach. When comparing two or more images over
(Njoku et al, 2003 Koike et al, 2004 Owe et al, 2008 and  the same site, obtained over a time frame in which only mi-
several global soil moisture products are made available taor vegetation or soil roughness variations occur, changes
the scientific community. Additionally, development and val- in backscatter can be attributed to changes in soil moisture
idation of soil moisture products from the L-band Soil Mois- (Narayan et al.2006. Shoshany et a(2000, for example,
ture and Ocean Salinity (SMOS) mission are currently ongo-suggested to use a normalized difference of SAR backscat-
ing (Kerr et al, 2010. Other global soil moisture products ter of two images as an indicator of soil moisture changes
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between the times of image acquisition. On a larger time se€ycles may occur as a result of lower temperatures and hence
ries of 10 SAR images over one month tinwickel et al. ~ energy limited vegetation growth.
(2001 found high correlations between soil moisture change
and backscatter change for wheat stubble fieligthe etal. 2.2 Satellite data
(2009 presented a methodology, based on the ERS scat-
terometer and ASCAT soil moisture retrieval algorithm de- A total of 80 descending mode Advanced Synthetic Aper-
veloped at the TU WienWagner et al.19991), to derive a  ture Radar (ASAR) Wide Swath (WS) images, completely
1km soil moisture index from ENVISAT ASAR in Global or partially covering Calabria, were acquired between Jan-
Monitoring (GM) mode and applied it to 697 ASAR GM im- uary 2008 and December 2010. The WS mode is one of
ages over Oklahoma. The same product was validated usinfie ScanSAR modes of ASAR and covers a swath of 405 km
in situ and airborne soil moisture data over an area in southwidth with a spatial resolution of 150m and a radiometric
eastern Australia\{ladenova et a).2010). accuracy of approximately 0.6 dB. The temporal resolution
These kinds of multitemporal approaches offer opportuni-iS limited due to conflicting data acquisitions in other modes
ties for routinely mapping soil moisture at high spatial reso- (especially over Europe) and the maximum duty cycle of
lution with the upcoming Sentinel-1 missioAtema et al, 30% in WS mode. This results in the availability of on aver-
2007. This mission, a constellation of two C-band radar @ge 2.2 ASAR WS images per month over Calabria.
satellites of which the first is to be launched in 2013, is ex- In order to obtain information on vegetation dynamics,
pected to cover the European land surface every four daydloderate Resolution Imaging Spectroradiometer (MODIS)
in Interferometric Wide Swath (IWS) mode. In IWS mode, Normalized Difference Vegetation Index (NDVI) images
Sentinel-1 will cover a swath of 250 km at&20 m resolu-  were acquired through the USGS Land Processes Distributed
tion in either VV +VH or HH + HV polarization. Given the Active Archive Center. Since NDVI changes only slowly
large data volume to be provided by Sentinel-1, soil moistureover time Eensholt and Sandhp003, 16-day composite
change detection techniques developed for ASAR are likelyimages at 1 km resolution were considered adequate to de-
to be applicable and improved for Sentinel-1 data. One bigscribe the yearly vegetation behaviour.
challenge in a multitemporal soil moisture retrieval, however, The strong topography in Calabria is expected to cause ge-
remains the characterization of the influence of seasonallpmetric and radiometric distortions in the ASAR data. In
changing vegetation on the backscatter sigiédgner etal.  order to account for influences of topography, the Shuttle
2009. Radar Topography Mission (SRTM) digital elevation model
In this study, a change detection method is applied on dDEM), version 4.1 Jarvis et al. 2008 was used in the
3yr time series over Calabria, Italy, to infer a soil moisture ASAR preprocessing. The SRTM DEM is distributed dt 3
index from ASAR Wide Swath data. The change detection is(approximately 90 m) resolution.
preceded by an angular correction to be able to compare im- The accuracy of the ASAR WS soil moisture index de-
ages with different viewing geometries and validated usingrived in this study is compared to accuracies of three opera-
a hydrological model. Additionally, the influence of vegeta- tional coarse resolution soil moisture products. Two prod-
tion phenology in the different processing steps is assessedcts are derived from AMSR-E passive microwave data,
using a simple vegetation index from optical remote sensingeach by applying a different algorithm. AMSR-E soil mois-
ture products derived using the algorithm developed by
NASA (Njoku et al, 2003 are distributed by the National

