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Abstract. This study presents an application of an inno- ture at the forested site and the grassland site, respectively.
vative sampling strategy to assess soil moisture dynamic& homogeneous soil setup allowed, after fine tuning of plant
in a headwater of the Weil3eritz in the German eastern Orenorphological parameters, most of the time unbiased predic-
Mountains. A grassland site and a forested site were intions of the observed average soil conditions observed at both
strumented with two Spatial TDR clusters (STDR) that con- field sites. We conclude that the proposed sampling strategy
sist of 39 and 32 coated TDR probes of 60 cm length. Dis-of clustering TDR probes is suitable to assess unbiased aver-
tributed time series of vertically averaged soil moisture dataage soil moisture dynamics in critical functional units, in this
from both sites/ensembles were analyzed by statistical andase the forested site, which is a much better predictor for
geostatistical methods. Spatial variability and the spatialevent scale runoff formation than pre-event discharge. Long
mean at the forested site were larger than at the grasslangrm monitoring of such critical landscape elements could
site. Furthermore, clustering of TDR probes in combinationmaybe yield valuable information for flood warning in head-
with long-term monitoring allowed identification of average waters. We thus think that STDR provides a good intersect
spatial covariance structures at the small field scale for dif-of the advantages of permanent sampling and spatially highly
ferent wetness states. The correlation length of soil wateresolved soil moisture sampling using mobile rods.

content as well as the sill to nugget ratio at the grassland
site increased with increasing average wetness and but, in
contrast, were constant at the forested site. As soil proper-
ties at both the forested and grassland sites are extremel%/
variable, this suggests that the correlation structure at the | . , ,
forested site is dominated by the pattern of throughfall ang>Cil moisture is a key state variable that controls hydrolog-
interception. We also found a very strong correlation be-ical dynamlcs at various spatial _scales. There is experimen-
tween antecedent soil moisture at the forested site and runof! €vidence that the onset of point scale threshold processes
coefficients of rainfall-runoff events observed at gauge ReheSUCh as fast preferential flow in soil (Blume et al., 2009;
feld. Antecedent soil moisture at the forest site explains 929«~€he and Fihler, 2001), Hortonian overland flow initiation

of the variability in the runoff coefficients. By combining (£€he etal., 2007), orthe switch between hydrophilic and hy-
these results with a recession analysis we derived a first corfi"oPhobic conditions are strongly controlled by antecedent
ceptual model of the dominant runoff mechanisms operatingso'l_ m0|sture_ conditions (Dekker et al., 2005). _Furthermore,
in this catchment. Finally, we employed a physically basegVarious studies suggest that the antecedent soil moisture state

hydrological model to shed light on the controls of soil- and exerts crucial control on rainfall-runoff response at the field

plant morphological parameters on soil average soil mois-2Nd headwater scale (Bronstert anar@ssy, 1999; Meyles

et al., 2003; Montgomery and Dietrich, 2002; Jayawardena
and Zhou, 2000; Gurtz et al., 1999; Chirico et al., 2003;

Correspondence tcE. Zehe Zehe and Bbschl, 2004; Zehe et al., 2005,@kchl and Zehe,
BY (e.zehe@bv.tum.de) 2005) or on the preferred flow regime in small catchments
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(Grayson et al., 1997). However, most of the listed studiestheir rather homogeneous site that soil moisture variance re-
rely to a large degree on modelling. Experimental studiesduced during wet conditions and soil moisture was normally
that relate observations of spatio-temporal soil moisture dy-distributed in the flat valleys areas. Brocca et al. (2007) and
namics at the field or headwater scale to observed flows, eiGrayson and Western (1998) defined furthermore represen-
ther at the surface or in the stream, are rare (Burt and Butchetative sites whose soil moisture values are always close to
1985, Grayson et al., 1997; Starr and Timlin, 2004; McNa- the overall average. Brocca et al. (2009) found further that
mara et al., 2005; Lin, 2006; Frisbee et al., 2007). Notwith-the ranks of their distributed measurements in the univariate
standing that they could offer additional — probably unex- soil moisture distribution at a fixed time did not change much
pected — pieces of information to the puzzle that up to nowbetween different observation times. This temporal stability
has largely comprised model extrapolations. The reason foof the ranks suggests that the moisture pattern reflects the
the limited number of field studies is well known. Soil mois- pattern of stationary soil properties, at least at the seasonal
ture at the headwater scale exhibits huge spatial variabilityscale. Blume et al. (2008a, b) found, however, at a much
and single or even distributed TDR measurements yield nonmore heterogeneous and forested site, partly contradicting
representative data. results. The main drawback of using mobile TDR sensors
Promising technologies to assess spatially distributeds the limited temporal resolution that is too coarse for re-
three-dimensional soil moisture proxies at the field scale ardating observed soil moisture dynamics to systems behaviour
ground penetrating radar (GPR) (Binley et al., 2002; Rothunder rainfall driven conditions.
et al., 2004) or electrical resistivity soundings (ERT) (e.g. In this study we suggest another approach to assess rep-
Graeff et al., 2009; Kemna et al., 2002). The former yieldsresentative soil moisture data for typical landscape units in
the subsurface pattern of the dielectric permittivity, the lat- a headwater catchment in the Ore Mountains and to explore
ter the subsurface pattern of the apparent specific resistivitysubsurface wetness control on runoff generation. The idea
The difficulty for both methods is that there are no generalis to combine advanced spatial TDR technology (Schlaeger,
petro-physical relationships available to transform the ob-2005; Becker, 2004; Graeff et al., 2010) that allows even
served variables into soil water content (Paasche et al., 2006}etrieval of soil moisture data with an innovative sampling
A draw-back of both methods is that observations are — instrategy, that combines the advantage of both approaches dis-
most cases — restricted to field campaigns and therefore praceussed above. Before we further elaborate on this sampling
vide only a coarse temporal resolution. strategy we think is helpful to precisely define what we mean
Most past and recent studies have largely relied on diswith “soil moisture variability” and what determines a “soil
tributed TDR observations. One approach is to use a set ofoisture ensemble” in a statistical sense. Spatio-temporal
fixed TDR sensors to monitor temporal soil moisture dynam-variability of soil moisture is determined by a multitude of
ics at selected points as for instance suggestedérgddsy  spatial patterns that interact in a nonlinear way in space and
and Lehmann (1995) in the Weiherbach, Germany, Anctiltime. During and after extreme precipitation events we ex-
et al. (2008) in the Orgeval watershed, France or Blumepect the spatial rainfall pattern to be dominant. Hence, soil
et al. (2009, 2008a, b) in the Mallacahuelo catchment inmoisture is expected to be spatially uniform (Grayson et al.,
Chile. The advantage of using fixed stations is that they1997; Grayson and Western, 1998; Brocca et al., 2007). With
allow a high temporal resolution, which allows either com- increasing dryness, terrain, soil types and vegetation begin to
parison of observed point soil moisture dynamics to eventdominate more and more and soil moisture variability is ex-
scale discharge response and piezometers response as spgcted to increase as shown by Brocca et al. (2007), Grayson
gested by Blume et al. (2008a), or to use this informationet al. (1997), Grayson and Western (1998) or Western et al.
to improve discharge predictions as recently shown by An-(2004). We, thus, suggest that a “soil moisture ensemble”
ctil et al. (2008). The drawback of this approach is thatis defined as an area that is uniform with respect to soil
we cannot achieve a high spatial resolution with this ap-type, terrain properties and vegetation class (Wilson et al.,
proach, simply because of the high costs. Other authors pre2004), but also rainfall and radiation forcing. We expect
fer thus spatially highly resolved soil moisture sampling by at least that the first moment of the soil moisture pattern —
means of mobile or portable TDR sensors, as for instancéghe mean — should be constrained by soil type, vegetation
Grayson et al. (1997) or Grayson and Western (1998) in theand terrain. Understanding this deterministic part of spatial
Tarawarra, Chickasha and Lockerysleigh catchments in Aussoil moisture variability requires therefore that we determine
tralia or Brocca et al. (2007, 2009) for three field sites in “representative mean values” within different ensembles or
the upper Tiber valley. Spatially distributed sampling al- strata. In “heterogeneous systems” this is, however, highly
lows identification temporal changes in correlation structurecomplicated by local scale statistical soil moisture variabil-
and spatial variability depending on the average near surity within such an ensemble that stems from local fluctua-
face wetness. Albertson and Montaldo (2003) and Westertions of soil hydraulic properties, macropores and micro to-
et al. (2004) found for instance a reduction in variance andpography. For instance, Zehe and8thl (2004) found the
an increasing correlation length with increasing wetness of avariance of soil water content observed within a cluster of
field sites in Australia. Similar Brocca et al. (2007) report at 25 TDR measurements at a 4 rarge field plot was with
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0.04 (" m—3)2 as large as the soil moisture variance ob- geneous soils. Graeff et al. (2010) reports in detail how these
served at 61 locations in the 3.2 km large Weiherbach catcherror sources affect retrieval of soil moisture profiles in these

