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Abstract. In the present work, we developed a new formu- of the investigated areas. The limited number of parameters
lation for the estimation of the soil moisture in the root zone and their physical interpretation makes the procedure appeal-
based on the measured value of soil moisture at the surfacéng for further applications to other regions.

It was derived from a simplified soil water balance equa-
tion for semiarid environments that provides a closed form
of the relationship between the root zone and the sun‘ace1
soil moisture with a limited number of physically consistent
parameters. The method sheds lights on the mentioned resq| mojsture information is critical for weather and cli-
lationship with possible applications in the use of satellite ;,5te prediction, hydrological forecast applications, and wa-
remote sensing retrievals of soil moisture. The proposed apgershed management (e.g. Walker and Houser, 2004; Moran
proach was used on soil moisture measurements taken frong; 5| 2004; Manfreda and Fiorentino, 2008; Seneviratne et
the African Monsoon Multidisciplinary Analysis (AMMA) g1 " 2010). However, in situ soil moisture observations are
and the Soil Climate Analysis Network (SCAN) databases.|acking over large spatial scales. A viable alternative strat-
The AMMA network was designed with the aim to mon- gy for obtaining spatial fields of soil moisture is from satel-
itor three so-called mesoscale sites (super sites) located ife remote sensing, which can provide continuous and large-
Benin, Mali, and Niger using point measurements at differ- caje monitoring of the surface soil moisture state. These
ent locations. Thereafter the new formulation was tested onyata represent an extraordinary source of information for hy-
three additional stations of SCAN in the state of New Mex- drological applications; however they only provide informa-
ico (US). Both databases are ideal for the application of suchion on near-surface soil moisture. For instance, soil mois-
method, because they provide a good description of the Soyre information derived from microwave sensors is directly
moisture dynamics at the surface and the root zone usingg|ated to the surface soil layer (0.2—5 cm) (Gao et al., 2006;
probes installed at different depths. The model was first apggcorihuela et al., 2010), while the volume of soil considered
plied with parameters assigned based on the physical chags jnterest for monitoring and forecast applications is much
acteristics of several sites. These results highlighted the pogeeper. The description of an analytical relationship between
tential of the methodology, providing a good description of the soil moisture at the surface and in the lower soil layers has
the root-zone soil moisture. In the second part of the paperpeen a significant challenge (e.g. Ragab, 1995; Puma et al.,
the model performances were compared with those of thegos: Manfreda et al., 2007; Sabater et al., 2007) and war-
well-known exponential filter. Results show that this new ap-4nts further study. This challenge was strongly emphasized

proach provides good performances after calibration with &p, 5 recent review paper on the “state of the art in large-scale
set of parameters consistent with the physical characteristicgq;| moisture monitoring” (Ochsner et al., 2013).

Introduction
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1200 S. Manfreda et al.: Predicting root-zone soil moisture using surface data

An important contribution was given by Wagner soil moisture value using parameters that are related to the
et al. (1999), who suggested the use of an exponential filtephysical characteristics of the site under investigation. In this
of the form expg—z/T), whereT is the characteristic length way, one may infer the soil moisture state below the surface
time or recession constant. This filter was used to convert theising surface soil moisture data along with some physical
time series of surface measurements to a signal that is ableharacteristics of the site. The model presented herein repre-
to capture the dynamics of the lower soil layer. The great ad-sents an attempt to tackle this problem, providing a solution
vantage of this filter lies in its simplicity due to the fact that it that may be considered reliable in dry areas. Our preliminary
makes use of one parameter only. Moreover, the derived soihpplication has been carried out using soil moisture obser-
moisture index (SWI) relies only on the surface observationvations taken from the African Monsoon Multidisciplinary
(remotely sensed data). Therefore, this approach, which fromf\nalysis (AMMA) and the Soil Climate Analysis Network
now on will be referred to as the SWI method, has been teste§SCAN) databases. These two networks represent valuable
with both simulated and measured data, providing good resources of soil moisture data measured at different depths
sults, and has been extensively used to improve the descrifihat is shared via the web with the entire scientific commu-
tion of the root-zone soil moisture in rainfall-runoff applica- nity. In this way, these data have been involved in a signif-
tions (e.g. Manfreda et al., 2011; Brocca et al., 2010, 2012jcant number of calibration and validation activities that in-
Matgen et al., 2012a). creases the interest and the information contents related to

The growing interest in this approach makes it critical to these networks. For the scope of this paper, we selected a
provide a physical interpretation of the paramefethat is  number of stations with detailed information along the soil
influenced by a number of physical processes controllingprofile and also with some information on the soil texture.
soil moisture fluctuations. Several authors have tackled thisAll stations have been selected in arid and semiarid environ-
problem (e.g. Ceballos et al., 2005; De Lange et al., 2008 ments. The results obtained are extremely encouraging and
Albergel et al., 2008). For instance, Ceballos et al. (2005)the methodology may represent a useful tool under some spe-
demonstrated thdt represents the parameter of the exponen-cific climatic conditions.
tial autocorrelation function of soil moisture. For this reason, The paper is organized with a presentation of the new
T is influenced by all the physical processes affecting themodel in Sect. 2, where the SWI method is also described.
temporal fluctuations of soil moisture (e.g. evapotranspira-Section 3 provides a description of the AMMA and SCAN
tion, soil hydraulic properties, soil depth, number of soil lay- databases and, finally, in Sect. 4, which precedes the conclu-
ers, etc.). In this way, they demonstrated that the pararfieter sion, the model is applied for the AMMA and SCAN data
is proportional to the ratio between the soil water content atand its performances are compared with those of the SWiI
field capacity and potential evapotranspiration. De Lange etnethod.
al. (2008) tested the model for several soil textures using sim-
ulated data obtained with the finite-element HYDRUS-1D
model. They demonstrated the strong influence that the soi Model description
parameters and the sampling periods havd oAccording
to these findings, the authors suggested that the SWI metho@.1  Soil moisture analytical relationship (SMAR)
ology should benefit from a soil texture differentiation. An-
other attempt to give a physical interpretation of the reces-Several hydrological models are based on a conceptual
sion constant®’) was carried out by Albergel et al. (2008), scheme with multiple layers in order to describe the soil
who investigated the correlation of the parameferwith moisture profile. Models that make use of remotely sensed
soil properties and climate conditions over France. Unfortu-data in assimilation frequently use such a representation with
nately, they did not observe significant relationships betweera surface layer of a few centimetres (e.g. Brocca et al., 2012).
T and the main soil properties (clay and sand fractions, bulkin the present work, the soil is assumed to be composed of
density and organic matter content). two layers, one at the surface with a depth of a few centime-

