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Abstract. A Land Data Assimilation System (LDAS) able
to ingest surface soil moisture (SSM) and Leaf Area Index
(LAI) observations is tested at local scale to increase pre-
diction accuracy for water and carbon fluxes. The ISBA-
A-gs Land Surface Model (LSM) is used together with LAI
and the soil water content observations of a grassland at the
SMOSREX experimental site in southwestern France for a
seven-year period (2001–2007). Three configurations corre-
sponding to contrasted model errors are considered: (1) best
case (BC) simulation with locally observed atmospheric vari-
ables and model parameters, and locally observed SSM and
LAI used in the assimilation, (2) same as (1) but with the
precipitation forcing set to zero, (3) real case (RC) simula-
tion with atmospheric variables and model parameters de-
rived from regional atmospheric analyses and from climato-
logical soil and vegetation properties, respectively. In config-
uration (3) two SSM time series are considered: the observed
SSM using Thetaprobes, and SSM derived from the LEWIS
L-band radiometer located 15m above the ground. Perfor-
mance of the LDAS is examined in the three configurations
described above with either one variable (either SSM or LAI)
or two variables (both SSM and LAI) assimilated. The joint
assimilation of SSM and LAI has a positive impact on the
carbon, water, and heat fluxes. It represents a greater impact
than assimilating one variable (either LAI or SSM). More-
over, the LDAS is able to counterbalance large errors in the
precipitation forcing given as input to the model.

Correspondence to:J.-C. Calvet
(jean-christophe.calvet@meteo.fr)

1 Introduction

Soil moisture is a key variable in short- and medium-range
meteorological modelling as well as in climate and hydro-
logical studies. Over vegetated areas, soil moisture can con-
trol plant transpiration. Continuous land surface processes
such as the evolution of soil moisture, plant transpiration and
soil evaporation can be modelled with Land Surface Mod-
els (LSM). Global Surface Soil Moisture (SSM) products are
now operationally available from microwave spaceborne in-
struments such as ASCAT (Advanced Scatterometer onboard
METOP, Wagner et al., 2007), the Advanced Microwave
Scanning Radiometer for EOS (AMSR-E) sensor (Njoku et
al., 2003, for the official product and Owe et al., 2001, 2008,
for a new retrieval product), or will be available from the
recently launched SMOS (Soil Moisture and Ocean Salin-
ity, ESA/CNES, Kerr et al., 2001, 2007) satellite dedicated
to the observation of the microwave brightness temperature
(TB) at L-band, and from SMAP (Soil Moisture Active Pas-
sive, Entekhabi et al., 2004) which is scheduled for launch
in 2015. While microwave remote sensing provides global
maps of SSM (Schmugge, 1983), combining this informa-
tion with LSM simulations through a Land Data Assimila-
tion System (LDAS) allows the root zone soil moisture (w2)

to be retrieved as demonstrated by several authors (Entekhabi
et al., 1994; Houser et al., 1998; Walker et al., 2001; Ragab,
1995; Sabater et al., 2007). For that purpose, a LSM includ-
ing a representation of a thin topsoil layer consistent with the
remotely sensed parameter is required. The LSM representa-
tion of other biophysical variables observable from space is
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an additional asset, as it permits to better assess and constrain
the simulations.

SSM permits to improve the representation ofw2 which
impacts the partitioning between latent and sensible heat
(Shukla and Mintz, 1982). Similarly, the Leaf Area Index
(LAI) is a key factor that impacts the exchanges of water
vapour and CO2 between the vegetation canopy and the at-
mosphere. It is a vegetation physiological parameter of in-
terest for the simulation of hydrological processes (Jarlan
et al., 2008). The ISBA-Ags model, a CO2-responsive ver-
sion of the ISBA LSM used at Ḿet́eo-France (Calvet et al.,
1998, 2004, 2008; Gibelin et al., 2006) is able to simulate
photosynthesis and plant growth. The simulated vegetation
biomass and LAI evolve dynamically in response to meteo-
rological forcing conditions. As for SSM, the impact of as-
similating LAI in a LDAS has also been investigated (Jarlan
et al., 2008).

In a previous study, Sabater et al. (2008) presented a
joint assimilation of SSM and LAI in ISBA-A-gs at the
SMOSREX experimental site, in southwestern France (De
Rosnay et al., 2006) over the 2001–2004 period. They used
a simplified 2-D-Var assimilation system with a 10-day as-
similation window. They underlined the positive impact of
assimilating SSM and LAI onw2, LAI and biomass model
simulations. Moreover, they showed that the assimilation is
able to compensate for large errors in the precipitation obser-
vations on the forcing used as input to the model.

Following Sabater et al. (2008), the present study focuses
on the assimilation of SSM and LAI into ISBA-A-gs, at the
SMOSREX experimental site. Further steps are made by:

– using a simplified version of an Extended Kalman Filter
(EKF, Mahfouf et al., 2009; Draper et al., 2009) here
noted SEKF, with a short assimilation interval of 24 h
fully compatible with atmospheric assimilation systems
used in numerical weather prediction systems,

– considering a longer period of seven years (2001–
2007) at the SMOSREX experimental site, including all
ranges of climatic conditions,

– imposing contrasted model errors through different
model configurations using observed or synthetic at-
mospheric variables, locally observed or climatological
soil and vegetation properties.

