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Abstract. This paper examines the potential of scatterometerBloschl, 1999; Brdossy and Lehmann, 1998). These studies
data from ERS satellites for improving hydrological simula- have provided a lot of insight into how soil moisture varies
tions in both gauged and ungauged catchments. We compaia space as a function of terrain, soil characteristics and what
the soil moisture dynamics simulated by a semidistributedthe spatial statistical characteristics are. The ground based
hydrologic model in 320 Austrian catchments with the soil measurements used in the above studies were based on gravi-
moisture dynamics inferred from the satellite data. The mosimetric sampling, on Neutron moisture meters or on Time Do-
apparent differences occur in the Alpine areas. Assimilat-main Reflectometry. All methods are sufficiently accurate to
ing the scatterometer data into the hydrologic model duringallow a meaningful interpretation of the measurements and
the calibration phase improves the relationship between théhey can be calibrated relatively easily. The main drawback
two soil moisture estimates without any significant decreaseof ground based measurements, however, is that they can
in runoff model efficiency. For the case of ungauged catch-only cover relatively small areas due to logistic constraints,
ments, assimilating scatterometer data does not improve thand the spatial support or foot print of a measurement is usu-
daily runoff simulations but does provide more consistentally on the order of a few centimetres. This makes it very dif-
soil moisture estimates. If the main interest is in obtain- ficult to estimate meaningful spatial averages over medium
ing estimates of catchment soil moisture, reconciling the twosized to large catchments. There have been a number of at-
sources of soil moisture information seems to be of value betempts to relate ground measurements to larger catchment
cause of the different error structures. scales (e.g. Western et al., 2002) but there are two alterna-
tive methods of estimating the soil moisture dynamics that
are more relevant for large regions. The first method con-
sists of estimating soil moisture based on hydrological mod-
els. The second method consists of back-calculating soil
. . : . . moisture from satellite observations. Each of these alter-
Soil moisture has an important influence on hydrological . . ;

X native methods has its advantages and disadvantages. The
and meteorological processes, although the volume of wa-

ter stored as soil moisture represents only a small propor[naln advantage of using hydrological models for estimating

tion of liquid freshwater on the Earth. Soil moisture controls soil moisture is that they _epr|C|tIy represent areal averages
S N . ver catchments and the input data are usually available over
the partitioning of radiation into latent and sensible heat an

hence the water balance of catchments in most climates. Sol rge areas. Also, soil moisture simulated by these models

moisture also controls the magnitude of floods through parti-!s considered representative over the entire root zone, which

tioning rainfall into runoff and infiltration. A realistic repre- Is the hydrologically most important zone in terms of runoff

sentation of soil moisture is therefore essential for numerou eneration. The main disadvantage Of.th's type of model is
purposes hat there is always some degree of calibration needed to ac-

urately represent the hydrological processes in a particular
In the past years there has been a concerted effort to beg—ase (Bbschl and Grayson, 2002). An alternative approach

ter understand the spatio-temporal dynamics of soil moisture f estimating soil moisture is the use of satellite data. Arange

in small catchments (e.g. Western et al., 1998; Western an@f platforms exists or will be shortly in place (e.g. Schultz
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(parajka@hydro.tuwien.ac.at) crowave sensors are particularly appealing for retrieving soil
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moisture. Radar measurements of bare soil surfaces are verpates. The main hypothesis of this is that the error structures
sensitive to the water content in the soil surface layer due tmf the estimates from these two methods are likely differ-
the pronounced increase in the soil dielectric constant withent, so one would expect a combination of the two sources
increasing water content (Ulaby et al., 1982). In a hydrologicto be less biased and exhibit less random error than any of
context, the main advantage of using spaceborne sensors fthe two sources individually. The hypothesis of different er-
soil moisture retrieval is that they provide an integral valueror structures is plausible because of a number of reasons.
over an area rather than point values. Also, many of theséMost importantly, the estimates come from completely dif-
data sources are available at a global scale, so they are idéerent instruments, ground based instruments and spaceborne
ally suited for the ungauged catchment problem. Howeversensors, so one would also expect their errors to be differ-
there are also a number of disadvantages in a hydrologic corent. Also, the models that estimate soil moisture in these two
text. The main limitation is probably the limited penetration sources have a different structure and they are calibrated in
depth. Microwaves only sense the top few centimetres of thalifferent ways.
soil or less while, for hydrologic predictions, the soil mois-  The aim of this paper is to compare the soil moisture dy-
ture in deeper soil layers is just as important. Hydrologicalnamics estimated from hydrological models with those in-
use of this type of data hence needs to carefully consider théerred from satellite data, and to examine the potential of
implications of the limited penetration depth. scatterometer data from ERS satellites for improving hydro-
It appears an obvious thing to merge these two branchefgical simulations in both gauged and ungauged catchments.
of soil moisture estimation, hydrological models and space- This paper is organised as follows. The data section pro-
borne data, to benefit from the advantages of both methodssides an overview of satellite (scatterometer) data as well
There has indeed been a substantial body of work in recenés the climate and hydrologic data. The methods section
years geared towards combining hydrologic or atmospherigresents the model, the method of reconciling the penetra-
models and spaceborne data. These methods of integratingbn depth of the satellite data with the model estimation, the
satellite data in a consistent manner with model predictionszalibration procedure, and evaluates the model performance.
are usually referred to as Data Assimilation (DA) procedures.In the next sections we compare soil moisture derived from
DA methods are quantitative, objective methods to infer thethe scatterometer data with the soil moisture simulations ob-
state of a hydrologic system from irregularly distributed and tained by the hydrologic model. We then present the re-
temporally inconsistent data sets with differing accuraciessults of assimilating the scatterometer data into the hydro-
providing at the same time more reliable information aboutlogic model during the calibration phase. Finally, we analyse
the predictive uncertainty in model forecasts (McLaughlin, the potential of the scatterometer soil moisture estimates for
1995). Existing DA schemes were developed mainly for nu-predictions in ungauged catchments. The paper concludes
merical weather prediction, where the most commonly usedyith remarks on possibilities for improving satellite derived
techniques are optimal interpolation and variational minimi- soil moisture estimates.
sation (Daley, 1991). Spurred by the success of DA in other
fields and by a few early hydrological investigations (e.qg.,
Entekhabi et al., 1994; Milly, 1986) DA has attracted a lot 2 Data
of attention in hydrology in recent years (Wigneron et al.,
1999; Hoeben and Troch, 2000; Houser et al., 2000; Boni efThis study is set in Austria and the data are from the pe-
al., 2001; Walker et al., 2001; Francois et al., 2003, Schuur+iod 1991-2000. The dataset includes soil moisture estimates
mans et al., 2003). These papers have mostly focused on thfeom the ERS scatterometer, climatic data used for simulat-
assimilation of surface soil moisture data into land surfaceing soil moisture using a hydrologic model as well as runoff
models. Some of these studies have simulated the real timdata.
mode and have hence used a scheme for updating the state
variables of the model. Houser et al. (2000) and Walker et2.1 Scatterometer data
al. (2001) assessed the relative merits of updating schemes
including direct insertion, statistical corrections, Newtonian The satellite soil moisture data used in this study are taken
nudging, optimal interpolation, Kalman filtering and ensem- from the Global Soil Moisture Archive 1992—-2000 located
ble Kalman filtering. Another important application is the at http://www.ipf.tuwien.ac.at/radar/ers-scat/home.|i8ui-
simulation mode where the soil moisture data are used in thgal et al., 2002). The archive is based on ERS Scatterometer
calibration of land surface models together with other datadata and comprises global surface soil moisture data and in-
sources. dicators of root zone soil moisture sampled at ten-day inter-
The rationale of combining two sources of information on vals.
soil moisture, hydrological models and satellite data, is that Scatterometers are active microwave sensors characterised
even though both sources have clear limitations and are ady a coarse spatial but a high temporal resolution. To re-
sociated with significant uncertainty it is their combination trieve soil moisture information, scatterometers onboard of
that should help reduce the uncertainty of the integrated estithe European Remote Sensing Satellites ERS-1 and ERS-2,
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2.2 Climatic and hydrologic data

