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Abstract

The spatiotemporal dynamics of water volumes stored in the unsaturated root zone are a key
control on the response of terrestrial hydrological systems. Robust, catchment-scale root-zone soil moisture
estimates are thus critical for reliable predictions of river flow, groundwater recharge, or evaporation.
Satellites provide estimates of near-surface soil moisture that can be used to approximate the moisture
content in the entire unsaturated root zone through the Soil Water Index (SWI). The characteristic time
length (T, in days), as only parameter in the SWI approach, characterizes the temporal variability of soil
moisture. The factors controlling T are typically assumed to be related to soil properties and climate;
however, no clear link has so far been established. In this study, we hypothesize that optimal T values (Topt )
are linked to the interplay of precipitation and evaporation during dry periods, thus to catchment-scale
vegetation accessible water storage capacities in the unsaturated root zone. We identify Topt by matching
modeled time series of root-zone soil moisture from a calibrated process-based hydrological model to SWI
from several satellite-based near-surface soil moisture products in 16 contrasting catchments in the Meuse
river basin. Topt values are strongly and positively correlated with vegetation accessible water volumes that
can be stored in the root zone, here estimated for each study catchment both as model calibration
parameter and from a water-balance approach. Differences in Topt across catchments are also explained by
land cover (% agriculture), soil texture (% silt), and runoff signatures (flashiness index).

Plain Language Summary The amount of water in the soil accessible to roots of plants for
growth is a key element to understand and predict short- and long-term dynamics of the hydrological cycle
in a river basin. Satellites provide worldwide estimates of water amounts in the first few centimeters of the
soil. If the time scale of water transport from the surface to the root zone is known, this near-surface water
amount can be used to estimate the water amount in the entire root zone of vegetation. We hypothesize that
this time scale depends on the maximum amount of water in the soil that is accessible to roots. We show
that using river discharge, rainfall, and evaporation data, we can estimate the maximum amount of water
that is available to roots and, therefore, the time scale needed to estimate water amounts in the root zone
from satellite estimates of water content in the first few centimeters of the soil.

1. Introduction
©2020. The Authors.
This is an open access article under the
terms of the Creative Commons
Attribution License, which permits
use, distribution and reproduction in
any medium, provided the original
work is properly cited.
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Catchment-scale estimates of water volumes stored in the unsaturated root zone are a key element regulating the partitioning of water fluxes in terrestrial hydrological systems (Savenije & Hrachowitz, 2017). The
spatiotemporal dynamics of this moisture content control how much additional water can be stored in the
soil of the unsaturated root zone and how much water is thus available for plant transpiration. Capillary
forces in soils have the ability to retain water against gravity to delay drainage. Conversely, excess water
that cannot be held against gravity is released from soils as lateral flow and/or groundwater recharge to
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eventually generate the runoff response in streams. For reliable estimates of runoff, accurate estimates of
soil moisture contents in the unsaturated root zone are thus required (Blöschl & Zehe, 2005).
However, in situ soil moisture observations are typically not available at sufficient spatiotemporal scales and
resolutions, except for in a handful of small experimental catchments (e.g., Bogena et al., 2010). An increasing number of studies has therefore previously explored the value of globally available remotely sensed soil
moisture estimates for calibration and evaluation of or assimilation in different types of hydrological models (e.g., Beck et al., 2009; Crow et al., 2005; Gevaert et al., 2018; Leroux et al., 2016; López López et al., 2016,
2017; Nijzink et al., 2018; Parajka et al., 2009; Rakovec et al., 2016; Silvestro et al., 2015; Sutanudjaja et al.,
2014; Tian, 2007; Wanders et al., 2014).
The use of remotely sensed soil moisture products has proven to be relevant for a variety of hydrological applications; however, a key issue is that the raw products often lack direct hydrological relevance.
Depending on the satellite mission, the soil moisture estimates are generally limited to the upper-most few
centimeters of the soil. This near-surface soil moisture is in itself uninformative to quantify water release to
streams, which is regulated by the integrated moisture content over the entire unsaturated root zone. Establishing a systematic quantitative link between near-surface soil moisture and the hydrologically relevant soil
moisture in the unsaturated root zone is therefore of critical importance but remains challenging (Blöschl
et al., 2019; McCabe et al., 2017; Sheffield et al., 2018).
Analytical, statistical, or modeling methods have been proposed to estimate soil moisture in the unsaturated
root zone by smoothing and delaying the near-surface soil moisture signal (Entekhabi et al., 1994; Mahmood
& Hubbard, 2007; Manfreda et al., 2014; Ragab, 1995; Sabater et al., 2007; Wagner et al., 1999). For example,
Wagner et al. (1999) propose a simplified two-layer model to convolve the near-surface soil moisture signal
to a Soil Water Index (SWI) using an exponential filter. The underlying assumption implies that the water
fluxes from the surface through the entire root zone is proportional to the difference in soil moisture between
both. Stroud (1999) and Albergel et al. (2008) reformulate the exponential filter to a recursive filter to handle
data more easily than the original formulation. Despite its simplicity and lack of explicit link to physical
processes, SWI provides operationally useful estimates of aggregated soil moisture content in the soil profile
(Albergel et al., 2008, 2012; Brocca et al., 2010, 2011; Ceballos et al., 2005; Ford et al., 2014).
The proposed recursive filter for the SWI calculation requires a single parameter, the characteristic time
length T, expressed in unit of time (usually days), which is proportional to the ratio of the depth of the reservoir below the surface and a pseudo-diffusivity coefficient. The larger the value of T, the more smoothing
and delaying of the near-surface soil moisture signal occurs in the estimation of the root-zone soil moisture.
The parameter T has been interpreted to be a lumped surrogate for multiple interacting processes influencing soil moisture dynamics, such as soil depth, evaporation, runoff, soil hydraulic properties, or vegetation
cover (Ceballos et al., 2005).
Optimal values of the characteristic time lengths Topt are often derived by relating satellite-derived SWI to
observed and/or modeled soil moisture time series integrated to different depths (Albergel et al., 2008; Beck
et al., 2009; Brocca et al., 2011; Ceballos et al., 2005; de Lange et al., 2008; Ford et al., 2014; Paulik et al., 2014;
Wagner et al., 1999). Topt values increase with increasing depth of soil moisture measurements or deeper
soil moisture profiles (up to 100 cm), implying less temporal variability of soil moisture at increasing depths
(Albergel et al., 2008; Ceballos et al., 2005; Paulik et al., 2014; Wagner et al., 1999; Wang et al., 2017).
To infer SWI from near-surface soil moisture in areas where no in situ soil moisture observations are available, it is important to understand the factors controlling the characteristic time length T. Previous studies
assessed either soil properties and/or climate as main controls to explain the variability of Topt values.
The role of climate as a control on Topt was assessed by Albergel et al. (2008) and Wang et al. (2017). Albergel
et al. (2008) suggest that a weak relation with climate may exist, with lower values of Topt in areas with
higher evaporative demand and less frequent but more intense precipitation. Wang et al. (2017) did not find a
correlation with mean annual potential evaporation. However, they found a negative correlation with mean
annual precipitation, suggesting that areas with mean annual precipitation larger than 500 mm year−1 have
smaller values of Topt due to stronger hydraulic connections between the surface and deeper layers.
Ceballos et al. (2005), de Lange et al. (2008), and Wang et al. (2017) found that soil texture is an important
control on Topt . Sandy soils enable fast drainage and low water retention as compared to clayey soils, therefore resulting in a low temporal persistence of soil moisture in the system. This implies a stronger similarity
BOUAZIZ ET AL.
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between the near-surface and deeper soil moisture and therefore lower Topt values for sandy than for clayey
soils (Ceballos et al., 2005; Wang et al., 2017). On the other hand, de Lange et al. (2008) report higher Topt
values for sandy than clayey soils. Albergel et al. (2008) and Paulik et al. (2014) did not find a correlation
between Topt and fractions of clay and sand.
These contradicting findings hinder our efforts to estimate T values that represent the integrated soil moisture content in the unsaturated root zone. As a result of the inconclusive role of soil properties and climate,
Topt values of 20 days are often assumed from literature to represent soil moisture in the first 100 cm of the
soil (Wagner et al., 1999). However, the vegetation accessible water storage, which is a key variable in hydrological applications as it controls the partitioning between drainage and evaporation, does not necessarily
correspond to soil moisture in the first 100 cm of the soil.
Despite the important hydrological role of the root-zone storage capacity, it is difficult to observe it at the
catchment scale. Heterogeneity within catchments impedes our ability to integrate soil and plant root properties beyond point-scale measurements. The root-zone storage capacity is, therefore, often estimated from
calibration of a hydrological model, which includes a representation of this storage capacity in the dynamic
part of the unsaturated root zone. However, the derived catchment representative value of root-zone storage
capacity may be subject to equifinality, even if additional data are used to constrain the calibration, making
it difficult to assess its plausibility (de Boer-Euser et al., 2016).
Recent studies have demonstrated that root-zone storage capacities can be estimated from the amount
of water accessible to vegetation for transpiration (de Boer-Euser et al., 2016; Gao et al., 2014; Nijzink
et al., 2016; Wang-Erlandsson et al., 2016). The underlying assumption is that vegetation creates a buffer
large enough to fulfill evaporative demand and overcome dry spells with a certain return period to ensure
their long-term survival (Eagleson & Tellers, 1982; Milly, 1994). The interplay between water supply
through precipitation and evaporative water demand, accumulated over dry periods, enables us to estimate
catchment-scale vegetation accessible water storage capacities in the unsaturated root-zone (Donohue et al.,
2012; Gao et al., 2014; Gentine et al., 2012; Kleidon & Heimann, 1998; Nijzink et al., 2016; Schymanski
et al., 2008).
The overarching aim of our study is to establish a quantitative link between optimal T values and
catchment-scale vegetation accessible water storage capacities. This allows us to make informed decisions on optimal T values to meaningfully use near-surface soil moisture data in hydrological models. We
first identify Topt values that maximize the correlation between time series of SWI derived from several
remotely sensed products and modeled root-zone soil moisture using a process-based hydrological model.
We test this in 16 contrasting catchments of the Meuse river basin to highlight the large variability of
Topt values and therefore the need to adequately estimate Topt . We then test the relation between Topt and
root-zone water storage capacities derived as calibrated model parameter. This is useful to emphasis the
role of Topt in providing root-zone soil moisture estimates consistent with their representation in hydrological applications. Finally, we use a well-established method relying on the interplay between precipitation
and evaporation to independently estimate catchment-scale vegetation accessible water storage capacities
(de Boer-Euser et al., 2016; Nijzink et al., 2016; Milly, 1994) and test for the relation with Topt to answer our
overarching hypothesis.

