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Abstract. The importance of spatial variability of antecedent
soil moisture conditions on runoff response is widely ac-
knowledged in hillslope hydrology. Using a distributed hy-
drologic model, this paper aims at investigating the effects
of soil moisture spatial variability on runoff in various field
conditions and at finding the structure of the soil moisture
pattern that approaches the measured soil moisture pattern in
terms of field scale runoff. High spatial resolution soil mois-
ture was surveyed in ten different field campaigns using a
proximal ground penetrating radar (GPR) mounted on a mo-
bile platform. Based on these soil moisture measurements,
seven scenarios of spatial structures of antecedent soil mois-
ture were used and linked with a field scale distributed hy-
drological model to simulate field scale runoff. Accounting
for spatial variability of soil moisture resulted in general in
higher predicted field scale runoff as compared to the case
where soil moisture was kept constant. The ranges of possi-
ble hydrographs were delineated by extreme scenarios where
soil moisture was directly and inversely modelled according
to the topographic wetness index (TWI). These behaviours
could be explained by the sizes and locations of runoff con-
tributing areas, knowing that runoff was generated by infiltra-
tion excess over a certain soil moisture threshold. The most
efficient scenario for modelling the within field spatial struc-
ture of soil moisture appeared to be when soil moisture is di-
rectly arranged according to the TWI, especially when mea-
sured soil moisture and TWI were correlated. The novelty
of this work is to benefit from a large set of high-resolution
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soil moisture measurements allowing to model effectively the
within field distribution of soil moisture and its impact on the
field scale hydrograph. These observations contributed to the
current knowledge of the impact of antecedent soil moisture
spatial variability on field scale runoff.

1 Introduction

The antecedent soil moisture condition prior to rainfall is
a key factor in determining the hydrological response as it
mainly governs the generation of runoff due to its effect on
infiltration capacities. In hydrologic modelling, the predic-
tion of runoff is therefore highly sensitive to the descrip-
tion of antecedent soil moisture conditions. The response of
the hydrologic models to antecedent soil moisture is more-
over often highly non-linear and shows a threshold behaviour
(Zehe and Bl̈oschl, 2004).

The effect of antecedent soil moisture spatial variability
on hydrologic response at the field scale has been widely ad-
dressed in numerous studies through hydrologic modelling.
The large effect of soil moisture variability on runoff re-
sponse is to be attributed to the prominent role of soil mois-
ture in runoff generation by either infiltration excess or satu-
ration excess overland flows (Zehe and Bl̈oschl, 2004). The
location of runoff contributing areas, which are directly re-
lated to the soil moisture state, modulates the hydrologic re-
sponse as generated runoff can re-infiltrate on its way down-
hill to the catchment outlet. In particular,Merz and Plate
(1997); Merz and Bardossy(1998) and Bronstert and Bar-
dossy(1999) showed that accounting for the spatial vari-
ability of antecedent soil moisture yields a greater runoff
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compared to assuming uniform soil moisture conditions, de-
noting the non-linear response of the hydrologic model to an-
tecedent moisture conditions. Regarding the type of variabil-
ity, Merz and Plate(1997); Merz and Bardossy(1998) and
Zehe et al.(2005) observed that a structured soil moisture
pattern results in a greater runoff than a stochastic random
variability, especially when large contributing areas were
connected by a flow channel to the outlet. In contrast to this,
Bronstert and Bardossy(1999) observed the smallest runoff
response with structured soil moisture patterns compared to
random patterns. This was attributed to the actual poor or-
ganisation of the structured pattern that was observed in dry
conditions.Bronstert and Bardossy(1999) also showed that
the introduction of topographic data in modelling of soil
moisture was the best strategy to obtain a runoff response
close to the measured outlet response. The importance of
spatial variability of soil moisture for hydrologic modelling
has also received a specific attention in data assimilation
studies (Houser et al., 1998; Pauwels et al., 2001; Crow and
Ryu, 2009; Brocca et al., 2010).

The way spatial variability of soil moisture impacts runoff
is depending on model parameterisation, average soil mois-
ture state itself (Zehe et al., 2005, 2010) and type of rain-
fall which is considered (Bronstert and Bardossy, 1999; Noto
et al., 2008). In particular,Noto et al.(2008) pointed out that
the well-known high sensitivity of the hydrologic model to
antecedent soil moisture conditions may be observed only
under specific rainfall forcing. In that respect, in a semi-arid
catchment,Castillo et al.(2003) noticed that runoff response
is insensitive to antecedent soil moisture conditions for high
intensity rainfalls or for poorly permeable soils. Hence, in
some conditions, assuming a constant mean soil moisture
may be sufficient to correctly model the rainfall-runoff re-
sponse, particularly if extreme events are considered (e.g., in
flood risks applications). The effect of spatial variability of
soil moisture were particularly observed in steep topography
(Kuo et al., 1999; Castillo et al., 2003) that allows lateral re-
distribution of water over the catchment. It is also expected
to be substantial in dry conditions as shown inMerz and
Plate(1997) where two antecedent soil moisture conditions
were compared. It is worth noting that highly wet condi-
tions inherently exhibit low spatial variability because of the
bounded behaviour of soil moisture by saturation (Famigli-
etti et al., 2008).

The scale aggregation of soil moisture data as well as other
inputs (e.g., digital elevation model) can also highly alter the
accuracy of the response of the hydrologic model. Using
information theory,Kuo et al.(1999) noticed that the devi-
ations in simulated runoff increase proportionally with the
grid size of a distributed hydrologic model, especially for
steep topography and in wet conditions. Finally, the high
sensitivity of runoff response to antecedent soil moisture im-
plies that uncertainty in soil moisture characterisation ex-
erts a large effect on the predictability of hydrologic mod-
els, similarly to the effect of soil moisture variability (Zehe

and Bl̈oschl, 2004). Still, the effect of the variability of soil
moisture on runoff response has to be investigated for vari-
ous conditions of catchment attributes, soil moisture patterns
and rainfall forcing.

In the near future, the availability of in-situ measurements
of soil moisture for hydrologic applications is expected to
greatly increase through the development of soil moisture
dedicated remote sensing platforms (Wagner et al., 2007),
soil moisture electrical sensors and their implementation in
sensor networks (Vereecken et al., 2008; Robinson et al.,
2008) and non-invasive sensors such as ground penetrating
radar (GPR) (Huisman et al., 2003; Lambot et al., 2008a).
In that respect, GPR has shown great potential to accurately
characterise soil moisture at the field scale with high resolu-
tion (Serbin and Or, 2005; Weiherm̈uller et al., 2007; Lambot
et al., 2008b; Minet et al., 2011). As pointed out byWestern
et al. (1999), high-resolution soil moisture datasets are re-
quired to readily assess the effect of antecedent soil moisture
conditions, rather than relying on few point values that may
not capture the real soil moisture patterns. Nevertheless, hy-
drologic modelling of processes occurring at an intermediate
scale between coarse-scale (∼km) remote sensing and fine-
scale (∼m) soil moisture measurement techniques is limited
by a scale-gap in soil moisture information. The combina-
tion of these two types of information by disaggregating (or
downscaling) coarse-scale to fine-scale soil moisture data is
thus of particular interest (Crow et al., 2000). In that respect,
Loew and Mauser(2008) investigated the use of prior infor-
mation on spatially persistent soil moisture patterns to dis-
aggregate coarse-scale remotely-sensed soil moisture data.
Disaggregated soil moisture values may be also particularly
valuable for soil moisture data assimilation in hydrologic
models (Merlin et al., 2006).