ment. However, they showed furthermore that the first twosoils. They found that the vertically averaged soil moisture is

moments observed within a different cluster of 25 TDR mea-not affected by these errors but inverted soil moisture profiles
surements at a different plot were within the confidence lim-may be strongly biased. The main objective of the present
its identical to those obtained at the plot. Similarly Brocca etstudy is thus to:

al. (2007) found that 9 to 35 measurements allow assessment
of a stable mean soil moisture values.

We therefore suggest that clustering of several TDR probes
within different ensembles/strata seems a promising strategy
to discriminate different sources of soil moisture variability
(deterministic and stochastic) and combine the advantages

— Investigate how different ensembles determine the
mean, variance and correlation length (range) of ver-
tically averaged soil moisture values and whether the
variance and range depends on the average wetness
within the ensemble,

high temporal and locally high spatial resolution. A set of _ 14 explore the relationship between spatial average soil
fixed TDR stations equally distributed in a catchment would moisture dynamics obtained within one TDR cluster
mix these sources of variability because it will cover sev- and the discharge response at the outlet of the #6km

eral ensembles. As long as the total spatial extent of the net-  |3rge catchment,
work is small enough to neglect spatial variability of rain-

fall and radiation, both sources of variability may still be un- — To compare observations with long-term simulations
revealed using appropriate geostatistical methods and a strat-  with of physically based hydrological model CAT-
ified sampling (Birrdossy and Lehmann, 1998; Zehe et al., FLOW to investigate soil and vegetation controls on ob-

2005). However, the sampling size in the individual classes ~ served soil moisture dynamics and explore whether the
may become too small to allow representative estimates of  spatial extend of the STDR clusters allows indeed as-
prior distributions, even when up to 100 TDR stations are in- ~ sessment of a representative mean soil moisture dynam-
stalled, as reported in the study o&Blossy and Lehmann ics.
(1998). A TDR cluster may be furthermore operated at a
sampling interval of 10 min for up to 40 sensors and may
cover an area of up to 500’m This can be deemed as suf- 2 Study area and field instrumentation
ficient to investigate soil moisture control on runoff genera-
tion and to shed light on a possible dependence of field scal@he study area is a headwater of the Weil3eritz River close
soil moisture variance on the average wetness state or on thie the village of Rehefeld. The Weil3eritz basin is located
spatial pattern of soil moisture changes under different conin the eastern part of the Ore Mountains, East Germany, be-
ditions. The ideal case is that the individual TDR probestween 5040 and 5049 northern latitude and 235 and
within such a cluster yield soil moisture profiles instead of 13°45 eastern longitude. It consists of two main channels,
an integral value along the probe. This would allow assessthe Red and Wild Weil3eritz, which jointly contribute to the
ment of highly resolved infiltration data to test and improve Elbe River at the city of Dresden. The basin covers an area
the current generation of soil hydrological models for flow of 384 kn? and stretches over 15km from north to south,
in the unsaturated zone (compare Graeff et al., 2010). Thevith an average elevation of approximately 730 m reaching
drawback of the operating STDR clusters is, however, that grom 910 m at Pramenac to 527 m at its outlet. About 60% of
single one costs roughly 12—-1%K the basin is dominated by spruce stands, deciduous species
This study presents an application of the outlined STDRand mixed type of forests; some 20% grassland, 10% arable
technology (the underlying theory is well explained in Gra- land, 4% swamps and 6% settlements characterize the re-
eff et al. (2010), in a headwater of the Weil3eritz in the Ger-maining parts of the catchment. Annual rainfall is approxi-
man eastern Ore Mountains, where two TDR clusters havenately 950—-1050 mm and average annual temperature is be-
been installed since summer 2007. In principle, one maytween 4-5.5C.
obtain two types of soil moisture data from these clusters: In summer 2006, the Rehefeld headwater was selected as
(2) the usual vertically averaged soil moisture values at thea study area for the BMBF-funded OPAQUE project. The
individual probes based on the travel time of the TDR signaldrainage area is approximately 16%nSoils of the eastern
we use here, and (2) inverted soil moisture profiles based o®re Mountains formed as weathered cover during the We-
the approach suggested by Schlaeger (2005), as explained ichsel cold age. Apparent soils are loamy Campisols, their
Graeff et al. (2010). Identification of reliable soil moisture depth, texture and gravel content is highly variable in space.
profiles in these soils was, however, complicated by unexLand use is dominated by forest and pasture. For more than
pected error sources such as very strong probe deformation20 years water levels have been observed at the Rehefeld
strong vertical gradients in porosity and density, and the presriver gauge operated by the Federal State of Saxony (Lan-
ence of gravel and stones in the integration volume, which alldestalsperrenverwaltung Sachsen). The headwater was addi-
arose when installing the TDR probes in these highly heterotionally instrumented with six rain gauges, a meteorological
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Fig. 1. Map view of the Rehefeld headwater with instrumentation, spatial arrangement of TDR probes in Clusters C1 and C2 as well as
photos to highlight the differences between the two sites of C1 (left) and C2 (right).