2. Study Area and Data
2.1. Study Area
We test our hypothesis in 16 contrasting catchments of the Meuse basin in North-West Europe, with areas
varying from 127 to 551 km2 (see Figure 1 and Table 1). The Meuse is a rain-dominated river with large
intra-annual variations in seasonal runoff, mainly caused by high summer and low winter potential evaporation. In the Belgian Ardennes (IDs 1–5 in Figure 1b), snow occurs almost every year and may last for
several weeks; however, snow water equivalents are relatively low, and mean annual maxima are estimated
at 15 mm. Snow is, therefore, not a major component of the discharge regime (de Wit et al., 2001). Mean
annual precipitation varies between 750 and 1200 mm year−1 across studied catchments. Potential evaporation and runoff are 620 and 420 mm year−1 , respectively. Elevation ranges between 50 and 700 m, and
highest and steepest areas are found in the Ardennes. Main land cover types include forest (35%), agriculture (32%), pasture (21%), and urban areas (9%; Figure 1c). The Meuse basin is underlain by limestones from
the Middle and Late Jurassic in the French part and relatively impermeable metamorphic Cambrian and
BOUAZIZ ET AL.
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Figure 1. (a) Outline of the Meuse River Basin upstream of the city of Maastricht; (b) Digital Elevation Model and 16
studied catchments; (c) CORINE Land Cover (CLC 2012, Version 18.5.1 Büttner et al., 2014) main land cover types
(coordinate reference system used is EPSG:32631, UTM31N).

Early Devonian sandstone in the Belgian Ardennes. Soil textures mainly consist of silt loam in the Ardennes
and silty clay loam in France, where a higher clay fraction seems to be related to the presence of limestones
(Ballabio et al., 2016).
2.2. Satellite-Based Near-Surface Soil Moisture Products
The satellite-based near-surface soil moisture products used in this study included both passive and active
microwave products, for L, C, and X bands at spatial resolutions of 100 m × 100 m and 1 km × 1
km, respectively, as provided by VanderSat (https://docs.vandersat.com/index.html, https://patents.google.
com/patent/WO2017216186A1/en) and Copernicus (Sentinel-1 based Surface Soil Moisture SSM1km
Bauer-Marschallinger et al., 2019), as well as at spatial resolutions of 9 km × 9 km or 25 km × 25 km as
provided by the National Aeronautics and Space Administration (NASA, Entekhabi et al., 2016; Owe et al.,
2008), as detailed in Table 2.
Copernicus SSM1km applies a change detection method on Sentinel-1 C-SAR backscatter values to derive
relative soil moisture in percentage saturation. VanderSat products are based on the Land Parameter
Retrieval Model (LPRM van der Schalie et al., 2016) method to estimate near-surface soil moisture, using
descending overpasses at 6 a.m. for the Soil Moisture Active Passive satellite (SMAP) and 1.30 a.m. for
the Advanced Microwave Scanning Radiometer 2 (AMSR2). The NASA SMAP Level-3 SPL3SMP-E product (Entekhabi et al., 2016) is based on a composite of ascending and descending overpasses and uses the
single channel algorithm to estimate soil moisture (Entekhabi et al., 2014). The NASA AMSR2 soil moisture products are based on the LPRM algorithm (Owe et al., 2008) and are available for both descending
and ascending overpasses. Brocca et al. (2011) mention that some studies find higher correlations between
ascending overpasses and in situ measurements, while others favor nighttime descending overpasses to take
advantage of the reduced difference between surface and canopy temperature, making it relevant to assess
both ascending and descending overpasses in this study.
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Table 1
Mean Annual Precipitation (P), Potential Evaporation (EP ), Runoff (Q), Aridity Index (Ep ∕P), Runoff Ratio (Q∕P), and Flashiness Index (If ) for Hydrological Years
2006–2011 and Catchments characteristics, Including Percentage Forest (for.) and Agriculture Cover (agr.); Percentage of Highly Productive and Fissured Aquifers
(fiss.) Based on the International Hydrogeological Map of Europe (IHME, https://www.bgr.bund.de/); Percentage Clay, Sand, and Silt (Ballabio et al., 2016),
Catchment Area, Drainage Density (dd), and Mean Slope, of Study Catchments With IDs Sorted on Aridity Index From the Most to the Least Humid Catchment
(ID) Station

P

Ep
mm

(1) Straimont

1,187

Q

year−1
574

621

Ep ∕P

Q∕P

If

for.

agr.

fiss.