– assimilating, along with direct observations of SSM,
SSM estimates derived from L-band microwave TB
measurements performed at SMOSREX with LEWIS
(L-band radiometer for Estimating Water in Soils),

– using, along with direct observations of LAI, LAI esti-
mates derived from VIS and SWIR reflectance measure-
ments performed at SMOSREX with a reflectancemeter,

– assessing the impact of the assimilation in terms of sur-
face and root zone soil moisture, LAI but also energy

(sensible and latent heat) and CO2 fluxes as the latter
were observed at SMOSREX in 2005, 2006 and 2007,

– analysing the impact on the surface fluxes of assimilat-
ing SSM and LAI, either separately or jointly.

Real case simulations (Sect. 2.1) use atmospheric forcing
data from the SAFRAN analysis (Quintana-Seguı́ et al.,
2008; Habets et al., 2008) over France and either in situ soil
moisture observations or L-band TB derived soil moisture
estimates are considered. As in Sabater et al. (2008), the ro-
bustness of the LDAS is tested using no precipitation condi-
tions throughout the seven year period, i.e.w2 simulations
relying on the assimilation of surface soil moisture, only.
An accurate model of land surface processes is required for
NWP modelling and the use of a LDAS is an adequate man-
ner to correct soil moisture when observations are available.
For other applications (e.g. hydrology or drought monitor-
ing), root-zone soil moisture estimates can be obtained by
applying an exponential filter to the SSM time series. Hence,
along with thew2 analysed by the SEKF in unknown precipi-
tation conditions (i.e. relying on the SSM analysis to retrieve
w2, only), a simple recursive formulation of an exponential
filter (Wagner et al., 1999; Albergel et al., 2008) is evaluated,
where SSM alone is used to retrievew2 variability.

2 Material and methods

2.1 Land surface model: ISBA-A-gs

The ISBA (Interaction between Soil Biosphere and Atmo-
sphere) LSM, developed by Noilhan and Planton (1989)
and further improved by Noilhan and Mahfouf (1996), aims
at describing the surface processes in weather and climate
models. It was implemented into numerical weather fore-
cast models, hydrological models and global climate models.
ISBA describes the evolution of land surface state variables
(surface temperature, soil temperature, surface soil moisture,
root-zone soil moisture and canopy interception reservoir),
together with the surface energy fluxes (sensible, latent and
ground heat fluxes). ISBA-A-gs is a further development of
ISBA able to account for the atmospheric CO2 concentration
on stomatal aperture (Calvet et al., 1998, 2004, 2008; Gibelin
et al., 2006). Also, photosynthesis and its coupling with
stomatal conductance at a leaf level are accounted for. The
vegetation net assimilation of CO2 is estimated and used as
an input to a simple vegetation growth sub-model able to pre-
dict LAI. ISBA-A-gs is able to simulate Gross Primary Pro-
duction (GPP), Net Ecosystem Exchange (NEE), and LAI,
fully consistent with the modelled sensible and latent heat
fluxes, and with soil moisture. ISBA-A-gs has recently been
implemented in the pre-operational modelling platform of
Mét́eo-France, SURFEX (Martin et al., 2007; Le Moigne et
al., 2009). In this study, SURFEX is used “offline” from the
atmospheric model. Three control simulations (also referred
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Table 1. Main soil and vegetation parameters used for the SMOSREX grassland in the ISBA-A-gs model, for the best case (i.e. specific
atmospheric forcing, soil and vegetation parameters of SMOSREX) and real case simulations (i.e. atmospheric forcing from the SAFRAN
analysis, soil and vegetation parameters from SAFRAN and ECOCLIMAP data base).

Parameter Symbol Unit Best case value Real case value

Soil Parameters

Soil depth d2 m 0.95 1.82
Sand content SAND % 32.0 33.25
Clay content CLAY % 22.8 29.25
Field capacity wfc m3 m−3 0.30 (set to) 0.29 (calculated)
Wilting point wwilt m3 m−3 0.17 (set to) 0.20 (calculated)

Vegetation parameters

Mesophyll conductance in well-watered condition gm* mm s−1 0.56 1
Critical extractable soil moisture content θc Dimensionless 0.5 0.3
Soil moisture stress response strategy – – Drought-tolerant Drought-tolerant
Maximum leaf span time τM Days 80 150
Minimum leaf area index LAImin m2 m−2 0.3 0.3
Cuticular conductance gc mm s−1 0.3 0.25
SLA (specific leaf area) sensitivity toNL (leaf nitrogen
concentration)

e m2 kg−1%−1 5.84 5.56

SLA atNL=0 f m2 kg−1 6.32 6.73
Leaf nitrogen concentration NL % of dry mass 1.4 1.3

to as open-loop simulations) with ISBA-A-gs are used: (i) a
“best case” (BC) simulation, using locally observed atmo-
spheric variables with specific soil and vegetation parameters
at the considered SMOSREX site; (ii) same as (i) but with
the precipitation forcing set to zero; and (iii) a “real case”
(RC) simulation, forced with atmospheric variables from the
SAFRAN atmospheric analysis with soil and vegetation pa-
rameters from the ECOCLIMAP global data base of soils and
ecosystems (Masson et al., 2003). In this study, the model
only considers one grid point located at the SMOSREX ex-
perimental site. This is a first stage before developing the
LDAS at larger scales within the SURFEX modelling plat-
form. Open-loop simulations correspond to LDAS simula-
tions with no SSM and LAI values used in the LDAS.