station, several “TruTracks” (Intech Instruments LTD.) to ob- mainly due to the large amount of gravel as well as high saoil
serve shallow groundwater and two STDR clusters. stability. Even when using a steel template with three holes

Cluster C1 is installed in open grassland and consists ofit the right distance and an electric drill, on average about

39 TDR probes (Fig. 1). Cluster C2 has been installed afWo attempts were necessary to drill three holes down to a
a forested site and consists of 31 sensors. The TDR Serr3ufficient depth. Soil profiles that were excavated to check
sors we use are 60cm long insulated three-rod probes Ofpr proper installation showed that TDR probes were often

type SUSUO3 (Scidel, 2006), which are connected via 15 m deformed. Probe deformations affect the capacitance of the

coaxial cables and a multiplexer to a TDR100 (Campbe"transmission line and this is crucial in the context of TDR
Scientific Inc.). The probes are connected to a TDRlOOinVerSion (Schlaeger, 2005; Becker, 2004). In a laboratory

(Campbell Scientific Inc.) via an eight channel multiplexer Study Graeff et al. (2010) showed that probe deformations

of type SNAPMUX (Becker, 2004) by means of coaxial ca- have a minpr influence on TDR travel times and therefore
bles of type RG213 with an impedance of@@nd a length on the ver_t|call_y averageq soil water cor_ltent. However, re-
15m. The TDR100 is controlled by ARCOM VIPER 1.2 trieved soil rr_10|sture profiles can be seriously corrupted by
Industrial-PC with embedded LINUX operating system that rod deformations.

also serves as data logger. A combination of a HS-L 130 so- The soil at the grassland site of C1 is a clay loam (Ta-
lar panel (Siemens) with a power rating of 130 W and a 12 Vble 1). The upper 20 cm exhibit a high content of organic
gel battery guided by a solar controller SLR 2016 providesmatter which is reflected in the low bulk density of 1 gkm
an independent power supply in the field even under win-and very large porosity of 0.63. Soil stability is nonetheless
ter conditions. Data collection of soil moisture data startedhigh due to the large amount of gravel and aggregated ma-
in May 2007 at a sampling interval of 1 h. Installation of terial. Consequently, soil hydraulic conductivity in the top
the 60 cm long STDR probes at both sites was a challengds large, around #10~°m/s, and decreases by one order of
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Table 1. Average soil properties obtained at grassland sitecCils the bulk densityks is saturated hydraulic conductivity.

Depth (cm) Sand (%) Silt (%) Clay (%) ks (m/s) o (g/lcnP®)  Porosity (<)

10.0 38.0 34.5 275 4.3610° 0.98:0.08 0.63-0.05
30.0 29.0 50.6 20.4 1.5810°% 1.03£0.08 0.610.04
50.0 27.0 51.6 214 43406 1.04:0.08 0.610.04

magnitude in 30cm depth. Surface infiltrability measuredthe individual TDR probes in a cluster, simply to reduce
with a constant head infiltrometer was at around“i/s. noise that is introduced by small-scale variability in surface
The soil at the forested site of C2 has even higher infiltrabil-and subsurface water flow during individual events. Based on
ity — beyond the measurement range — which is explained byhese values, we selected dry and wet days where the individ-
the lower bulk density and higher organic content of the topual soil moisture values at the TDR probes differed more than
soil (Table 2). At both sites gravel content increases with in-plus/minus the standard deviation from the mean and then
creasing depth. In their laboratory study Graeff et al. (2010)averaged these values in time to assess average conditions
showed furthermore that gravel within the integration vol- during dry and wet conditions for the individual probes. The
ume has a minor influence both on TDR travel times (andresulting values reflect the average spatial distribution of soil
thus average soil moisture) as well as on retrieved soil moiswater contents during average, wet and dry conditions. In a
ture profiles. second step we calculated experimental variograms using the
Matheron estimator and fitted a spherical variogram function
) by minimizing least squared differences. Minimum lag was
3 Data analyses and modelling 1.1 times the minimum probe distance; lag tolerance as set to
50%. Lag classes with less than 30 pairs were not included
in the fit. As necessary conditions for second-order station-
arity, we checked whether the residuals were Gaussian dis-

Within this study we will focus on data observed in the pe- tributed with zero mean. This was fulfilled in all cases. Due

riod between 3 May 2007 and 26 October 2007, which isto the small extent of a STDR cluster, geostatistical analysis
the frost-free period in 2007. TDR travel times wére deter-1S somewhat limited as the maximum detectable range corre-

mined by detecting the time of steepest ascent in the first (sigSPONds roughly to 50% of the maximum lag. The maximum

nal entry) and second main reflection (reflection at the oper2d distance is 15m.
end of the probe) in the reflectogram (Becker, 2004). Al-
though there was a large amount of data gathered within al
automated procedure, reflectograms of each individual probe

were visually inspected frequently for their quality. Based on . .
ynsp . y d y |In a first assessment we computed the Pearson correlation

the calculated average dielectric permittivity, the average soi o ) X )
coefficient between the spatial average soil moisture at the

water content was calculated after Herkelrath et al. (1991, land cl C1 and h disch Duri h
compare Graeff et al., 2010). The data underlying this stud)grasS and cluster and catchment discharge. During the

are hence time series of vertically averaged soil water conobservation period. we recordgd in tOtf"‘I hine rainfa]l runoft
tents obtained within the two clusters and the related timeevents (compare Fig. 5). A period of rainfall was defined asa
series of temporal soil moisture changes. separa_te event V\_/hen the dry spell before and after the period
of continuous rainfall was larger or equal than 2h. We de-
3.2 Statistical and geostatistical analysis termined the end point of the runoff event and separated the
slow flow component as suggested by Blume et al. (2007).
First, both types of time series were cleaned from outliers Within a multivariate regression the runoff coefficients
that were defined as values that drop outside the 99.9% rang®ere related to different combinations of pre-event discharge
observed at an individual probe. Next, time series of the spa{Qpre), average initial soil moisture staté,() measured at
tial mean and standard deviation, both of the soil moistureSTDR clusters C1 and C2, total precipitation P and maxi-
values and the hourly soil moisture changes, were computednum precipitation ratémax. Pre-event discharge is, as sug-
Times where the number TDR probes with measurementgested by Graeff et al. (2009), a good integrated measure
dropped below 10 were excluded from this procedure. of the wetness state of the deep subsurface, spatial average
The spatial covariance structure of vertically integratedsoil moisture at the TDR clusters is regarded as a measure
soil water content was analyzed within two steps. First weof the near surface soil moisture in grassland and forested
calculated the temporal means and standard deviations fdandscape units.