clay

sand

silt

area

dd
km−1

%

0.36

6.7

%

%

%

%

%

%

%

%

%

km2

50

52

17

34

30

0

22

16

62

183

slope

(2) Daverdisse

1,142

568

555

51

49

15

57

28

0

21

19

61

303

0.32

7.7

(3) Jemelle

1,005

563

477

56

47

18

68

20

0

20

25

55

274

0.40

9.4

(4) Mabompre

985

572

460

59

47

16

46

28

0

21

24

55

319

0.47

7.4

(5) Ortho

990

574

470

60

47

14

40

33

0

22

21

58

387

0.37

7.3

(6) Treignes

985

579

398

60

41

28

54

27

0

22

21

57

551

0.33

6.6

1,043

600

418

60

40

36

38

26

63

23

17

60

144

0.28

4.4

(8) Longlaville

971

608

440

65

45

39

20

28

18

28

20

52

154

0.16

6.9

(9) Wiheries

889

590

356

67

40

30

19

43

0

25

15

59

140

0.33

4.9

(7) Sainte-Marie

(10) Yvoir

865

577

264

68

31

13

16

60

71

24

13

63

226

0.33

6.4

(11) Warnant

819

586

275

72

34

12

20

64

56

24

15

61

127

0.29

6.2

(12) Hastiere

802

582

285

73

36

32

41

40

0

24

21

55

169

0.40

5.4

(13) Soulosse

831

642

331

79

39

35

30

26

38

34

15

51

441

0.30

6.3

(14) Circourt

823

642

312

80

38

42

41

12

23

33

18

49

403

0.30

7.3

(15) Goncourt

815

646

295

81

36

40

19

23

19

34

14

52

376

0.27

5.6

(16) Huccorgne

737

593

181

82

25

19

3

80

16

21

9

70

307

0.25

2.6

The data of all used products were spatially averaged in the 16 catchments of the Meuse basin for the
study period May 2016 until December 2017. Radio frequency interferences affect soil moisture estimations
of NASA AMSR2 C1 and C2 bands and Copernicus Sentinel-1 C-band Synthetic Aperture Radar (SAR)
products for January 2015 until May 2016, and this period was, therefore, left out from the analyses. Whenever mean daily catchment temperature (see section 2.4) dropped below 1 ◦ C, near-surface soil moisture
estimates were set to missing to avoid potential biases resulting from frozen soils.
2.3. Soil Water Index
The SWI approach estimates time series of soil moisture in deeper layers from antecedent satellite-based
near-surface soil moisture estimates. The approach relies on a two-layer water balance model, where the
Table 2
Satellite Surface Soil Moisture Products With Associated IDs (Where d Indicates Downscaled High-Resolution Product), Provider, Sensor, Band (Where C1 and C2
Corresponds to 6.9 and 7.3 GHz, Respectively), Method or Product Name, Overpass, Resolution, and Range of Observation Count per Catchment Between May 2016
and December 2017 (Nr. obs.)
Method/
ID

Provider

Resol.
km2

Nr. obs.

Sensor

Band

Product

Overpass

C-SAR

SSM1km

6 a.m. 6 p.m.

1×1

199–290

L

LPRM

6 a.m.

0.1 × 0.1

297–415

S1-CSAR

Copernicus

Sentinel-1

SMAP-L-am_d

VanderSat

SMAP

SMAP-L

NASA

SMAP

L

SPL3SMP-E

6 a.m. 6 p.m.

9×9

316–345

AMSR2-X-am_d

VanderSat

AMSR2

X

LPRM

1.30 a.m.

0.1 × 0.1

511–572

AMSR2-X-am

NASA

AMSR2

X

LPRM

1.30 a.m.

25 × 25

508–556

AMSR2-X-pm

NASA

AMSR2

X

LPRM

1.30 p.m.

25 × 25

495–570

AMSR2-C1-am_d

VanderSat

AMSR2

C1

LPRM

1.30 a.m.

0.1 × 0.1

511–571

AMSR2-C1-am

NASA

AMSR2

C1

LPRM

1.30 a.m.

25 × 25

508–556

AMSR2-C1-pm

NASA

AMSR2

C1

LPRM

1.30 p.m.

25 × 25

495–570

AMSR2-C2-am

NASA

AMSR2

C2

LPRM

1.30 a.m.

25 × 25

508–556

AMSR2-C2-pm

NASA

AMSR2

C2

LPRM

1.30 p.m.

25 × 25

495–570
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upper layer represents the near-surface soil moisture and the bottom layer is a deeper reservoir with length
L only in contact with the surface layer. The soil moisture content in the deeper layer is fed by infiltration from the upper layer and is therefore explained by past dynamics, where more recent events have a
stronger influence. This model assumes that the water flux from the surface through the entire deeper layer
is proportional to the difference in soil moisture between the two layers, as shown by equation (1):
L·

dW(t)
= C · (Ws (t) − W(t)),
dt

(1)

with W the moisture content in the lower reservoir (m3 m−3 or percentage saturation), L the depth of the
reservoir [m], Ws the surface soil moisture content (m3 m−3 or percentage saturation), and C represents a
pseudo-diffusivity coefficient dependent on soil moisture and is assumed constant [m day−1 ]. The equation
is solved by assuming a constant parameter T [d], which increases with increasing soil depth or decreasing
pseudo-diffusivity constant (equation (2)).
L
T=
(2)
C
As only parameter in the SWI, the T value is referred to as the characteristic time length. More smoothing
and delaying of the near-surface soil moisture signal occurs as the T value increases.
Stroud (1999) and Albergel et al. (2008) solve the differential equation in a recursive form (equation 3) to
handle the irregular time steps of satellite near-surface soil moisture data more easily than the original
exponential filter proposed by Wagner et al. (1999). Details are provided in section S1 in the supporting
information.
SWI(tn ) = SWI(tn−1 ) + Kn · (SSM(tn ) − SWI(tn−1 )),

(3)

where SWI, the Soil Water Index at time tn , has replaced the continuous W and SSM, the near-surface soil
moisture estimate at time ti , has replaced the continuous Ws (all in m3 m−3 or percentage saturation).
The gain Kn [−] at time tn is given by the following recursive formula:
Kn =

Kn−1
Kn−1 + e−

(tn −tn−1 )
T

,

(4)

with initial values SWI(t0 ) = SSM(t0 ) and K0 = 1 and where tn and tn−1 are the observation times of the
current and previous SSM observation in Julian days. The gain Kn ranges between [0, 1]. When many observations during the characteristic time length T are available, the gain will be small, meaning that the prior
value will only be changed slightly toward the new observation. On the other hand, when no data have been
received in quite some time relative to T, the gain will be large, implying that the new estimate of SWI will
converge toward the value of the new observation. Therefore, the T value dictates how strongly previous
near-surface soil moisture observations influence the current SWI.
For each of the products and study catchments, we calculate time series of daily catchment average SWI
from near-surface soil moisture for values of T varying between 1 and 100 days (with time step of 1 day),
according to the recursive formulation (equation (3)) for the period May 2016 to December 2017. Spin-up
effects are reduced by starting the SWI calculation at the start of 2016.
2.4. Meteorological and Runoff Data
Hourly precipitation data from stations of Meteo France and the Service Public de Wallonie ((Service
Public de Wallonie, 2018), https://voies-hydrauliques.wallonie.be/opencms/opencms/fr/hydro/Archive/
annuaires/index.html) are spatially interpolated using climatological monthly background grids (van
Osnabrugge et al., 2017) and then spatially averaged over the catchments for a calibration (2006–2011) and
evaluation (2012–2017) period. Potential evaporation is estimated based on the Makkink equation (Hooghart
& Lablans, 1988) and relies on hourly interpolated temperature station data (provided by the Service Public
de Wallonie and retrieved from the archive of the Dutch operational flood forecasting system) and radiation
grids from the Satellite Application Facility on Land Surface Analysis (LSA SAF Trigo et al., 2011). Daily
observed river discharge for stations in France (IDs 8 and 13–15) are retrieved from Hydro Banque (Banque
Hydro, 2018, https://hydro.eaufrance.fr/) and are provided by the Service Public de Wallonie for Belgium
(IDs 1–7, 9–12, and 16).
BOUAZIZ ET AL.
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Figure 2. (a) Hydrological model with root-zone soil moisture SU (mm, variable in time) and root-zone water storage
capacity SU,max (mm, calibrated and constant in time) (b) associated perceptual model, where the area above the green
curve represents the root-zone storage capacity. Both SU and SU,max are spatially heterogeneous but aggregated to
lumped effective values for each individual catchment. We define P as precipitation, PE as effective precipitation, E as
evaporation, R as an internal flux, Q as surface or subsurface drainage (all in mm day−1 ), and S as storage (in mm). For
the subscripts, we define I as interception, U as unsaturated root zone, S as slow response, F as fast response, P as
percolation, and gw,loss/gain as net groundwater losses or gains. The parameter perc defines the maximum percentage of
recharge as net groundwater losses or gains.