[mas.l]
N -

0 800 1200 1800 2400 3000 300 The climatic data used to drive the hydrologic model include
measurements of daily precipitation and snow depths at 1091
stations and daily air temperature at 212 climatic stations. To
calibrate and verify the hydrologic model, daily runoff data
from 320 gauged catchments were used with areas ranging
from 10 kn? to 9770 kn? and a median of 196 kfn A more
detailed description of the spatial distribution of the climate
stations and the boundaries of the gauged catchments is pre-
sented in Parajka et al. (2005a).

The inputs to the hydrological model were prepared in two
steps. First, the daily values of precipitation, snow depth and
air temperature were spatially interpolated by methods that
use elevation as auxiliary information. External drift kriging
was used for precipitation and snow depths, and the least-
squares trend prediction method was used for air temper-
atures (Pebesma, 2001). The spatial distribution of poten-
operated by the European Space Agency were used. Thgg| evapotranspiration was estimated by a modified Blaney-
ERS scatterometer operates at 5.3 GHz (C-band) vertical pocriddle method (Sclidter, 1985; Parajka et al., 2003) us-
larization, collecting backscatter measurements over an inci'mg daily air temperature and potential sunshine duration cal-
dence angle range from 1& 57 using three sideways l00k-  cylated by the Solei-32 model @8Ards et al., 2002http:
ing antennae. The sensor achieves global coverage within Bwww.ih.savba.sk/software/solpthat incorporates shading
to 4 days where each beam provides measurements of radgl; surrounding terrain. In a second step, a digital elevation
backscatter from the sea and land surface for overlappingnodel with a 1x1 km grid resolution was used for deriv-
50 km resolution cells with a 25 km grid spacing at approxi- ing 200 m elevation zones in each catchment. Time-series
mately 10:30 am and 10:30 pm for ascending and descendingf daily precipitation, air temperature, potential evaporation

tracks, respectively. Unfortunately, over Europe ERS scatand snow depth were then extracted for each of the elevation
terometer operations were often in conflict with Synthetic zones to be used in the hydrological simulations.

Aperture Radar (SAR) acquisitions which is why only 17—

40% of all possible acquisitions were actually taken. The

locations of the centroids of the pixels for Austria are pre-3 Method
sented in Fig. 1.

| | ]
0 25 50 75km

Fig. 1. Location of centroids of the pixels for the scatterometer data
in Austria.

3.1 Hydrological model

Scatterometry offers capabilities to infer soil moisture due ¢ hydrologic model used in this research is a semi-

to the strong variation of the dielectric constant of the soil §istriputed conceptual rainfall-runoff model, following the

with volumetric water content. However, scattering from ¢ cture of the HBV model (Bergém, 1976, and Lind-
land surfaces depends on other factors as well. Potential resyism et al. 1997). The model runs on a daily time step

trieval techniques must account for the confounding effectsyng consists of a snow routine, a soil moisture accounting
of surface roughness, vegetation, topography and soil teXoytine and a flow routing routine. The soil moisture routine
ture. Retrieval of soil moisture for “The Global Soil Mois-  ggtimates root zone soil moisture by balancing evaporation
ture Archive” is based on the change detection method devely g runoff output with precipitation input. The outputs are a
oped by Wagner et al. (1999b). The method accounts for the nction of root zone soil moisture as estimated by the model.

effects of surface roughness, vegetation and heterogeneoygqre detailed information about the model structure and its

land cover (Wagner et al., 1999a, b, ¢). It allows the retrievalyy qyo|ogic applications in Austria is presented, e.g., in Para-
of surface soil moisture information of the topmost 2¢m by ji3 et al. (2004, 20054, b).

comparing the instantaneous vegetation corrected backscat-

ter coefficient to the lowest and highest backscatter coeffi-3.2 Matching penetration depths

cients observed in a nine year period (1992-2000). Under

the assumption that within this period the respective area ha¥he main challenge in combining spaceborne soil moisture
been observed under completely dry (lowest backscatter cowith soil moisture represented in hydrological models are
efficient) and saturated conditions (highest backscatter coefthe shallow penetration depths of the spaceborne data. Some
ficient) the derived soil moisture informatiom,, is equiva-  assumptions hence need to be made on the vertical distri-
lent to the degree of saturation in relative units (ranging be-bution of soil moisture in the soil profile. A number of
tween 0 and 100%). studies have applied representations of the one-dimensional
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Table 1. Model parameters and a priori distributionsandv are The filtered values are termed the Soil Water Indgwt

the parameters of the Beta distribution (Eq. 8),and p,, are the

1=t

lower and upper bounds of the parameter space jangk is the Y mg(t)e” T

parameter value at which the Beta distribution is at a maximumSWI(t) _ (1)

(Eq 7) Z e_l_Tti

i
Parameter name Model partp;  pu u v Pmax wherem; is the retrieved surface soil moisture value at time
SCF[ Snow 10 15 12 40 103 ti, rangi_ng bet\_Neen Oand 1. The main parameter i_n th_e ap-
DDF [mmPC day] ~ Snow 00 50 20 40 125  proachis the time constant of the filter or pseudo diffusivity
LP/FC [-] Soil 0.0 10 40 12 094 T. In general, the pseudo diffusivity depends on soil prop-
EC[ Emm] go_'ll 8-8 gg%o 1111 112 ;910-2 erties including soil depth and the moisture state (Wagner et
-] oi . . . . . k . .

Ko [days] RuNoff 00 20 20 40 05 al., 1999b; C_ebgllos et al., 20_05). As soil p_ropertles are not
K1 [days] Runoff 20 300 20 40 90 known quantitatively on a regional scale, this parameter was
K, [days] Runoff 30.0 1800 1.05 1.05 1050 Setto an a priori value df =20 days (Wagner et al., 1999c)
Cp [mm/day] Runoff 00 80 20 40 20 in this paper. This value is consistent with hydrological rea-