3.1 TDR travel times, depth integrated soil water con-
tent and outliers

n°>.3 Subsurface wetness and soil moisture control on
runoff generation
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Table 2. Average soil properties obtained at forested site £25 the bulk density.

Depth (cm) Silt (%) Sand (%) Clay (%) ks (m/s) o (g/lcnP®)  Porosity (<)

10.0 88.0 6.6 5.4 >10"42  0.82+0.06 0.68:0.05
20.0 89.0 6.3 4.7 298106 0.85:0.07 0.66:0.05
50.0 87.0 10.1 2.9 4.3410°% 0.98+0.07 0.63:0.04

@|nfiltration rates were above the upper detection limit ofden/s

Table 3. The parameterd; (residual water contentyy (air entry ear orthogonal coordinates. The hillslope is thus assumed to

value) andn (width parameter) for the different layers were es- P& uniform perpendicular to the slope line. Soil water dy-
timated based on the pedotransfer function of Carsel and ParrisRamics is described by the Richards equation in the potential

(1998). The values were kept constant during simulation. form that is numerically solved by an implicit mass conser-
vative Picard iteration (Celia and Bouloutas, 1990). Accord-
Depth (cm) 6 (M¥m®) o« n(9) ingly, the model allows simulation of subsurface flow under

saturated and unsaturated conditions. Soil hydraulic func-

3?)_i(2)0 %-?)358 ;56 11-85% tions are described after van Genuchten (1980) and Mualem
120200 0.095 19 181 (1976). Evaporation and transpiration is simulated using an

advanced approach based on the Penman-Monteith equation,
which accounts for annual cycles of plant morphological and
plant physiological parameters, albedo as a function of soil
i ) . moisture and the impact of local topography on wind speed
Furthermore, we determined the recession coefficients fc’%\nd radiation. In the case of infiltration excess or satura-

a:: events bY plot_tmg tfhe_ Ioga?thm ?f the_ recezsmnl d's'cgon excess, surface runoff is routed along the main slope line
charges against time, fitting a linear function and selected, using the convection-diffusion approximation of the one-

those events with a coefficient of deterr_mnauoﬁ Brger dimensional Saint-Venant equation. It is numerically solved
or equal to 0.8 (8 out of 9). The recession constants from.O

: ; a/ an explicit upstream finite difference scheme.
these events were again related to pre-event discharge an
initial soil moisture observed at the grassland site C1 and they 4 5 \1odel setup and simulation variants
forested site C2 by means of linear regression. o

The concurring influences of soil hydraulic parameters and
plant morphological parameters on soil moisture were inves-
tigated in a two step procedure to find the most parsimonious

Finally, we simulated the water balance of the grassland Sité\jodel setup that allows successful prediction of the time se-

and the forested site using the physically based hydrologicaﬁIeS of observed ave_rage soil m0|stur_e at b_Oth S|_tes.

model CATFLOW and compared averaged simulated and ob- 1h€ 35m long hillslopes were discretized into a two-
served soil moisture dynamics at both sites. The idea was tglmer_lsmnal finite difference grid. Vertical resolution was
investigate concurring influences of soil and vegetation pa-2 ¢M in the upper 60 cm and 20 cm down to 2m depth. Lat-
rameters on the model results as well as to underpin our hy€ral resolution was 0.5m. Surface model elements extend
pothesis that the spatial extent of the STDR clusters is larg@Ver & width of 26 m which corresponds to the width of the
enough to assess a an unbiased spatial average soil moistuféislopes. Both model hillslopes were thus assigned a homo-
at both sites during the observation period. We think the lat-9eneous three-layer soil profile, neglecting stochastic vari-
ter is the case, if spatially homogeneous model setup thagPility of soil parameters as first guess. In a first step we
uses observed soil hydraulic data allows unbiased reproduccompared 3 different soil profiles A, B, C and used veg-

3.4 Physically based simulation of the grassland site C1
and the forested site C2

tion of the mean dynamics. etation parameters for forest and grassland that have been
determined in the Weiherbach catchment (see next section).
3.4.1 Model characterization The van Genuchten parametérs(residual water content),

a (air entry value) and: (width parameter) in the different
CATFLOW allows physically-based simulations of flow and layers were estimated based on the available texture data us-
solute transport at the hillslope and small catchment scalegg the pedotransfer function of Carsel and Parrish (1988)
(Maurer, 1997; Zehe et al., 2001). The model represents and kept constant during the simulations (Table 3). The sat-
hillslope along the steepest descent line as a 2-dimensionairated hydraulicks, conductivity and porositygs, varied
cross section that is discretized by 2-dimensional curvilin-within the three soil profiles. Profile A and B use for the
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Table 4. Saturated hydraulic conductivityd) and porosity §s) played through in the different profiles. Profile A and B use for the upper
two layers the average values observed at the grassland and the forested site, respectively. The deep layer is parameterized according
Carsel and Parrish (1988). Profile C used in all layers values derived by Carsel and Parrish (1998).

Profile A Profile B Profile C
Depth ks Os ks Os ks Os
(cm) (m/s) (n¥/m3) (m/s) (mP/m3) (m/s) (m/md)

0-20  4.1610°° 0.63 1.231074 0.68 1.23%107° 0.50
30-120 1.5&10°6 0.61 2.8%10°6 0.66 2.8%10°6 0.52
120-200 7.2210°7 0.41 722107 0.41 7.2210°7 0.41

upper two layers the average values observed at the grass- The upper boundary condition during simulation was at-
land and the forested site, respectively. The deep layer isnospheric based on the observed precipitation and meteoro-
parameterized according to Carsel and Parrish (1988). Prdegical data observed at C1. At the lower boundary we es-
file C used in all layers values derived by Carsel and Parrishablished gravity flow. The left boundary condition at the hill
(1998), assuming that only texture data were available (Tatop was set to zero flow; the right boundary condition was a
ble 4). Please note that the porosities and hydraulic conducseepage interface to allow subsurface flow to exfiltrate from
tivities are clearly smaller Simulation results were evaluatedthe hillslope. Simulation started at 1 March 2007, which was
using the root mean square error (RMSE), the absolute biaalready snow free, to assure a sufficiently long initialization
(Bias) and the correlation coefficieRt period and lasted up to 26 October 2008.