Runoff data between March and mid-June 2013 were discarded from the analysis due to implausibly
high runoff compared to observed precipitation amounts at all stations except in the Vair at Soulossesous-Saint-Élophe (ID 13), Mouzon at Circourt-sur-Mouzon (ID 14) and Meuse at Goncourt (ID 15) (Bouaziz
et al., 2018).

3. Methods
Section 3.1 describes the setup of a process-based lumped hydrological model to compute soil moisture time
series. Section 3.2 details the methodology to derive water-balance estimates of root-zone storage capacities. Subsequently in section 3.3, the optimal characteristic time lengths (Topt ) in the 16 study catchments
are derived using the retained set of feasible model-generated time series of daily soil moisture contents in
the unsaturated root zones (SU ). In section 3.4, we then test for a relation between root-zone water storage
capacity (SU,max ) inferred from the set of calibrated model parameters SU,max retained as feasible for each
study catchment and from a water-balance approach. We also assess how the interactions between soil texture, land cover, hydrometeorological variables, runoff signatures, geological features, and topographical
indices explain the variability in Topt between catchments.
3.1. Hydrological Model
A process-based lumped hydrological model (Figure 2a) is set up and calibrated for each of the 16 study
catchments to estimate the dynamics of catchment-scale, daily soil moisture content in the unsaturated
root zone. The model consists of four storage components, namely, an interception reservoir (SI ), a reservoir representing the unsaturated root zone (SU ), a fast-responding reservoir (SF ), and a slow-responding
reservoir representing the groundwater (SS ); Figure 2b. The storage components are linked through water
fluxes, which also include losses to or gains from deep groundwater, which can be a significant factor in the
water balance in the headwaters of the Meuse basin (Bouaziz et al., 2018). This model was selected because
of the satisfying performance achieved in catchments of the Meuse (Bouaziz et al., 2018). The model has 12
calibration parameters and resembles in its core formulation FLEX-type model concepts, in the past successfully used in a wide range of environments (Euser et al., 2015; Fenicia et al., 2006, 2008; Fovet et al.,
2015; Hrachowitz et al., 2014; Mostbauer et al., 2018; Nijzink et al., 2016; Nijzink et al., 2016).
The model was run at hourly time steps, which were aggregated to daily for model calibration, postcalibration evaluation, and further analyses. After a 1-year warm-up period in 2006, the model was calibrated for
the January 2007 to December 2011 period, based on a multiobjective calibration strategy (Hulsman et al.,
2019). The parameter space was explored with a Monte Carlo approach, sampling 105 realizations from uniform prior parameter distributions. Similar to Bouaziz et al. (2018), feasible parameter sets were retained
based on their ability to simultaneously and adequately reproduce six different aspects of the observed hydrograph including daily flows (Q), the logarithm of the daily flows (log(Q)), the logarithm of the flow duration
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curves (FDC, log(Q)), and the time series of weekly (RC,w), monthly (RC,m), and seasonal (RC,s) runoff
ratios. This calibration approach was followed to limit uncertainties in medium- to long-term partitioning
between drainage and evaporative fluxes and to thus approximate at least longer-term conservation of energy
(Hrachowitz & Clark, 2017). All the six above described modeled variables were evaluated against their
observed values based on their associated Nash-Sutcliffe Efficiencies (ENS ) as objective functions. Feasible
parameter sets were retained when ENS scores of all six variables were at least above the 90th percentile
best value. For evaluation, the model was tested without further calibration in an independent period from
January 2012 to December 2017 based on the same performance metrics as above. All relevant model
equations as well as prior and posterior parameter ranges are provided in sections S2 and S3. For each catchment, results from an additional run optimized with the Shuffled Complex Evolution method developed at
the University of Arizona (Duan et al., 1994) were within the range of the ensemble of selected parameter
sets, as shown in section S4.
3.2. Derivation of the Water-Balance-Derived Root-Zone Storage Capacity
While hydrological models estimate root-zone storage capacities through an inverse process of calibration
with associated risk of equifinality, the water balance approach directly infers root-zone storage capacities
from hydrometeorological data. The absence of calibration considerably limits computational power and
calculation time of the water-balance approach. Daily time series of precipitation and potential evaporation
are used as inputs in combination with an estimate of long-term runoff ratio, while a thorough calibration
of a hydrological model would also require daily time series of runoff to constrain the model parameters.
More importantly, there is increasing evidence that catchment-scale root-zone water storage capacities
SU,max can be robustly and readily estimated following this water-balance approach (de Boer-Euser et al.,
2016; Gao et al., 2014; Nijzink et al., 2016; Wang-Erlandsson et al., 2016). This root-zone storage capacity reflects the integrated interactions between atmospheric water supply and vegetation water demand
as controlled by energy supply (i.e., potential evaporation) and vegetation type within a specific spatial
domain (here: catchment). It should be clear that the root-zone storage capacity is not necessarily related
to root depth but rather to root density as it reflects the pore volume within the influence area of roots
(de Boer-Euser et al., 2016; Gentine et al., 2012; Schenk & Jackson, 2002). The underlying assumption
implies that vegetation adapts its storage to overcome dry spells with certain return periods (Donohue et al.,
2012; Gentine et al., 2012; Kleidon & Heimann, 1998; Milly, 1994).
The approach requires to estimate daily actual transpiration, as it depletes the root-zone storage during dry
periods. We first derive the long-term actual transpiration from the water balance of the catchment:
̄ River − Q
̄ gw,loss
Ē U ≈ P̄ − Ē I − Q

(5)

with long-term annual mean actual transpiration Ē U , precipitation P̄ , interception evaporation Ē I , runoff
̄ gw,loss , all provided in mm year−1 .
QRiver , and potential deep groundwater losses Q
An interception reservoir is simulated to quantify effective precipitation P̄ E that reaches the soil, interception evaporation, and storage, as a function of the interception storage capacity (Imax ; see section S2 for
the detailed equations). Due to the lack of more detailed information, we quantified the effect of different
interception storage capacities in a sensitivity analysis, that is, Imax = 0.5, 1.0, 2.0, and 3.0 mm.
If the difference between mean annual precipitation and runoff exceeds potential evaporation, catchments
are likely affected by deep groundwater losses, as they were shown to be significant in several catchments of the Meuse (Bouaziz et al., 2018). We estimate mean annual deep groundwater losses with the
Budyko/Turc-Mezentsev framework (Budyko, 1961; Mezentsev, 1955; Turc, 1954). Long-term mean annual
actual transpiration can then be determined from mean annual effective precipitation, runoff, and where
applicable groundwater losses (equation (5)).
Daily actual transpiration is subsequently scaled to the daily signal of potential evaporation after removal of
the interception evaporation. This scaling allows us to introduce seasonality in actual transpiration.
The storage deficits are then calculated by accumulating the difference between effective precipitation and
transpiration assuming an “infinite reservoir”. The initial deficit is assumed to be zero at the start of the
calculation, that is, end of the wet period. The deficit increases when transpiration exceeds effective precipitation during summer until it becomes zero again when all excess water is assumed to drain away as direct
runoff. The annual maximum cumulative deficit (SU,clim ) between the time where the deficit equals zero
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Figure 3. Annual maximum cumulative storage deficits SU,clim calculated from estimated daily effective precipitation,
transpiration, and groundwater losses for two consecutive years and several values of the interception capacity (Imax ) in
the Hermeton catchment at Hastière (ID 12).