To extent previous work about the strong nonlinear ef-
fect of antecedent soil moisture on field scale hydrological
response in temperate climate conditions, this paper aims
to: (1) investigate the effect of different scenarios of high-
resolution spatial structure of antecedent soil moisture on
simulated runoff at the field scale and; (2) find the spatial
structure of the within field soil moisture that most closely
approaches the measured soil moisture pattern in terms of hy-
drologic response. Seven scenarios of antecedent soil mois-
ture patterns, together with GPR measured soil moisture pat-
terns, were defined in order to determine which degree of
description of soil moisture spatial variability is necessary to
get an adequate estimation of the runoff. The main novel-
ties of this work compared to the previous studies are: (1) to
benefit from a fast soil moisture mapping technique at high
resolution (∼m) at the field scale (several ha) and; (2) to rely
on ten field acquisitions of soil moisture in different field
and moisture conditions. This work may also help when
coarse-scale remotely-sensed soil moisture data are to be dis-
aggregated into fine-scale patterns in hydrologic or climatic
models.
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Table 1. Description of the agricultural fields and resolutions used in hydrologic simulations.

Field Location Area [ha] Elevation range [m] Resolution [m] Soil type Land cover

Burnia 4◦38′33′′ E 50◦40′10′′ N 2.29 14 7 silt loam wheat
Marbaix 4◦38′40′′ E 50◦40′07′′ N 5.73 14 10 silt loam wheat
Walhain 4◦41′32′′ E 50◦36′11′′ N 5.14 16 15 silt loam barley
Keispelt 6◦04′57′′ E 49◦41′33′′ N 3.29 18 12.5 sandy loam wheat
Walsdorf 6◦09′19′′ E 49◦55′45′′ N 2.39 12 10 shaly silt loam bare

2 Materials and methods

2.1 Agricultural fields

In this paper, we used soil moisture data collected during
ten GPR acquisitions performed in five different agricultural
fields situated in the centre of Belgium and Luxembourg (see
Table1). The fields are characterized by relatively similar to-
pography, soil type and land cover but the acquisitions were
performed in different moisture conditions. The first three
fields, that are called, Burnia, Marbaix and Walhain, per-
tain to the loess belt area in Belgium and are characterised
by a flat topography and a silt loam soil. According to the
national Belgian soil database (Van Orshoven and Vanden-
broucke, 1993) and following a profile matching technique,
the texture of this soil consists of 4 % of sand, 82 % of silt
and 14 % of clay for the Burnia and Marbaix soil and 4 % of
sand, 79 % of silt and 17 % of clay for the Walhain soil. The
last two fields, that are located in Luxembourg and called
Keispelt and Walsdorf, are characterised by a gentle topog-
raphy. They are classified as sandy loam and shaly silt loam
soils, respectively.

The GPR acquisitions were performed in spring when
fields were covered by barley or wheat, except for the Wals-
dorf site where acquisition was performed in summer after
barley cropping. All the acquisitions were performed on bare
or nearly-bare soils with vegetation height less than 10 cm
and a soil roughness less than 5 cm, thus avoiding scatter-
ing issues in the measured GPR data. In each field surveyed
by the GPR, the largest catchment was delineated, as some
fields are actually constituted of several catchments. More-
over, the fields were considered as hydrologically isolated
from the neighbouring plots (i.e., by ditches or rural roads
along the field limits). For some fields, that were, Keispelt,
Marbaix and Burnia, the delineated catchments encompasses
the whole surveyed field. Catchment areas are given in Ta-
ble1.

2.2 Sensing of soil moisture by ground penetrating
radar

In this paper, soil moisture was measured by a proximal off-
ground GPR system operating in the frequency domain (200–
2000 MHz) (Lambot et al., 2004, 2006). For non-magnetic

soils, the GPR wave propagation is governed by the soil di-
electric permittivityε and electrical conductivityσ . As the
dielectric permittivity of water (εw ≈ 80) is much larger than
the one of the soil particles (εs ≈ 5) and air (εa = 1), GPR
measurements are mainly influenced by the soil water con-
tent. Soil moisture was derived from the measured GPR data
using inversion of the GPR data after soil-antenna interac-
tions filtering (Lambot et al., 2004). The surface soil relative
dielectric permittivity was retrieved by inverting the GPR
data focused on the surface reflection using an electromag-
netic model simulating the propagation of the wave into the
soil (Lambot et al., 2006). In order to avoid noise in the GPR
data that arises at high frequencies because of soil roughness,
the inversions were led in the limited frequency range from
200 to 800 MHz. Optimisation was performed using a local
search algorithm, that was, the Levenberg-Marquardt algo-
rithm (Marquardt, 1963). Two parameters were optimised
in the inversion, that were, the surface soil dielectric permit-
tivity ε and the GPR antenna height above the ground. In
this paper, the soil electrical conductivityσ was not opti-
mised but was directly derived from the soil moistureθ us-
ing a laboratory-calibrated relationship following the model
of Rhoades et al.(1976):

σ = (aθ2
+bθ)σw +σs (1)

where the parameters are set toa = 1.85, b= 3.85×10−2,
σw = 0.075 Sm−1 andσs= 5.89×10−4 Sm−1.

After GPR inversion, the optimised surface soil dielectric
permittivity ε was translated into surface soil moistureθ us-
ing the Topp’s petrophysical relationship (Topp et al., 1980):

θ = −5.3×10−2
+2.92×10−2ε−5.5×10−4ε2

+4.3×10−6ε3 (2)

The GPR method for soil moisture retrieval was widely
validated in laboratory conditions (Lambot et al., 2004, 2006;
Minet et al., 2010) and applied to field conditions (Wei-
herm̈uller et al., 2007; Lambot et al., 2008b; Jadoon et al.,
2010; Minet et al., 2011). The GPR-derived soil moisture un-
certainty was quantified inJadoon et al.(2010) and a RMSE
of 0.025 in terms of volumetric water content between TDR
and GPR estimates was found.

The GPR-derived soil moisture reflects the surface soil
moisture with a depth of investigation of about 5–10 cm. This
relatively shallow characterisation of soil moisture may be a
limitation for using the soil moisture data in a hydrologic
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Table 2. GPR soil moisture ([m3 m−3]) acquisitions. The number of measured points, the duration of the acquisition, the mean (µθ ) and
standard deviation (σθ ) of soil moisture, variogram parameters (Nugget effect [m3 m−3]2, Sill [m3 m−3]2 and Range [m]), the ratio between
the nugget effect and the sill (Nug./Sill) and the coefficient of correlation between the TWI and soil moisture (rTWI,θ ) are presented.

N◦ of points Duration µθ σθ Nug. effect Sill Range Nug./Sill [%] rTWI,θ

Walhain 07/04/2008 1008 4h56’ 0.301 0.060 0.0006 0.0028 35 20 −0.064
Keispelt 13/03/2009 1311 48’ 0.262 0.106 0.0033 0.0076 112 43 0.156
Marbaix 19/03/2009 3786 1h51’ 0.106 0.051 0.0008 0.0023 177 33 0.170
Marbaix 15/04/2009 2911 2h02’ 0.115 0.047 0.0006 0.0027 260 23 0.385
Walsdorf 21/07/2009 3248 1h08’ 0.173 0.071 0.0019 0.0038 21 50 −0.235
Burnia 15/03/2010 1496 1h09’ 0.226 0.067 0.0013 0.0041 79 32 0.139
Burnia 18/03/2010 1252 56’ 0.234 0.062 0.0016 0.0034 77 47 0.011
Burnia 24/03/2010 1429 1h01’ 0.238 0.063 0.0014 0.0036 70 39 −0.050
Burnia 30/03/2010 1227 1h32’ 0.304 0.154 0.0065 0.0248 120 26 0.062
Burnia 06/04/2010 1759 51’ 0.309 0.155 0.0064 0.0258 175 25 0.120

model, as the hydrological active soil layer extends up to
20 cm in the hydrologic model and because of the possible
decoupling of surface and subsurface soil moisture (Capehart
and Carlson, 1997; Vereecken et al., 2008). Nevertheless, the
use of a proximal GPR operating in a large frequency band-
width and at relatively low frequencies inherently provides a
deeper characterisation of soil moisture than remote sensing
instruments. Moreover, a deeper characterisation could be
obtained using a multi-layered soil model, as shown inMinet
et al.(2011). In this study, it is assumed that the surface soil
moisture reflects the soil moisture of the hydrological active
soil layer or, at least, its spatial variability.