2 Study area and datasets Snow and Ice Data CenteNjoku, 2008. For this study,
Level 3 descending mode soil moisture for the entire pe-
2.1 Study area riod 2008-2010 was acquired. The second AMSR-E prod-

uct, based on the Land Parameter Retrieval Model (LPRM,

The peninsula of Calabria (Fid) is situated in the south- Owe et al, 2008 developed by the Vrije Universiteit Am-
western tip of mainland Italy, measuring approximately sterdam (VUA) in collaboration with NASA, is provided
250 km in length and 30 km to 100 km in width, and is dis- through the ADAGUC web portalhttp://geoservices.falw.
sected longitudinally by a mountain range with elevations upvu.nl/adagugportaldev). Both AMSR-E products are dis-
to approximately 2000 m. Soil structure varies greatly, with tributed in 0.25 pixel grids. Descending orbit soil moisture
clayey soils at the eastern side of the peninsula and morgvas selected since these are assumed to provide more accu-
sandy soils at the western part. rate estimatesraper et al.2009 Jackson et a12010, al-

Agriculture is concentrated in the lower elevation rangesthough this was contradicted in a recent comparative study
and consists of both arable land and permanent crops. Of th@Brocca et al. 2011). The third coarse resolution prod-
latter, citrus and olive groves occur over large areas. Due taict used for comparison is the TU Wien-EUMETSAT AS-
the Mediterranean climate, agriculture at the lower elevationsCAT surface soil moisture producBértalis et al. 2007,
is rainfall limited and (mainly cereal) crops exhibit a winter Naeimi et al, 2009, based on a change detection algorithm.
growing season. At the central plateaus, different growingASCAT data were provided by the TU Wien Institute of
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Fig. 1. Left panel: Corine land cover 2000 map of the study site. Right panel: topography of the study site and location of meteorological
stations and in situ measurement locations (F = Fitterizzi, M = Mongrassano, T =Torano, C = Chiaravalle, S = Satriano).

Photogrammetry and Remote Sensing (IPF) in a Discretén the model are precipitation, infiltration, transpiration and

Global Grid with grid spacing of approximately 12.5 km. evaporation. The soil water balance at locatigcalculated
as:

2.3 Soil moisture data A®,
D——=P,—RO, —ET; -, @

Validation of low to medium resolution remotely sensed soil ~ Af

moisture products using in situ point measurements is diffi-where D is the depth of soil moisture simulation [mm],
cult because of the scale gap between both and because 6f is the soil moisture content [fm—3], P is precipitation

the limited availability of in situ measurements over large [mmday 1], RO is runoff [nmday?], ET is evapotranspi-
regions and over large timespans. As a viable alternativeration [mmday?], S is percolation to deeper soil layers
hydrological models are used as a basis for the validation ofmm day 1], and At is the model time step [day].

soil moisture productsSandholt et a).2002 Pellarin et al. Runoff was estimated by a bucket model assuming that
2009. infiltration (7) proceeds until the infiltration capacity of the

, ) topsoil has been reache8Heikh et al.2009:
2.3.1 Hydrological model structure and inputs

ROi=P,'—Ii if P,'>Il', (2)
A spatially distributed soil moisture model, inspired by the o ]
hydrological BEACH model ofSheikh et al.(2009, was  Where the infiltration was defined as:
us<_-:~d hert—_z to estimate the soil moisture contents of the_topsqlli _ min[P,-, (Osa; — ©1) D], 3)
This particular model was selected because the soil mois-
ture model needed to (1) run on a limited amount of readilywhere the soil moisture content at saturatién; soil wa-
available input data, (2) explicitly account for soil texture, ter potential /) of —0.1 kPa) was estimated through its em-
(3) be spatially distributed, and (4) provide soil moisture es-pirical relationship with soil texture and soil organic matter
timates on a daily basis. The basic processes incorporatecbntent Saxton et al.1986 Saxton and Raw|®006. Daily
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evapotranspiration was estimated as a soil moisture depen- A digital soil map developed on more than 7000 soil sam-
dent fraction of its potential rate (THamon 1963: ples and provided by the Agenzia Regionale per lo Sviluppo
. ‘ ' e per i Servizi in AgricolturaARSSA 2003 was used as a
ETp = 0.0138L; [ psa (7:)] (4) modelling basis. The map contains information on several
and soil characteristics, including soil texture (sand [%], silt [%],
clay [%]) and soil organic matter content [%)]. Each of the

ET; = K/ETp, total of 2166 soil map polygons with known soil properties
e o was used as spatial entity Daily interpolated precipitation
0, |f @1 < @dry .
] O~ Ouy, i and air temperature data were allocated to these polygons,
With Kr =1 g —og,+ I Odry, <O <Ofe . (5)  and together with the observed soil texture and organic mat-