until the time where the total deficit returns to zero is illustrated in Figure 3 for two consecutive years. The
maximum storage deficit decreases as the maximum interception capacity increases because more water is
intercepted and less goes to transpiration. However, the magnitude of the fluctuations due to interception
is minor relative to the magnitude of the storage deficits, as shown in Figure 3.
The annual maxima of the storage deficit SU,clim are fitted to the extreme value distribution of Gumbel.
Following Gao et al. (2014) and Nijzink et al. (2016), the 20-year drought return period is used to estimate the
water-balance-derived root-zone moisture capacity SU,max for each catchment using hydrometeorological
data between 2006 and 2011. The detailed equations for the calculation are provided in section S5.
3.3. Identifying the Optimal Characteristic Time Length (Topt )
Spearman rank correlations are calculated between time series of daily SWI for T values ranging from 1 to
100 days and modeled time series of daily soil moisture content in the unsaturated root zone SU (from section
3.1; Figures 2a and 2b). This calculation is done for each catchment, each parameter set kept as feasible and
each satellite soil moisture product for the period May 2016 to December 2017, when all products are available. The optimal T value maximizes the median Spearman rank correlation between SWI and SU across the
feasible model realizations and provides the best representation of the moisture content in the unsaturated
root zone. We use a variety of remotely sensed products to understand how much of the variability in Topt
is related to the product itself. For comparison, the Spearman rank correlation between raw and thus unfiltered values of the near-surface soil moisture SSM (note: lim SWI(t) = SSM(t)) and the modeled root-zone
T→0
soil moisture content SU is also calculated for each product and catchment. Also note that the strong seasonal cycle of both variables, SWI and SU , may excessively inflate Spearman rank correlation coefficients;
however, with less than 2 years of data, it remains problematic to meaningfully discount seasonality from
the time series.
3.4. Understanding Controls of the Optimal Characteristic Time Length (Topt )
We first test the relation between Topt and root-zone storage capacities derived as calibrated parameters for
the studied catchments by calculating Spearman rank coefficients for each remotely sensed product. Catchments with relatively small water storage capacities are expected to show a high variability of integrated soil
moisture from one time step to another, while catchments with relatively large storage capacities are likely
to show a more damped response. Indeed, a small water storage capacity is likely to fill through precipitation and empty through evaporation and drainage more rapidly than a large water storage capacity, leading
to an increased variability in time. This is also in line with equation (2), where T is proportional to the depth
of the reservoir below the surface.
We then test the relation between Topt and root-zone storage capacities derived from the water-balance
approach using meteorological and runoff data for each catchment. We also compare calibrated and
water-balance derived root-zone water storage capacities between each other.
Finally, we go beyond our main hypothesis and also test the link between Topt and hydrometeorological variables, land cover, soil texture, geological features, topographic indices, and runoff characteristics
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Figure 4. Calibration (filled boxplot) and evaluation (no fill) performances of Nash-Sutcliffe efficiencies of the
(a) flows; (b) logarithm of the flows; (c) flow duration curve of the logarithm of the flows; (d) seasonal runoff ratio;
(e) monthly runoff ratio; and (f) weekly runoff ratio for the 16 study catchments (colors as in Figure 1b).

(provided in Table 1) to further explain the observed differences in Topt values between catchments. Similarly to Wang et al. (2017), we consider mean annual precipitation and potential evaporation. Additionally,
we assess the link with runoff ratio, aridity index, and percentage of forest and agriculture. We also assess
the relation between Topt and soil texture (clay, sand, and silt percentages), as it has been the subject of several studies (Albergel et al., 2008; de Lange et al., 2008; Wang et al., 2017) and to the presence of highly
productive aquifers including karstified rocks (based on the International Hydrogeological Map of Europe,
IHME, https://www.brg.bund.de/). As topography is related to climate, land cover, and soil characteristics,
especially in natural landscapes (Savenije & Hrachowitz, 2017), we include catchment size, drainage density, and mean slope as potential predictors to explain the variability in Topt between catchments. While Topt
characterizes the temporal variability of soil moisture, the flashiness index (If ) is a measure of the responsiveness of a catchment in terms of the variability of its streamflow from one time step to another (Fenicia
et al., 2016). We therefore test for a relation between the flashiness index and Topt , as slow dynamics in
root-zone soil moisture can be expected to result in a smooth runoff response.

4. Results
4.1. Model Evaluation
The calibration and evaluation performance, in terms of the six objective functions, have rather similar
performances in both periods except for some modest divergence of the models ability to reproduce runoff
ratios for the evaluation period in several catchments (Figure 4). ENS,Q during evaluation ranges between
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Figure 5. Observed (dashed black lines) and feasible modeled (colored lines) hydrographs for the period with available
SSM data (May 2016 to December 2017), and associated flow duration curves of the log of the flows and monthly runoff
ratios for (a–c) the Hermeton at Hastière (ID 12) and (d–f) the Mouzon at Circourt-sur-Mouzon (ID 14) (colors as in
Figure 1b).

0.51 and 0.93 for all catchments with a mean of 0.83, while ENS,RC,m ranges between 0.52 and 0.97 with a
mean of 0.82. The model slightly overestimates peak flows (Figures 5a and 5d) but reproduces flow duration
curves (Figures 5b and 5e) and monthly runoff ratios (Figures 5c and 5f) relatively well (see section S6 for
all other catchments).
Overall, the models can reproduce high and low flow metrics quite well and exhibit plausible long-term
partitioning of water fluxes into runoff and actual evaporation (i.e., EA = EI + EU ), according to runoff ratio,
enabling us to use soil moisture SU and SU,max for the subsequent analyses.
4.2. Variability of Identified Topt
Highest Spearman rank correlation coefficients r between time series of daily SWI and time series of modeled root-zone soil moisture SU are obtained for T values between 6 and 32 days (median of 18 days) per soil
moisture product for one illustrative catchment (see Figure 6). Figures for all other study catchments are
provided in section S7. The maximum Spearman rank correlation achieved with the SWI is always higher
than with the near-surface soil moisture SSM (Figure 6), as also found by Paulik et al. (2014). Especially
for S1-CSAR, the Spearman rank correlation from SSM to SWI increases on average (over all catchments)
from 0.54 to 0.83, as opposed to an increase from 0.75 to 0.88 for SMAP-L-am_d, possibly related to higher
variance of the SSM signal of S1-CSAR compared to SMAP-L-am_d (see section S8). Introducing noise to
near-surface soil moisture time series indeed leads to a larger increase in Spearman rank correlations from
SSM to SWI and slightly higher Topt values, suggesting noise filtering by the SWI (see section S9). The narrow band in Figure 6 suggests that Spearman rank correlations are not very sensitive to the uncertainty in
model parameters, implying relatively similar root-zone soil moisture dynamics between parameter sets.
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Figure 6. Spearman rank correlations coefficients between time series of modeled daily root-zone soil moisture SU
[mm] and SWI [−] for different values of the characteristic time scale T [d] in the Hermeton at Hastière (ID 12) for the
period May 2016 to December 2017 for each soil moisture product. In the narrow subplots on the left side of each larger
subplot, the correlation of the time series of daily near-surface soil moisture SSM and modeled root-zone soil moisture
SU is shown. The black line and colored band represent the median value and associated 25th to 75th percentiles of SU
from the ensemble of parameter sets retained as feasible. The vertical dashed line indicates the optimal value of the
characteristic time scale Topt [d] here defined to be at the highest correlation of the median value.