For field acquisition, the GPR system was mounted on an
all-terrain vehicle (ATV) with a differential global position-
ing system (DGPS) and a PC (Minet et al., 2011). Real-
time GPR measurements were performed at a regular dis-
tance spacing of two meters in the same track, according to
the DGPS position, which is known with a precision of about
3 cm. The ATV followed parallel tracks with a distance spac-
ing of 5 to 15 m between tracks. More than 1000 points were
measured per hour, with a driving speed of about 5 km h−1.
The antenna footprint where soil moisture is measured has a
diameter of about 1.5 m. The proximity of the support and
resolution scales permits to acquire nearly continuous soil
moisture patterns similarly to radar remote sensing platforms
but at higher resolution. Table2 summarises the 10 GPR
acquisitions and shows the number of measurement points
and the duration of the acquisition for each field campaign.
Time-lapse measurements were performed in two fields only,
i.e., in Marbaix and Burnia, in spring 2009 and 2010, respec-
tively. These time-lapse acquisitions permitted to compare
the effect of different moisture conditions only.

2.3 Antecedent soil moisture scenarios

Soil moisture spatial variability can be analysed in terms
of stochastic or deterministic variability (Blöschl and Siva-

palan, 1995). Stochastic variability (or random, non-
structured variability) of soil moisture entails that soil mois-
ture can not be a completely deterministic variable based on
local attributes but rather a variable with global statistical
properties that can be determined. On the other hand, soil
moisture can be viewed as a spatially deterministic (or struc-
tured) variable that is uniquely determined by spatial con-
ditions, mainly topography, soil properties, and vegetation
cover. The introduction of auxiliary spatial data (e.g., topog-
raphy) to simulate soil moisture thus results in deterministic
soil moisture patterns. Between these two extremes, hydro-
logical systems exhibit soil moisture conditions that can be
modelled from pure random variability to highly structured
soil moisture patterns, with intermediate degree of organi-
sation (Western et al., 1999). It is worth mentioning that a
stochastic soil moisture description implies several random
realisations while a deterministic soil moisture pattern is usu-
ally a unique realisation. Except the pure random case, soil
moisture patterns can be captured using variograms or con-
nectivity functions.

In this study, soil moisture scenarios are based on point
measured data, that are displayed as an example for Mar-
baix, 15 April 2009 in Fig.1. In order to assess the effect of
different antecedent soil moisture conditions in hydrologic
modelling, seven different types of antecedent soil moisture
maps were constructed (see further explanations in this sec-
tion below):

1. Reference: GPR-derived measured values,θ = θGPR;

2. Constant: θ = θmean= constant;

3. Structured: Measured values sorted according to the
TWI;

4. Structuredinv: Measured values inversely sorted
according to the TWI;

5. Random: Randomly permutated values;
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Fig. 1. Maps of soil moisture point-values retrieved by GPR inver-
sions from the field acquisition in Marbaix, 15 April 2009. Contour
lines with an interdistance of one meter are depicted in black lines.
The outlet of the field is indicated by the black arrow. Projected
coordinate system: Belgian Lambert 1972.

6. Variogram: Spatially coherent values using a
variogram;

7. Connected: Spatially coherent and connected values.

Scenarios 2 to 4 are deterministic scenarios, i.e., they con-
sist of a unique realisation, while scenarios 5 to 7 are stochas-
tic scenarios, for which 1000 realisations were produced.
These soil moisture scenarios are all based on GPR-derived
soil moisture that was measured during field acquisitions.
Figure2 presents all soil moisture scenarios (except theCon-
stant) for the field of Marbaix, 15 April 2009.

The soil moisture values measured by the GPR were not
regularly spaced in the field, but rather followed the acqui-
sition tracks (see Fig.1). The hydrologic model however
requires as an input perfectly grid-shaped antecedent soil
moisture maps. Therefore, the measured values must be ras-
terised. The first scenario (Reference, Fig. 2a), that is based
on the real locations of GPR measured values, was thus made
by filling a regular grid with the average of the measured val-
ues that fell into each pixel of the grid. The resolutions of the
grids (see Table1) were set as the maximum resolution that
avoids having an empty pixel in the grid.

For the second scenario (Constant), soil moisture values
were set as constant over space and equal to the mean of the
measured values from the first map. This map is not pre-
sented in Fig.2.

In the third scenario (Structured, Fig. 2b), measured val-
ues were sorted according to the topographic wetness index

0 50 100 150 200
meters

Reference Structured StructuredINV

VariogramRandom Connected

0.2250.025

Soil moisture [m3m-3]

(a) (b)

(d) (e) (f)

(c)

Fig. 2. Antecedent soil moisture maps for Marbaix, 15 April 2009,
used as an input in the hydrologic model with measured grided val-
ues(a), measured values rearranged according the TWI(b), mea-
sured values inversely rearranged according the TWI(c), randomly
permuted values(d), simulated values using a variogram(e) and
connected simulated values(f). The outlet location and direction
are indicated with an arrow.

(TWI), as defined byBeven and Kirkby(1979):

TWI = ln

(
a

tan(β)

)
(3)

wherea is the raster of the flow accumulation andβ is the
raster of the slope expressed in %. We used a single direction
algorithm to compute the flow accumulation raster, as was
used in previous studies (e.g.,Merz and Plate, 1997). The
TWI was preliminary computed over the fields using a digi-
tal elevation model of same resolution that was set in the first
scenario. Then, moisture and TWI values were ranked and
moisture values were attributed to the pixels where the TWI
was in the same rank. The fourth scenario (Structuredinv,
Fig. 2c) is the counterpart of the third one, that is, soil mois-
ture and TWI values were inversely ranked, so that the pixels
with the highest TWI values received the lowest soil moisture
values.

The TWI was chosen for modelling structured soil mois-
ture patterns because of the lack of other detailed sources of
information for these fields (e.g., soil properties, vegetation)
and for its high predictive power in wet conditions (Western
et al., 1999). The limited elevation range of the fields may
however limit the redistribution of water according to the
topography and restrain the explanatory power of the TWI
for soil moisture in these fields. Although high-resolution
soil information at the field scale could have provided more
insights for explaining moisture patterns, no high-resolution
soil parameters can be usually found at the catchment scale
(>10 km). We thus investigated the use of topographically-
derived indices (i.e., TWI) for soil moisture modelling in a
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data-scarcity context. As soils were bare or nearly-bare, the
influence of vegetation heterogeneities on spatial soil mois-
ture variability might be furthermore limited in our study. In
addition, land cover heterogeneities are limited in our study
as the fields are managed as single plots. For larger catch-
ment scale (>10 km), land cover differences among the fields
may better explain soil moisture patterns (Western et al.,
1999). For drier climatic conditions, when potential evap-
otranspiration exceeds precipitation, local controls as poten-
tial radiative indices have shown better correlations with ob-
served soil moisture (Grayson et al., 1997). Some reviews
about the predictive power of the TWI for soil moisture can
be found inWestern et al.(1999) andSørensen et al.(2006).