1, if ©; > O, ter content, the data requirements to solve the soil moisture

) balance (Eql) were met.
whereL is day length [h],esa(T) [g m~3] the saturated ab-

solute humidity at the mean daily air temperatiitédc and 232  Hydrological model validation
Ogry are the soil moisture content at field capacity (soil water

potential of—33 kPa) and air dryness (soil water potential of \iajidation of the hydrological model was performed using
—22000 kPa), respectively, arit} is a dimensionless reduc- two independent datasets. The first dataset is collected at
tion constant, depending on the actual soil moisture contentjye permanent in situ measurement stations (Ejg.op-

If the actual soil moisture content is higher than the soil mois-grated by the Centro Funzionale Multirischi della Calabria
ture content at field capacity, then evapotranspiration is at itghttp:/www.cfcalabria.). At these stations, soil moisture
potential rate. If the soil moisture content is lower, then the measurements are recorded at 30, 60 and 90 cm depth at
actual evapotranspiration is lower than its potential rate. Thishourly intervals. These data are provided to the scientific
reflects the two evapotranspirative stages: an energy limitcommunity through the International Soil Moisture Network
ing stage K =1) and a soil moisture limiting stag&{<1)  (Dorigo et al, 2011). For this study, hourly soil moisture

(Sheikh et al.2009 and references therein). measurements at 30 cm depth for the year 2009 were aver-
The percolation was estimated &ags2002: aged to daily values and compared to daily modelled mois-
0061, _ 1 ture of the top 30cm soil layer (Fi®). The hydrologi-

S; = Drt; (@sat — @fci) , if ©; > Ox,, (6) cal model overestimates the dynamic range of soil moisture,
which is partly due to the fact that the hydrological model
where t is a dimensionless drainage characteristic thatprovides an average over the 30 cm top layer, while in situ
is related to the saturated hydraulic conductivitifs4; measurements reflect the soil moisture content at a depth of
[mmday 1)) as: 30 cm only. Uncertainty or missing information on model pa-
4 = 0,0866,0-8063100Ksa; ) rameters might_ additionally result in discrepancies between
the absolute soil moisture values. Nevertheless, strong corre-
Meteorological data on precipitation and mean air temper-ations between in situ and modelled soil moisture are found
ature were provided by the Agenzia Regionale per la Profor all five stations. When rescaling both measured and mod-
tezione dell’Ambiente della Calabriatfp://www.arpacal.jt  elled soil moisture between the maximum and minimum val-
on a daily basis. Precipitation and temperature data fromuies of the time series, it can be seen that some of the largest
73 and 45 meteorological stations, respectively, recordedyaps occur when the model predicts a soil moisture increase
during the period 2008—2010, were used in this study. Theas a result of a rainfall event while this rainfall event did not
spatial coverage of meteorological stations is illustrated inoccur at the in situ site, or vice versa. This is because the
Fig. 1. accuracy of interpolation between meteorological stations is
The (linear) correlation coefficientR) between altitude limited when precipitation is strongly localized.
on the one hand and precipitation and temperature on the A second validation of the model was performed us-
other hand was low for precipitatio®R(= 0.08) and high for  ing volumetric soil moisture content measurements over a
temperature R =—0.72). Therefore, ordinary kriging and depth of 10cm obtained during a dedicated field campaign
regression kriging were selected as suitable spatial interpofrom 16 September 2009 until 8 October 2009. Measure-
lation techniques for precipitation and temperature, respecments were made at three different locations (Hijgus-
tively. Regression kriging combined a linear regression of theing a portable Time Domain Reflectometry (TDRopp
air temperature on auxiliary topography data (SRTM) with and Reynolds1998 tool (TRIME-PICO64 probe, IMKO
kriging of the regression residuals to obtain a daily mean airGmbH, Germany). Measurements were taken daily or every
temperature map for Calabria. The open-source gstat extertwo days, and a total of 50 volumetric soil moisture measure-
sion packageRebesmg2004) for R (Version 2.10.2009-12- ments were made. Each measurement represented an average
10, http://lwww.r-project.orywas used for these geostatisti- of three repeated observations during the same sampling oc-
cal operations. casion. Dry conditions preceded the measurement campaign,

e®say *G)fc,- -1
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Fig. 2. Validation of modelled soil moisture over 30 cm depth at (from top to bottom) Fitterizzi, Mongrassano, Torano, Chiaravalle and
Satriano in situ stations (see corresponding annotations irLFi¢.eft column: modelled (thick line) and in situ (blue line) volumetric soil
moisture content during the year 2009. Middle column: scatterplot of in situ and modelled soil moisture for the same period. Right column:
modelled (thick line) and in situ (blue line) relative soil moisture during the same period.