Cg [day$/mm]  Runoff 00 500 105 105 250  goning. The field capacity of Austrian soils as obtained by
LSuz [mm] Runoff 10 1000 30 30 505 cgjiprating hydrological models (Merz andé@ichl, 2004),
typically, is on the order of 150 mm. Assuming a porosity of
0.3, a pseudo diffusivity of 20 days would then translate into
a wetting front celerity of 25 mm per day. This is a typical
Richards equation. Bernard et al. (1981), Prevot et al. (1984)yalue for Austrian soils.
and Bruckler and Witono (1989) used fixed head boundary The Soil Water IndexSWI| is a non-dimensional index
condition in the one-dimensional Richards equation, and Enpetween 0 (completely dry), and 1 (saturated). The index
tekhabi et al. (1994) updated the 1D state variables in thehas been shown to be bounded well by the wilting level and
Richards equation using a Kalman filter. The difficulty with the point midway the field-capacity and total water capacity
the Richards equation approach is that the soil physical charfwagner et al., 1999b). Throughout this paper, Wl in-
acteristics need to be known in much detail which is usuallydex is used as a satellite estimate of relative root zone soil
not possible at the field scale. Also, it is unclear what is themoisture.
value of an excessive level of detail in the vertical direction |n the hydrological modelSsy, is the soil moisture of a

if the model is lumped over areas of hundreds of square kilotop soil layer controlling runoff generation and actual evapo-
metres. Because of this, simplifications of the Richards equaration (Eq. (A.4) of Parajka et al., 2006). This soil moisture
tion have been proposed which are invariantly some type ohas been scaled by the field capacig, to obtain relative
multilayer model. Two layer models of various variants have root zone moisture, i.e§sy/FC. The scaled soil moisture
been proposed by Jackson et al. (1981) anceQ@itid Vidal- s a dimensionless variable ranging from 0 to 1. Throughout
Madjar (1994) which they combined with the direct insertion this paper this variable is used as a hydrological estimate of
updating approach. A two layer model based on basin averre|ative root zone soil moisture.
age soil moisture has been suggested by Georgakakos and
Baumer (1996). A three layer approach has been proposed.3 Multi-objective calibration of the hydrologic model
by Houser et al. (2000) who applied a number of assimilation
schemes. The relative merits have not yet been fully assessqq this study, the model was calibrated for 320 gauged catch-
but it seems clear that, giVen the Spatial scales and data Ii%ents_ Da||y inputs (precipita‘tion, air tempera‘[ure and po-
itations, more parsimonious approaches are more appealingntial evapotranspiration) were allowed to vary with ele-
than the more sophisticated ones. vation within a catchment, and the soil moisture account-
This paper therefore adopts an alternative approaching and snow accounting was performed independently in
Rather than resolving the vertical profile to estimate surfacesach elevation zone. However, the same model parameters
soil moisture from root zone soil moisture an attempt is madewere assumed to apply to all elevation zones of a catch-
to estimate root zone soil moisture from the surface valuesment. From a total of 14 model parameters, 3 parameters
The approach is pragmatic. The main idea is that surface soilvere presetfz=2°C, Ts=0°C, Ty=0°C) and 11 parameters
moisture tends to fluctuate much more rapidly than root zongTable 1) were estimated by automatic model calibration. We
soil moisture. This is because the soil dampens the high freused the shuffled complex evolution (SCE-UA) scheme of
quencies as soil moisture infiltrates into the soil. Rather tharDuan et al. (1992) to calibrate the model parameters to ob-
solving the flow equations we represent the dampening effecterved runoff and snow cover. The objective functidi
by a linear, exponential filter in the time domain. In other to be minimised in the calibration involves three parts which
words, a Taylor hypothesis is made to trade space for timeare related to runoff4o), snow cover Zs) and a priori
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information about the distribution of each model parameterof days with poor snow cover simulation ) to the total

(Zp). Z¢ is the weighted mean of these parts: number of days in the simulation period:
Zec=w1-Zo+wr Zs+w3-Zp, 2 zo=Im 6)
n

where the weights were set t@;=0.6, w>=0.1 andw3=0.3 . . . .
on the basis of test simulations. The test simulations con—The third term,Zp, allows inclusion of an expert estimate

sisted of sensitivity analyses that showed that a changg in ggr?UIrT(:eeguF)rrelgrl t?:;mzlrjsr?]lgreva;igepsa;;nit:JQT %E(‘)Ibbnrgé d
from 1.0 to 0.6 resulted in a variation of runoff model per- P ' P y

formance by only 4%. At the same time, changing and b(ra_'g/;/_eaegstvr\:? il'?r:tssa(rl?aurigfé thlfﬁi) agg;?tirr?s?hnso'ri-
w3 resulted in more than a 10% increase in the snow modeP"'°" umpti u P - IS

performance and in a significant improvement of the robust—?“rerﬁ élr;attritkr)]etiar?nc\)/:/l dg’t“b\l;'t'otﬂ Otf itthie pararirs;late{ S 'ni akunl-
ness of model parameters. These results indicate that the iIstribution.  YWe believe that It IS possibie 1o make a
more informed guess about the shape of the a priori distri-

model results were only moderately sensitive to the choicebution and introduce a penalty functiofi». based on an a
of weights. The selection of weights is always subjectiveand” .~ =~ " P y .
riori distribution for each parameter:

depends on the relative importance attached to each compc?—
nent by the modeller. In this paper, we assigned the weights Kk foaxi — fi ( Pi—DLj )
in way so that, on average, the runaff4), snow (s) and a Zp = Z >/ S\ Puj=pLj
priori (Zp) penalties contributed 65%, 5% and 30%, respec- = JSmax j
tively, to the final compound objective functidfy .

The runoff objective functionZ, follows the relation P A— Pmaxj — PlLj ®)
proposed by Lindstm (1997), which combines the Nash- “™/ = 7/ \ " = p,
Sutcliffe coefficient ME) and the relative volume erroVE):

Q)

wherep ; is the model parametgrto be calibratedp; andp,
Zog =1~ ME)+wy4-|VE|, (3)  are the lower and upper bounds of the parameter space, re-
spectively,pmax is the parameter value at which the a priori

h
where distribution is at a maximum anidis the number of parame-
i (Qobsi _ Qsim,i)2 tBerf t((;_bte_;alti_brat_ec.i. The probability density function of the
ME:l—’znl ’ ) eta distributiory is:
(Qobsi - Qobs)2 flxlu,v) = M—l(l_ )v—l
P} X |u, = B, U)x X
n n for O<x<1lu>0v>0 (9)
Z Qsim,i - Z Qobsi ith
VE = i=1 . i=1 ) (5) wit
>~ Qobsi ; ')l
= Blu. v) = /xu—l(l_x)v—ldx _'wrw (10)
. . . I'(u 4+ v)
QOsim,i is the simulated streamflow on day Qobsi iS the 0

observed streamflonQps is the average of the observed where the values of, v, p;, p. and pmax have been taken
streamflow over the calibration (or verification) periodof £ Merz and Bbschl (2004). In the absence of more de-
days, and the weight, was found in Parajka et al. (20058) (sjjeq information we have chosen the same values of the

asws=0.1. L . u, v, p;, p, and pmax for all catchments (Table 1). If more
The snow objective functios compares the observed yeyailed information was available (for example from catch-
and simulated snow coverage. Observed snow coverage WaSen; attributes or from field studies), the limits and parame-

estimated from daily grid maps constructed from the 0b-yo 5 of the Beta distributions for each model parameter could
served snow depth data. Simulated snow coverage was dey, assigned differently from catchment to catchment.
rived from the snow water equivalent simulated by the model

for each elevation zone in the catchment. Snow simulationg 4 Hydrologic model performance

on a particular day were considered to be poor if the dif-

ference between simulated and observed snow coverage w&®r the evaluation of the calibration and verification efficien-
greater than 50% of the catchment area. The 50% thresheies the entire period of observation (1991-2000) was split
old was determined in sensitivity analyses (not shown herejnto two periods: the calibration period from 1 November
taking into account different areal arrangements of elevationl991 to 31 December 1995 and the verification period from
zones in different catchments, where the sensitivity was as1 November 1996 to 31 December 2000. Warm up periods
sessed on the basis of model performance. The snow objedrom January to October were used in both cases. We ex-
tive functionZg was then defined as the ratio of the number amined the model performance in terms of the efficiency of
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Table 2. Median and quantile difference (75% and 25%) of runoff
model efficiency ME), volume errors of runoff{E), snow cover CAL:&E?}ION

simulations errorZs) and correlation coefficient between the two f— —
soil moisture estimates. Results are for 320 catchments. NO o4 o5 o5 o7
assimilation of soil moisture data.