The fifth scenario (Random, Fig. 2d) maps were made by
randomly permuting the measured values over space. As the
random process can lead to different maps, 1000 realisations
of this scenario were repeated, as well as for the two follow-
ing scenarios (stochastic variability scenarios).

The sixth scenario (Variogram, Fig. 2e) maps were made
by simulating gaussian soil moisture patterns using vari-
ograms describing the spatial dependence of soil moisture.
Variograms were computed considering the spatial depen-
dence of the data along the acquisition lines only, neglecting
the spatial dependence of the data of adjacent lines (Minet
et al., 2011). An exponential model accounting for a nugget
effect was fitted for all the variograms. Zero-mean gaus-
sian distributed values were then simulated in each grid pixel
using an implementation of the sequential non conditional
method. Finally, measured values were ranked and attributed
to the pixels where the simulated values were in the same
rank. This ranking procedure permitted therefore to preserve
exactly the same distribution of values as in theReference,
Random, StructuredandStructuredinv scenarios.

The seventh scenario (Connected, Fig.2f) is characterised
by connected patterns of high soil moisture values. It was
made following the method ofZinn and Harvey(2003) that
was used here to produce a highly connected pattern of a
given variable. First, spatially coherent values of a zero-
mean gaussian distribution were simulated over the field ex-
tent as for theVariogram scenario. Second, the absolute
value of the simulated values were taken, so that the locations
where the values were close to zero (i.e., now the lowest val-
ues) became connected between them. In order to conserve
the spatial properties of the simulated values after taking the
absolute value, the parameters of the variogram must be ini-
tially modified. Hence, the range was multiplied by the scale
factor of 1.86 and the nugget effect was divided by 2. Finally,
inversely ranked measured values were attributed to the pix-
els where simulated values were in the same rank, so that the
connected paths (i.e., the lowest simulated values) received
the highest soil moisture values.

It is worth noting that all scenarios have the same mean
as theReferencescenario, and that all scenarios, except the
Constantone, show exactly the same soil moisture distribu-
tion as theReferencescenario, owing to the ranking proce-

dure. Moreover, theReference, Variogram and Connected
maps were characterised by the same variogram. This al-
lowed to truly compare the modelling discharge between the
scenarios. Actually, theRandomscenario can yield exactly
the same antecedent soil moisture maps that were realised
with theReference, Structured, Structuredinv, Variogramand
Connectedscenarios, as the same values were merely rear-
ranged according to different schemes. But the probabil-
ity that theRandomscenario yield a particular realisation is
drastically low, i.e., equals to1

n!
, wheren is the number of

grid cells per field, and may not be encountered in our study.
The number of 1000 realisations for the stochastic scenar-
ios is thus a tradeoff between the computation time and the
desirable variability among realisations.

The hydrograph modelled with theReferencesoil mois-
ture map was assumed to be the reference hydrograph, as
no measured discharges were available. Comparison of soil
moisture scenarios were performed based on Nash-Sutcliffe
efficiency (NSE) coefficients between the hydrographs simu-
lated with the measured soil moisture pattern (Referencesce-
nario) and the other scenarios.

The effect of soil moisture spatial variability may also
depend on the resolution (grid size) of the distributed hy-
drologic model. For investigating scale aggregation of an-
tecedent soil moisture maps, hydrologic simulations were
also performed with increasing grid sizes for the field cam-
paign of Marbaix, 19 April 2009 for the seven scenarios.
Nine grid sizes, uniformly ranging from 10 to 30 m, were
selected. The field campaign of Marbaix, 19 April 2009 was
chosen as it was performed in the largest field at high resolu-
tion, maximising the grid size range.

2.4 Hydrologic model

In this work, we used the hydrological component of the con-
tinuous runoff and erosion CREHDYS model (seeLaloy and
Bielders(2008, 2009) for a comprehensive model descrip-
tion). It can be used at rainfall event scale to simulate high-
frequency variability in rainfall-runoff processes. Short time
steps are then required to properly capture soil physical dy-
namics. Consequently, the model requires one minute time
step rainfall data as input. The model is spatially distributed
and the flow path must be derived from topography through
a flow accumulation grid. As we used the model for event-
scale simulations only, the relevant modelled processes for
runoff prediction are infiltration, soil depressional storage
filling and runoff flow. For simplicity, no surface storage
was however considered in this study. Infiltration is com-
puted using the Green-Ampt model (Green and Ampt, 1911)
which assumes a uniform wetting front infiltrating vertically.
A single soil layer is assumed, which results in a single effec-
tive hydraulic conductivity along the entire topsoil depth. In
its current form, the CREDHYS model therefore simulates
infiltration-excess overland flow only and does not simulate
saturation-excess runoff caused by shallow impervious layer
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or perched aquifers. Runoff flow is routed along flow paths
using a one-dimensional kinematic wave equation. Although
not strictly required by the model to simulate the runoff
dynamics at the event scale, note that percolation is com-
puted within and between precipitations using the method of
Savabi and Williams(1995). In addition, no evapotranspira-
tion is taken into account within a single rainfall event.

The same rainfall forcing was used for every simulation. It
was recorded in central Belgium and corresponds to a short
and intensive storm with a return period of 6 yr (17.4 mm
in 16 min). Because no discharge measurements are avail-
able, the hydrologic model could not be specifically cali-
brated for each of the fields. We therefore selected a typi-
cal model parameterisation for a mildly crusted bare loamy
soil. In the absence of surface storage, the soil properties to
be considered by the model are the effective saturated soil
hydraulic conductivity, KS [mm h−1], the absolute value of
the Green-Ampt soil matrix potential at the wetting front,ψ

[mm], the antecedent soil moisture,θ [m3 m−3], the volu-
metric soil moisture content at saturation,θSAT [m3 m−3],
the control depth for computing water balance, DF [m], the
Manning’s n friction coefficient [m−1/3 s] and the percola-
tion submodel parameters (seeLaloy and Bielders(2008) for
details). Based on the values found inLaloy and Bielders
(2008); Laloy et al.(2010), we fixed KS at 25 mm h−1 (Bur-
nia site) and 20 mm h−1 (other fields),ψ to 100 mm,θSAT
to 0.50 m3 m−3, DF to 0.2 m, and n to 0.03 m−1/3 s. Those
values were used for all field simulations. The KS param-
eter was set at a slightly higher value for the Burnia site in
order to generate runoff responses suitable for a meaningful
comparison among fields and antecedent soil moisture sce-
narios. The KS equal to 20 mm h−1 was too small for Bur-
nia site for generating differences between scenarios. The
KS parameters were thus set accordingly the range of values
found in Laloy and Bielders(2008) andLaloy et al.(2010)
for a similar soil and for observing different runoff responses
according to soil moisture scenarios. Lastly, it is worth men-
tioning that antecedent soil moistureθ was found to be one
of the most sensitive parameters of CREHDYS with respect
to runoff production (Laloy and Bielders, 2008). Hence, as
the model is spatially-distributed, it is expected that spatial
organisation of soil moisture strongly affects the runoff pre-
diction at the outlet.