Figure 7 shows modeled daily root-zone moisture SU for each parameter set kept as feasible, near-surface
soil moisture SSM and SWI as inferred from a selection of satellite products using the associated Topt (see
Figure 6) for two of the 16 study catchments. All other catchments are shown in section S10. Higher values
of Topt lead to more smoothing and delaying of the original near-surface soil moisture signal (Figures 7b–7e
vs. 7g–7j showing the effect of Topt of 6–26 days vs. 2–6 days) and can therefore reproduce daily fluctuations
of the modeled soil moisture SU reasonably well (Spearman rank correlations r > 0.82 for the best performing products S1-CSAR and SMAP L-band products vs. r > 0.61 for the poorer performing AMSR2-C1-am
product). For the S1-CSAR product in the Hermeton catchment at Hastière (ID 12), the variance decreases
BOUAZIZ ET AL.

12 of 22

Water Resources Research

10.1029/2019WR026365

Figure 7. Time series of (a and f) modeled root-zone soil moisture SU for all model parameter sets retained as feasible;
(b–e and g–j) SSM and SWI based on the respective Topt values for a selection of products with highest performance
(S1-CSAR, SMAP-L-am_d, and SMAP-L) and lowest performance (AMSR2-C1-am) for (a-e) the Hermeton catchment
at Hastière (ID 12); and (f–j) the Mouzon catchment at Circourt-sur-Mouzon (ID 14). The gray shaded area in summer
2016 indicates a series of very wet events. Units vary between soil moisture products as they are either provided as
volumetric weights [m3 m−3 ] or percentage saturation [−]. The blue shades used for each soil moisture product follow
the color scheme of Figures 8a and 8c.

from 0.066 for near-surface soil moisture SSM to 0.034 for SWI, while a reduction of variance from 0.065 to
0.046 can be seen for the Mouzon at Circourt-sur-Mouzon (ID 14).
During the wetting phase in the catchment of the Hermeton at Hastière (ID 12), S1-CSAR (Figure 7b) and
SMAP-L (Figure 7d) have the highest visual similarity with modeled root-zone moisture SU (Figure 7a),
while the drying phase behavior is best reproduced by SMAP-L-am_d (Figure 7c) and SMAP-L (Figure 7d).
Noise in AMSR2-C1-am occurs in the Hermeton at Hastière (ID 12), possibly caused by radio frequency
interference (RFI) in the area. More spread in SSM of S1-CSAR is also observed compared to SSM of the
L-band products (Figures 7b and 7g vs. Figures 7c–7d and 7h–7i, and section S8).
Note that in the month following 22 May 2016, a series of heavy and long-lasting precipitation events
occurred over France and Belgium, with total monthly volumes between 146 and 236 mm month−1 over the
study catchments. Despite the large spatial scale of these events, most satellite products only show a limited
BOUAZIZ ET AL.

13 of 22

Water Resources Research

10.1029/2019WR026365

Figure 8. (a) Topt range across the 16 study catchments per product. (b) Topt range across all products per catchment.
(c) Spearman rank correlations coefficients between SWI using the optimal T value and modeled time series of
root-zone soil moisture SU for the period May 2016 to December 2017 per product for all 16 catchments. (d) Spearman
rank correlations coefficients between SWI using the optimal T value and time series of modeled root-zone soil
moisture SU for the period May 2016 to December 2017 per catchment for all products.

increase in soil moisture, except S1-CSAR, in particular in the Mouzon at Circourt-sur-Mouzon (Figure 7g).
The underlying reason remains unclear.
Topt varies per product (Figures 6 and 8a) with lowest 5th and highest 95th percentiles of 1 and 98 days
(median of 17.5 days), with product AMSR2-C1-am showing the lowest Topt (5th/95th percentiles of 1 and
30 days with a median of 4 days) and product S1-CSAR the highest values (5th/95th percentiles of 6 and
98 days with a median of 33 days). The higher Topt of the only radar (active microwave) S1-CSAR product
among radiometers (passive microwave) are likely related to the different sensing techniques, the larger
initial variance of the SSM data compared to variances of the passive products (see sections S8 and S9) and
to the larger sampling intervals (see Table 2). de Lange et al. (2008) investigated the influence of satellite
sampling intervals on the T parameter and suggested that for larger sampling intervals, soil dynamics are
less well reflected; therefore, higher values of the characteristic time scale are expected.
Similarly, Topt varies across the study catchments (Figure 8b), with lowest 5th and highest 95th percentiles
of 1 and 89 days (median of 17 days). The catchment of the Mehaigne at Huccorgne (ID 16) exhibits the
largest values (5th/95th percentiles of 33.5 and 89 days with a median of 58 days); this catchment is characterized by 80% agriculture cover, relatively low runoff coefficient (25%) and low flashiness index (19%); see
Table 1. The Bocq at Yvoir (ID 10) and the Molignée at Warnant (ID 11), catchments with relatively similar
characteristics, also show high outlier values of Topt (Figure 8b). The three most upstream catchments (IDs
13–15) exhibit the lowest Topt values (5th/95th percentiles of 1 and 6 days with a median of approximately
3 days), and these catchments are, on the other hand, more responsive in time (relatively high flashiness
indices varying between 35% and 42%) and have relatively low agriculture cover (12–26%; Table 1).
In general, the strongest correlations with median Spearman rank correlation coefficients r between the
daily times series of SWI and SU of 0.84, 0.88, and 0.91, respectively, can be found for the S1-CSAR and
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L-band (SMAP-L-am_d, SMAP-L) products, while the lowest correlations
are observed for AMSR2-C1-am with a median of r = 0.63 (Figure 8c).
A higher sensitivity to soil moisture is expected for L-band retrievals
over C and X band as a result of a higher penetration depth, a higher
sensitivity of the dielectric constant to soil moisture, and an increased
transmissivity of vegetation. SAR provides information at a higher spatial resolution compared to passive radiometers (Entekhabi et al., 2010).
The reason explaining the lower correlations of AMSR2-C1-am is likely
related to RFI. The AMSR2 low-resolution ascending products (overpass
at 1.30 p.m.) show a higher degree of similarity with modeled root-zone
water storage dynamics than the descending overpasses (Figure 8c). This
is in line with findings from Brocca et al. (2011), despite the benefit of
reduced difference between surface and canopy temperature of nighttime
overpasses.

Figure 9. Relation between water-balance-derived (WB) and calibrated
(cal.) SU,max from all 16 study catchments. The symbols indicate the
median SU,max for each method, the horizontal error bars indicate the range
of feasible SU,max values (25th/75th percentiles) from the model, and
vertical error bars indicate the min-max range obtained from several Imax
values (colors as in Figure 1b).

Similarly, lowest median correlations (r varying between 0.62 and 0.72)
are found in the wettest, steep, and forested Ardennes catchments (IDs
1–5; Figure 8d) and highest (0.80–0.84) in the catchments with highest
aridity index (IDs 13–16); see Table 1. Accuracies of soil moisture retrieval
are indeed affected by a complex topography and high vegetation density
(Brocca et al., 2017). It should be noted that the comparison of Spearman
rank correlation is based on a different number of observations for each
product (Table 2).