but during the campaign several precipitation events oc- Notwithstanding the simplicity of the hydrological model,
curred, resulting in subsequent wetting and drying of the soiltemporal changes in soil moisture content are well captured
and a range of soil moisture states at the three soil moisfor both the 10 cm and 30 cm top soil layer. Modelled volu-
ture sampling locations. Comparison of simulated (10 cm)metric soil moisture content of the top 10 cm layer was de-
and measured soil moisture (Fi§). resulted in a root mean rived for the entire study area on a daily basis for the pe-
squared error (RMSE) of 0.073%m 3 and R?=0.47. riod 2008-2010 as reference values for the remotely sensed
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— to an incidence angle of 30 The angular correction coeffi-
L R=0.47 o cient 8 [dB/°] is found through linear regression between
- RMSE=0.073 T ando2(6) for all the observations over an image pixel.
1 Because of the relative low resolution of the SRTM DEM,
7 ASAR WS images were resampled to 1 km resolution prior
1 to incidence angle normalization. Downscaling to 1 km res-
olution was also done to be able to compare the ASAR data
with the coarser resolution MODIS NDVI data and the soil
' moisture data obtained from the hydrological model, even
tggi:gﬂ % | though this implies a reduction of spatial resolution to that of
| Location3 | | ASAR in Global Monitoring mode. Additionally, pixels with
0.0 S —— slopes higher than 2@vere masked and discarded for further
0.0 0.2 0.4 0.6 analysis since the linear model is not necessarily valid for the
In situ soil moisture [m*m?) range of incidence angles that is obtained at these slopes.

0.6

T

0.4

T

0.2

Modelled soil moisture [m*m™]

+
AN
- o X +

Fig. 3. Validation of modelled soil moisture over 10 cm depth at 3.2 Soil moisture estimation

three in situ measurement locations (see corresponding annotatio

in Fig. 1) The change detection model initially developed for ERS scat-

terometer and MetOp ASCAMWagner et a].1999h Naeimi
et al, 2009, and subsequently applied on ASAR Global
soil moisture. Although the microwave penetration depth isMonitoring (Pathe et a).2009 Mladenova et a).2010 and
limited to approximately 5cm, a reference depth of 10 cm isWide Swath WWagner et al.2008 data, was adopted in this
chosen here since modelled soil moisture over thinner layerstudy. In this multitemporal model, a relative surface soil
could not be validated. The soil moisture maps were finallymoisture index is expressed as:
resampled to the 1km resolution of MODIS data. Ideally, 0 0
a soil moisture model with smaller time steps, e.g. hourly, _C (30)_”dry(30)

B ) ; OASAR = : 9)
would be used for validation in order to avoid errors intro- S
duced by varying meteorological conditions throughout the
day. This would however require rainfall and temperature
measurements at smaller intervals, which were not availabl%
for the study site.

where o(?ry(30) is the dry reference backscatter [dB], the
ixel's backscatter coefficient at entirely dry conditions, and
is the sensitivity of the backscatter coefficient to soil
moisture variations [dB]. The sensitivity is defined as the
difference betweerw. (30) and 00¢(30), the wet refer-
3 Methods ence backscatter [dB], the pixel's backscatter at entirely wet
conditions:
3.1 ASAR preprocessin
Prep g S = 09et(30) — 5 (30). (10)
brocessing, which incudes sant range o ground range cor. 1Y @10 Wet reference backscater are extracted from
: 59(30) time series per pixel, wher@é)ry(30) is defined as

rections and resampling to a 75m pixel spacing. Further, o - .
preprocessing was performed using Next ESA SAR Tool-the average of the 5% lowest backscatter coefficients in the

box (NEST) software and included geometric correctiontlme series andye((30) is the average of the 5% highest

o backscatter coefficients. The 5% averages are used to re-
by a Range-Doppler orthorectificatioBrpall and Schubert duce possible noise effects. Although the dry reference and
2008, using the SRTM DEM and DORIS precise orbit files, PO ' g y

. . . . sensitivity can be expected to change seasonally as a result
and radiometric calibration.

Effects on backscatter due to varying incidence angle wer of vegetation phenOIOngry(?’o) and § are here initially .
. : . . reated as constants. Effects of neglecting the seasonal vari-
corrected by a pixel-wise multitemporal incidence angle nor-_ . . : .
ations of vegetation are discussed later. SiBpgar is a

malization Loew et al, 200§ Zribi et al, 2007 Wagner value between zero (under entirely dry conditions) and one
etal, 2008 Pathe et a).2009. Using a linear model, which (under fully saturated conditions), the modelled soil mois-

is sufficient for the range of incidence angles covered in Wide

o R ture is also rescaled to this range using the extreme values in
Swath mode, the incidence angle normalization is expressegj . . : .
as: e time series for each pixel. This way, b@asar and the

rescaled modelled soil moistur®04e) can be considered
0930 =0%0)— BB —30°), (8) to represent the soil’'s degree of saturation and can be mutu-

wherea%(9) is the backscatter coefficient [dB] at incidence f’i"y compared. This also helps to reduce the effects of biases

angled [°] ando%(30) the backscatter coefficient normalized in the hydrological model (Fig2).
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Fig. 4. Angular correction coefficierg for each pixel in the study sit@); dry reference backscattély); sensitivity of the backscatter to soil
moisture changes, derived as the difference between dry reference and wet reference ba@iscatter