3 Results

3.1 Soil moisture data measured by ground penetrating
radar

Table2 presents the within-field mean and standard deviation
of GPR measured soil moisture and the parameters of the fit-
ted variograms for the ten field campaigns. As an example,
Fig. 1 shows the map of surface soil moisture measured by
GPR in Marbaix on the 15 April 2009. It is worth noting
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Fig. 3. Variogram of soil moisture computed for the field campaign
in Marbaix, 15 April 2009 with a class distance from 0 to 150 m
by a step of 5 m. A variogram using an exponential model is fitted
on the data. The total variance of soil moisture is depicted with the
dashed line.

that the point-symbols appear around two times larger on the
map compared to the real GPR antenna footprint size. Soil
moisture conditions were clearly dry for this GPR acquisi-
tion, with a corresponding smaller variability compared to
the other acquisitions (see Table2).

Soil moisture values appeared globally spatially coherent,
although some nugget effect can be observed between neigh-
bouring points. In particular, we could notice a line effect
with a high spatial coherence for points along the same ac-
quisition line (i.e., the acquisition tracks), whereas there were
some abrupt changes when moving to adjacent lines, as al-
ready observed and discussed inMinet et al. (2011). At a
larger scale however, soil moisture patterns were mainly re-
lated to the topography, that is, hilltops were drier than the
thalwegs. The wettest areas appeared in the bottom of the
thalwegs and near the outlet.

Figure3 shows the variogram of soil moisture values com-
puted along the acquisition lines for the field campaign in
Marbaix, 15 April 2009. Spatial coherence was observed,
with a regular increase of soil moisture variance with increas-
ing distance classes up to the range, which reached 260 m,
while other field campaigns showed smaller ranges. The
nugget effect accounted for 23% of the total sill (Table2).
Pearson’s coefficients of correlation between the TWI and
measured soil moisture from theReferencemaps were com-
puted (rTWI,θ , Table2, last column) and was equal to 0.385
for Marbaix, 15 April 2009. For the other field campaigns,
the correlation between the TWI and soil moisture was al-
ways lower and even negative, as for, e.g., Walsdorf.
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Fig. 4. Hydrographs from hydrologic simulations using the antecedent soil moisture maps from all scenarios for 4 field campaigns: Walhain
- 07/04/2008 (a), Marbaix - 15/04/2009 (b), Walsdorf - 21/07/2009 (c) and Burnia - 06/04/2010 (d). For stochastic soil moisture scenarios,
i.e., random, variogram, connected, the average hydrographs on the 1000 realisations are depicted. The rainfall is depicted by the bars
of the second Y-axis.
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Fig. 5. Relative difference between structured and
structuredinv runoff volume as a function of the mean soil
moisture in the field.

random scenario can result in a hydrograph drastically dif-
ferent from another realisation. Other fields than Marbaix, 15
April 2009 showed average random hydrographs that were
better approaching the reference one, but there were still a
large variability between the realisations.605

The hydrographs from the variogram scenario (Fig. 7)
cover a wider range of values, largely overlapping the range
delineated by the hydrographs from the structured and the
structuredinv scenarios. The antecedent soil moisture map
of the variogram scenario giving the largest discharge was610

actually characterised by a well-connected soil moisture pat-
tern with the highest soil moisture values near the outlet
(map not shown). It was observed that, for all fields, the
highest variogram scenario hydrograph showed the largest
runoff peak and volume compared to the highest random615

hydrograph. The hydrographs from the connected scenar-
ios (Fig. 8) also cover a wide range of values, similarly
to the variogram coverage. The average hydrographs of
the stochastic soil moisture scenarios gave on average higher
runoff than the constant scenario.620

Fig. 4. Hydrographs from hydrologic simulations using the antecedent soil moisture maps from all scenarios for 4 field campaigns: Walhain
– 07/04/2008(a), Marbaix – 15/04/2009(b), Walsdorf – 21/07/2009(c) and Burnia – 06/04/2010(d). For stochastic soil moisture scenarios,
i.e., Random, Variogram, Connected, the average hydrographs on the 1000 realisations are depicted. The rainfall is depicted by the bars of
the second y-axis.

3.2 Effect of antecedent soil moisture on hydrographs

3.2.1 Hydrographs simulated with the deterministic soil
moisture maps

Table3 presents the runoff peaks and total runoff volumes
resulting from the hydrologic simulations for the ten field
campaigns and the seven scenarios. Figure4 shows the hy-
drographs for four field campaigns only. For stochastic soil
moisture scenarios, i.e.,Random, Variogram, Connected, the
average hydrographs of the 1000 realisations are depicted.

The Constantscenario, where soil moisture uniformly
equals the mean value, showed a lower runoff peak and
volume compared to all other scenarios, except theStruc-
turedinv. For Burnia, 30/03/2010 and 06/04/2010, the small-
est runoff peaks were found with theConstantscenario. The
hydrographs simulated with theStructuredandStructuredinv
scenarios completely delineated the range of variation of the
other hydrographs for Marbaix – 15/04/2009 (Fig.4b) as well
as for Marbaix – 19/03/2009 and for the first three dates in
Burnia. For the other field campaigns, although some sce-
narios (e.g., theReference) can exceed this range, the hydro-
graphs from the two soil moisture maps based on the TWI

(i.e., StructuredandStructuredinv) generally gave the range
of variation for the other hydrographs. In terms of runoff vol-
ume, theStructuredscenario always resulted in the largest
discharge. TheStructuredinv scenario resulted in the lowest
runoff volume in 9 out of 10 field campaigns. It is worth not-
ing that large differences in runoff peak and volumes existed
between the different dates of the time-lapse acquisitions in
Burnia and Marbaix. The amount of runoff appeared to be
largely sensitive to the wetness state of the antecedent condi-
tions.

As mean soil moisture increases, the range of variation of
the hydrographs between the two extreme scenarios (Struc-
tured and Structuredinv) tends however to diminish. Fig-
ure 5 shows the relative difference betweenStructuredand
Structuredinv runoff volume as a function of the mean soil
moisture in the field. There was a good agreement between
these two variables considering the Belgian fields (Burnia,
Marbaix, Walhain) only, with a coefficient of correlation of
−0.920, compared to a coefficient of correlation of−0.729
for all fields. The range of variation of the hydrographs, i.e.,
the sensitivity of the runoff response to the soil moisture spa-
tial variability, appeared thus to be minimised in wet condi-
tions. It is worth mentioning that repeated measurements in
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Table 3. Runoff peakQmax and total runoff volumeV for each antecedent soil moisture scenario for the 10 field campaigns. For the
stochastic scenarios, the averageQmax andV were computed and the standard deviations are depicted in brackets. Maximum and minimum
values for each field campaign are highlighted in bold and italic, respectively.

Reference Constant Structured Structuredinv Random Variogram Connected

Walhain – 07/04/2008
Qmax [m3 h−1

] 250 153 246 122 192 (15) 199 (22) 195 (18)
V [m3

] 5259 4019 6945 3069 4886 (231) 4896 (353) 4895 (301)

Keispelt – 13/03/2009
Qmax [m3 h−1

] 529 327 460 334 401 (20) 412 (47) 405 (37)
V [m3

] 6454 3986 6742 3554 5045 (184) 5138 (563) 5079 (419)

Marbaix – 19/03/2009
Qmax [m3 h−1

] 18 7 26 1 9 (2) 10 (8) 10 (5)
V [m3

] 150 51 262 4 66 (18) 81 (68) 71 (41)

Marbaix – 15/04/2009
Qmax [m3 h−1

] 26 10 29 2 12 (3) 14 (10) 13 (8)
V [m3

] 223 74 302 10 90 (21) 115 (94) 105 (68)

Walsdorf – 21/07/2009
Qmax [m3 h−1

] 73 64 105 70 72 (6) 73 (8) 73 (7)
V [m3

] 637 545 1189 513 653 (58) 659 (77) 658 (66)