An alternative and increasingly more useful approach is totres (equivalent to the retrieval depth of the satellite sensor)
assimilate satellite retrievals into land surface models (e.gand a second one below with a depth that may be assumed
Reichle et al., 2002, 2004). Such an approach has benefittecbincident with the rooting depth of vegetation (of the order
from the progress made in recent years on assimilation methef 60-150 cm). From here on, we will refer to those as the
ods and the availability of long-term records of retrievals first and second layer, respectively, and we will use a sub-
from either microwave (e.g. Scipal et al., 2008) or thermal script “1” or “2” to distinguish between their variables and
sensors (e.g. Crow et al., 2008), or both (e.qg. Li et al., 2010) parameters.

The purpose of this paper is not to define an operational The most relevant water mass exchange between the two
approach in place of assimilation systems, but to shed lightayers is represented by infiltration. Other processes such as
on a phenomenon of general interest. The approach proposddteral flow and capillary rise are assumed negligible with re-
here represents an attempt to describe analytically the relsspect to infiltration. The challenge is to define a soil water
tionship between the surface soil moisture and the root-zondalance equation where the infiltration term is not expressed
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as a function of rainfall, but of the soil moisture contentinthe Definingxz = (s2 — sw2) / (1 — sw2) as the “effective” rel-

surface soil layer. This may allow the derivation of a function ative soil saturation of the second soil layer amng =

of the soil moisture in one layer as a function of the other (1 — sw2) n2Zr» the soil water storage, the soil water balance

one. The water flux from the top layer can be considered sig<an be described by the following expression:

nificant only when the soil moisture exceeds field capacity. dea(t)

Assuming that the soil moisture movement from the upper to(1 — sy2) n2Zrz

the lower layer during a rainfall event can be modelled fol- dr

lowing the Green—Ampt approach (Green and Ampt, 1911) wheres; [-] represents the relative saturation of the sqib,

one can assume that all water in the first layer above field—] is the relative saturation at the wilting point; [-] is the

capacity will move into the lower layer within one day. This Soil porosity, Z [L] is the soil depth,V2 [LT ] is the soil

idea was inspired by the work of Laio (2006), who proposedwater loss coefficient accounting for both evapotranspiration

a model for the description of the soil moisture profile. and percolation losses, and [-] is the “effective” relative
Under such assumptions, the infiltration flux from the top Soil saturation of the second soil layer.

layer to the lower occurs instantaneously and is described by It should be noted that this equation does not account for
the high non-linearity that characterizes the soil loss function

for high values of soil moisture. This simplification, along
mZny () =mZiy[si(0). 1] with the fact that the infiltration does not account for the sat-
=n12r1{ (s1(t) —sc1),  s1(7) = se1 1) uration effect, implies some limitations in the use of such
0, s1(1) < sct, an approach in humid environments. The model in fact was
thought mainly for a semiarid environments with flat surfaces

where y(¢) [-] fraction of soil saturation infiltrating in the and neglecting the presence of phreatic surfaces, effects due
lower layer,ns [-] is the soil porosity of the first layer, Zr ~ t0 topographic convergence (e.g. subsurface flows), the pres-
[L] is the depth of the first layes; (61/n1) [-] is the relative ~ ence of frozen soils, etc.

saturation of the first layer (given by the ratio between the The equation above can be simplified using normalized co-
soil water conten®1, and the porosity; 1, of the first layer),  efficientsa andb defined as

andsc1 [-] is the value of relative saturation at field capacity Vo niZry

of the first layer of soil. @= A — sw2)noZry’ - (1 — sw2)naZra’

The above equation implies the assumption of an infinite_l_h | £ th b lated directl h
permeability of the soil when the relative saturation reaches e value of these parameters can be related directly to the

any value above field capacity. It is also necessary that théat'io' of the depths of the two layers qnd the soil water loss co-
first layer not be infinitesimal, because this condition will efficient. As a consequence, the soil water balance equation

lead to zero infiltration. Moreover, the model does not ac_becomes

count for the saturation effect of the lower layer. It is neces- dx2(7) b
. . ) LT ——— =by(t)—a x2t). (4)

sary to note that, in order to avoid undesired underestimation dr

of the infiltration, the surface soil moisture value should be  is interesting to note that this equation represents a gen-

referred to the first 5—1Q cm of soil. A.thickness of less thang ajization that also includes the case proposed by Wagner
5cm may lead to numerical problems in this and other hydro-gt 5. (1999). Assuming an initial condition for the relative

logical models. For this reason, several hydrological mod-gatyrationx,(r) equal to zero, one may derive an analytical
els that incorporate a surface layer in the soil descriptionggytion to this linear differential equation:

assume a thickness of about 10cm (e.g. Liang et al., 1994,
1996; Wood et al., 1997). Most satellite sensors cannot pen-
etrate deeper than a few centimetres, but it is a reasonable(t) = /b ey (w)dw. ()
assumption that these measures can be representative of the 0
dynam|c§ ofa ;urface Ia_yer of apprqmmately 5-10cm. For practical applications, one may need the discrete form