4.3. Influence of Catchment Characteristics on Topt
Root-zone storage capacities SU,max were available as calibrated parameters from the hydrological model and
from the water-balance approach described in sections 3.2 and S5. We calculate the 20-year return period
root-zone water storage capacity for several values of the interception capacity Imax . Both approaches provide
broadly consistent values with a Spearman rank correlation coefficient of r = 0.67 with p = 0.004 (and
Pearson correlation of 0.86 with p = 2e−5 ) for median values of SU,max retained as feasible and median SU,max
values estimated from the water-balance approach (Figure 9).
High (median r > 0.80) and significant positive (p < 0.05) correlations are found between Topt values of all soil moisture products and the calibrated root-zone water storage capacities SU,max ; see Table 3
and Figure 10a for a selection of products (all others shown in section S11). Spearman rank correlations between Topt values and water-balance-derived root-zone storage capacities are less strong but still
statistically significant (p < 0.05) for most soil moisture products (Table 3 and Figure 10b). The correlations are strongest for the S1-CSAR product (r = 0.65), while the weakest link was found with the
AMSR2-C1-am product (r = 0.36). Similarly, Topt in the AMSR2-C1-am product is less sensitive to SU,max
(dTopt ∕dSU,max = 0.23 day mm−1 ), possibly because of RFI, while the S1-CSAR product exhibits the highest sensitivity (dTopt ∕dSU,max = 0.52 day mm−1 ), which is likely related to the larger spread in Topt values
(Figures 8a and 10b). In addition, all products suggest that Topt is insensitive to SU,max at SU,max values below
100 mm, this could be related to the already very low Topt (<6 days) in these catchments. The vertical error
bars in Figure 10 suggest that Topt is not very sensitive to the uncertainty in model parameters. While previous studies (Albergel et al., 2008; Paulik et al., 2014) showed an increase in Topt for increasing depth of the
soil profile, in line with equation (2), we explicitly make the link with root-zone storage capacity derived
from runoff, precipitation, and evaporation data.
We found no significant correlations between Topt and aridity index, runoff coefficient. or mean annual
precipitation and potential evaporation (Table 3). Instead, the interplay between accumulated precipitation
and actual evaporation during dry periods represented by the root-zone storage capacity SU,max shows a
significant positive correlation with Topt .
Topt values are inversely correlated with the flashiness indices If of the study catchments (Table 3;
Figure 10c), implying that a more flashy runoff (high flashiness index) indicates lower Topt and, by extension,
lower SU,max and therefore higher temporal variability in soil moisture.
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Table 3
Spearman Rank Correlation Coefficients Between the Optimal Values of the Characteristic Time Length Topt [d] per Product and the Calibrated (cal.) and
Water-Balance-Derived (WB) Root-Zone Water Storage Capacities SU,max , Mean Annual Precipitation (P), Potential Evaporation (Ep ), Aridity Index (Ep ∕P), Runoff
Ratio (Q∕P), and Flashiness Index (If ) and Percentage of Forest Cover (for.); Percentage of Agricultural Cover (agr.); Percentage of Highly Productive and Fissured
Aquifers (fiss., Based on IHME); Percentage Clay, Sand, and Silt; Catchment Area; Drainage Density (dd); and Mean Slope
Product

SU,max (cal.)

SU,max (WB)

P

Ep

Ep ∕P

Q∕P

S1-CSAR

0.87**

0.65*

−0.01

−0.32

−0.11

−0.16

−0.65**

SMAP-L-am_d

0.90**

0.56*

0.04

−0.43

−0.18

−0.17

−0.66*

SMAP-L

0.95**

0.60*

0.05

−0.39

−0.21

−0.05

−0.57*

AMSR2-X-am_d

0.80**

0.44

−0.34

−0.16

0.16

−0.44

−0.40

AMSR2-X-am

0.81**

0.56*

−0.24

−0.18

0.07

−0.38

−0.43

AMSR2-X-pm

0.92**

0.54*

−0.12

−0.40

−0.08

−0.22

−0.62*

AMSR2-C1-am_d

0.61*

0.37

−0.11

−0.39

−0.12

−0.14

−0.44

AMSR2-C1-am

0.57*

0.36

−0.20

−0.38

0.02

−0.33

−0.53*

AMSR2-C1-pm

0.85**

0.60*

0.02

−0.44

−0.19

−0.12

−0.60*

AMSR2-C2-am

0.90**

0.56*

0.01

−0.50*

−0.20

−0.11

−0.70*

AMSR2-C2-pm

0.82**

0.55*

−0.17

−0.28

−0.01

−0.31

−0.46

sand

silt

area

dd

slope

Product

for.

agr.

fiss.

clay

If

S1-CSAR

−0.45

0.83**

−0.01

−0.38

−0.29

0.77**

−0.42

0.07

−0.27

SMAP-L-am_d

−0.28

0.68*

−0.01

−0.49

−0.21

0.78**

−0.34

0.19

−0.21

SMAP-L

−0.30

0.67*

−0.13

−0.47

−0.15

0.69*

−0.28

0.11

−0.12

AMSR2-X-am_d

−0.45

0.80**

−0.02

−0.20

−0.26

0.59*

−0.44

0.09

−0.42

AMSR2-X-am

−0.41

0.82**

0.01

−0.24

−0.26

0.66*

−0.51*

−0.00

−0.44

AMSR2-X-pm

−0.30

0.78**

−0.09

−0.44

−0.17

0.68*

−0.39

0.22

−0.21

AMSR2-C1-am_d

−0.07

0.67*

−0.36

−0.33

0.03

0.51*

−0.37

0.33

−0.26

AMSR2-C1-am

−0.07

0.65*

−0.15

−0.48

−0.06

0.62*

−0.24

0.16

−0.25

AMSR2-C1-pm

−0.24

0.73*

−0.17

−0.51*

−0.25

0.83**

−0.37

0.16

−0.23

AMSR2-C2-am

−0.24

0.73*

−0.14

−0.54*

−0.20

0.78**

−0.32

0.18

−0.08

AMSR2-C2-pm

−0.31

0.74*

−0.05

−0.38

−0.19

0.66*

−0.40

0.12

−0.35

*p

< 0.05.

** p

< 0.001.

We found significant positive correlations between Topt and percentage agriculture (Table 3; Figure 10d),
suggesting a low temporal variability of soil moisture in agriculture-dominated catchments, also implying
higher SU,max values in these catchments, which are related to low runoff ratios and, therefore, high evaporation rates (Table 1). Interestingly, Topt is positively related to percentage silt in a catchment (Table 3;
Figure 10e) and therefore also to the percentage of agriculture, which is likely related to the fertility and suitability of silt for growing crops as it promotes water retention and air circulation. No significant relations
are found between Topt and the percentages of clay and sand (Tables 1 and 3 and section S11).
No significant relations between Topt and geological features (percentage of highly productive aquifers)
or topographic indicators (catchment area, drainage density, and mean slope) are found (see Table 3 and
section S11).

5. Discussion
5.1. Advances
We found a median Topt of 17 days, which is close to the often used value of 20 days (Wagner et al., 1999); however, we show that Topt significantly varies between catchments (5th/95th percentiles of 1 and 98 days) and
products (highest Topt for S1-CSAR). This is in line with the variability reported by other studies. Ceballos
et al. (2005) found values of approximately 50 days to represent the soil profile between 0 and 100 cm based
on soil moisture measurements in agricultural fields in Spain. de Lange et al. (2008) mentions a general
characteristic time length of 20 days based on observed and modeled soil moisture series, while Beck et al.
(2009) found a Topt value of 5 days for the calculation of SWI in Australian catchments.
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Figure 10. Optimal value of the characteristic time length Topt (with vertical bars associated with the 25/75th
percentiles of Topt from parameter sets kept as feasible) as a function of (a) calibrated root-zone water storage capacities
(SU,max cal., median and 25/75th percentiles of parameter sets kept as feasible ), (b) water-balance-derived root-zone
water storage capacities (SU,max WB, median and min-max range based on Imax values for a 20-year return period),
(c) flashiness index, (d) percentage agriculture and (e) percentage silt for the 16 studied catchments for a selection
of products (colors as in Figure 1b). Spearman rank coefficients r with associated p-values are calculated for the
median values.