Burnia – 15/03/2010
Qmax [m3 h−1

] 45 18 43 15 25 (4) 31 (16) 28 (11)
V [m3

] 509 142 739 87 237 (43) 312 (164) 284 (116)

Burnia – 18/03/2010
Qmax [m3 h−1

] 49 22 44 20 29 (4) 34 (14) 31 (10)
V [m3

] 534 194 776 127 300 (45) 355 (149) 327 (105)

Burnia – 24/03/2010
Qmax [m3 h−1

] 47 26 49 24 33 (4) 37 (15) 35 (10)
V [m3

] 494 240 870 154 349 (46) 407 (160) 391 (114)

Burnia – 30/03/2010
Qmax [m3 h−1

] 240 112 274 157 195 (16) 250 (52) 230 (41)
V [m3

] 3363 2025 5048 2170 3172 (128) 3549 (448) 3401 (362)

Burnia – 06/04/2010
Qmax [m3 h−1

] 249 124 283 158 200 (17) 261 (55) 242 (43)
V [m3

] 3581 2232 5146 2230 3255 (129) 3654 (504) 3529 (386)

Marbaix and Burnia exhibited a temporal stability of mea-
sured soil moisture patterns that may explain the good corre-
lation when considering the fields separately.

The particular behaviour of theReferencescenario for
Walsdorf, which gave a small runoff peak and volume com-
pared to the other fields, originates from the specific organ-
isation of the measured soil moisture. The wettest part of
the field in Walsdorf was observed in the plateau of the field
whereas the driest part was located near the outlet, which is
highlighted by the negative correlation between the TWI and
soil moisture (Table2, last column). A part of the runoff
which was generated in the wettest part may then have re-
infiltrated before reaching the outlet.

3.2.2 Hydrographs simulated with the stochastic soil
moisture maps

Figure6 shows the 1000 hydrographs from theRandomsce-
nario for the field campaign in Marbaix, 15 April 2009. The
hydrographs from the four first soil moisture scenarios are
also plotted, as well as the averageRandomhydrograph.
The 1000Randomhydrographs cover a wide range of val-
ues but the peak discharge is always lower than theReference
andStructuredhydrographs, denoting the particular arrange-
ments of soil moisture patterns in these scenarios that pro-
duced a high discharge, although random simulation could
theoretically provide the same soil moisture map as the ones
from theReferenceor Structuredscenarios.
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Fig. 5. Relative difference betweenStructuredand Structuredinv
runoff volume as a function of the mean soil moisture in the field.

It is worth noticing that a particular realisation of theRan-
dom scenario can result in a hydrograph drastically differ-
ent from another realisation. Other fields than Marbaix,
15 April 2009 showed averageRandomhydrographs that
were better approaching theReferenceone, but there were
still a large variability between the realisations.

The hydrographs from theVariogram scenario (Fig.7)
cover a wider range of values, largely overlapping the range
delineated by the hydrographs from theStructuredand the
Structuredinv scenarios. The antecedent soil moisture map of
theVariogramscenario giving the largest discharge was actu-
ally characterised by a well-connected soil moisture pattern
with the highest soil moisture values near the outlet (map not
shown). It was observed that, for all fields, the highestVar-
iogramscenario hydrograph showed the largest runoff peak
and volume compared to the highestRandomhydrograph.
The hydrographs from theConnectedscenarios (Fig.8) also
cover a wide range of values, similarly to theVariogramcov-
erage. The average hydrographs of the stochastic soil mois-
ture scenarios gave on average higher runoff than theCon-
stantscenario.

3.3 Evaluation of soil moisture modelling scenarios

Table4shows Nash-Sutcliffe efficiency coefficients (NSE) of
the comparison between the different scenarios of antecedent
soil moisture maps and theReferencescenario, for the ten
field campaigns. The comparison of the soil moisture sce-
narios was performed based on the normalised NSE, that are,
the NSE divided by the maximal NSE observed for each field
campaign. This normalisation was set such that the mean, the
standard deviation and the corresponding statistical tests for
each soil moisture scenario can be computed.

The stochastic scenarios of soil moisture, i.e., theRan-
dom, VariogramandConnectedscenarios performed equally
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Fig. 6. Hydrographs from hydrologic simulation using the an-
tecedent soil moisture maps from scenarios 1 to 5 for the field cam-
paign in Marbaix, 15 April 2009. The averageRandomhydrograph
is depicted as a dotted line on top of the 1000 hydrographs from the
random antecedent soil moisture maps.
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Fig. 7. Hydrographs from hydrologic simulation using the an-
tecedent soil moisture maps from scenarios 1 to 4 and 6 for the
field campaign in Marbaix, 15 April 2009. The averageVariogram
hydrograph is depicted in a dashed line on top of the 1000 hydro-
graphs from the simulated antecedent soil moisture maps.

(based on a 95 % confidence interval) and gave on aver-
age higher NSE than the deterministic scenarios, especially
for the Variogram scenario. TheStructuredscenario per-
formed the best among the deterministic scenarios. Neglect-
ing the field campaign of Walsdorf, the averages of the nor-
malised NSE of theStructuredand theConstantscenarios
appeared significantly different, with ap-value of 0.0117.
Although theConstantscenario performed better than the
Structuredone in two field campaigns, i.e., Waldorf and Bur-
nia – 24/03/2010, theStructuredscenario was found to be a
better approach for modelling the soil moisture spatial vari-
ability within a catchment than theConstantscenario.
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Table 4. Nash-Sutcliffe efficiency coefficients of the different scenarios of antecedent soil moisture maps compared to theReferencescenario
for the 10 field campaigns. The mean and the standard deviation of normalised Nash-Sutcliffe coefficients were computed for the 10 field
campaigns. Maximum and minimum values for each field campaign are highlighted in bold and italic, respectively.

Constant Structured Structuredinv Random Variogram Connected

Walhain 07/04/2008 0.853 0.869 0.686 0.945 0.946 0.943
Keispelt 13/03/2009 0.777 0.971 0.650 0.903 0.911 0.906
Marbaix 19/03/2009 0.513 0.553 −0.066 0.646 0.755 0.690
Marbaix 15/04/2009 0.491 0.894 −0.030 0.592 0.719 0.675
Walsdorf 21/07/2009 0.970 0.469 0.937 0.993 0.991 0.992
Burnia 15/03/2010 0.431 0.777 0.224 0.672 0.773 0.755
Burnia 18/03/2010 0.551 0.724 0.378 0.764 0.821 0.792
Burnia 24/03/2010 0.685 0.555 0.506 0.863 0.903 0.896
Burnia 30/03/2010 0.666 0.763 0.837 0.889 0.920 0.915
Burnia 06/04/2010 0.688 0.817 0.808 0.887 0.922 0.910

Mean∗ 0.736 0.834 0.531 0.913 0.974 0.951
Standard deviation∗ 0.136 0.178 0.374 0.101 0.062 0.075

∗ The mean and standard deviation were computed based on normalised Nash-Sutcliffe coefficients.
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Fig. 8. Hydrographs from hydrologic simulation using the an-
tecedent soil moisture maps from scenarios 1 to 4 and 7 for the
field campaign in Marbaix, 15 April 2009. The averageConnected
hydrograph is depicted in a dashed-dotted line on top of the 1000
hydrographs from the simulated antecedent soil moisture maps.