SAFRAN (Syst̀eme d’analyse fournissant des renseigne-
ments atmosph́eriques̀a la neige) is a mesoscale analysis sys-
tem for surface atmospheric variables (Durand et al., 1993).
The SAFRAN analysis provides key atmospheric forcing
variables (precipitation, air temperature, air humidity, wind
speed, incident radiation) using information from more than
1000 meteorological stations and more than 3500 daily rain
gauges throughout France. An optimal interpolation method
is used to spatially interpolate the observations. It was shown
that a good correlation exists between the SAFRAN data
base and independent in situ observations (Quintana-Seguı́
et al., 2008).

The values of the main soil and vegetation parameters used
in the ISBA-A-gs simulations over the SMOSREX grassland

site are presented in Table 1. They are derived from the simu-
lation of Calvet (2000) for the MUREX test site, observations
at SMOSREX, and from Gibelin et al. (2006). Differences
exist between RC and BC parameters. For example, field ca-
pacity and wilting point are fixed to 0.30 and 0.17 m3 m−3,
respectively, for BC, whereas for RC, they are derived from
the clay content observations using the relationships given by
Noilhan and Mahfouf (1996): 0.29 and 0.20 m3 m−3, respec-
tively. One of the main differences between the two sets of
parameters is soil depth, 0.95 m for BC and 1.82 m (provided
by ECOCLIMAP) for RC. However, to obtain comparable
volumetric soil moisture values between the two simulations,
soil depth was set to the unique value of 0.95 m.

2.2 Extended Kalman Filter

The key update equation of the Extended Kalman Filter is:

xt
a= xt

f +BHT(HBHT
+R)−1(yt

o−h(x0
f )) (1)

wherex is a control vector of dimension two (w2, LAI) prop-
agated by the ISBA-A-gs model, andyo the observation vec-
tor of dimension two (SSM, LAI), also. The observation op-
eratorh, is the model counterpart of the observations:

yt
= h(x0) (2)

The “a”, “f” and “o” subscripts denote analysis, forecast and
observation, respectively.B is the background error covari-
ance matrix andR the observation error covariance matrix.
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Sinceh can be non-linear, the Jacobian ofh, H (and its trans-
poseHT) appears in Eq. (1).H is defined as:

Hij =
∂yt

i

∂x0
j

(3)

which gives the following Jacobian matrix:

H =

 ∂SSMt

∂w0
2

∂SSMt

∂LAI 0

∂LAI t

∂w0
2

∂LAI t

∂LAI0

 (4)

The t and 0 superscripts stand for time (t) and for the initial
time (t=0). The initial state at the beginning of an assimila-
tion window is analysed via the information provided by an
observation at the end of the assimilation window (Rüdiger
et al., 2010). In this approach, the increments are applied
at the end of a 1-day assimilation interval which is the main
difference from the “simplified 2-D-Var (2-dimensional vari-
ational data assimilation scheme)” proposed by Balsamo et
al. (2004). The elements of the Jacobian matrix are estimated
by finite differences, by individually perturbing each compo-
nentxj of the control vectorx by a small amountδxj to get
for each integration a column of the matrixH:

Hij =
yi(x +δxj )−yi(x)

δxj

(5)

The background error covariance matrixB is assumed to be
constant at the start of each analysis cycle. Observations are
assimilated over a 24 h interval at 06:00 UTC, this time was
set to mimic the acquisition time of the SMOS satellite. As
the control vector is the liquid part of SSM, to avoid frozen
soil effect, SSM estimates to be assimilated are removed be-
low a simulated surface temperature threshold of 4◦C.

2.3 Recursive exponential filter

In previous studies, Albergel et al. (2008, 2009) assessed the
retrieval ofw2 via a recursive formulation of an exponen-
tial filter of the form exp(−t/T ) relying solely on SSM esti-
mates, to retrievew2 variability. TheT parameter is a charac-
teristic time length, a surrogate parameter taking into account
the different processes that affect the temporal dynamics of
water content in the soil. The considered formulation is pre-
sented in Eqs. (6) to (8). It is a recursive formulation of the
exponential filter of Wagner et al. (1999). The result is a Soil
Water Index (SWI) ranging from 0 to 1.

SWI(n) = SWI(n−1) +Kn(ms(tn)−SWI(n−1)) (6)

where ms is the SSM value normalised between 0 and 1 using
the min and max values of the considered time series. The
gainK at timetn is given by:

Kn =
1

1+

n−1∑
i

e−
(tn−ti )

T

(7)

This gain may also be written in its recursive form as:

Kn =
Kn−1

Kn−1+e−
(tn−tn−1)

T

(8)

The range of the gainK is [0, 1]. In the presence of extensive
temporal data gaps (relative to the filter time scale),K tends
toward unity. In that particular case, the previous estimates
are disregarded when new observations are obtained and the
new estimates take on the value of the new observations. For
the initialisation of the filter,K1=1 and SWI(1)=ms(t1). The
exponential filter does not require any atmospheric forcing
data set and relies on SSM time series, only.

The value ofT used in this study is equal to 11 days. It
corresponds to the value found in Albergel et al. (2008) for
the SMOSREX site, that minimised the difference between
the calculated SWI, using in situ SSM (0–6 cm), and the
SWI derived from the observed soil moisture profile at the
SMOSREX site (see below).