Median/quantile  Calibration period Verification period

difference of (1991-1995) (1996-2000)
ME [] 0.76/0.13 0.73/0.19

VE [%] 0.0/3.0 1.9/9.3

Zgs [% ofdays] 5.4/11.4 4.2/10.3

r[-] 0.07/0.57 0.12/0.50

VERIFICATION
ME [-]

- o

0.4 06 0.7

the model of simulating runoff using the Nash-Sutcliffe co-
efficient (ME, Eq. 4) and volume error&/E, Eq. 5). We also
examined the model performance in terms of the days of poor
show cover simulation¥]s, Eq. 6). These performance mea-
sures have been evaluated independently for the calibratior
and the verification periods (Table 2).

Table 2 shows that the median MfE over the 320 catch-
ments in the (_:alibratio_n and verification periods is 0.76 andFig_ 2. Nash-Sutcliffe model efficiencyME) of daily runoff in the
0.73, respectively. This means that the model performanceyjipration (1991-1995) and verification periods (1996-2000). Cal-

decreases only slightly when moving from calibration to ver- jpration of hydrologic model was performed without the use of scat-
ification. The median oVEin the calibration and verification  terometer soil moisture data.

periods is 0.0% and 1.9%, indicating that both the calibra-
tion and verification is essentially unbiased. The median of
the snow performance meast#g is 5.4% in the calibration ~ (1991-1995) and simulated the daily water balance for all
period and 4.2% in the verification period, which indicates 320 catchments in the period 1991-2000. In each catchment,
that the model performance is even somewhat better in théh€ soil moisture component was calculated separately for
verification period. different elevation zones. Subsequently we constructed grid
The spatial patterns of the runoff efficienciktE in the ~ Maps of soil moisture exhibiting subcatchment variability for
calibration (1991-1995) and verification (1996—2000) peri-&ach day of the selected simulation period. For the case of
ods are presented in Fig. 2. Results indicate that there are ré€sted catchments, the soil moisture patterns of the smaller
gional differences in the model performance. In the westernCatchments were plotted on top of those of the larger ones.
alpine parts of Austria the simulation of runoff is generally The scatterometer soil moisture values were assigned to the
better than in the eastern lowlands. The alpine catchment&ePresentative area (polygon) around the centroids (Fig. 1).
are wetter and snowmelt is more important than in the catchfor each day when scatterometer soil moisture data were
ments of the east. Overall, the magnitudes of these modeivailable we plotted a grid map representing the regional
efficiencies are more favourable or similar to results from variability of soil moisture. Examples of the spatial patterns
other regional studies published in the literature (e.g. SeibertOf the relative soil moisture so estimated for two particular
1999; Perrin et al., 2001; Merz anddkchl, 2004; Parajka et days are presented in Fig. 3.
al., 2005a). This suggests that the parameter estimates are ro- The comparison of the spatial patterns of the hydrologic
bust and that the model represents the hydrological balancB0del and scatterometer soil moisture shows that for days
of the catchments reasonably well. with snow cover (e.g. Fig. 3, left) the scatterometer soil mois-
ture is obviously not meaningful. The reason is that no
soil moisture information can be obtained by remote sens-
4 Comparison of soil moisture estimates ing methods when snow covers the surface. Unfortunately, it
is not possible to exclude snow observations based solely on
We compared the relative soil moisture simulated by the hy-the scatterometer data, which is why erroneous data are con-
drologic model with theSWlindex estimated from the scat- tained in the present version of the scatterometer soil mois-
terometer data. Both estimates, notionally, represent rooture data base. A more plausible agreement between the spa-
zone soil moisture. For the soil moisture simulations wetial patterns is obtained for days without snow cover (e.g.
used the parameter sets optimised for the calibration periodFig. 3, right) although the spatial patterns of the hydrologic
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10.2.1992 10.5.1993

Scatterometer Scatterometer

0O 20 40 60 80 100 0O 20 40 60 80 100

Hydrologic model
(%)

Hydrologic model
(%)

Fig. 3. Examples of spatial patterns of relative root zone soil moisture simulated by the hydrologic model (bottom) and estimated by the ERS
scatterometer (top) for two particular dates: 10 February 1992 (left) and 10 May 1993 (right).

model soil moisture are much more spatially detailed. Incient, are presented in Fig. 5. Figure 5 top and bottom show
the following analyses we therefore used the gridded snowthe correlations for the calibration period (1991-1995) and
depth information to exclude those soil moisture estimatesverification period (1996—2000), respectively. The spatial
that have been retrieved on days with existing snow covelpatterns of the correlation coefficient, especially for the cali-
(catchment mean snow deptf0.1cm), and calculated the bration period, exhibit a distinct boundary between the alpine
catchment average from the remaining soil moisture esti+egion and the lower parts of Austria. In the Alpine region,
mates simulated in different elevation zones for each particthe correlations are poor and even negative. In the northern
ular day. We then compared the catchment mean soil moisprealpine and northern/eastern lowland areas the relationship
ture estimated by the hydrologic model with the scatterome-between the two different soil moisture estimates seems to be
ter soil moisture of the nearest scatterometer retrieval pointsignificant.

The distance between the centroid of each catchment and the These results indicate that in the alpine regions with com-

centroid of the scatterometer pixels was used for that purplex terrain it is difficult to derive regionally consistent soil

pose. moisture estimates from the scatterometer data and the hy-
A demonstration of the temporal dynamics of the two dif- drologic model simulations. In the flatlands, the estimates

ferent soil moisture sources is plotted in Fig. 4 for two catch-seem to be much more accurate. Part of the poor correla-

ments in the year 1992. Figure 4 top shows the comparisotions in the Alps may be due to the rugged terrain and forest

for the Weer catchment in Tirol. The mean catchment alti-cover which may make the scatterometer data less accurate

tude of the catchment is 1735m. The comparison indicateshan in the flatlands. The low correlations may also be due to

that very little correlation exists between model-simulatedonly using the summer scatterometer data. This will reduce

and scatterometer-derived soil moisture. A much betterthe seasonal sample variance which, with a given error vari-

agreement appears for the Pesenbach catchment (Fig. 4, batnce, will decrease the correlation coefficient. Clearly, the

tom). The Pesenbach catchment is in Upper Austria and thgoil moisture estimates from the hydrological simulations are

mean catchment altitude is 569 m. For the Pesenbach the coalso associated with considerable uncertainty. One would,

relation coefficient between the two soil moisture estimateshowever, not expect major differences in the uncertainty be-

is about 0.78. The median and percentile difference (75%-tween the Alpine and lowland parts of Austria.