In the next step we selected the best suitable soil profile
and adjusted vegetation and landuse parameters. The latter
include the annual cycles of plant morphological parameterst Results
(leaf area index LAI, plant cover, root depths, plant height, as
well as plant roughness), as well as several parameters thdt1 First and second spatial moment
control the evapo-transpiration model such as plant albedo,
minimal stomata resistance, a factor and an inflexion point-igure 2 gives a first overview on the precipitation input and
parameter of the soil moisture weighting function for stomatateémperature forcing (a and b) during the observation period
resistance Computation (Zehe et a|_' 2001) These paramete% Summer 2007 as We” ason the t|me SerieS of Vertical aver-
as We" as the annua| Cyc'es of p|ant morpho|ogica| parameage SOi| water content fOI’ the indiVidUaI pI’Obes f0r C|USter C1l
ters were determined for different crops, forest and grasslan@t the grassland site (c) and C2 at the forested site (d). The
in the Weiherbach catchment in South West Germany basef€riod of missing data was due to a break-down of the multi-
on detailed field survey, remote sensing and process moddllexers that took a while to be fixed. The total range of water
studies (Zehe et al., 2001). Plant physiology may be assumegontent values within the probes of cluster C2 is smaller com-
to be independent from the catchment setting. We thus tookared to cluster C1. The most downslope TDR probe at C2 is
over the complete corresponding parameters sets. Howevefluenced by shallow groundwater and is consequently very
the annual cycles of plant phonological parameters such a¥et during the entire period. The probes at the dry end of the
LAI, plant cover and also root depth depend of course onSPectrum are installed in a debris-rich fast-draining spot. At
the climate setting and climate in the Rehefeld is on averagé)o'fh sites there is a small daily course in measured soil water
three degrees cooler than in the Weiherbach catchment. Wgontents. The amplitude is of order 0.002mm3, correla-
thus normalised the annual cycles of plant morphological palion with air temperature is negative and strongest at a lag of
rameters from the Weiherbach dataset by dividing the dailyl2 h. The negative correlation could be explained by evapo-
values by their annual maxima. LAI, plant cover and root ration and transpiration loss during the day which is regained
depth of these normalized annual cycles range thus from zergue to dew formation during the night. A daily fluctuation of
to one. By multiplying these normalized annual cycles by 0-002? m~2 in soil water content at a porosity of 0.6 and
slightly different annual maxima of LA, plant cover and root @long a length of 60 cm corresponds to a evaporation loss of
depth we were able to test slightly different annual cycles0-8 mm during daytime. This appears to be reasonable.
during different simulations. The combinations of LAl max-  Figure 3 (a and b) compares time series of the first two spa-
ima, p|ant cover maxima and root depths that were p|ayed|a| moments at both clusters. The temporal dynamics of the
through will be presented in the results section.. As qualitySpatial means at both sites looks similar to a hydrograph, fast

criteria we used again the RMSE, the bias #&nhd rising “peaks” and long “recessions”. Average soil moisture
at the grassland site is significantly larger than at the forested
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Fig. 3. Time series of spatial average soil water content and spatial standard deviation at both cwastdty,(box plots of spatial average
soil water content and of the spatial average soil water increments (difference between values at two adjacent tievendidpsReriod
starts at 3 May 2007 and end at the 22 August 2007.

site as can be depicted from the box plots in the Fig. 3c. Coefat both sites is 0.76. Thus, 50% of the temporal soil mois-

ficients of variations (not shown) at both sites are pretty con-ture variance observed at one site may be explained by the
stant at the grassland site with on average 0.22 and a narrowariance observed at the other site. As the climate forcing

range between 0.23 and 0.2 compared to C2 where the rels supposed to be very similar we conclude that 50% of the

ative spatial variability is fluctuating between 0.22 and 0.15soil variance is determined by climate conditions, the rest is

with an average around 0.18. The Pearson correlation coeffidetermined by soil and vegetation.

cient between the time series of spatial average soil moisture
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As can be seen from the box plots in the Fig. 3c, the spatiaings of Western et al. (2004) or Grayson et al. (1997). How-
mean of soil moisture within the upper 60 cm is on averageever, contrary to their findings, in our case total soil mois-
0.04 m? m~2 larger than at the forested site C2. The marginalture variance (nugget + sill) in C1 increases with increas-
soil moisture distribution at C2 is clearly skewed towards theing average wetness (Fig. 4a). This due to the fact that a
right; at C1 it is rather symmetrical. Hourly soil moisture few probes are located in gravel-rich soil spots which drain
changes at both sites are on average zero (Fig. 3d). Theirery fast due to the high permeability and low water reten-
marginal distributions appear rather similar. The second spation. These probes stay relatively dry even when the rest of
tial moments of hourly soil moisture changes are small, atthe field wets up during rainfall events. Brocca et al. (2007)
around 0.001 m at both sites. The coefficients of variation offound at their grassland site in the upper Tiber valley effec-
hourly soil moisture changes are, however, very large, withtive ranges that were approximately 28—-35 meter and also a
values up to 100. This highlights that the relative spatial vari-nugget of sill ratio that changed with average saturation.
ability of the hourly soil moisture changes are large when At the forested site, C2 correlation length does not vary
compared to the relative spatial variability of the absolutewith average wetness and is — at 6.2m — roughly 50% of
moisture values, which underpins the heterogeneity of thighe maximum probe distance (Fig. 4b, d, e). Also the sill to

site. nugget ratio is almost constant at approximately 1:1. Also
here total variance is maximum in the wet case and mini-
4.2 Average covariance structure mum in the dry case. The reason is the same as in the case

of C1: some spots of high permeability never really wet up
The correlation length of the long-term averages of soil wa-due to fast drainage. The constant correlation length and the
constant nugget to sill ratio reflect the stationary pattern of

ter content at individual probes at C1 turned out to be 2.8 m

(Fig. 4c). This small value is not astonishing due to the |argethroughfall within this spring/summer period. Disturbances

small-scale heterogeneity observed at this site. Gravel condue to large rain events are simply filtered out as we deal

tent and porosity especially vary strongly between neighbor—With temporally-averaged data .t.hat reflect average dry, total
ing plots. For wet/dry conditions the range shows a slight2verage and average wet conditions at the probes.
increase/decrease of 0.2 m. The sill to nugget ratio — a mea-

sure for the part of the variability that is explained by the

variogram — increases from dry to average to wet conditions

as 3/1 over 4/1 to 5/1. This finding, and the increasing corre-

lation length with increasing wetness, is consistent with find-
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Table 5. Coefficients of determinatiorR?) obtained within multivariate/univariate regressions that used pre-event discligyige Gverage

initial soil moisture stateeg,l, eg,z), measured at STDR clusters, total precipitat®and maximum precipitation ratehax as explaining
variables. An X indicates whether that a variable was included as explaining variable.