2.4 The SMOSREX experimental site and data set

Located at the ONERA (Office National d’Etudes et de
Recherches Áerospatiales) site of Fauga-Mauzac, near
Toulouse, in southwestern France, the SMOSREX long-term
experiment (De Rosnay et al., 2006) aims at improving the
modelling of the microwave L-band emission of the soil-
vegetation system as well as improving the understanding
of soil-plant-atmosphere interactions. A grassland field is
equipped with an environment monitoring instrumentation
including a weather station with soil moisture profiles, a flux
station, and downward looking remote sensing instruments
at 15 m above the ground. Surface shortwave reflectances
are determined thanks to two CIMEL radiancemeters. Bipo-
larized L-band brightness temperatures are measured by the
LEWIS radiometer. The LEWIS accuracy is 0.2 K and its
beamwidth is 13.5◦ at−3 dB. A full technical description of
LEWIS can be found in Lemaı̂tre et al. (2004). Net radiation
(Rn) has been measured at SMOSREX since 2001 at half
hourly time steps. Sensible heat (H), latent heat (LE), and
CO2 fluxes have been measured since 2005. The flux mea-
surements are performed through the eddy covariance mi-
crometeorological method (Moncrieff et al., 1997; Aubinet
et al., 2000) and data have been available since 2005. The
CO2, H and LE fluxes observed at SMOSREX were found to
correlate well with the ISBA-A-gs simulations (Albergel et
al., 2010).

At SMOSREX, all the atmospheric forcing variables re-
quired to run ISBA-A-gs are measured, i.e. half-hourly ob-
servations of atmospheric pressure, air relative humidity, air
temperature, long wave and short wave incident radiation,
rain rate and wind speed. Also, hourly estimates of the
same atmospheric variables are available from the SAFRAN
mesoscale atmospheric analysis system (Durand et al., 1993;
Quintana-Segúı et al., 2008). SAFRAN covers France at a
spatial resolution of 8 km.
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Fig. 1. Observed vs. retrieved SSM from brightness temperature measurements at SMOSREX for each year of the 2003–2007 period. RMSE
values are expressed in units of m3 m−3.

2.4.1 Soil moisture

Soil moisture was measured by ThetaProbes (Delta-T De-
vices) at ten depths, 0–6 (inserted vertically), 10, 20, 30, 40,
50, 60, 70, 80, 90 cm (inserted horizontally at their respec-
tive depth) with an half hourly time step since January 2001.
From those measurements it is possible to estimate the root-
zone soil moisture contentw2 (m3 m−3), integrated over the
root-zone profile (0–95 cm). A depth of 0.95 m is used for
both RC and BC simulations, in order to use the soil moisture
observations for verification. The root biomass was not mea-
sured at SMOSREX. Over the grassland of the MUREX site,
located in the same region as SMOSREX, most roots were
found in the 0.25 m surface soil layer and few roots were ob-
served in deeper layers, down to 0.70 m (Calvet et al., 1999).
It must be noted that, in this study, a simple force-restore
version of the model hydrology is used. In fact,w2 repre-
sents the volumetric soil moisture of a single soil layer (0–
0.95 m) including the root-zone and deeper layers contribut-
ing to the evapotranspiration flux through capillarity rises.
As at SMOSREX, soil moisture is observed from the surface
(0–6 cm) and each 0.1 m until almost one meter, using ad2
value of 0.95 m in the ISBA-A-gs model permits to compare
the modelledw2 with the observedw2 values.

Three profiles were used to determine the root zone soil
moisture. At the surface, four probes were vertically installed
at four different locations of the study area and the average
value of these observations used as an estimate of SSM. In
this study, the SSM values used in the assimilation are the
average surface soil moisture (0–6 cm) observed from Jan-

uary 2001 to December 2007 from those four probes. Half-
hourly SSM observations are available. However, in order
to mimic the frequency of satellite derived SSM only one
SSM observation is assimilated every 3 days at 06:00 UTC.
For the first year (2001) of SMOSREX, Sabater et al. (2007),
found average daily standard deviation of SSM andw2 of σ

(SSM)=0.03 m3 m−3 andσ(w2)=0.02 m3 m−3, respectively.
The SSM resulting from the inversion of the L-band TB

measured by LEWIS is available from 2003 to 2007. Over
this period, the RMSE (root mean square error) between this
data set and the in situ SSM is about 0.06 m3 m−3. The
LEWIS TB is used to retrieve SSM by inverting the L-band
microwave emission model of the biosphere (LMEB) radia-
tive transfer model (Wigneron et al., 2007), using a method
based on Saleh et al. (2007). Figure 1 presents, for each year
of the 2003–2007 period, a comparison between the in situ
SSM and the TB-derived SSM. There is no clear explanation
for the year to year score of the TB-derived SSM. However,
it can be noted that the highestr2 scores are found for 2003,
2005 and 2006, which were marked by significant summer
droughts in southwestern France, as opposed to 2004 and
2007. This could be caused by the litter effect on the L-band
TB measured at SMOSREX, described in Saleh et al. (2007).
Indeed, the dead vegetation material tends to intercept and
accumulate rainwater, thus attenuating the soil emission. It
is likely that this effect is more pronounced during wet years
(more intercepted water and more vegetation material due to
enhanced net primary production, as shown by Albergel et
al., 2010).
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2.4.2 LAI from surface reflectance measurements