Following this reasoning, the soil water balance of the i

. . ; as well:

second and deeper soil layer is controlled by two main fac-
tors: infiltration and soil water losses. Given the infiltration J o
equation, we can continue with a simplified approach assum¥2(/j) = Zb R (ING (6)
ing a linear soil water loss function that includes both evap- i=0
otranspiration and percolation (e.g. Porporato et al., 2004; Expanding Eq. (6) and assuminy = (;j _;(J._l)), one
Rodriguez-Iturbe et al., 2006). Both these processes are negnay derive the following expression for the soil moisture in
ligible when the soil saturation is below the wilting point. For the second layer based on the time series of surface soil mois-
this reason we assumed that the soil losses decrease linearyre:

from a maximum value under well-watered conditions to O a (t—1;1)
at the wilting point. xp(tp) = xz(tj—1)e WU + byt — -1, (7)

=n1Zr1y(t) — Vaxa(1), 2

®)

t
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that may be rewritten as a function gfas Table 1. Soil parameters associated with different soil textures ac-
cording to the experiments by Rawls and Brakensiek (198Bja-
s2(t) = sw2 + (s2(1j-1) — sw2) e~ (tj=tj-1) rameters taken from Rawls and Brakensiek (1989) and also reported

in Rawls et al. (1993 The relative saturation at the wilting point
and the field capacity have been estimated using the Brooks—Corey
—1.5 and—0.03 Mpa, respectively.

+(1—Swz)by(tj)(tj—tj_1). (8)

The method proposed here represents a soil moisture af°de! assuming: =
alytical relationship (from now on we will refer to it as

R R . Soil type n m Iz Ks s Rt
SMAR) between the two state variables introduced with the g P 7 [emP [emdda Ljp L
four parameter sc1, @, andb. All these parameters ma

b p. df Sw2, hCL ,'I h 'Ipd h dth y i Sand 0.437 0592 7.26 504.00 0.06 0.14
e estimated from the soi te_xture,t e soi ept ,an the soil | gamy sand 0437 0474 869 146.60 011 024
water losses. The parameteis a function of potential evap- Sandy loam 0453 0.322 14.66 62.20 0.19 0.42
otranspiration and soil permeability that can be estimated us- f"ty loam g-igé 8-;;(1) i(ﬂg ié-;g 8-% g-gg

. . . oam . . . . . .
ing regression functions such as those proposed by Pan et al. Sandyclayloam 0398 0250 28.08 1030 034 062
(2003). It should be noted that SMAR may produce values siiy clayloam 0471 0.151 32.56 360 045 0.73
higher than 1 and that these are automatically set equal to 1. Clay loam 0.464 0.194 25.89 5.50 040 0.67
In order to provide a range of variability of the soil pa- ~ Sandyclay 0430  0.168  29.17 290 0.51 0.75
f the model, Table 1 collects the values derived Silty clay 0479 0127 3419 220 052 078
rameters o , valu ved cjay 0.475 0.131 37.30 140 056 0.80

from the experimental investigations by Rawls and Brak-
ensiek (1989) and also reported in Rawls et al. (1993). In
particular, the soil porosityn{), the bubbling pressure head
(¥), and the soil permeability at saturatiokid) were taken ~ The impact of the depth of the second layer of soil produces a
from Rawls et al. (1993), while the values Qf andsc have significant modification on the variability of the soil moisture

been calculated adopting the Brooks and Corey (1964) moddhat increases with the reduction of the;Zrlues. Finally,
(¥ (s) = ¥ss~ Y™ wherem is the pore-size index) assuming the soil texture also has a critical role, affecting several model