4 Model parameters 5 \Vegetation and soil moisture dynamics

The model parameters (angular correction coefficirdry  Figures5a and6a show the temporal behaviour &nodel
reference backscatteg’r (30) and sensitivitys) for the study ~ @xsar and NDVI for two 1 km pixels, one over arable land
site are displayed in Figl. All three parameters reflect the (cereal) at low elevation in the eastern part of the study site,
general land cover pattern, with |0Y)?ry(30) andg and high  the other over high elevation deciduous forests in the central
S over arable land, and an inverse pattern for forested anéouthern part. The arable land pixel clearly exhibits a win-
urban areas. This has been observed in previous studiegr growing season, limited by the availability of soil mois-
over different areas/fagner et al.1999a 2008 Pathe etal.  ture. The NDVI misses short-term changes in soil moisture
2009. and the seasonal cycle lags behind on the soil moisture cycle,
Dry reference ranges from approximatelyl4dB over  which is typical for the conservative response of NDVI to soil
arable land to-8dB for forests, while the sensitivity varies moisture changes$énsholt and SandhpR003. The corre-
between 1dB and 6 dB for forests and arable land, respecation of 16-day NDVI and®moge), averaged over the 16-day
tively. Sensitivity values are notably smaller than those foundcompositing period (Figsb), is therefore limited R = 0.55).
by Wagner et al.(2008 for 73 ASAR WS images over ASAR soil moisture shows a similar seasonal pattern for the
the REMEDHUS soil moisture network in the Duero basin, arable land pixel, although the correlation with modelled soil
Spain, where sensitivity ranged from 3 dB for forests and setmoisture (Fig5c) is much strongerk = 0.80).
tlements to 12 dB over agricultural areas. In the latter study, For the forest pixel, the NDVI cycle is in antiphase with
dry and wet reference, and thus sensitivity, were obtained usthe soil moisture cycle (Figsa). This is because at this ele-
ing the mean backscatter and Standard deViation over a timﬁation, Vegetation growth is energy ||m|ted rather than mois_
series, assuming a normal distribution of backscatter valuesyre |imited, resulting in a summer growing season and a
This can explain the difference in the retrieved model param-strong negative X = —0.60) correlation between NDVI and
eters. Also, the number of images used in the present studyoi| moisture (Fig6b). ASAR soil moisture for this pixel re-
might not be sufficient to correctly identify extreme dry and mains in phase with the modelled soil moisture, although the

wet conditions, which will result in an underestimationsof  correlation (Fig.6c) is much weakerg = 0.50) than for the
This is enhanced by the selection of dry and wet referenceyraple land.

based on the 5% lowest and highest backscatter coefficients. Figure7 shows the correlation coefficient betwe®mogel

Longer and denser time series can be expected to result ig,q NDvI (Fig. 7a) and©model and Oasar (Fig. 7b) for

more stable dry reference and sensitivity estimates. all pixels in the study site, and confirms what was observed
High sensitivity values, relative to the sensor’s radiomet-;, Figs.5 and6. NDVI shows a moderate to strong posi-

ric accuracy, are a prerequisite to obtain reliable soil moisturgjye correlation with soil moisture for the lower elevations,
estimatesNladenova et a).2010. The low sensitivity val-  pqth over arable land and over permanent crops (citrus and

ues found over much of the study site thus might introducegiye plantations), and a strong negative correlation over for-
high retrieval errors. However, ASAR WS backscatter obser-gg¢ pixels at high elevations. For arable land at the higher

vations at 75m pixel spacing have been averaged t0 a 1kng|evations, the correlation coefficient for NDVI is close to
grid in the preprocessing step. The noise reduction aCCOMzerg_ Correlation coefficients for ASAR soil moisture are in
panying this averaging allows these low sensitivity pixels to general much higher, witk values over 0.6 for most of the

be further processed. arable land areas. In regions with permanent cré@pglues
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@ (b)

Correlation coefficient (R)
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Fig. 7. Correlation coefficients between modelled soil moisture averaged over 16 days and 16-dagaN®\d modelled soil moisture and
ASAR soil moisturg(b), for each pixel of the study site for the 3-yr time series.