The incoming (downward) solar radiation at several wave-
lengths and the (upward) luminance reflected by the grass-
land at a 40◦ incidence angle, are measured over the grass-
land using two CIMEL radiancemeters, from July 2003 to
December 2007. From those measurements, it is possible to
determine the surface reflectance at five wave-lengths, from
the visible to the short-wave infrared (blue: 430–470 nm,
green: 506.5–591.5 nm, red: 621.5–674.5 nm, near infrared:
792–883 nm and short-wave infrared: 1557.7–1722.5 nm).
A method developed by Roujean and Lacaze (2002) per-
mits to produce LAI estimates, from the surface reflectances.
Also, manual destructive measurements of the vegetation
characteristics such as height, biomass, dry mater, water con-
tent and LAI were frequently performed at SMOSREX from
2001 to 2006. In a previous study using a 2-D-Var assimi-
lation method with ISBA-A-gs over SMOSREX, Sabater et
al. (2008), used a spline function to interpolate the observed
LAI over the 2001–2004 period in order to assimilate an ob-
servation every 10 days. Because surface reflectance is avail-
able from July 2003, the same LAI as the one described in
Sabater et al. (2008) is used from January 2001 to July 2003.
In this study, one LAI observation every 10 days is used,
which is close to availability of satellite derived LAI prod-
ucts.

2.5 Setting observational and background errors

The description of the error matrices is a key aspect of data
assimilation. Their accurate specification is a major issue
in the implementation of a LDAS (Crow and Reichle, 2008;
Reichle et al., 2008). The correction of the system state de-
pends on the background and observation errors prescription.
The observational error for SSM,RSSM, was set to 0.062

(m3 m−3)2 and the background error forw2, Bw2 set to 0.022

(m3 m−3)2, following the finding of Sabater et al. (2008).
Despite of the 0.03 m3 m−3 standard deviation value derived
from SSM automatic measurements, they found that dou-
bling this value was more appropriate. This is consistent with
the estimated error found for the ASCAT remotely sensed
SSM (Albergel et al., 2009). In both Sabater et al. (2008) and
Jarlan et al. (2008), the observational LAI error was fixed at
a value of 1 m2 m−2. As this value was found by Jarlan et
al. (2008) to be too high during periods with low vegeta-
tion (from the end of summer to spring), they used a LAI
background error (LAI) varying seasonally with LAI, by set-
ting BLAI to 20% of the modelled LAI. In this study, it was
decided to use this relative error of 20% for bothRLAI and
BLAI , as suggested by Rüdiger et al. (2010). WhereasRLAI
and BLAI are fixed for the three configurations considered
in this study (BC, BC+0 precipitation, RC), different values
are taken forRSSM andBw2. In order to illustrate the im-
pact of the error statistics on the performance of the LDAS,
a BC+0 precipitation configuration is evaluated. A higher

background error onw2, more consistent with the degraded
performance of the model in the BC+0 precipitation config-
uration, is prescribed (Bw2=0.062 (m3 m−3)2). Prescribing
high background errors gives more weight to the SSM ob-
servations and will allow the LDAS to retrieve the main sea-
sonal characteristics ofw2. In the same way, when consid-
ering the RC simulation, it can be assumed that the model
error is higher than for BC. Hence, after running the LDAS
with assimilation of both LAI and SSM for several values of
Bw2 (not shown), it was found thatBw2=0.0222 (m3 m−3)2

optimised the LDAS performance. Finally, the assimilation
of TB-derived SSM in the RC simulation (instead of in situ
observations) has to consider a higherRSSM value, as TB-
derived SSM is less accurate than in situ observations. A
value ofRSSM=0.0622 (m3 m−3)2 is obtained. Table 2 sum-
marizes all the different error statistics used in this study.

2.6 Computing statistical scores

The impact of assimilating LAI and SSM is examined for
each individual year and for the whole period by comparing
observed variables (w2, LAI, the CO2 flux, LE and H) to
the open loop simulation, and to the analysis. A number of
scores are computed: the squared correlation coefficient (r2),
the mean bias, and the RMSE. When considering LAI, SSM
andw2 time series, the Nash-Sutcliffe criterion (N) is also
computed:

N = 1−

∑
i

(obs(i)−xa (i))2

∑
i

(
xa(i)−xa(i)

)2
(9)

whereN can range from−∞ to 1. A value of 1 corresponds
to a perfect match between modelled and observed data. A
value of 0 indicates that the model predictions are as accurate
as using the mean of the observed data, whereas negative
values occur if the observed mean is a better predictor than
the model output (Nash and Sutcliffe, 1970).

3 Results

3.1 Open loop simulations and SSM data processing

Figure 2 presents the open-loop simulation ofw2 for both BC
and RC along with the observations. The LDAS used in this
study is not coupled with the atmosphere and no air tempera-
ture and air humidity observations are assimilated. In Fig. 2,
the LDAS is used in a configuration where no SSM or LAI
values are used in the assimilation. The BCw2 values are
closer to the observations (statistical scores are presented in
Table 3). The differences between BC and RC simulations
are due to different soil and vegetation characteristics (Ta-
ble 1) and to differences in the atmospheric forcing. In partic-
ular, while field capacity and wilting point values are derived
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Fig. 2. Observed (green dots) vs. simulatedw2 using the ISBA-A-gs model in two configurations: (i) Best case, i.e. specific atmospheric
forcing, soil and vegetation parameters of SMOSREX (black line) and (ii) Real case i.e. atmospheric forcing from the SAFRAN analysis
with soil and vegetation parameters from SAFRAN and ECOCLIMAP data base (red line).
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Fig. 3. Rescaling of the observed surface soil moisture data set to the real-case (RC) model simulations by matching its Cumulative Distribu-
tion Function (CDF) to the simulations of ISBA-A-gs. A polynomial fit (of third order) is used to remove the systematic differences between
the two data set (red curve in left graph).

from observations in BC, they are derived from the ECO-
CLIMAP look-up table in RC. Despite the different annual
amplitude of the BC and RCw2 simulations, the impact of
the weather variability onw2 is reproduced reasonably well
in the RC simulation based on SAFRAN.