a soil water potential off = —1.5 Mpa and—0.03 Mpa, re-  parameters. In the present scheme, it was assumed that the
spectively. soil texture controls the values of soil porosity, the relative
Figure 1 shows some examples of the application ofsaturation at the field capacity and at the wilting point. These
SMAR in a short time series of surface soil moisture mea-last two parameters impact on the minimum value reached
sured in the first 10cm of soil in a dry environment (mea- by thes3gyar @nd the variability of the soil moisture. In par-
surements are taken from the station of Sevilleta, New Mexdicular, the fluctuations of soil moisture increase for lower
ico, US). This preliminary application is used to show the in- values ofsc1. In fact, we observed a continuous reduction in
fluence that different model parameters have on the derivedhe fluctuations moving from sand to sandy clay soil. In this
root-zone soil moisture, namegg, - With this specific last case, the value &f; is so high that it inhibits most of the
aim, we plotted the derived soil moisture in the root zone as-nfiltration in the lower soil layer, and as a consequence soil
suming a different combination of parameters changing thanoisture remains almost constant around the value of wilting
values of the soil water loss coefficient (Fig. 1a); the depthpoint. It is necessary to point out that different soil textures
of the second soil layer (Fig. 1b); and the soil parameters ashave also different permeability, which may affect the value
sociated with different soil textures (Fig. 1c). The function of the soil water loss coefficient, which in the present case
s3svaR IS Obtained via changing the parametgpsand Zp ~ Was kept constant.
in Fig. 1a and b, respectively, while the functions plotted in At this point, the comparison between the proposed pro-
Fig. 1c are obtained assuming different soil textures usingcedure and the SWI method becomes extremely interesting,
the values reported in Table 1. In each plot, the remainingal’ld will be described better and in greater detail in the fol-
parameters have been assumed constant using as refererle@ing section.
values the following set of parametensi =ny = 0.437,
sw2=0.06, sc=0.14, V =2cmday?!, Zry =10cm, and 2.2 Exponential filter
Zrp =100cm. All s3qar time series have been computed
assigning the relative saturation at field capacity as the inidn this study, SMAR was compared with the semi-empirical
tial value. All functions have been plotted assuming as initialapproach (also known as the exponential filter) proposed by
value for the soil moisture in the second soil layer equal toWagner et al. (1999) that has received much attention in the
the field capacity. recent years (e.g. Matgen et al., 2012b; Nied et al., 2013;
This preliminary analysis was useful to understand the roleAlbergel et al., 2013). This approach was derived from the
of each parameter for the soil moisture dynamics. In particu-soil water balance equation assuming that the changes in the
lar, the water loss coefficient produces a shift on the functionsoil water content are controlled by a pseudodiffusivity term
s5svar: Preserving the general pattern with a reduction of that allows both positive and negative fluxes from and to the
the mean value of the soil moisture with the increas®0f  deep layer. These fluxes are all proportional to the relative
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Fig. 1. Examples of application of the SMAR to a time series of surface soil moistyredlative saturation of the first 10 cm of soil) for
different values of soil water lossé8), rooting depth ratiogB), and soil texture¢C). The functions3g,,ag is obtained through changing
only one parameter i(A) and(B) (V and Zk, respectively) and assigning different soil texture§Gh using the soil parameters reported in
Table 1. In each plot, the remaining parameters have been assigned using the following set of reference xzatges 0.437,s,,2 = 0.06,
sc2=0.14, V =2cmday 1, Zry = 10cm, and Z5 = 90 cm (measurements are taken from the station of Sevilleta — 122134, long.
106°41 W; New Mexico, US).

change existing between the surface soil moisture and theursive form)

deeper soil layer.
Following the same notation as has been used above, thgj _ Kj—1 (11)
. . . _ ]_tj—l

soil water balance equation may be written as Kj1+e ( 7 )

an@ = C(s1—52), (9) qnd it ranges between 0 and 1. For the initializa}tion of this
filter, K3 ands; (r1) were set to 1 ansb(t1), respectively.

wherer is the time andC is a pseudodiffusivity coefficient

that depends on the soil properties. This method assumes thdt Data description: in situ observations
the variation of the root-zone soil moisture is linearly related

to the difference between the surface and root-zone soil mois3-1 - The AMMA database

ture. One may immediately realize that the equation contains

only one parameter that is represented’by nZr/C, named The proposed method (SMAR) was tested using field mea-
the characteristic time length. surements at various depths of three sites of the AMMA

This approach leads to the development of an exponentia‘ijatabase- The AMMA Qatabase user interface for accessing
filter that has been extensively used in remote sensing appli©c@l and satellite data is found at AMMA Database (2014).
cations, but with the limitation of a physical interpretation of 1hes€ and other soil moisture products from other projects
the parametef . The root-zone soil moisture can be obtained have been collected in the Intematlonal Soil Moisture Net-
through the knowledge of the surface soil moisture and a paWork (ISMN) database(e.g. Dorigo et al., 2011). The data
rameterT. The recursive formulation of the method relies on S€t presented in this paragraph was downloaded from the

(Albergel et al., 2008) ISMN database. o .
The AMMA programme is an international long-term col-

(10) laboration to study the climatic and environmental feedback
mechanisms involved in the African monsoon, and in some
of its consequences on society and human health. The pro-

wheres; (1;) is the soil moisture of the second layer esti- g.amme, which started in 2004, has developed a network
mated through the exponential filter (usually defined as the

soil water index). The gaii ; at time¢; is given by (in a re- INow routinely available at ISMN (2014).

s3(tj) =55 (1j-1) + K [s1(t;) — 53 (1j-1)]

www.hydrol-earth-syst-sci.net/18/1199/2014/ Hydrol. Earth Syst. Sci., 18, 119212 2014
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of ground-based observation stations over sub-Saharan West| ocm
Africa, and several intensive measurement campaigns (see‘
Redelsperger et al., 2006). In particular, three mesoscale sites-10cm _ g =~ &———r &F——-—-r0
were implemented in Benin (Pellarin et al., 2009b), Mali (de | |
Rosnay et al., 2009), and Niger (Pellarin et al., 2009a), pro- | |
viding a large amount of information on soil moisture and | - |
many other variables. In the present paper, we focused on the -40cm
point measurements taken at the sites of Nalohou-Mid and | |
Nalohou-Top in Benin, Agoufou in Mali, and Wankama and | |
|

Tondikiboro in Niger. The climate conditions of these three _
sites are significantly different in terms of precipitation, rang- ‘-70cm g
ing between 300, 550, and 1200 mmyeafor Mali, Niger, \ |
and Benin, respectively (AMMA-CATCH, 2014). | |