for ®asar are lower and even slightly lower than those for the ASAR soil moisture index. Nevertheless, all three model
NDVI. Over forests,®asar is weak to moderate positively parameters are possibly influenced by seasonality effects.
correlated with®model
Regions where NDVI is positively correlated with mod- 6.1 Seasonality effects o
elled soil moisture correspond to regions with a strong corre-
lation between ASAR soil moisture and modelled soil mois- Influences of vegetation cover on the multitemporal inci-
ture. This might suggest that the change detection algorithmdence angle correction coefficiet can be observed in
as applied on the ASAR Wide Swath data, does not as suckig. 4a, where vegetated areas in general have a higher (less
reflect changes in surface soil moisture, but rather changes inegative). This is caused by the lower angular dependence
vegetation phenology. Howeve®asar is in general corre-  of the radar backscatter for vegetation compared to bare soils.
lated much stronger wit®mogdel than NDVI is, and even in  The angular dependence can thus be expected to vary sea-
many places where NDVI is negatively correlated with soil sonally over vegetated surfaces. In the ERS and ASCAT
moisture, the ASAR change detection method still results inretrieval algorithm, this seasonality was incorporated using
moderate positive correlations. It can thus be assumed thahe multi-angular capabilities of these sensdagner et al.
soil moisture dynamics have a much stronger influence or1999h. For SAR systemd,oew et al.(2006 derived the pa-
SAR backscatter than vegetation dynamics, and the backscatameterg for the winter and summer season separately, and
ter signal is influenced by soil moisture even under relativelyfound higher values for the summer over a variety of land-
dense canopies. cover classes in a study area in Germany. This was consistent
Figure7b shows a strong correspondence with the spatialwith the higher vegetation cover during the summer growing
pattern of sensitivity to soil moisture (Fidc), resulting in ~ season.
a correlation coefficient between both images of 0.55. This Here, seasonality effects ghare assessed by performing
confirms the presumption that highis required to obtain the linear regression (E&) for the summer months (41 im-
reliable soil moisture estimates. However, correlations of 0.5ages between April and September) and the winter months
and higher are observed for many pixels with sensitivities(39 images between October and March) separately, corre-
below 3 dB. sponding to the months of minimum, respectively maximum,
average rainfall, and roughly corresponding to the yearly
vegetation patterns observed in Fi§a. and6a. This par-
6 Seasonality effects on the change detection algorithm titioning is somehow arbitrary since the seasonal vegetation
cycle varies over the study site, depending on terrain altitude
In the preceding, changes in vegetation and surface roughand land cover. Ideally, the partitioning should use smaller
ness throughout the year have been ignored in defining th&me intervals to fully capture vegetation phenology and/or
model parameters, o(?ry(30) andsS, and in the derivation of include information on vegetation dynamics to define the
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Fig. 8. Angular correction coefficient for the summer monfligmmer(a), winter monthsByinter (b) and the difference betweetyummer
andBuinter ().

endpoints of these intervals. This is, however, not feasible
in this study due to the limited size of the image dataset.

The correction coefficient for each pixel in the study site
for the summerfsymme) and winter Byinter) months, and the
difference between both, is given in Fi&). As expected, the
largest differences are observed over arable land pixels. Con-
tradictory, howeverp is lower (more negative) over arable
land in winter than in summer, while less negative values
would be expected due to overall higher vegetation cover dur-
ing the winter growing season.

When considering the incidence angle and backscatter co-
efficient scatterplot (Fig) of the arable land pixel discussed I 8 x
earlier in Fig.5, it is observed that, for a given incidence -2
angle, backscatter coefficients are, as expected, generally 15 20 25 30 35 40 45
higher during the wet winter than during the dry summer pe- Incidence angle 0 [degrees]
riod. The range iv%(¥) is small (approximately 3 dB) at
high 6, with smal! (_jlﬂerence§ between summer f':md WINter gy 9 Angular behaviour of ASAR backscatter for an arable land
backscatter coefficients, and increases to approximately 5 dBiye|. Crosses depict observations during summer months, trian-
at low incidence angles, causing the regression line of theyles observations during winter months. Linear regression lines for
winter images to be much steeper than the one of summegummer and winter are in solid and dashed, respectively.