Previously, Topt was shown to increase with increasing depth of the soil profile at the point scale (Albergel
et al., 2008; Ceballos et al., 2005; Paulik et al., 2014; Wagner et al., 1999; Wang et al., 2017). However, Topt
was not linked to a defined storage in the subsurface at the catchment scale. Here, we explicitly show the
increase of Topt with increasing estimates of catchment-scale root-zone water storage capacities SU,max . For
modeling applications and data assimilation of satellite soil moisture products in runoff forecasting applications (Brocca et al., 2010; Laiolo et al., 2016; López López et al., 2017; Loizu et al., 2018; Wanders et al.,
2014), our results suggest that suitable values of T can be inferred from a calibrated model or based on
estimates of root-zone water storage capacities. These estimates can readily be determined using available
hydrometeorological data, instead of selecting a standard value of 20 days based on the work of Wagner
et al. (1999).
Albergel et al. (2008) and Wang et al. (2017) suggest that T values are low in areas with high evaporative
demand and less frequent but more intense precipitation. The results from our water-balance approach
rather suggest that these are typically areas where vegetation needs to overcome long dry spells and, therefore, with relatively large root-zone water storage capacities and Topt . This is an important conclusion, as it
shows that the interplay between precipitation and evaporation is the main climatic driver that controls T,
and not the precipitation and evaporation individually, as often tested.
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The highest Topt values occur in agricultural-dominated catchments, which is in line with the relatively
high values of Topt (40–60 days) reported by Ceballos et al. (2005) in agricultural fields in Spain. In the
Meuse, these catchments are characterized by low flashiness indices, low runoff ratios, and, therefore, high
actual evaporation, resulting in a small temporal variability of soil moisture (high Topt ) and large root-zone
water storage capacities SU,max . The high agricultural cover also coincides with a relatively high silt percentage, related to the fertility and suitability of silt for growing crops due to the high water holding capacity.
Soils with fine texture promote high water retention, slow drainage and, therefore, higher Topt than soils
with coarser textures, as also mentioned by Ceballos et al. (2005). These findings highlight the interactions
between soil properties (% silt), the interplay between precipitation and evaporation (SU,max ), land cover
(% agriculture), and runoff signatures (If ) to characterize soil moisture behavior and estimate Topt to infer
root-zone from near-surface soil moisture.
SMAP-L-am_d, SMAP-L, and S1-CSAR derived times series of SWI show the highest similarity with modeled root-zone soil moisture SU . The longer wavelength of L-band compared to C and X bands allows for
a deeper soil penetration and a higher sensitivity to soil moisture. The difference in Spearman rank correlations between modeled root-zone soil moisture and SWI for the high- and low-resolution products is,
therefore, less than between bands (Figure 8c). The advantage of S1-CSAR is the high spatial resolution to
capture small-scale changes, easily missed out by coarse resolution sensors (Bauer-Marschallinger et al.,
2019). During large scale and high intensity precipitation events from end of May until end of June 2016, the
S1-CSAR product also shows the expected sharp increase in soil moisture, which is, for unknown reasons,
missed by or relatively limited in most passive microwave products (Figure 7).
The variability of Topt values is related to the soil moisture product itself. The larger variance of the
near-surface soil moisture signal of S1-CSAR leads to a larger range of Topt values (Figure 8a). Paulik et al.
(2014) show a stronger agreement between in situ measurements and SWI compared to SSM, which could
be related to noise being filtered out by the SWI. Our findings further suggest that Topt values are likely to
increase with increasing noise in the observations (section S9).
Both the remote sensing and the hydrological communities can benefit from our analysis, as it provides
guidance for hydrologists to meaningfully infer root-zone soil moisture from near-surface soil moisture for
hydrological applications, while it clarifies the behavior of T for several near-surface soil moisture products
and its relation with hydrometeorological variables, soil texture, land cover, and runoff dynamics for the
remote sensing community.
5.2. Limitations
In previous studies, Topt was often estimated using observed soil moisture time series. However, these
point observations often fail to represent the spatial heterogeneity at the catchment scale. In this study, we
instead calibrate a process-based hydrological model (Figure 2a) against observed runoff to derive Topt by
relating the time series of SWI to modeled daily root-zone soil moisture SU (Figures 6 and 7). However, it
implies that the model provides a meaningful representation of true soil moisture at catchment scale. As we
are interested in root-zone soil moisture and because T is a function of the depth of the layer below the surface (equation (2)), we related Topt to root-zone water storage capacities SU,max estimated as a calibration
parameter and, in an independent way, from a water-balance approach. The water-balance approach, however, also relies on assumptions related to estimation of the return period, interception evaporation, actual
evaporation, groundwater losses, and periods where infiltration takes place and deficits start to accumulate.
Yet the important additional information used in both methods is the runoff data, from which actual evaporation can be estimated and, by extension, the water storage capacity in the root zone, which influences
root-zone soil moisture behavior.
As the selected catchments are relatively similar in size and all located in a temperate climate zone, an interesting next step would be to assess the relation between Topt and SU,max , land cover, and soil texture in a
larger variety of catchments, differing in size and climate zone. We expect the positive correlation between
Topt and SU,max to be transferable to other areas, as the water-balance approach has successfully been applied
in a variety of climate zones (New Zealand in de Boer-Euser et al., 2016; Australia in Donohue et al., 2012;
and United States in Gentine et al., 2012, and Gao et al., 2014) or even globally (Wang-Erlandsson et al.,
2016). The positive relation between agricultural cover, silt percentage, and Topt found in the studied catchments might not apply in other areas, in contrast to the expected relation between Topt and flashiness index.
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Furthermore, the approach could be tested using several other models. However, if they provide a plausible long-term partitioning of water fluxes to evaporation and drainage from the root-zone soil moisture,
we do not expect our results to be significantly affected by model selection. Additionally, our results with
respect to differences in Spearman rank correlations between products could be affected if 10 years of satellite near-surface soil moisture data based on SMAP and Sentinel-1 would be available, instead of the less
than 2 years of data available here.

6. Conclusion
The SWI enables us to infer root-zone soil moisture from satellite-based near-surface soil moisture, using
an estimate of the characteristic time length (T) of the water flux from the surface to the root zone. Estimating T has so far proven difficult as no clear link with climate or soil has been established. Using a
process-based lumped hydrological model calibrated on runoff data, we identified optimal T values (Topt )
that lead to the highest correlation between SWI and modeled root-zone soil moisture SU in the Meuse basin
(Figures 6 and 7). While the median Topt value of 17 days approximates the often used standard value of 20
days, Topt significantly varies between catchments and soil moisture products (5th/95th percentiles of 1 and
98 days; Figures 8a and 8b). In the past, T has been conceptually linked to an undefined storage volume
in the subsurface. We now show for 16 contrasting catchments in the Meuse river basin that T is strongly
and positively related with the root-zone water storage capacity (Figure 10). This catchment-scale vegetation accessible water storage capacity can be readily and robustly estimated based on water balance data.
Our key finding implies that the interplay between precipitation and evaporation during dry periods, which
regulates the size of the storage capacity in the unsaturated root zone, is the main driver controlling Topt in
temperate climates. Such a clear link between Topt and hydrometeorological variables opens the opportunity to generate meaningful estimates of water contents in the root zone from globally available remotely
sensed near-surface soil moisture data. These are of critical importance for hydrological and meteorological
applications, as root-zone soil moisture controls how much water is available for plant transpiration and,
therefore, the partitioning of precipitation to runoff and evaporation.
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