Soil moisture data are collected over the root-zone profile |

at different depths starting from the surface (at 5cm depth) ‘-100cm -
down to 135cm depth. For the scope of the present appli- E{o:s@[n:::::__:?,::::::::::]

cation, the relative saturation values at 5cm depth has been‘ |
adopted as a reference surface measurement, while the rel-
ative saturation over the root profile has been computed av- | |
layer.
For the sake of simplicity, we will first focus on the
Tondikiboro station, which provides six soil moisture mea- Fig. 2. Relative position of the six soil moisture probes installed at
surements over the soil profile starting from 5 cm depth downthe station of Tondikiboro in Niger.
to 135cm. The installation is composed of six water con-
tent reflectometers (CS616 — Campbell Scientific Inc., Lo-
gan, Utah, USA) placed along the soil column with the ge-
ometry schematically described in Fig. 2. Measurements are
taken with two horizontal probes at the depth of 5cm and
with four vertical probes that provide a measure over a soilthe loss function in the present study case. These changes are
layer comparable to the probe length (about 30 cm). plotted in Fig. 4 as a function of the relative saturation at time
The time series of soil moisture measurements is given iry;_; for both the soil moisture at 5 cm depth (Fig. 4a) and for
Fig. 3, where the values of relative saturation for each probehe relative saturation of the lower layer of soil obtained from
are plotted in two panels that provide an overview of the soilthe average of all the probes’ measurements below the first
moisture dynamics at the two sites located in Niger. Thesdayer (Fig. 4b). These graphs have been obtained from the se-
panels provide a complete picture of the temporal dynamicgies of the relative changes of relative saturation of the soil at
of soil moisture over a period of more than 3 years (13 Maytimet; andz;_; excluding all negative values and all positive
2006—-31 December 2009). variations due a rainfall event. Both graphs show a significant
Hourly time series have been aggregated at daily scalecattering that may be due to the seasonality of the process
with the aim to evaluate the acceptability of our simplifying or to rainfall not being detected, but the linear approximation
assumption for the present case study. A preliminary analysiseems a reasonable one.
on the available data was carried out to study the water losses The graphs provide a significant source of information for
using the time series of relative saturation in the first layer ofthe description of soil moisture dynamics describing a first
soil (averaged value obtained from two horizontal probes atapproximation of the soil water loss function with some scat-
5cm depth) and the averaged value of the relative saturatioter. Moreover, the two graphs highlight the different rate of
of soil in the lower portion of soil (10-135cm). These two changes observed at the superficial soil layer with respect to
values are namegd ands,, respectively. The time series con- the rate of change observed over the entire soil profile with
tains some useful information to investigate the actual val-a significant faster drying process in the surface layer. This
ues of soil water losses. In particular, considering the periodesult may be due to a higher root density in the surface layer
soon after a rainfall event the loss rate can be estimated bwith respect to the lower layers and also by the fact that the
the relative changes in the soil moisture or relative saturatiorsurface layer is more influenced by the evaporation process.
from one day to the other. Plotting the relative changes ofThe cloud of points shows that the soil water losses are negli-
soil moisture as a function of the relative saturation of soil atgible when the relative saturation of the soil is below a certain
different depths and for the entire volume of soil investigatedvalue (~0.08). This value may be set as wilting point for the
provides a preliminary description of the shape assumed bysMAR method when this information is available.
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Fig. 3. Time series of the point measurements of the relative saturation of soil at the two stations of the AMMA network Wankama and
Tondikiboro in Niger. Point measurements provide a good description of the soil moisture variations along the soil profile with five or six
measurements at different depths ranging from 5 cm down to 100-135 cm. Data refer to the period 13 May 2006—31 December 2009.

3.2 The SCAN database 0.35
Q)] o

0.3 i
The Soil Climate Analysis Network (SCAN) is composed of o
more than 190 stations located in 40 states of the US cover- _ %[ o SR ]
ing different climatic and physical conditions (e.g. Schaefer jj: 0.2h o o o i
et al., 2007). It represents an excellent database for the de—'ﬁT ° L ° oo ° 3 Re0.771__
scription of the soil moisture and profile under several addi- < 015} ° P el 9009/0 7T
tional climatic conditions. Measurements are collected with ol o © & oo oo g |

. 009 00> 0 o

measuring the dielectric devices at approximately 5, 10, 20,
50, and 100 cm depth. For the scope of the paper, we selected
three of stations in the state of New Mexico, which is char-
acterized by a semiarid climate. The choice was influenced

1
by the opportunity to use the pedological description of the
soil column available for these three sites. Such information
turned out to be extremely useful for the application of the 0.06 o O
presented methodology. 0,05k ®) ° ©  reosss
The stations selected are Adams Ranch #1, Crossroads, °y -
and Willow Wells in New Mexico (US), where continuous . 0.04¢ °5qo o 9‘5/0/ 1
soil moisture measurements are available for a period of ‘I’N oo o O 09,/0’0
about 4-5years. The climatic conditions are quite different o 0.03r o 0%; o . 1
from those of the sites in Africa, where we observed astrong & | 0‘%3) 00 B - &, o ’ |
seasonal fluctuation in rainfall that is reflected in the dynam- ' OO%%%)@ o, % °
ics of soil moisture. In the present case, this seasonality is g1t of o” $og & o |
limited and in general the soil moisture conditions are drier. 3, o
The pedological report available on the web site of SCAN 0z 06 o8 1

allowed for definition of the soil texture characteristics of the

first (the first 10 cm) and the second layer of soil (assumed
equal to the remaining 90 cm). We generally found that theFig. 4.Changes in relative soil saturation as a function of the relative

upper layer has a higher sand content compared to the lowesaturation of the soil in the fir¢f) and second laygB). The graph

soil layer. In fact, the second layer of soil was composed ofhas been derived from the time series of soil moisture at the station
sandy loam in all cases, while the first layer was made ofof Tondikiboro in Niger.
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Fig. 5. Time series of the point measurements of the soil relative saturation at the three stations of the SCAN network considered in the

present study: Adams Ranch ¢4), Crossroad$§B), and Willow Wells(C) in New Mexico, US. Probes provide soil moisture measurements

at depths ranging from 5cm down to 100 cm.

sand at Willow Wells and loamy sand at Adams Ranch #1
and Crossroads.