A possible explanation for this apparent contradiction is that

NDVI is not necessarily a good indicator of wet vegetation

biomass, which is the physical property influencing radarafter WhiChag (30) and S and the soil moisture index were
backscatter. The time gap between the maxima of NDVIredefined. The temporal correlation with modelled soil mois-
and the slope of the regression line has been observed edure was then determined again for each pixel in the study
lier for ERS scatterometevagner et al.19993 and was at-  site. The increase iR, relative to the method using a single
tributed to a later yearly peak of wet biomass in comparisonincidence angle normalization, is given in Fid). Although

to NDVI. An alternative explanation is that, apart from veg- the average correlation coefficient increases only slightly
etation phenology, the seasonal variability of soil moisture(Fig. 11), local R increases up to 0.2 are observed at some
also has an influence ¢ although this contradicts previous places in the study site.

findings and the basic assumptions of the change detection Pixels with a strong increase in correlation coefficient do
model Wagner et al.1999h. Further research on the angu- not necessarily correspond to pixels with large differences
lar dependence of backscatter on soil moisture and vegetatiobetweenBsummer and winter Buinter.  This results from the
cover and their interaction is required to clarify this. propagation of uncertainties, as presentedPaghe et al.

Differences betweefisymmerand Buwinter are up to 50% of (2009 and Mladenova et al(2010, which is proportional
the correction coefficient derived using all data combined forto the ratio of the uncertainty ghito S. Consequently, small
several pixels in the study site. Incidence angle normaliza-changes ing can result in significant soil moisture accu-
tion was therefore performed for the two periods separatelyracy changes whef is low. For higher sensitivity values,

|
o

-10

T

Backscatter coefficient ¢° [dB]
|
(0]
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Fig. 11. Box plots of correlation coefficients between modelled soil
moisture and ASAR soil moisture using a single angular correc-
tion (ASAR), ASAR soil moisture using a seasonal angular correc-
tion (ASAR*), TU Wien-EUMETSAT ASCAT surface soil mois-
ture (ASCAT), AMSR-E soil moisture derived using the algorithm
developed byNjoku et al.(2003 (AMSR-E NASA) and AMSR-E
<-0.2 -0.1 0 0.1 >0.2 soil moisture derived using the Land Surface Parameter Model of
Owe et al (2008 (AMSR-E LPRM), for all pixels of the respective
Fig. 10. Increase in correlation coefficienAR) for the change products over the study site. Crosses indicate the arithmetic means.
detection using a seasonal derivationffelative to the method
using a fixeds for the entire year.

While roughness changes are nearly impossible to as-
sess without multi-angular and/or multi-polarized data or in

even large changes do not manifestly influence model perforsjty measurements, vegetation dynamics can be easily incor-
mance. A good description of the seasonal angular behavio%orated using remotely sensed data. In the following, an
of SAR backscatter should therefore be incorporated in (fU'approach is suggested to incorporate NDVI in the ASAR
ture) multitemporal SAR soil moisture algorithms. EStimateSChange detection a|gorithm_ Vegetation pheno'ogy is here
of this behaviour at a monthly frequency can be derived whergccounted for using a vegetation index rather than a seasonal
larger image databases become available. description of dry reference and sensitivity, as\agner
et al.(19999, because the latter assumes a constant crop be-
haviour over different years. This might not always be valid,

In addition to influences on the angular behaviour of SAR €.g.in the case of crop rotation or when the onset of the grow-

backscatter, seasonality can also be expected to influence tdd season varies with (’;he time of rainfall. ,

dry reference and sensitivity parameters. For a soil with a !N the scatterplot 0&(30) and the corresponding NDVI
constant moisture content, backscatter will change in func{Fig- 12) of the arable land pixel, a general positive rela-
tion of vegetation cover and soil roughness parameters. Botf{ONship is observed which is consistent with both NDVI
vegetation and roughness can be expected to change Se%l’_]q ASAR backscatter belng m_phase with the seaspnal _SOI|
sonally, the former through vegetation phenology and Cropm0|sFure cycle. When conS|der|ng_the modelled soil mois-
growth or harvest, the latter through agricultural practicestU" it is observed that, for low soil moisture levels, radar
such as ploughing. Both are likely to perturb the multitempo- backscatter increases Wlt.hllncreasmg vegetation cover. .A
ral soil moisture retrieval, especially over agricultural areas.|oWer envelope line describing the backscatter behaviour in
An example of this can be seen in Fly.where the ASAR function of NDVI, by analogy W'_th the concept applied by
soil moisture stays high towards the end of the growing sea-'\/lor‘?m etoal'(zoog’ can .thus Be fitted to the data. Instead of
son, where the decrease in vegetation cover lags behind opc/ingo~(30) using a fixedsg, (30) andsS, these can now
the decrease in modelled soil moisture. Also, as a result o€ "€placed by a dry reference and sensitivity changing in
NDVI being in phase with arable land over most low ele- function of NDVI. _ o _

vation arable land pixels, sensitivity values for these pixels When comparing the thus derived soil moisture index for
might be expected to be overestimated. Conversefgight this pler_W|th the index ignoring seasonality, only minor
be underestimated when the vegetation cycle is in amiphasghanges in performance are observed. In terms of correlation