Figure9 presents the NSE of theStructuredscenario with
respect to theReference, as a function of the correlation be-
tween measured soil moisture and the TWI. The performance
of theStructuredscenario in approaching theReferencehy-
drograph (i.e., NSEstructured) appeared to be related to the ex-
planatory power of the TWI for soil moisture (i.e.,rTWI,θ ),
with a coefficient of correlation of 0.581 between these two
variables. This correlation increased if we consider only field
campaigns performed on the same field, e.g., the correlation
rose to 0.898 when field acquisitions in Burnia only were
considered. The bad performance of theStructuredscenario
in approaching theReferencescenario for Walsdorf pointed
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Fig. 9. Nash-Sutcliffe efficiency coefficients of theStructuredsce-
nario with respect to theReferencescenario (NSEstructured) as a
function of the correlation between measured soil moisture and the
TWI (rTWI,θ ).

out above can be related to its negative correlation between
the TWI and measured soil moisture. Similarly, the proxim-
ity of theReferenceandStructuredhydrographs for Marbaix
– 15/04/2009 (Fig.4b) can be related to the largest correla-
tion between the TWI and soil moisture that was observed
for this campaign.

Varying grid sizes did not drastically change the hy-
drographs that were obtained with the 10 m resolution
simulations (see Fig.4b). While the correlation between
TWI and measured soil moisture slightly increased with
grid size, there was not a clear increase of the NSE for the
Structuredscenario (Table5).
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Table 5. Nash-Sutcliffe efficiency coefficients of the different scenarios of antecedent soil moisture maps compared to theReferencescenario
for Marbaix, 15 April 2010 for varying grid sizes. The coefficients of correlation between the TWI and soil moisture (rTWI,θ ) are presented
in the second column.

Grid size rTWI,θ Constant Structured Structuredinv Random Variogram Connected

10 m 0.385 0.491 0.894 −0.030 0.592 0.719 0.675
12.5 m 0.383 0.611 0.914 0.185 0.689 0.770 0.708
15 m 0.387 0.378 0.913 −0.097 0.485 0.542 0.522
17.5 m 0.427 0.660 0.973 0.294 0.724 0.793 0.748
20 m 0.488 0.550 0.989 0.235 0.618 0.676 0.641
22.5 m 0.393 0.421 0.798 −0.098 0.485 0.551 0.509
25 m 0.488 0.557 0.899 0.219 0.599 0.637 0.613
27.5 m 0.439 0.531 0.945 0.169 0.591 0.608 0.599
30 m 0.668 0.693 0.898 −0.001 0.788 0.815 0.805

4 Discussions

4.1 Effect of spatial variability of soil moisture on
simulated runoff

Hydrologic simulations using different organisations of soil
moisture patterns showed a large variability of runoff re-
sponses. This behaviour can be explained by the location of
the runoff contributing and non-contributing (or even reinfil-
trating) areas that are determined by antecedent soil moisture
conditions (Noto et al., 2008). Runoff is generated at a cer-
tain soil moisture threshold because rainfall intensity exceeds
the effective infiltration capacity (Hortonian overland flow).
Based on single-cell hydrologic simulation, the antecedent
soil moisture thresholds that triggered runoff generation were
estimated to be approximately 0.25 and 0.20 m3 m−3 for
the 25 and 20 mm h−1 initial hydraulic conductivity, respec-
tively. The threshold behaviour of the hydrologic model re-
sponse to antecedent soil moisture results in a non-linear re-
sponse of the model with soil moisture. Introducing spatial
variability of soil moisture creates zones where the initial soil
moisture is close or above this threshold, which rapidly be-
come runoff contributing areas. The runoff response of the
different soil moisture scenarios can be explained by the lo-
cations of runoff contributing areas that modulated the simu-
lated runoff response at the catchment outlet:

– The Constantscenario resulted in smaller runoff than
other spatially variable soil moisture scenarios (except
the Structuredinv), denoting the non-linear response of
the hydrologic model to soil moisture.Merz and Plate
(1997); Merz and Bardossy(1998) and Bronstert and
Bardossy(1999) also observed that constant soil mois-
ture conditions resulted in the lowest discharge com-
pared to spatially-variable soil moisture, either organ-
ised in a structured (Merz and Plate, 1997; Merz and
Bardossy, 1998; Bronstert and Bardossy, 1999) or ran-
dom (Merz and Bardossy, 1998; Bronstert and Bar-
dossy, 1999) way. However, compared to spatially-

constant soil moisture organisation,Merz and Plate
(1997) observed similar (dry conditions) and smaller
(wet conditions) discharge with randomly permuted
values. This was explained by the possibility of re-
infiltrating pixels placed along the flow channel, but
this explanation was incoherent when comparing the re-
sults in dry and wet conditions. In our case, although
some random realisations resulted in smaller discharge
than theConstantscenarios, the averageRandomhydro-
graphs appeared larger than theConstantones, maybe
due to the larger number of realisations in our study
(1000 instead of 3) or to the different model parame-
terisations.

– TheStructuredscenario gave the largest discharge due
to the locations of the contributing areas (i.e., the wettest
areas) that were situated near the outlet and in the flow
channels. However, for theStructuredinv scenario, the
contributing areas were far from the outlet and from
the runoff network, so the generated runoff re-infiltrated
when propagated to the field outlet.

– The decrease in the range of hydrographs, expressed as
the difference between theStructuredandStructuredinv
scenarios, with increasing mean soil moisture (Fig.5)
can be explained by the increasing size of the contribut-
ing areas in wet conditions. In dry conditions, small
contributing areas are located near to and far from the
outlet for theStructuredand theStructuredinv scenarios,
respectively. As a result, the difference between these
scenarios is maximised in dry conditions. Therefore,
field acquisitions (i.e., Marbaix, Walsdorf and the first
three dates of Burnia) that showed antecedent soil mois-
ture below the soil moisture thresholds are expected to
be more sensitive to spatial variability of soil moisture
as thresholds are overtaken during the simulations. In
wet conditions, the contributing areas expand and tend
to cover the whole field, and as a result, the differ-
ence between the two scenarios tends to vanish. At an
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extreme state of wetness, i.e., for a completely saturated
soil, there would be no differences in terms of runoff be-
tween the two extreme scenarios. In that respect,Merz
and Plate(1997) also pointed out that the effect of simu-
lated spatially structured variability was more important
in dry conditions because of the smaller size of the con-
tributing areas.

– The averageRandom, Variogramor Connectedhydro-
graphs (i.e., the model outputs) appeared larger from
the Constanthydrograph, although the averageRan-
dom, Variogramor Connectedantecedent soil moisture
maps (i.e., the model inputs) are theoretically equals to
theConstantone, denoting the non-linearity of the hy-
drologic model.

– The Variogram and Connectedsoil moisture scenar-
ios gave a wider range of hydrographs and on average
higher runoff peak and volume compared to theRandom
soil moisture scenario because of the spatial coherence
of contributing areas, as it was also stated inMerz and
Bardossy(1998). This wide range is to be attributed to
the spatial clustering of non-contributing reinfiltrating
pixels that can be placed on or completely outside the
flow channel, resulting in a small or great discharge, re-
spectively. The probability that numerous reinfiltrating
pixels are present on the flow channel is smaller in the
Randomscenario than in theVariogramandConnected
scenarios because of the grouping of similar pixels.

– It was shown that a unique realisation of theRandom
scenario can not be used to properly model soil mois-
ture patterns because of the large variability in modelled
discharges. From a practical point of view, theRandom
scenario may suffer from the large requirement in com-
puting resources, due to the need of several repetitions.
This large variability between the realisations with the
Randomscenario compared to a structured soil moisture
organisation was not observed inMerz and Plate(1997)
andMerz and Bardossy(1998). It seems that the thresh-
old effect of soil moisture on runoff was stronger in our
study than in these two previous ones, allowing for more
re-infiltration and a larger impact of the locations of the
contributing areas.