A preliminary description of the soil moisture measure-
ments is given in Fig. 5, where the relative saturation of soil
at different depths is plotted for these three stations. This plot
provides a complete overview on the variability of the soil
moisture along the soil column.

4 Model application
4.1 Application on the AMMA database

The SMAR approach was applied to soil measurements
available in West Africa, and in particular for the Wankama
and Tondikiboro stations in Niger. These soil moisture
measurements along with the other point measurements
(Nalohou-Mid, Nalohou-Top, and Agoufou) form an excel-
lent database that well describes the soil moisture along the
root-zone profile. According to this, we have used the sur-
face soil moisture measurements at 5cm depth to predict the
soil moisture in the lower layer of the soil, where the relative
saturation is measured at various depths.

SMAR contains in total seven parametesga( sc1, Zr1,
Zry, n1, n2, V») that can be related to physical characteristics
of the soil profile. All of these parameters can be assigned to
four further parameters:( b, sc1, sw2), as explained in the
previous section. In a preliminary application without cali-
bration, we assigned to each of those a value consistent with
the physical characteristics of the site under investigation:

— Parametersy, sc1, n1, andny can be assigned ac-
cording to the soil texture of the site. In particular,

Hydrol. Earth Syst. Sci., 18, 11994212 2014

both sites are characterized by sandy soils, and for
this reason a first approximation for these parameters
can be obtained from values taken from the literature
(see characteristics of sand soil in Table 1). In both
cases, we assigned the following valugg; = 0.06,
sc1=0.14, n1 = 0.437, andny = 0.437. Eventually,

the value ofs,» may also be extrapolated by the graph
of Fig. 4a, but in the present case only parameters
taken from the literature were adopted.

Parametes = V,/ (n2Zr (1 — sy)) is computed based

on the characteristics of the soil and of the climate. In
particular, soil parameters were defined based on the
soil texture of the site under investigation, the depth
of the second layer of soil, Zr was defined accord-
ing to the depth of the deepest probe installed, and,
finally, the value of the soil water loss coefficient was
defined taking into account both the high permeability
of the soil and also the high evapotranspiration losses
observed at these specific sites. Consequently, we as-
signed the following values fon =0.437 — Zp =

120 cm at Wankama and 125 cm at Tondikiboro — and
V was set equal to 20 mmday.

Finally, the parameteb was estimated using Eq. (3)
assuming a depth of 10cm for the first layer of soil
(considering that the probes at 5cm depth are hori-
zontal and provide a description of a volume around
the probe that may be assumed representative of a soil
depth of 10; see Fig. 2) and the second one considered
with a depth equal to the depth of the last probe minus
10 cm for the second one.

www.hydrol-earth-syst-sci.net/18/1199/2014/
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Fig. 6. Comparison between the relative saturation at 5chdnd the averaged value over 100, 130, and 135cm depth, and the filtered
value §5gar — black line) obtained with SMAR for two sites located at Wank#Ajeand TondikibordB), respectively. Results have been
obtained assigning parameters based on the physical characteristics of the study cases.

The results of this preliminary application are given in parameters in the second equation. Nevertheless, it is encour-
Fig. 6, where one can see the good performance of theging from our perspective that the calibration parameters are
method in capturing the trend in the signal of soil mois- very close to those estimated based on the physical informa-
ture in the lower soil layer over a temporal window of 4 tion available (soil texture, potential evapotranspiration, and
years. The graph provides a description of the applicatiorsoil permeability) for the site confirming the physical consis-
of SMAR to the two time series measured in Niger with the tency of the methodology.
parameters assigned as described above. The model repro-More specifically, the result of the application of the two
duces the seasonality of the soil moisture signal very well,procedures for the super sites is given in Fig. 7, where one
with some discrepancies during the transition phases. Corean see the behaviour of the two expressions when applied
relations ofR = 0.88 andR = 0.85 and a root-mean-square to this data set. Apart from the general evaluation of the per-
errors (RMSE) of 0.168 and 0.203 are found for Wankamaformances that are influenced by the different level of com-
and Tondikiboro stations, respectively. plexity of the two schemes, it is interesting to note that the

The same model was also used over several time seriesalibrated parameters of SMAR applied to the three super
available on the AMMA network using the three super sitessites are closely related to the values obtained for the point
(Benin, Niger, and Mali) using the averaged values of rela-measurements. In particular, it can be observed in Table 1
tive saturation estimated from several point measurementghat the parameterg and sy2 seem to be less sensitive to
using all points that provide a complete description of thethe change in scale, while the parameteedsc; display a
root profile, and the averaged values estimated over the threleigher variability at the two analysed scales. In general, the
super sites (Benin, Niger, and Mali). In factThe AMMA calibrated values of the parameters reflect the physical char-
network was built with the specific aim to monitor the av- acteristics of the sites in terms of soil water losses and other

eraged soil moisture over three super sites 0k 2% knr?. characteristics.
These data are particularly useful for shedding light on the
impact of different scales on the use of SMAR. 4.2 Application on the SCAN database

In this case, the model was calibrated for all parameters

USing the RMSE between the averaged relative saturation the SMAR approach was app“ed to soil measurements
the lower layer of soil and the filtered time seriesspbs an  ayailable in New Mexico. Using the same procedure de-
objective function. This calibration procedure was performedscribed above for the AMMA data, we assigned the set of
for both the SWI method (optimizing the paramefgrand  model parameters based on the available information from
SMAR (optimizing the parametets b, sw2, andsc1), obtain-  the site. In this case, we had the advantage of a better de-
ing the results summarized in Table 2. In general, the SMARscription of the soil texture that allowed for differentiating
procedure produced better results in terms of correlation angetween those parameters referring to the first layer and
RMSE, but this is not surprising considering the number ofthose referring to the second one. Following the same scheme

www.hydrol-earth-syst-sci.net/18/1199/2014/ Hydrol. Earth Syst. Sci., 18, 119212 2014