Variables  Qpre[m®/s] 6§M[H 6571l PImm]  Imax[mm/h]  R?

Regression 1 X 0.59
Regression 2 X . 0.49
Regression 3 X 0.92
Regression 4 X X 0.61
Regression 5 X X X 0.70
Regression 6 X X 0.93
Regression 7 X X X 0.94
Regression 8 X X X X X 0.94
% 30 T T T T T T
é 20_ a -
5
£ 10+ -
s
3 ol “ L J.K 1 “ll I \’ I\\\ i ’\ L il.\uL , \ \ .“” [T Y HIL L ol
& 7o 20 40 60 80 100 120 140 160
time [d]
& 1.5 T T I
o b
E 1F .
S 05F \ J\ .
[$]
L N ‘ | J“ﬂj RL"‘LH |
.0 20 40 60 80 100 120 140 160
= time [d]
%) 0.4 T T T 1 T c
o Ak @
t . AANC st et
9 v " " A\MWM Nuw
g 0.3+ Foage W, \-""5-'": M\_\M‘“\'\w‘f\.\ LA !
S 0ol \ \ I \ \ ! \ \
£™% 20 40 60 80 100 120 140 160
= time [d]

Fig. 5. Rainfall (a), average soil moisture at cluster &) and dischargéb) at the Rehefeld gauge. The Pearson correlation between average
soil moisture and discharge is 0.35.

4.3 Soil moisture and subsurface wetness control on suggests that the wetness state of the deep subsurface is an
runoff generation important control of runoff generation at the Rehefeld catch-
ment. The strongest relation was, however, found for average
Figure 5 shows the rainfall time series (a), discharge respons"’mtecedent SO'I. mt_)!sture at the forested site, as |t'e'xpla|ns
' §2% of the variability of the observed runoff coefficients.

at gauge Rehefeld (b) as well as the time series of spatial A pis is remarkably, as the catchment is with 16kmore

erage soil moisture at the grassland cluster C1 (c). The Pea an five orders of magnitude larger than the total extent of

son correlgtlon coefﬁment b_gtween average soil mmstqre aN%he TDR cluster C2. Cluster C2 extends from the floodplain
discharge is 0.35 and significantly non zero at a confidence ; . o

. L . _~of the Becher Bach, a small tributary of the Wilde Weil3eritz,
level of 95%. Table 5 provides coefficients of determina-

i . - : s . .~ upslope to an elevation of roughly 15m above the brook.
tion obtained within 5 regressions. Average initial soil mois- .
. . .. ... This suggests that the wetness state of the lower hillslope sec-
ture at the grassland site alone explains 50% of the variability, o )
tor in forested sites is much more important for event runoff

of the runoff coefficients (compare also Fig. 6a). Pre-event : .

. . ._ . generation as the entire wetness state of the deep catchment
discharge explains as expected even 60% of the variabilit : . .

: ; store. The squared correlation between average soil moisture
(Fig. 6b). The strong dependence on pre-event discharge
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Fig. 6. Scatter plots of the runoff coefficients against average initial soil moisture observed at the grassland(a)teril pre event
dischargeb), as well as average initial soil moisture at the forested sitécE2The regression parametierm and R2 denote the intercept
at the y-axis, the slope of the regression function as well as the coefficient of determination.

at the grassland site and pre-event discharge is, witPaf file B allows the best model performance for the forested site.
0.77, much stronger than the corresponding correlation beThis underpins the value of observed soil hydraulic data, as
tween average antecedent soil moisture at the forested siteoth profiles use data that were measured at the respective
and pre-event discharge (which is 0.5). Prevent dischargesites. Profile C which has a smaller porosity and smaller ks
the precipitation sum and maximum precipitation intensity causes at both sites the highest bias, the worst correlation and
explain together 70% of the variability of the runoff coeffi- RMSE, respectively.
cients (Table 5). This highlights, consistently with findings
of Brocca et al. (2007, 2009) and Anctil (2008), that repre-4.4.2 Model fine tuning with LAI, plant cover and root
sentative soil moisture data in key areas are of much higher depth
value for explaining and predicting runoff production than
those predictors one would usually employ without availableope 7 jists the annual maxima of leaf area index, plant cover
soil moisture data. and root depth played through during the model fine tuning
Figure 7 shows scatter plots of the recession coefficientgs well as corresponding model goodness parameters. The
determined for the 9 events plotted against pre event disannual maxima observed in the Weiherbach catchments are
charge (Fig. 7a) and average soil moisture initial soil mois-printed in bold italics, the best parameter sets are obtained
ture at the grassland (Fig. 7b) and forested site (Fig. 7¢)gt poth site are printed in bold (compare Fig. 8). As can
Recession constants decrease with increasing pre-event digpe seen from Table 7 slight changes in the annual maxima
chargef/initial soil moisture. This means that recession proof | Al and plant cover yielded a clear improvement of the
cess becomes slower when the catchment, especially th@odel performance. Figure 8b highlights the surprisingly
forested part, becomes wetter. Antecedent soil moisture a§ood accordance of the averaged simulated soil water content
the forested site explains 93% of the variability of the reces-jn the upper 60 cm with the average soil moisture observed
sion coefficients. at the forested site. Despite small overestimation of the soil
moisture peaks during rainfall events the averaged simulated
4.4 Simulated average soil moisture dynamics at the soil moisture is most times within the confidence interval of

seasonal scale the observed average soil moisture. The confidence inter-
val was estimated by dividing the standard deviation within a
4.4.1 Model sensitivity to different soil profiles cluster by the square root of the number of sensors that were

available at this date. It is furthermore remarkable that simu-
As can be seen from Table 6 soil profile A allows yields the lated averaged soil moisture is still a good match for the ob-
best model performance for the grassland site, whereas prervations even after the period of missing data. We may thus
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Fig. 8. Precipitation observed at grassland site(&)1 spatially averaged soil water content; swc in the upper 60 cm simulated with Catflow
(solid red line), observations (solid blue line) and confidence interval of the spatial average soil moisture (dashed blue line) for the grassland
site C1(c) and the forested site O®). The confidence interval was estimated by dividing the standard deviation within a cluster by the
square root of the number of sensors that were available at this date. The plotted period starts at 5 May and ends at 26 October 2007. Pleas
note that the period between day 120 and 160 is a period of missing data.

state that a good prediction of soil moisture at the forested Reproduction of the observed average soil moisture time
site is possible when using the normalized annual cycles oeries at the grassland site was not that straight forward, al-
plant morphological parameter observed in the Weiherbachhough we played through a much wider range of parameters
catchment and a slight adaptation of the annual maxima ofncluding variations of root depth (Table 7). The best simula-

LAI and plant cover. tion, parameters are printed in bold, has higher RMSE, larger
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Table 6. Root means square error (RMSE, scale is4)0 bias (scale is 10%) and correlation between simulated and observed average soil
moisture obtained with the three different soil profiles (compare Tables 3 and 4 for soil parameters).