25%) of the correlation coefficient)( over all 320 catch-

ments is presented in Table 2. The median wfdicates that

for the majority of the catchments there is very little corre-

lation between scatterometer and model soil moisture esti5 Scatterometer soil moisture assimilation

mates in both the calibration and verification periods. How-

ever significant regional differences exist. In order to reconcile the two soil moisture estimates we as-
The spatial patterns of the overall agreement between thsimilated the scatterometer data in the calibration phase of
two soil moisture sources, in terms of the correlation coeffi-the hydrological model. We extended the multi-objective
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Fig. 4. Comparison of relative soil moisture simulated by the hydrologic model (HM) and derived from the scatterometer (ERS). Example
for two catchments, Weer catchment (top) and Pesenbach catchment (bottom). Scatterplots (right) show the cojreé&ttiae( different
soil moisture estimates obtained for days without snow cover in the period 1992—2000.

calibration approach presented in the previous section (Eq. 2hration and verification periods is essentially unbiased. The
by using the following objective function: percentile difference, i.e. the scatter between the catchments,
of the volume errors do increase when scatterometer data are
assimilated. The median of the snow performance measure
. . - . . Zs in the calibration period is 5.1% and in the verification pe-
wherer is the correlation coefficient between soil moisture ~> . " 0 hich ts that thi del perf
estimated from the scatterometer data and simulated by tthd itis 3.9%, which suggests tha IS model performance
hydrologic model, andz¢- represents the compound objec- IS even somewhat better than that obtained without data as-
tive function defined by Eq. (2). We selected the correla—S'm'Iatlon'
tion coefficientr as a measure of similarity between the two ~ The spatial patterns of tHdE model performance in the
soil moisture estimates because it allows a comparison of th&alibration and verification periods are presented in Fig. 6.
temporal dynamics of the two variables irrespective of their These patterns are similar to those obtained in simula-
absolute magnitudes and possible intercepts in their relationtions without the assimilation of scatterometer data (Fig. 2).
ship. The form of the compound objective function has beenAgain, in the verification period the runoff model efficiency
chosen subjectively in order to reflect the trade-off between’S Somewhat lower than in the calibration period. This in-
the multiple objectives. As the objective function is min- dicates that scatterometer assimilation into the model cali-
imised, large correlation coefficients will be favoured in the bration does not significantly decrease the runoff model effi-
calibration process. Based on the soil moisture compariso¢!€ncy.
above, the correlation coefficient between the soil moisture Very significant differences between the cases with and
estimates was calculated only for days when no snow covewithout assimilation do occur, however, in the correlation
was observed. coefficients between the soil moisture estimates (Fig. 7). As-
The model efficiencies obtained in the data assimilationsimilation of scatterometer data in the model calibration in-
are presented in Table 3. The medians of the runoff efficiencycreases the correlations dramatically. This is not surprising,
ME over the 320 catchments in the calibration and verifi- of course. Significant improvements occur, especially, in the
cation periods are 0.75 and 0.72, respectively. This is onlywestern, Alpine, part of Austria, but the correlations also in-
slightly poorer than the efficiencies obtained without data as-crease in the lowland areas. Table 3 suggests that the in-
similation (Table 2). The median of the volume eriE crease in the median of the correlation coefficient is from
in the calibration and verification periods is 0.1% and 0.4%,0.07 to 0.26 (calibration period) and from 0.12 to 0.17 (verifi-
respectively, indicating that the data assimilation in the cali-cation period). Also, the quantile differences decrease which

Za=1-r)-Zc, (12)
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Fig. 5. Spatial patterns of the correlation coefficient,between  Fig. 6. Nash-Sutcliffe model efficiencyME) of daily runoff in
soil moisture simulated by the hydrologic model and soil mois- the calibration (1991-1995) and verification periods (1996-2000).
ture derived from the ERS scatterometer in the calibration (1991-Scatterometer soil moisture data have been assimilated in the cali-

1995) and verification (1996—2000) periods. No assimilation of bration phase of the hydrologic model.
scatterometer soil moisture data.

Table 3. Median and quantile difference (75%—25%) of runoff

indi hat th h of th i . . model efficiency ME), volume errors of runoff\{E), snow cover
indicates that the match of the two soil moisture SOUrces ISimyations errorZs) and correlation coefficient between the two

more consistent throughout Austria. soil moisture estimates ). Results are for 320 catchments. Assim-
The regional difference in soil moisture correlations indi- ilation of scatterometer soil moisture data.

cates that for northern prealpine regions and lowlands the soil

moisture dynamics of the hydrological model agree well with ~ Median/quantile ~ Calibration period  Verification period

the satellite estimates of soil moisture, even in the validation difference of (1991-1995) (1996-2000)
period. For these areas it is possible to reconcile the two  \g [ 0.75/0.13 0.72/0.18
sources of soil moisture estimation. The soil moisture corre- Vg [%] —0.1/6.2 0.4/12.0
lations in the alpine areas are somewhat better than without Zzg [% of days]  5.0/10.8 3.9/10.6
data assimilation, however, the relationship is still poor. r - 0.26/0.37 0.17/0.40

Including the scatterometer data in the calibration of the
hydrologic model changes the temporal soil moisture dynam-
ics simulated by the hydrologic model. Figure 8 presents an
example. Figure 8 top shows the simulations for the Weerscatterometer data are assimilated. Interestingly, for both ex-
catchment where, previously, no correlations between twocample catchments, the data assimilation does not change the
soil moisture estimates were found. Assimilating the scat-model efficiency with respect to daily runoff.
terometer data improves the soil moisture correlation from
—0.06 to more than 0.54. Figure 8 bottom shows the soll
moisture time series for the Pesenbach catchment. For thi6 Hydrologic model performance for ungauged catch-
catchment, the correlation coefficient between the two soil  ments
moisture estimates increases from 0.78 to 0.86. In the two ex-
amples, the main effect is that the scatterometer data assimln this section we tested the potential of assimilating scat-
lation decreases the calibrated value of the field capa&@y, terometer data for improving hydrological predictions in un-
of the model. The relative soil moisture (i.e. soil moisture gauged catchments. As the scatterometer data are available
scaled by the field capacity hence fluctuates strongly wherfor both gauged and ungauged catchments, it may be possible
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Table 4. Median and quantile difference (75%-25%) of model effi-
ciency of runoff ME), volume errors of runoff\(E) and correlation
coefficients between the two soil moisture estimatesélculated

for the ungauged catchment case. Results are for 320 catchments.
No assimilation of soil moisture data.

CALIBRATION
[
E
0.75-05-025 0 025 05 0.75

Median/quantile  Calibration period Verification period

difference of (1991-1995) (1996-2000)

ME [-] 0.65/0.16 0.64/0.19

VE [%] —1.4/16.4 —1.0/15.5

Zs [% ofdays] 4.6/11.3 4.6/10.7
e r[- 0.11/0.54 0.16/0.40

-0.76-05-025 0 025 05 0.75

Table 5. Median and percentile difference (75%-25%) of model
efficiency of runoff ME), volume errors of runoff{E) and corre-
lation coefficients between the two soil moisture estimatesl-
culated for the ungauged case. Results are for 320 catchments. As-
similation of scatterometer soil moisture data.