1208

Super Site Benin

S. Manfreda et al.: Predicting root-zone soil moisture using surface data

SMAR: R=0.968, RMSE=0.0648, a:0.0éS, b=0.125, SW2=0A08, Scl=Q"M5 I
SWI: R=0.959, RMSE=0,0 =11 i \
v

Ny
AN

il

0101106 01/01/07 01/01/08

Super Site Mali

17SMAR: R=0.886, RMSE=0.0655, a0.1, b=0.095, 5,,=0.02, 5,=0.0625 ‘
SWI: R=0.892, RMSE=0.0697, T=7

(B) —5

—_— sZSMAR

relative soil saturation [-]

31/12/08

" “\l _M
[ TR

. L ) ' A\ |

01/01/05 01/01/06 01/01/07 01/01/08
Super Site Niger
1 | SMAR: R=0/953, RMSE=0.0530, a=0.0825, b=0.2, sW‘Z:O.OB, 5,,70.225
‘\‘w SWI: R=0.894, RMSE=0.0892, T=8 \“E\,

0.5

0 - — - —
01/01/06 01/01/07 01/01/08 01/01/09

Time [days]

31/12/09

Fig. 7. Comparison between the relative saturation measured at ¢rar{d the averaged value in the second soil layer of dep)hthe
filtered value (g ar) Obtained with SMAR and the filtered value obtained with the exponential filfgrfor three super sites located
respectively in BeniifA), Mali (B), and Niger(C). Results describe the application of SMAR and the exponential filter (SWI) method where

all parameters have been calibrated optimizing the RMSE.

Table 2. Summary of the results of the calibration with the SMAR and SWI methods on the time series of the AMMA database analysed

herein.
a b sw2 Sc1 R(SMAR) RMSE(SMAR) T R (SWI) RMSE (SWI)
[days] [ H [ [days]
Local measurements — Benin
Nalohou-Mid 0.06 0.20 0.06 0.01 0.966 0.0145 4 0.963 0.0545
Nalohou-Top 0.05 0.25 0.08 0.04 0.943 0.0183 12 0.906 0.07203
Mean values 0.06 0.23 0.07 0.03 8
Local measurements — Mali
Agoufou 0.10 0.15 0.02 0.08 0.898 0.0155 28 0.773 0.0456
Local measurements — Niger
Wankama 0.06 0.11 0.10 0.28 0.932 0.089 14 0.911 0.102
Tondikiboro 0.09 0.20 0.10 0.39 0.925 0.104 10 0.897 0.124
Mean values 0.07 0.15 0.10 0.33 12
Averaged values at 25k 25km scale
Super site Benin 0.09 0.13 0.08 0.18 0.968 0.0647 11 0.959 0.08
Super site Mali 0.10 0.10 0.02 0.07 0.885 0.0655 7 0.892 0.069
Super site Niger 0.08 0.20 0.08 0.23 0.951 0.0541 8 0.894 0.0891

adopted in the previous section, we assigned the following
parameters to three considered case studies:

— Soil parameters were assigned based on the soil char-
acteristics of the sites. We assigned the following soil
parameters:

n1 = 0.437, no = 0.453, sc1 = 0.24, s4,2=0.19,
for Adams Ranch #1;

n1=0.437; no = 0.453; sc1 = 0.24, sy2 = 0.19
for Crossroads;

Hydrol. Earth Syst. Sci., 18, 11994212 2014

n1=0.437; np = 0.453; sc1 = 0.14, sy2 = 0.19
for Willow Wells.

— Considering that the potential evapotranspiration and
soil permeability of these sites may produce values of
soil water losses similar to those of the AMMA sites,
we assigned the same valueléf= 20 mmday*. Pa-
rametera was computed using Eq. (2) and adopting
the soil parameters derived from the soil texture.

— The parameteb was estimated using Eg. (3) and as-
suming the first layer of soil of Zr=10cm and the
second one of Zr=90cm.
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Fig. 8. Comparison between the relative saturation of the surface soil ley)ear{d the averaged value over 90cm dep#f), (@nd the filtered
value @;SMAR — black line) obtained with SMAR for three sites located at Adams Ranq®\}{1Crossroad¢B), and Willow Wells(C),
respectively. Results have been obtained assigning parameters based on the physical characteristics of the study area.

The results of this preliminary application are given in the performances that are influenced by the different level
Fig. 8, where one can see the good performance of thef complexity of the two schemes, it is interesting to note
method in capturing the trend of the signal of soil mois- that SMAR produces better results both in term®ofalues
ture in the lower soil layer. The graph provides a descriptionand RMSE. Nevertheless, SMAR fails in the interpretation
of the application of SMAR to the time series measured inof the soil moisture at the station of Los Lunas, where SWI
New Mexico with the parameters assigned. The applicatioralso performed very poorly. This may be due to errors in the
of SMAR without calibration provided encouraging results data or in a limitation of the two procedures. In general, the
that are corroborated by the observed correlation coefficientsalibrated values of the parameters reflect the physical char-
and the RMSE between the observation and the reconstructeatteristics of the sites in terms of soil water losses and other
values of the relative saturation of the second layer of soil. Incharacteristics.
particular, we observed a correlation ®&= 0.89, 0.71, and The analysis presented provides a preliminary comparison
0.73 and a RMSE of 0.053, 0.0328, and 0.0434 for Adamsbetween the two methods, highlighting the good performance
Ranch #1, Crossroads, and Willow Wells stations, respecof SMAR in dry environments. Nevertheless, a more accu-
tively. rate/comprehensive intercomparison between the two mod-