In the context of the assimilation of soil moisture data, the
considered observations need to be re-scaled to be consis-
tent with the model climatology (Reichle and Koster, 2004;
Drusch et al., 2005). Each soil moisture data set is char-
acterized by its specific mean value, variability and dynam-
ical range. ISBA-A-gs has its own soil moisture climatol-
ogy with a specific dynamical range controlled by the values
at wilting point and field capacity. Following Reichle and
Koster (2004) and Drusch et al. (2005), the observed SSM
was re-scaled by matching its Cumulative Distribution Func-
tion (CDF) to the modelled surface soil moisture of ISBA-
A-gs so that the systematic differences are removed. The
CDF matching was performed for BC and for RC simula-
tions. From a technical point of view, the two SSM data
sets (observed and modelled) are ranked and the differences
between the corresponding elements of the two ranked data
sets are computed (Draper et al., 2009). Then a polynomial
fit (of third order) is used to remove the systematic differ-
ences between the two data sets. Figure 3 illustrates this

methodology: Fig. 3 (left) presents the differences between
the modelled (Best Case, configuration 1) and the observed
SSM as a function of the observed SSM and a polynomial
curve is used to re-scale the data set; Fig. 3 (right) presents
the CDF of modelled (Best Case, configuration 1), observed
and rescaled SSM data sets. Note that a specific CDF match-
ing was performed for the best case and for the real case
considering either observed SSM and TB-derived SSM. The
implementation of the CDF matching technique is a critical
issue. The use of a training period to calibrate the CDF poly-
nomial was tested (using the first year, 2001, only). How-
ever, 2001 was not representative of the longer time series
(2001–2007) and the resulting CDF matching failed to re-
move the systematic differences between observations and
simulations. The whole 2001–2007 period was considered
to perform the matching. Most of previous studies using this
technique have applied it in a similar way. Indeed, in satellite
applications, data may be scarce for the first months/years
and it may be impossible to use independent data.

3.2 Best case LDAS

First the impact of assimilating LAI or SSM, either sepa-
rately or jointly, was assessed. Table 3 presents the statistical
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Table 2. Observational and model error values (R andB, respectively) for the different experiments considered in this study. The values
RLAI andBLAI are relative (%) to the actual observation or model value of LAI.

Configuration RSSM (m3 m−3)2 B w2(m3 m−3)2 RLAI andBLAI (%)

BC 0.0602 0.0202 20
BC, no precipitation 0.0602 0.0602 20
RC 0.0602 0.0222 20
RC+assimilation of TB-derived SSM 0.0622 0.0222 20

Fig. 4. Data assimilation system (LDAS) vs. open-loop best case (BC) simulations and observations over the SMOSREX experimental site
for a seven year period (2001–2007). From top to bottom, SSM,w2 and LAI with Black curve for the BC (i.e. specific atmospheric forcing,
soil and vegetation parameters of SMOSREX), red line for the analysis (results of the assimilation) and the green dots for the observations.

scores for the different BC simulations: the reference open-
loop simulation, and the simulations constrained by LAI
only, SSM only, and LAI jointly with SSM. For each sim-
ulation, scores on SSM,w2, LAI, and on the CO2 flux, H
and LE are presented for the whole considered period (2001–
2007 for SSM,w2, LAI and 2005–2007 for the CO2 flux, H
and LE as these observations are available only from 2005
onwards). Table 3 shows that the open-loop ISBA-A-gs BC

simulation, already presents skilful statistical scores for most
variables, apart from LAI (negative value ofN). The assimi-
lation of SSM and LAI observations permits to increase these
scores.

Assimilating LAI only (one observation every ten days)
has a small impact on SSM,w2 and energy fluxes. How-
ever, it has an impact on the LAI itself, increasingr2 from
0.21 to 0.80 andN from −0.22 to 0.74, also reducing the
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Table 3. Model and LDAS scores (squared correlation coefficient, mean bias, root mean square error (RMSE) and Nash-Sutcliffe criterion
N ) on state variables (SSM,w2 and LAI) and surface fluxes (CO2 flux, H and LE) for the SMOSREX grassland, in “best case” and “real
case” configurations. Note thatN is not calculated for the CO2 flux, H and LE.