Median/quantile  Calibration period Verification period

Fig. 7. Spatial patterns of the correlation coefficient,between difference of (1991-1995) (1996-2000)
soil moisture simulated by the hydrologic model and soil moisture ~ ME [-] 0.61/0.19 0.59/0.21
derived from the ERS scatterometer in the calibration (1991-1995) VE [%] —4.2/15.8 —3.1/16.5
and verification (1996—-2000) periods. Scatterometer soil moisture  Zg [% of days]  4.4/11.4 4.5/10.3
data have been assimilated in the calibration phase of the hydrologic  r [-] 0.27/0.36 0.17/0.36

model.

to extract useful information for simulations in ungauged

catchments. Estimation of daily runoff and soil moisture in parameters was as in Parajka et al. (2005). The weights in
ungauged catchments was evaluated for two cases. In thed. (12) were examined in test simulations (not shown here),
first case we only used observed snow cover data and the r@nd were set tag=1.0 andw7=1.0. The distinction between
gionalised information about the model parameters for thethe two cases was the weighg. For the second case, where
prediction at ungauged sites. In the second case we addwe tested the potential of soil moisture scatterometer data we
tionally used the information about the soil moisture stateset the weightvs to 0.2. In the first case we removed the in-
obtained from the scatterometer data. For both cases, we calluence of this term by settings to 0.0.

ibrated the hydrologic model without the information of lo-  The evaluation of the model performance was as in Parajka
cally measured runoff using the following objective function et al. (2005). We treated one gauged catchment as ungauged
Zy: and simulated the water balance dynamics using parameters
estimated without the local runoff measurements. Next, we
estimated the model performance by comparing the simu-
wherer is the correlation coefficient between model sim- lated and observed hydrographs as well as the correlation be-
ulated soil moisture and scatterometer derived soil moistween simulated and scatterometer derived soil moisture. We
ture for days without observed snow covérs represents repeated the analysis for each catchment in turn and calcu-
the agreement between observed and simulated snow covéited the statistics of these error measures for all catchments.
(Eq. 6) andZp (Eq. 7) is the penalty based on an a priori The comparison of these error measures with those for the
distribution for each parameter. For the ungauged case prdocally calibrated case, both for the calibration and verifica-
diction, we did not apply a uniformly predefined parameter tion periods, indicates what decrease of model performance
distribution in each of the 320 catchments (as in the multi-one would have to expect when moving from gauged to un-
ple objective calibration), but we constrained each parametegauged catchments. This decrease we term the spatial loss in
in each catchment separately, based on information obtaine@odel accuracy.

from parameter transposition from neighbouring catchments The results of model performance in ungauged sites is pre-
using the kriging method. The transposition of the modelsented in Tables 4 and 5. Table 4 gives the model efficiencies

Zv=ws-1—r)+we-Zs+w7-Zp (12)

Hydrol. Earth Syst. Sci., 10, 35368 2006 www.hydrol-earth-syst-sci.net/10/353/2006/



J. Parajka et al.: Assimilating scatterometer data into hydrologic models 363

100 —
i | r=-0.06
HM with ERS—" — =
80 T 80 r=0.54
| 3 o] ot g%
3?60_ Hydrologic model a g 60— b4 4 ‘.
= ] (HW £ ] 0. s
® 40 & 40 A LI
20 — 3 20— e "o
(72.8 km?) ] @]
o owe
O L L B B B B B B B B N i L L L L N
01/92 03/92 05/92 07/92 09/92 11/92 0 20 40 60 80 100

Hydrologic model SM [%]

Hydrologic model —»
(HM)

HM with ERS 80
60

40

Scatterometer SM [%]

(68.8 km2) 22‘_ \ 'J\“IJ\}‘I J\f V\VJ\/

T ] T ] T I T | T . | T = T I T | T | T ] T ] 0 | T ] T | T I T | T |
01/92 03/92 05/92 07/92 09/92 11/92 0 20 40 60 80 100
Hydrologic model SM [%]

Fig. 8. Comparison of relative soil moisture simulated by the hydrologic model (HM) and derived from the scatterometer (ERS). Example
for two catchments, Weer catchment (top) and Pesenbach catchment (bottom). Scatterplots (right) show the cojre&tiae( different

soil moisture estimates obtained for days without snow cover in the period 1992-2000. Red colour represents the soil moisture simulations
using the model parameters obtained without the soil moisture data assimilation, blue colour represents the soil moisture simulations using
the model parameters obtained with soil moisture data assimilation.

for ungauged catchments without the use of scatterometeerrors,VE, is —4.2% in the calibration and 3.1% in the ver-
data. The median of the runoff model efficiendy) was ification periods. This indicates a slight underestimation of
0.65 in the calibration and 0.64 in the verification periods. runoff in both periods.

This indicates that the spatial loss ME was 0.11 in the As would be expected, the correlation coefficients between
calibration and 0.09 in the verification periods, when com-the soil moisture simulated by the hydrologic model and de-
pared to local calibration including at site runoff measure- riyed from the scatterometer data increases if scatterometer
ments (Table 2). The median of runoff volume errov&l  gata are assimilated. In the calibration period, the increase
is slightly negative in the calibration and verification periods js sjgnificant (from 0.11 to 0.27). In the verification period,
which suggests a slight underestimation of runoff. The me-powever, the increase is slim (from 0.16 to 0.17). Clearly,
dian of the correlation coefficients yields 0.11 in the calibra- oy the verification period no scatterometer data have been

tion and 0.16 in the verification periods which shows poor assimilated and the information does not seem to carry over
agreement between model simulated and satellite-derive¢om the calibration to the verification period.

il moistur im . . . -
soll moisture estimates The relative changes in model performance due to assimi-

Table 5 shows the runoff model performance when thelating scatterometer data for ungauged catchments are shown
scatterometer data were assimilated in the ungauged catci? Fig. 9 top. Blue colours relate to catchments where the
ment predictions. The medians of the rundf for the cali- runoff model efficiency improves when scatterometer data
bration and verification periods is 0.61 and 0.59, respectivelyare assimilated. Red and yellow colours relate to catchments
This indicates that the data assimilation decreases runoff simhere the runoff model efficiency decreases. Most catch-
ulation performance as compared to the case where no scafdents are red or yellow. This indicates that assimilating
terometer data are assimilated (Table 4). In the calibratiorscatterometer data does not improve runoff simulations in
period the decrease is from 0.65 to 0.61 and in the verificatior#ngauged catchments. In fact, the runoff simulation perfor-
period the decrease is from 0.64 to 0.59. In fact, the decreas@ance tends to decrease.
in runoff model performance is larger than for the gauged Figure 9 bottom shows the relative changes in the corre-
catchment cases (Tables 2 and 3). The procedure hence dokegions between the soil moisture estimates from scatterom-
not seem to extract useful information from the scatterometeeter data. Again, blue colours relate to catchments where
data in ungauged catchments. The median of runoff volumehe correlations increase, red and yellow colours relate to
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Il VE better (>5%)
E ME slightly better (0-5%)

ME slightly poorer (0-5%)
I ME poorer (>5%)
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Fig. 10. Scatterometer sensitivity to soil moisture in dB the month
July, when vegetation is most dense in Austria. The sensitivity is de-
fined as the difference in backscatter between the driest and wettest
observed soil conditions in the nine year period (1992-2000), cor-
rected for the seasonal vegetation dynamics.