Grassland Forest
Profle RMSE/1074 Bias/10°3 R RMSE/10~4 Bias/10°3 R
- m3m=3] [ - m3m=3 [
A 6.9 14 0.753 78.2 47 0.725
B 27 —-60 0.010 10.4 32 0.850
C 33 —74 0.169 18.0 —54 0.630

Table 7. Annual maxima of leaf area index (LAI), plant cover and root depth played through during the model fine tuning and corresponding
model goodness parameters root means square error (RMSE, RMSE, scat®) i (scale is 10°) and correlation. The annual maxima
observed in the Weiherbach catchments are in bold italics, the best parameter sets are in bold (compare Fig. 8).

Site LAI Plantcover Rootdepth RMSE/18 Bias/1073 R
[m2m~2] -] [m] -] m3m=3] [

Forest 13.5 0.9 1 5.4 11 0.892
Forest 14.0 0.8 1 10.4 32 0.850
Forest 14.0 0.9 1 10.4 32 0.850
Forest 14.0 0.85 1 8.1 23 0.876
Forest 13.5 0.8 1 51 9.2 0.891
Forest 13.5 0.85 1 4.7 5.7 0.889
Grassland 4 1 0.2 7.0 —-12 0.727
Grassland 5 1 0.2 7.2 —-14 0.716
Grassland 6 1 0.2 7.5 —-16 0.71
Grassland 4 1 0.3 10.1 24 0.655
Grassland 5 0.9 0.2 6.8 -8 0.749
Grassland 5 0.9 0.3 9.2 -19 0.700
Grassland 6 0.9 0.2 7.0 -10 0.743
Grassland 6 0.9 0.3 9.5 -20 0.695
Grassland 4 1 0.1 6.9 14 0.753
Grassland 4 0.95 0.1 7.3 16 0.763
Grassland 4 0.9 0.1 8.4 20 0.780
Grassland 35 1 0.1 7.0 15 0.751
Grassland 35 0.95 0.1 7.6 17 0.763
Grassland 35 0.9 0.1 9.2 22 0.788
Grassland 3.0 1 0.1 7.6 16 0.762
Grassland 3.0 0.95 0.1 8.5 20 0.776

bias and smaller correlation coefficient when compared td5 Discussion and conclusions

the best simulation at the forested site. Figure 8c shows

that the model systematically underestimates soil moistures.1  Deterministic and stochastic soil moisture
between day 100 and day 160 which corresponds to the pe-  variability

riod between mid of June to start of September. We may thus

state that even a strong variation of the annual maxima ofrhe analysis presented gives clear evidence that clustering
LA, plant cover and root depth, while leaving the normal- o¢ TpR probes, even if they simply yield the usual vertical
ized annual cycle unchanged, is obviously not sufficient t0gyerage, allows identification of deterministic soil moisture
match observed soil moisture dynamics similar well as at the gyiapility, i.e. the difference between the first and second
forested site. moment, and even allows a first glance at the differences in
higher moments such as skewness of the two soil moisture
ensembles. Spatial variability of water content values is quite
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large at both sites, between 0.09/m? and 0.08 i/m?. This erogeneity of soil properties at the forested site is similar to
is considerably larger than what has been observed in théhe grassland site. We therefore conclude that the correlation
Weiherbach catchment in Germanyafi8ossy and Lehmann, structure at the forested site is dominated by the pattern of
1998), or in the upper Tiber valley by Brocca et al. (2007) throughfall and interception and therefore vegetation; at site
but comparable to what Blume et al. (2009) observed in theC1 it is dominated by small-scale variability of soil proper-
Mallalcahuello catchment in Chile. The total extent of the ties. This is of course not a big surprise for a forested site:
clusters at 400 fis rather small. This underpins that a sin- the important point is that a cluster of TDR probes allows
gle TDR probe is not very useful to assess the representativgquantification of such a statement.
average soil moisture states in such a heterogeneous environ-
ment. On the other hand, Brocca et al. (2007, 2009) report®.2  Soil moisture control on event runoff
consistent with the findings of Grayson and Western (1998)
the existence of representative monitoring sites, where thétrikingly, average antecedent soil moisture at the forested
observed soil moisture was on the weekly scale always clossite explained almost 92% of the observed runoff coeffi-
to the overall spatial average of the field/ catchment. How-cients and was clearly better than all combinations of pre-
ever, such sites may not be identified a priory, which under-event discharge, precipitation sum, maximum intensity, aver-
pins the value of any kind of distributed soil moisture obser- age antecedent at the grassland site we played through. Pre-
vations in general. event discharge alone explained also 60% of the observed
Itis interesting and important to note that the soil moisturerunoff coefficients and was strongly correlated to average
time series in Fig. 2 do not intersect. The ranks of the soilsoil moisture at the grassland site. We thus conclude that
moisture values observed at different locations in a clusteisubsurface storm flow or fast groundwater flow is the dom-
remain thus temporarily stable. Also Brocca et al. (2007) re-ination the runoff generating process, at least in the snow-
port temporal stability of the ranks within their soil moisture free period. We think that saturation excess overland flow
data sets. These findings suggest that the spatial variabilitplays due to the high porosity of the top soil, which is more
in soil water content measurements reflects spatial heterathan 0.60 Am—3, and the large amount of gravel a minor
geneity of stationary soil properties as well as of the microrole. Subsurface storm flow is reported to be the dominant
topography. Soil moisture time series within each cluster areunoff process in many other studies in forested areas (Zehe
furthermore highly correlated (0.90), which underpins thatand Sivapalan, 2009) such as those of Blume et al. (2008a,
the dynamics observed at a single probe is a good estimatdy), Tromp-van-Meerveld et al. (2006) and Uhlenbrook et
for average soil moisture dynamics at the small field scaleal. (2002). Interestingly, the wetness state of the lower hills-
in the Rehefeld catchment. Thus, a distributed set of singldope sector in forested sites seems to be of higher importance
TDR stations may yield representative information on tem-for event runoff production than average catchment wetness
poral soil moisture dynamics at the headwater scale, whiclrepresented by pre-event discharge. We thus conclude that
can be very important information for many modeling stud- in the Rehefeld catchment forested sites likely contribute
ies and maybe even for flood warning purposes, as shown fastronger to event scale runoff production as grass land. This
instance shown by Anctil et al. (2008) in the Orgeval water- highlights that spatio temporarily highly resolved sampling
shed. of representative soil moisture data in key landscape units
Furthermore, we found clear evidence that clustering ofresolution might yield very valuable information for explain-
TDR probes in combination with long-term monitoring al- ing and predicting runoff production. The forested site close
lows identification of average spatial covariance structures ato the Becher Bach is obviously such a key site — not to deter-
the small field scale at different wetness states. We have tmine the average catchment wetness as suggested by Brocca
admit that the small extent of cluster C2 likely gives only et al. (2007) or Grayson and Western (1998) — but to deter-
a limited picture of the spatial covariance of soil moisture mine the average wetness of landscape areas that contribute
at the forested site. The estimated range is almost 50% affo flood formation.
the maximum probe distance, which is the theoretical limit.
Distributed sampling that covers a larger extend is clearly5.3 Simulated average soil moisture dynamics
desirable here. Spatial correlation length at the grassland site
seems in contrast to be rather short, due to small-scale heter@ased on the model results, we may state that a homogeneous
geneity in soil properties. Zimmermann et al. (2008) found asoil setup that uses local observationskgand porosity al-
similar small correlation length for the hydraulic conductiv- lows at both sites a better model performance as soil pro-
ity at a steep grassland site in Ecuador. Brocca et al. (2007files that is completely parameterized using the pedo transfer
found at their grassland site in the upper Tiber valley effec-function of Carsel and Parrish (1998). This is no big sur-
tive ranges that were approximately 10 times larger. Theprise but underpins on one hand the value of |dgahnd
much shorter ranges at our site may be explained with theporosity observations for setting up physically based models.
huge small scale heterogeneity due to the high gravel conterand it shows on other hand that the residual water content,
of these soils. It is important to note that the small-scale hetthe air entry value and parameter estimated based on the
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pedotransfer function of Carsel and Parrish (1998) are suffiseason, again Dominik Reusser for valuable comments, two
cient to achieve a good model acceptable performance. Thignonymous reviewers for their helpful comments, and Peter Senft
is good news as direct measurement of these parameters figr permanent observation of our equipment. We thank furthermore
laborious. S. Irrgang from “Sachsen Forst” for supporting our field campaign.