r2 bias RMSE N

Best case

Open-loop

SSM 0.69 0.03 0.06 0.61
w2 0.91 0.004 0.02 0.90
LAI 0.21 0.18 0.88 −0.22
CO2 0.59 −2.15 3.80 /

H 0.79 −8.95 44.15 /
LE 0.64 −2.50 42.35 /

Assimilation LAI only

SSM 0.69 0.03 0.07 0.60
w2 0.91 0.005 0.02 0.90
LAI 0.80 0.20 0.41 0.74
CO2 0.62 −1.84 3.53 /

H 0.77 −8.46 44.50 /
LE 0.62 0.37 43.25 /

Assimilation SSM only

SSM 0.73 0.02 0.06 0.67
w2 0.93 0.001 0.02 0.93
LAI 0.16 0.07 0.98 −0.51
CO2 0.61 −1.80 3.45 /

H 0.79 −6.64 42.10 /
LE 0.69 −1.40 41.02 /

Assimilation SSM and LAI

SSM 0.73 0.02 0.06 0.67
w2 0.94 0.001 0.02 0.94
LAI 0.81 0.18 0.39 0.76
CO2 0.65 −1.61 3.23 /

H 0.79 −6.37 42.53 /
LE 0.65 −2.53 42.85 /

Real case

SSM 0.64 0.70* −0.001−0.009* 0.06 0.06* 0.64 0.68*
Open-loop w2 0.77 0.77* −0.02−0.03* 0.04 0.04* 0.57 0.50*
2001–2007 (left) LAI 0.23 0.25* −0.06 0.25* 0.89 0.80* −0.25−0.25*
2003–2007 (right) CO2 0.37 −1.36 3.84 /

H 0.53 −0.27 66.83 /
LE 0.52 −5.48 53.05 /

SSM 0.66 0.71* −0.001−0.007* 0.06 0.06* 0.66 0.70*
Assimilation SSM and LAI w2 0.81 0.82* −0.02−0.02* 0.03 0.04* 0.66 0.63*
2001–2007 (left) LAI 0.80 0.73* 0.12 0.22* 0.38 0.44* 0.77 0.62*
2003–2007 (right) CO2 0.42 −1.30 3.69 /

H 0.54 −0.23 65.99 /
LE 0.51 −5.35 53.68 /

Assimilation TB-derived SSM and LAI (*)

SSM 0.70 −0.009 0.06 0.69
w2 0.77 −0.030 0.04 0.53
LAI 0.75 0.19 0.40 0.68
CO2 0.40 −1.35 3.76 /

H 0.54 −1.38 67.04 /
LE 0.48 −3.97 53.08 /

Note that the considered period is 2001–2007 for SSM,w2 and LAI, and 2005–2007 for the CO2 flux, H and LE. Bias and RMSE are in
units of m3 m−3 for SSM andw2, m2 m−2 for LAI, µmol m−2 s−1 for CO2 flux, and W m−2 for H and LE. (*) indicates that for SSM,w2
and LAI, the considered period is 2003–2005.
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Fig. 5. Analysed (top) root-zone soil moisture and (bottom) LAI, vs. open-loop best case (BC) simulations for the year 2003. Black line is

for the BC, red line for the analysis. The∂LAI t
/

∂w0
2

Jacobian is represented by the black dots and the fine lines.

RMSE from 0.88 to 0.41 m2 m−2. Assimilating LAI only
has a positive impact on CO2 flux with r2 increasing from
0.59 to 0.62, and mean bias and RMSE dropping from−2.15
to −1.84 µmol m−2 s−1 and from 3.80 to 3.53 µmol m−2 s−1,
respectively. In a previous study, Brut et al. (2009) found
that the optimal temperature used in ISBA-A-gs may be too
high for C3 grasslands, resulting in a delay in the simulated
leaf onset. A similar difference in temperature response was
found by Albergel et al. (2010) for the SMOSREX grassland.
Indeed, for the years 2004 to 2007, the BC open-loop sim-
ulation presents delayed leaf onsets while the assimilation
of LAI measurements tends to increase LAI at springtime.
Assimilating SSM only (one observation every 3 days), im-
proves the scores on SSM itself (N increases from 0.61 to
0.67),w2 (N increases from 0.90 to 0.93) but also on LE (r2

increases from 0.64 to 0.69, and mean bias and RMSE drop
from 2.50 to 1.40 W m−2 and from 42.35 to 41.02 W m−2,
respectively, see Table 3).

Figure 4 presents the BC simulations, open-loop and anal-
ysis with the joint assimilation of SSM and LAI. The SSM,
w2 and LAI variables, either simulated or observed, are
shown for the 2001–2007 period. It is easy to appreci-
ate the positive impact of the assimilation on LAI. The
w2 is markedly improved at different periods, e.g. August–
September 2001 and January–March 2006 among others.
The assimilation of both SSM and LAI leads to an overall
improvement of all the scores, excepted for H where the cor-
relation remains at the same level (r2=0.79). Forw2, r2 and
N increase from 0.91 to 0.94 and from 0.90 to 0.94, respec-
tively. Concerningw2 and the CO2 flux, it is important to
note that the best scores are obtained when SSM and LAI are
assimilated jointly. For the CO2 flux, r2 increases from 0.59
to 0.65, againstr2=0.62 with the LAI-only assimilation and
0.61 with the SSM-only assimilation. The same behaviour is

observed withw2, whereN rises from 0.90 to 0.94 with the
joint assimilation, as compared toN=0.90 andN=0.93 for
LAI-only and SSM-only assimilations, respectively. How-
ever, for LE, the SSM-only assimilation leads to a better re-
sult, with r2=0.69 againstr2=0.65 for the joint assimilation.
The scores presented in Table 3 show results for multi-annual
time series. In the study performed by Sabater et al. (2008),
the covariance terms in Eq. (4) are set to 0. It is not the
case in this study, it possible to appreciate new Jacobians

(∂SSMt/
∂LAI 0 and∂LAI t/

∂w0
2
). The former is presented

in Fig. 5. The Jacobians are governed by the physic of the
model which may trigger non-linearities closed to threshold
value. Whenw2 is close to the wilting point (0.17 m3 m−3),
there can be a strong sensitivity of LAI tow2. In Fig. 5 ,
the year 2003 is presented. In June, a severe drought induces
w2 values lower than wilting point and a strong sensitivity of
LAI to w2. Some variability is also observed in September
and October whenw2 is close to wilting point. The LDAS
can exploit this sensitivity in order to fit LAI observations
through a modification ofw2.