Il | better (>5%)
0 r slightly better (0-5%)

| 1 slightly poorer (0-5%)
I  poorer (>5%)

much more limited over densely forested terrain, rock out-
crops or urban areas which are all characterized by very sta-
ble and high backscatter in C-band (Wagner et al., 1999a).
Therefore, with increasing percentage of forest cover, rock
. . ) o ) outcrops or urban area within one scatterometer pixel one
Fig. 9. Relative change in runoff model efficiendfiE) and inthe o4 expect the soil moisture sensitivity to decrease. Fig-

relationship between scatterometer and hydrologic model soil MOIS{, e 10 shows the sensitivity of the backscattering coefficient

ture estimates when scatterometer data are used in the ungaug%j soil moisture chanages. expressed in decibels. for Jul
sites simulations. The relationship between the two soil moisture ges, €xp ' Y

estimates is represented by the correlation coefficigntGalibra- yvhen-vegetatmn "?‘ most d(—?nse in Austria. The senS|t|v!ty
tion period (1991—-1995). is defined as the difference in backscatter between the driest

and wettest observed soil conditions in the nine year period
(1992-2000), corrected for the seasonal vegetation dynam-

catchments where the correlations decrease. In terms of soifs. As expected, the highest sensitivity can be observed over
moisture simulations the correlations do increase in almosthe agriculturally-dominated Austrian lowlands with values
all catchments. While a tighter relationship between the twoOf up to 4 dB, although this is a much lower sensitivity com-
soil moisture estimates is no surprise, it does allow for morepared to grassland regions, where sensitivities up to 8-10dB

consistent soil moisture estimates in ungauged catchments.can be observed. Over the densely forested Austrian Alps the
sensitivity is significantly lower with values ranging from 1

to 2dB. This value is not much larger than the typical noise
7 Discussion and conclusions level of the scatterometer data over these regions, which is
about 0.3 dB. This shows that retrieval is expected to perform
The comparison of the two different soil moisture estimatessignificantly better over the lowlands than over the mountain
indicates that their spatial and temporal dynamics are quiteegions.
different. Because of this, the potential of improving runoff  To better understand the potential controls on the consis-
simulations by assimilating scatterometer data into the hytency of the soil moisture patterns we plotted the correlation
drological model is limited in the study region examined coefficients of soil moisture from Fig. 5a against a number of
here. The most noticeable differences were observed bdandscape characteristics. Figure 11a shows the correlation
tween the alpine regions and the flatlands. Results showedoefficients plotted versus the standard deviation of eleva-
that there is a strong decrease in the correlation between thigon within each scatterometer polygon. There is an apparent
soil moisture estimates in regions with mean elevations ofrelationship with low relief areas exhibiting much stronger
more than 600 ma.s.l. and large topographical variability.correlations than high relief areas. Figure 11b shows the cor-
There are a number of potential sources of these differenceselation coefficients plotted versus the percent forest area of
The first source of disagreement may be related to probeach scatterometer polygon. There is a clear trend of the up-
lems with the scatterometer retrieving algorithm in alpine per envelope. Open areas may show large correlation coef-
regions. Retrieval of soil moisture from scatterometer dataficients but, as the forest cover increases, the maximum cor-
performs best over flat to gently undulating regions with relations that can be obtained decrease. This is related to
low vegetation cover (grassland, crops, etc.). Retrieval ishe decrease of scatterometer sensitivity with percent forest
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Fig. 11. Correlation coefficienty, between soil moisture simulated by the hydrologic model and soil moisture derived from the ERS
scatterometer in the calibration period (1991-1995) as per Fig. 5a plotted (&rstedard deviation of elevation within each scatterometer
polygon;(b) percent forest area of each scatterometer polyf@mercent glacier area of each scatterometer polygon.

cover. However, apparently, there are other controls as some
of the polygons with little forest cover show very low cor-

relations. These are the high alpine areas where mountair STD(space)/STD(time)

pastures, rocks and glaciers prevail. Figure 11c shows the W& rri——
correlation coefficients plotted versus percent glacier of each 0 02 04 08 08
polygon. The polygons with a large proportion of glacier al-
ways show negative correlations. Clearly, glaciers limit the * ‘
retrieval of soil moisture.

The second source of disagreement may stem from the hy-
drological model. The hydrological model performs best, in ) g
terms of simulating runoff, in the alpine areas and poorest
in the lowlands. One would therefore not necessarily expectig. 12. Ratio of the standard deviation of soil moisture within
lower performance in terms of simulating soil moisture in a catchment (variability in space) and the standard deviation of
the mountains as compared to the low lands. However, th&atchment soil moisture within the period 1991-2000 (variability
main control of runoff in the mountains is snow rather than in time)-
soil moisture, so there is the possibility that soil moisture is
represented poorly. The strong association of the negative
correlations with glacier area in Fig. 11c is, in fact, an in- ratio is more than six times that in the lowlands. The pattern
dication that the hydrological model does not simulate soilis very similar to those of the correlation coefficients between
moisture well in the high alpine catchments where glaciersoil moisture simulated by the hydrologic model and soil
runoff is important. No glacier component has been includedmoisture derived from the ERS scatterometer data (Fig. 5). It
in the hydrological model and snow fall and snow depletionis also similar to the improvement in runoff model efficiency
on glaciers are represented by the snow component of th@shen scatterometer data are used in the ungauged sites sim-
model. ulations (Fig. 9 top). The low correlation coefficients of the

The differences between the two soil moisture estimated'ydrologically modelled and scatterometer soil moisture are
may also be related to the spatial variability of the forcing F:o-located with the large spatial within-catchment yariability
climatic variables (precipitation, air temperature, solar radia-" the Alps. On the other hand, the large correlation coeffi-
tion etc.) in alpine regions. Alpine catchments tend to have &F1€NtS are co-located with the small spatial within-catchment
much larger altitudinal range than flatland catchments whichvariability in the lowlands. The similarity of the patterns
may result in a much larger within-catchment variability of Suggests that the spatial within-catchment variability does
soil moisture controls and hence soil moisture. Figure 12indeed strongly affect the correlation between the two soil
shows an analysis of the spatial within-catchment variabil-MOISture estimates.
ity of simulated soil moisture, normalised by the temporal As soil moisture cannot be retrieved by the scatterometer
variability of catchment soil moisture within the simulation when snow is on the ground, in the comparisons of this pa-
period. The spatial variability is indeed much larger in the per, SWIlvalues have only been used for those dates where
alpine catchments than it is in the lowlands. In the Alps thethe snow depth data indicated snow free ground. There
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are alternatives of how to mask snow cover effects on theobtained in other regionalisation studies (e.g. Parajka et al.,
scatterometer data. To examine the effect of the maskin@005a). The use of scatterometer data for ungauged catch-
we tested the correlation between the two soil moisture esments decreases the runoff model performance significantly
timates under different masking criteria. The correlationsin the alpine catchments. This is apparently related to the
slightly improved when the scatterometer surface data, low signal to noise ratio of the scatterometer data in the Alps.
were masked rather than ti$4VIdata. The correlation im- The relationship between the two soil moisture estimates is
proved further wher8WI data were calculated for the days poorly defined. There are a number of lowland catchments
of scatterometer acquisitions instead at regular 10 days interwhere the ungauged catchment performance is increased as
vals. This is because of the limited scatterometer coverage result of assimilating the scatterometer data. In almost all
which has a negative impact on the quality of 81 There  catchments, the use of scatterometer data improves the con-
may therefore be potential in improving the masking criteria. sistency between the scatterometer data and the hydrologic
There is also potential in spatially varying the time constantmodel estimates at ungauged sites both for the calibration
of the filter or pseudo diffusivity to account for the differ- and the verification periods. It is hence possible to recon-
ences in the penetration depth of the scatterometer data ardle the two sources of soil moisture but there is little value
the depth of the top soil layer in the hydrological model. In of assimilating scatterometer data for simulating runoff, nei-
this paper a value df =20 days has been selected. The timether in gauged nor in ungauged catchments. However, if soil
constant would be expected to depend on soil depth whichmoisture is the main interest there may be value in reconcil-
is likely smaller in the Alps than it is in the flatlands. More ing the two soil moisture estimates because of the different
detailed soils data, however, is needed to constrain this paerror structures. As in the gauged catchment case, this ap-
rameter. plies to regions with small topographical variability and low