SMAR was also compared with SWI in order to provide a els could be performed using the AIC and BIC methods (e.g.
complementary comparison of the performances of the twoYe et al., 2008) to assess model fit, but would be penalized
methods on a different context. Such comparison was carriethy the number of estimated parameters.
out with a calibration of both models aimed at the minimiza-
tion of the RMSE. The result of the application of the two
procedures is shown in Fig. 9 for the three SCAN sites de5 Conclusions
scribed. Here the performances of the SMAR algorithm pro- ) .
vide an excellent result compared with SWI. Here one may!n this paper, we introduced a new methodology, named
appreciate the performances of the two procedures after caBMAR, for the description of soil moisture in the root zone
ibration. based on the time series of surface soil moisture data. SMAR

In addition to the three mentioned stations, we also conas @ physically consistent structure, with parameters that
sidered four additional stations in New Mexico where the May be estimated from the physical characteristics of the site
soil pedon report was not available. For this reason, thes&inder investigation. Results obtained using as much of the
data were only used for a comparison with SWI. The re-available physical information as possible provided good re-
sults of this application can be found in Table 3 for the soil SUltS.
moisture station of the SCAN network in New Mexico. It ~ The methodology was also applied using measured soil

two significantly different spatial scales. Regarding the point
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1210 S. Manfreda et al.: Predicting root-zone soil moisture using surface data

Adams Ranch #1

1
R=0.922, RMSE=0.0190, a=0.05, b=0.135, s ,=0.25, s ,=0.275 (A)
0.5R=0.606, RMSE=0.0717, T=162 ) |
4}2&; , ' [N ;LMM L
0’\\; T | N NN " SN U N L NS TR
01/01/00 01/01/01 01/01/02 01/01/03 01/01/04
-
5 Crossroads S
s 1 \ \ \ s
5 R=0.705, RMSE=0.0337, 2=0.0925, b=0.19, 5, ,=0.2, 5 ,=0.25 (B) 2
3 R=0.390, RMSE=0.0576, T=213 s,
2 0.5+ ) _ 2
‘S o *
) N i —— - S ae iy — NN LA ———— —— S25mAR
® PP KRN LA ST e . | ] PN IR o S i~ | N ]
>
501}())3/05 01/03/06 01/03/07 01/03/08 01/03/09 01/03/10 01/03/11
&
Willow Wells
1
R=0.809, RMSE=0.0256, a=0.1025, hzb.z, 5,,=0-2,5,=0.1 ! ©)
| R=0.313, RMSE=0.1489, T=500

05 , , :

L~

I N

I~ S
iy < =i o e S

ol oo S

01/03/05 01/03/06 01/03/07 01/03/08 01/03/09
Time [days]

Fig. 9. Comparison between the relative saturation of the surface soil Ispjearfd the averaged value over the first 90 cm of depih (

the filtered values(é‘SMAR) obtained with SMAR and the filtered value obtained with the exponential fil§grfor three sites located at
Adams Ranch #1A), Crossroad¢B), and Willow Wells(C), respectively. Results describe the application of SMAR and the exponential
filter (SWI) method, where all parameters have been calibrated optimizing the RMSE.

Table 3. Summary of the results of the calibration with the SMAR and SWI methods on the time series of the SCAN database.

Station a b sw2 Sc1  R(SMAR) RMSE(SMAR) T R (SWI) RMSE (SWI)
daysy] [ [ [H [days]
Adams Ranch #1 0.05 0.14 0.25 0.28 0.92 0.02 162 0.61 0.07
Alcalde 0.06 0.05 0.23 024 0.91 0.02 43 0.81 0.07
Crossroads 0.09 0.19 0.20 0.25 0.76 0.03 73 0.62 0.05
Jordana Exp. Range 0.05 0.05 0.05 0.01 0.88 0.02 59 0.88 0.04
Los Lunas 0.05 0.20 0.33 0.29 0.36 0.08 500 -0.59 0.19
Sevilleta 0.05 0.17 0.23 0.18 0.81 0.03 500 0.68 0.14
Willow Wells 0.08 0.20 0.20 0.13 0.90 0.02 189 0.45 0.14

measurements, SMAR has been applied using available inlationship, while in the present form the equation provides an
formation in order to infer parameter values. The prelimi- interesting, descriptive functional relationship between two
nary application carried out without the need of calibration variables of extreme interest.

provided a satisfying result both in terms Bfvalues and

RMSE. In order to explore the potential of this new formu-

lation, its performances have been compared with the resultdcknowledgementsThe authors wish to acknowledge Wolfgang
obtained through the simple exponential filter proposed byWagner and the second, anonymous reviewer for their stlmu_latlng
Wagner et al. (1999). Both methods have been used after caf°™ments. Moreover, we are particularly grateful to Thierry
ibration on several time series of the AMMA and the SCAN. ellarin for his v_aluable help in prpwdlng us a_II the necessary data
for the study. Finally, we take this opportunity to remember the

The comparison highlighted that this procedure may proVideco-author Florisa Melone, who sadly passed away on 28 October

some improvements in semiarid environments. Moreover, thep12_ our sole consolation is that we had the honour and privilege
set of parameters obtained from calibration is consistent withsf working with her, but even more the joy of her friendship.

the physical characteristics of the studied area.
The proposed method may be improved by including a soilEdited by: S. Seneviratne
loss function that accounts for the non-linearity of this pro-
cess. This step is straightforward, but will incorporate a sig-
nificant number of additional parameters in the proposed re-
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