At the forested site we found furthermore that a small ad-
justment of the annual maxima of LAl and plant cover, while
assuming that their normalized annual cycles are the same
as observed in the Weiherbach catchment (Zehe et al., 2001)
leads to a strong improvement of the model bias and RMSEReferences
Simulated averaged soil moisture is almost the whole pe-
riod within the confidence interval of the observed spatial Albertson, J. D. and Montaldo, N.: Temporal dynamics of soil mois-
average soil moisture. We thus may conclude that the best ture variability: 1. Theoretical basis, Water Resour. Res., 39(10),
model setup (soil profile A, LAI=13.5, plant cover=0.85)  W01274, doi:10.1029/2002WR001616, 2003.
is a promising representation of key areas in the Rehefeld\nctil, F., Lauzon, L and Filion, M.: Added.ga.\ins of spil moisture
headwater, that could serve as building blocks to represent content observations for streamflow predictions using neural net-
forested areas in a catchment model. We conclude furtheg,\’\éorks’ J. Hydrol,, 359(3-4), ?25_2.34’ 2008, I
that the extend of our sampling grid is large enough to as- ardossy, A. and Lehmann, W... Spatial d.ISt.I’IbUtIOH of §0|I moisture

. . . ; . in a small catchment. Part 1: Geostatistical analysis, J. Hydrol.,

sess the dynamics spatial average soil moisture in almost un- 206, 1-15, 2001.
biased way. At the grassland site fine tuning of the modelggcker, R.: Spatial Time Domain Reflectometry for Mon-
results based on adjusting the annual maxima of root depth, ijtoring Transient Soil Moisture Profiles. Mitteilungen des
LAl and plant cover was not as successful. We thus may Instituts fir Wasser und Geasserentwicklung — Bereich
conclude that the normalized annual cycle of grass morpho- Wasserwirtschaft und Kulturtechnik mit “Theodor-Rehbock-
logical parameters in Rehefeld must differ from the one in  Wasserbaulaboratorium”, vol. 228, University of Karlsruhe, Ger-
the Weiherbach. We thus conclude that the negative bias the many, 2004.
model is not due to non representative sampling but due t&inley, A., Cassiani, G., Middleton, R., and Winship, P.: Vadose
insufficient representation of vegetation. A better model per- ?gsr::t{\l/ci):v iﬂ%(;d?:]pa\r]an:'egerzlsatzlgg ui'ln79 ig’;séggrzehme radar and
formance requires survey of the .’?mnual c_ycles qf these pla.nélt')schl, G?/and gZe%e, E.:)/On hydrological predictability, Hydrol.
morphological parameters especially during periods of obvi-

) . Processes, 19(19), 3923-3929, 2005.
ously bad model performance (in early May and in Summer)'Blume T., Zehe, E., Iroume, A., and Bronstert A.: Rainfall runoff

We overall conclude that the suggested sampling strat- response and baseflow separation, Hydrol. Sci. J., 52(5), 843—
egy of clustering TDR probes in typical functional units is  ge2, 2007.
promising for exploration of soil moisture control on runoff Blume, T., Zehe, E., and Bronstert, A.: Investigation of runoff gen-
generation, as it yields dynamics of representative soil mois- eration in a pristine, poorly gauged catchment in the Chilean
ture states at a high temporal resolution. Long term moni- Andes I: A multi-method experimental study, Hydrol. Processes,
toring of such critical landscape elements — the forested site 22(18), 3661-3675, doi:10.1002/hyp.6971, 2008a.
here — may yield valuable information for flood warning. Blume, T., Zehe, E., and Bronstert, A. Investigation of runoff
Spatial TDR allows furthermore unraveling different types generation in a pristine, _poorly gauge_d _catchment in the
stochastic and deterministic soil moisture variability within ~ CMiléan Andes lI: Qualitative and quantitative use of tracers
and between soil moisture ensembles. We thus think that at three spatial scales, Hydrol. Processes, 22(18), 3676-3688,

: . doi:10.1002/hyp.6970, 2008b.
STDR provides a good intersect of the advantages of PeBlume, T., Zehe, E., and Bronstert, A.: Use of soil moisture dy-

manent sampling and spatially highly resolved soil moisture  amics and patterns at different spatio-temporal scales for the

sampling using mobile rods. The main drawbacks of STDR  jnvestigation of subsurface flow processes, Hydrol. Earth Syst.

are the high cost of a single moisture cluster (€ las well Sci., 13, 1215-1233, doi:10.5194/hess-13-1215-2009, 2009.

as the challenge of installing 60 cm long TDR probes in het-Bronstert, A. and Brdossy, A.: The role of spatial variability

erogeneous environments. Monitoring should thus be care- of soil moisture for modelling surface runoff generation at the

fully selected. small catchment scale, Hydrol. Earth Syst. Sci., 3, 505-516,
doi:10.5194/hess-3-505-1999, 1999.
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