A problem particular to the Austrian situation is the very vegetation.
low number of scatterometer acquisitions due to operation Satellite data are sometimes recommended to assist hydro-
conflicts with the Synthetic Aperture Radar (SAR) on board logical simulations in ungauged catchments@ihl, 2005).
of ERS-1 and ERS-2. For the period used in this paper,There are a number of studies that report on close corre-
scatterometer acquisitions were taken in only 17-40% of alllations between observed runoff and satellite soil moisture
satellite overpasses. Considering, in addition, the lengthydata. Scipal et al. (2005), for example, found a high corre-
snow and frost period in the Austrian Alps the number of lation (R?>0.85) between basin-averaged soil moisture data
available data is much less than over most land surfacefrom the scatterometer and measured runoff of the Zambezi
worldwide. Still, also the data acquired over the mountainRiver in south-eastern Africa. However, the analyses in this
regions were considered in this study to examine how muctpaper indicate that the correlations may much lower under
information relevant to soil moisture is contained in the scat-more difficult conditions and for smaller catchment scales.
terometer data under such difficult conditions. Also, the existence of correlations does not necessarily im-

Overall, the assimilation of scatterometer data into the cal-ply improvements of runoff simulations. Indeed, there is
ibration of the hydrologic model has been found to improve very little evidence in the literature to indicate that soil mois-
the relationship between the two soil moisture estimatesture satellite data may assist in improving runoff simulations
without any significant decrease in runoff model efficiency. and/or forecasts both in gauged and ungauged catchments.
However, it should be noted that, in the alpine regions, theThere are, of course, numerous other reasons for using satel-
increase in soil moisture correlation was not very signifi- lite data in hydrology. It is also likely that new developments
cant and the soil moisture relationship was still rather poor.will increase the usefulness of soil moisture information from
The calibration using the scatterometer data has changed ttmatellites for hydrological purposes. As new sensors are be-
temporal dynamics of soil moisture especially in the alpinecoming available one would expect the soil moisture infor-
regions. The temporal variability of soil moisture has in- mation content of scatterometer data to improve. The higher
creased mainly due to a decrease in the field capacity modedpatial resolution (25 km) provided by the successor of the
parameterfC, and a change in the nonlinearity parameter, ERS scatterometer, the Advanced Scatterometer (ASCAT)
B. Interestingly, the change in model parameters does nobn board of the Meteorological Operational (METOP) satel-
affect much the overall model performance with respect tolite series (Figa-Saldana et al., 2002), will enhance the dy-
measured runoff. These results point to the potential of scatnamic range of the sensitivity, since less spatial integration
terometer data assimilation in regional water balance simulaef the backscatter data takes place. This will improve the
tions especially in terms of reducing the degrees of freedonsignal-to-noise ratio over pixels with low vegetation cover.
in the calibration. Reconciling the two different soil moisture In this case study, the temporal coverage of ERS-1 and ERS-
estimates for gauged catchments may be of value if one is in2 was very poor. ASCAT will take acquisitions every second
terested in the temporal dynamics of soil moisture in regionsday over Austria or more which will allow to obtain a much
with small topographical variability and low vegetation. better sequence of wetting and drying of the soil surface and

The runoff model efficiencies in the ungauged case predicwill provide more acquisitions during the short time period
tions without using scatterometer data are similar to resultsvhen the ground is snow free and not-frozen in mountain
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regions. This study also pointed to the importance of provid- moisture data over the central part of the Duero Basin, Spain,
ing quality indicators with the scatterometer data which may Hydrol. Processes, 19, 8, 1549-1566, 2005. o
assist users in selecting the most suitable data. Daley, R.: Atmospheric Data Analysis, Cambridge University

For improving the estimates of spatial and temporal soil _ ""eSS: Csamb”dk?e* USK' 19?116 e V. K. Effective and efficient
moisture dynamics we are planning to reanalyse the scat- uan, Q., Sorooshian, S., and Gupta, V. K.: Effective and efficien

. global optimization for conceptual rainfall-runoff models, Water
terometer data. The revised methodology should account for Res. R., 28, 1015-1031, 1992.

gzimu_thal variatiqns of the backscattering coeffic_ient WhiChEntekhabi, D., Nakamura, H., and Njoku, E.G.: Solving the inverse
is anticipated to improve the accuracy of the soil moisture problem for soil moisture and temperature profiles by sequen-
estimates. For the soil moisture assimilation we are planning tial assimilation of multifrequency remotely sensed observations,
to test more powerful data assimilation techniques which can |EEE Trans. Geosci. Remote Sens., 32, 2, 438-447, 1994,
explicitly account for different sources of errors. These in- Figa-Saldana, J., Wilson, J.J.W., Attema, E., Gelsthorpe, R.,
clude the particle filtering approach (Moradkhani, 2005) and Drinkwater, M.R., and Stoffelen, A.: The advanced scatterom-
ensemble Kalman filter assimilation methodology (e.g. Re- eter (ASCAT) on the meteorological operational (METOP) plat-
ichle et al, 2002). For the regionalisation of model parame- form: A follow on for European wind scatterometers, Can. J.
ters and hydrological prediction in ungauged catchment we_ Rémote Sens., 28, 404-412, 2002. _ o
plan to mask data from regions which are affected by snow "27€0iS; C., Quesney, A., and @IC.. Sequential Assimilation

. - . of ERS-1 SAR Data into a Coupled Land Surface—Hydrological
gover,_data_ from forgstgt_:l regions a.nd reQ_IonS_ with Iarge_ spa- Model Using an Extended Kalman Filter, J. Hydrometeorol., 4,
tial soil moisture variability. We believe this will help derive 473-487, 2003.
more reliable regional links between catchment attributes anglyoepen, R. and Troch, P. A.: Assimilation of active microwave ob-

model parameter and exploit more effectively the value of servation data for soil moisture profile estimation, Water Resour.

scatterometer data in regions with sparse ground-based ob- Res., 36, 10, 2805-2819, 2000.

servations. Houser P., Goodrich.D., and Syed, K.: Runoff, precipitation, and
soil moisture at Walnut Gulch, Chapter 6, in: Spatial Patterns
in Catchment Hydrology: Observations and Modelling, edited
by: Grayson, R. and Bkchl, G., Cambridge University Press,
Cambridge, 125-157, 2000.

Jackson, T.: Estimation of surface soil moisture using microwave
sensors, Article 54, in: Encyclopedia of Hydrological Sciences,
edited by: Anderson, M. G., J. Wiley & Sons, Chichester,
pp. 799-810, 2005.

Leemans, R. and Cramer, W.: The IIASA database for mean
monthly values of temperature, precipitation and cloudiness on
a global terrestrial grid, Research Report RR-91-18, November
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