with the soil moisture cycle, e.g. over the high elevation for- Coefficient betwee®model and Oasar, there is a deteriora-
est pixels. tion from 0.80 to 0.78, while the RMSE improves slightly

from 21 % to 19 %. This marginal change in accuracy might

6.2 Seasonality effects oagry (30)and S
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-5 T T T T moisture and the TU Wien-EUMETSAT ASCAT surface soil
moisture product both produced equally strong correlations.
-6F © E It should however be noted that the VUA-NASA AMSR-E

product provides soil moisture estimates for only 10 pixels,
all lying in the northern, wider part of the Calabrian penin-
sula, whereas the ASCAT surface soil moisture provides esti-
mates at 202 grid points distributed over the entire study area.
These results are in agreement with the finding8ifcca

et al.(2011), who found superior results for AMSR-E LPRM
and ASCAT in comparison to AMSR-E NASA over two in
situ stations in Calabria. The change detection algorithm ap-
plied on ASAR WS data results iR values in the same range
as those of the latter two coarse resolution products for most
pixels in the study site.

Backscatter coefficient ¢° [dB]

00 02 04 06 08 10 8 Conclusions
NDVI [-]

In this paper, a change detection technique was applied to
infer a soil moisture index from a time series of 80 ASAR
time series over arable land; the size of the dots repreSBRge, Wide Swath images over Calabria, Italy. Backscatter coeffi-

(large dots indicate high moisture levels). Dotted lines represent thé:'ems' norma".zed to an incidence angle 97 ,3®gre Scale_‘d
average values of the 5% highest, respectively lowest, backsca€tween the highest and lowest values in a time series of
ter coefficients, the full line indicates the vegetation dependence oB YI. Strong linear correlations with modelled soil moisture
ASAR WS backscatter at low moisture levels. (R=0.6 to R =0.8) were found for most arable land pixels,

while correlation coefficients for forests were moderate to
low (R=0.2toR=0.5).
be due to a number of reasons. First, the hydrolological Additionally, an effort was undertaken to account for sea-
model’s accuracy is likely too low to evaluate small changessonality effects in the derivation of the three change detection
in the soil moisture index. Secondly, changes introduced bymodel parameters: angular correction coefficient, dry refer-
vegetation phenology might be too small compared to the toence and sensitivity. In the multitemporal incidence angle
tal sensitivity to soil moisture to improve results, or NDVI correction, seasonality was incorporated by deriving the an-
might be a bad indicator for effects of vegetation change ongular correction coefficient for the summer months and win-
backscatter. Finally, effects of soil roughness changes, whiclier months separately. Especially for arable land, this re-
are not accounted for in this methodology, might be moresulted in large differences between the summer and winter
important over arable land than changes in vegetation covegorrection coefficients. When applying the seasonal coeffi-
Additionally, incorporating vegetation indices in the deriva- cients in the angular correction, validation with the modelled
tion of aé’ry(30> and S, as suggested here, is only possible soil moisture yielded increases in correlation coefficients be-
when entirely dry conditions are present over the full rangetween 10 and 20 % for many pixels in the study site, thus
of vegetation phenology stages. This is only valid for few stressing the importance of an appropriate angular correction.
pixels in the study site, since this requires long time seriesin the derivation of dry reference and sensitivity, seasonality
at high temporal resolution in order to capture these extremeavas integrated using MODIS Normalized Difference Vege-
and possibly rare events. tation Index. No significant increase in soil moisture estima-
tion accuracy was found, however. This is possibly because
errors introduced by vegetation phenology in the derivation
7 Comparison to coarse resolution soil moisture of dry reference and sensitivity are small relative to errors
products from other sources, such as soil roughness or sensor noise.
Overall, change detection algorithms of high to medium
The accuracy of the ASAR WS soil moisture was comparedspatial resolution and high temporal resolution SAR data,
to accuracies obtained for coarse resolution soil moisturesuch as ENVISAT ASAR or the upcoming Sentinel-1 mis-
products (Fig11). Validation was performed using the 1 km sion, offer promising approaches to routinely map surface
hydrological model for the 2008-2010 period, reduced tosoil moisture dynamics over a wide range of land cover types.
the spatial resolution of the coarse resolution products. Th&hese can be usable additions to low resolution soil moisture
AMSR-E NASA product was not correlated with modelled datasets from active and passive microwave sensors. Nev-
soil moisture for this region, while AMSR-E LPRM soil ertheless, change detection algorithms should not neglect

Fig. 12. Scatterplot of NDVI and ASAR WS backscatter for a pixel
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