The second objective of this paper was to evaluate which
description of soil moisture organisation is the most appro-
priate for hydrologic modelling at the field scale. The com-
parability of the fields may be limited by soil, topographic,
resolution and moisture conditions differences. Neverthe-
less, the good performance of theStructuredsoil moisture
scenario was observed for different field and moisture condi-
tions, even in cases when measured soil moisture was poorly
correlated with the TWI. It was shown that there was a larger
comparability between the different soil moisture conditions
for field campaigns performed on same fields (Burnia and

Marbaix), even though there was a large variability of the
runoff peak and volume amounts depending on the wetness
conditions. Varying grid sizes did not alter the order of per-
formance of the antecedent soil moisture scenarios (Table5).
It was thus shown that, to some extent, the effect of spatial
variability of antecedent soil moisture can be observed in var-
ious field conditions at the field scale, under a specific rain-
fall.

4.2 Soil moisture patterns and its relation with
topographic wetness index

In this study, the TWI appeared to be a poor predictor of the
measured soil moisture spatial distribution (see Table2). Al-
though some studies have shown that the explanatory power
of the TWI for soil moisture may increase with scale aggre-
gation (Sørensen et al., 2006) or by comparing grid cells
accounting for an uncertainty in the location of the cells
(Güntner et al., 2004), this was only slightly observed when
increasing the resolution scale (i.e., for Marbaix, 15 April
2009 only). Meanwhile, the use of multidirectional flow ac-
cumulation algorithms could also improve the computation
of the TWI and its correlation with measured soil moisture
(Quinn et al., 1995; Tarboton, 1997; Seibert and McGlynn,
2007). The explanatory power of the TWI for soil moisture
may be limited in dry conditions, as observed for Walsdorf.
Indeed, for this case, the soil moisture pattern may be better
explained by soil type or radiative indices, as it was the only
field campaign that was conducted in summer.

The predictive power of theStructuredscenario appeared
to be related to the correlation between the measured soil
moisture and the TWI (Fig.9). Nevertheless, for some field
campaigns, this weak negative correlation contrasted with
the rather good NSE of theReferencescenario compared to
the Structuredscenario, as for, e.g., Walhain, 7 April 2008,
which hasrTWI,θ =−0.064 and NSEstructured= 0.869. This
can be explained by the non-unicity of the hydrologic model
with respect to the antecedent soil moisture maps for a par-
ticular hydrograph, that is, a large number of antecedent soil
moisture maps can result in the same hydrograph. In that re-
spect, a measured soil moisture pattern which is poorly cor-
related with the TWI could still result in a runoff response
close to the one of theStructuredscenario.

In the hydrologic simulations using CREHDYS, flow
paths are governed by topography, but it is worth noticing
that in reality, deviating structure within (e.g., wheel tracks)
and between (e.g., ditches, roads) fields may limit the use of
solely topographically-driven hydrologic modelling. If not
accounted for in real case experiment, it would reduce the
relationship between the explanatory power of the TWI for
soil moisture and the runoff response using theStructured
scenario. In these simulations, the same topography informa-
tion (e.g., same grid resolution) is used for both hydrological
modelling and reordering soil moisture in theStructured
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scenario. This might have increased the correlation between
the NSEstructuredand the explanatory power of the TWI for
measured soil moisture.

Grayson et al.(1997) showed that soil moisture patterns
tend to be characterised by a larger stochastic variability in
dry conditions while they appear more structured in wet con-
ditions. Nevertheless, for the 10 soil moisture datasets pre-
sented here, there was no clear trend between the mean soil
moisture and the importance of the nugget effect (Table2),
except for Burnia where a decrease in the Nugget/Sill ratio
is observed with increasing soil moisture. The overall poor
relation may originate from the different field conditions in
terms of soil type and topography and from the limited soil
moisture range of the field campaigns.

4.3 Disaggregation of soil moisture

Disaggregating coarse-scale soil moisture data into fine-scale
patterns needs to account for the importance of spatial vari-
ability on runoff responses. For large catchments (>10 km),
spatial distribution of soil moisture can not be measured at
high resolution (e.g.,∼m) at the field scale. Nevertheless,
coarse-scale remotely-sensed soil moisture data could be dis-
aggregated by combining a geostatistical description of fine-
scale soil moisture patterns with other sources of fine-scale
information (e.g., topography as inPellenq et al., 2003), if
soil moisture patterns could be explained by this informa-
tion. In that respect, several authors have proposed empirical
relationships between the mean soil moisture and its corre-
sponding standard deviation for different extent scales using
soil moisture data from remote sensing estimates and inva-
sive sensors at various extent scales (Western et al., 2003;
Vereecken et al., 2007; Famiglietti et al., 2008). Therefore,
fine-scale antecedent soil moisture maps are to be modeled
from coarse-scale remotely-sensed soil moisture data accord-
ing to the effects of soil moisture spatial variability on runoff
response.

5 Conclusions

We investigated the effect of antecedent soil moisture spatial
variability on runoff response using a distributed hydrologic
model at the field scale. Ten field acquisitions of soil mois-
ture at high resolution were obtained using a mobile proxi-
mal GPR platform. Based on these soil moisture data, seven
scenarios of antecedent soil moisture maps were constructed
with different spatial organisations. Hydrologic simulations
were then performed for each field acquisition with seven an-
tecedent soil moisture scenarios.

The first objective of this study was to investigate the ef-
fect of different antecedent soil moisture scenarios on field
scale runoff response. The high sensitivity of antecedent soil
moisture spatial variability on the runoff response was clearly

shown for all the field acquisitions in various field and mois-
ture conditions, but in a larger extent in dry conditions. Spa-
tially constant antecedent soil moisture conditions (Constant
scenario) resulted in a smaller discharge than scenarios ex-
hibiting soil moisture spatial variability, except for theStruc-
turedinv scenario. When soil moisture was arranged accord-
ing to the TWI (Structuredscenario), the runoff volume was
the largest for all field campaigns. At the opposite, when
soil moisture was inversely arranged according to the TWI
(Structuredinv scenario), the runoff volume was in general the
lowest. Stochastic scenarios of antecedent soil moisture (i.e.,
Random, VariogramandConnected) gave on average similar
and intermediate hydrographs, but there was a wide variabil-
ity between the stochastic realisations. The observed effects
of soil moisture spatial variability on the runoff could be ex-
plained in terms of contributing areas, with respect to their
sizes and their locations within the field, as runoff is trig-
gered above a soil moisture threshold. The spatial variability
of antecedent soil moisture conditions therefore resulted in
different runoff responses compared to field-averaged values
because of the non-linearity of the runoff production to an-
tecedent soil moisture.

The second objective of this study was to find the soil
moisture scenarios that most closely approach the measured
soil moisture pattern in terms of runoff response. The av-
erage hydrograph from theVariogramscenario was the best
soil moisture modelling scenario. Yet, it is worth noting that
a particular realisation can perform very badly. Among the
deterministic soil moisture scenarios,Structuredperformed
the best, which was moderately related to the correlation of
measured soil moisture and the TWI itself.

Except few particular cases, the effects of spatial variabil-
ity of soil moisture on runoff response which were already
analysed in previous studies (Merz and Plate, 1997; Merz
and Bardossy, 1998; Bronstert and Bardossy, 1999) could be
generalised for various field and moisture conditions. In the
absence of other detailed source of information, organising
the soil moisture pattern accordingly to the TWI appeared to
be the best soil moisture modelling method, even when TWI
was poorly correlated to measured soil moisture. Given the
high availability of topographic data at high resolution, dis-
aggregating remotely-sensed soil moisture data using TWI
information might be valuable. Nevertheless, these findings
may be better validated against real discharge measurements.
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