3.3 Best case LDAS with zero precipitation

In this section, the robustness of the assimilation scheme is
tested in a configuration where no information on precipita-
tion is available (i.e. precipitation values set to 0). For the
SMOSREX site, all the required meteorological data used to
run ISBA-A-gs are observed in situ, and constitute the best
atmospheric forcing one may use. However, such conditions
are rarely reached at large scale. In order to test the resilience
of the LDAS to the quality of the atmospheric forcing, the
same experiment as above was performed with no precip-
itation over the entire period. This is a way to verify the
ability of the LDAS to restore the overall behaviour ofw2
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Fig. 6. Same as Fig. 4, except for precipitation set to 0 and SEKF model error multiplied by 3.

Table 4. Exponential filter and best case, no-precipitation LDAS scores (squared correlation coefficient, mean bias, root mean square error
(RMSE) and Nash-Sutcliffe criterion (N )) on SWI andw2, respectively, for the SMOSREX grassland, from 2001 to 2007. For the LDAS,
scores are given with and without the assimilation of LAI.

r2 bias (m3 m−3) or (m3 m−3) RMSE (m3 m−3) or (m3 m−3) N

and [–] for filtering method and [–] for filtering method

SSM only 0.86 −0.0003 0.02 0.85
SSM and LAI 0.84 −0.0002 0.02 0.84
Exponential Filter 0.84 −0.001;−0.03 0.015; 0.11 0.84

Note that the considered period is 2001–2007. Bias and RMSE values for SWI andw2, are dimensionless and in units of m3 m−3, respec-
tively. In units of m2 m−2 for LAI, µmol m−2 s−1 for CO2 flux, and W m−2 for H and LE.

and SSM (Sabater et al., 2008). Figure 6 presents the result
of the assimilation of SSM and LAI, without precipitation
in the forcing. In order to account for the degraded perfor-
mance of the model, a high value ofBw2 is prescribed (see
Sect. 2.5). Table 4 underlines the capability of the LDAS to
analysew2 in this configuration. The root-zone soil moisture
produced by the new analysis matches well with the obser-
vations, and the seasonal trend is still represented. Indeed,

the use of a low background error (low with respect to the
observational error), produces an analysis very close to the
open loop and there is no seasonal cycle inw2. Without
assimilating SSM, values ofw2 decrease below the wilting
point (0.17 m3 m−3) in a few months. Then,w2 decreases
slowly down to 0. Plant growth is possible during the spring
of 2001 because the simulation is initialised at field capac-
ity in wintertime. Then, LAI decreases to the prescribed
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minimal value of 0.3 m2 m−2. The minimum LAI allows
non-stomatal evaporation, permittingw2 to reach slowly the
0 value. In Sabater et al. (2008) this is not possible as
the cuticular conductance is set to 0 m s−1. In this paper a
value of 3×10−4 m s−1 is used (BC) and non-stomatal evap-
oration is accounted for. Figure 6 shows that the advan-
tage of the LDAS over the open-loop BC is considerable,
and that the lack of knowledge on the precipitation forc-
ing is compensated, to some extent, by the assimilation. In
this configuration, the LDAS scores when assimilating SSM
only are: r2=0.86, bias and RMSE values of−0.0003 and
0.02 m3 m−3, respectively, andN=0.85 (Table 4). In the
joint SSM and LAI assimilation LDAS, very similar scores
are obtained. In terms of water budget, the quantity of pre-
cipitation removed from the system when considering a no
precipitation case should be replaced by the analysis. Over
the 2001–2007 period, 4067 mm of rain are observed and the
quantity of water added by the analysis is about 4085 mm.
In Fig. 6 (top), non-zero SSM values in the open-loop zero-
precipitation simulation are caused by dew deposition gener-
ated by the model. The rather strong impact of dew on the
simulated SSM is caused by the very thin top soil layer rep-
resented by the model (in this study, a simple force-restore
version of the model hydrology is used).

It is interesting to note that, considering no precipitation,
the LDAS relies on SSM to retrieve the root zone soil mois-
ture. Results of the LDAS can be used to improve initialisa-
tion of soil moisture in NWP models. However for some hy-
drological applications where soil moisture is the only vari-
able of interest, this configuration can be compared to the
simple filtering method presented in Sect. 2.3, based on SSM
observations, only. When Eq. (6) is applied to the same
SSM data set as previously used by the LDAS (one obser-
vation every three days), SWI values are retrieved and can
be compared to thew2 observations (normalised between
[0–1] using the min and max of the time series to be com-
pared to the SWI). The results are presented in Fig. 7 and
Table 4. Scores similar to those of the LDAS are found:
r2=0.84, bias and RMSE values of−0.03 and 0.11, respec-
tively, andN=0.84. When these errors are rescaled using
the wilting point and field capacity values used in the model,
the following scores are obtained, bias=−0.001 m3 m−3 and
RMSE=0.015 m3 m−3. Even if LDAS and the exponential
filter concern different applications, it is showed that this
simple technique is helpful to retrieve the root-zone soil
moisture variations in areas where surface soil moisture (e.g.
estimated from remote sensing) is the only data available.

3.4 Real case LDAS

3.4.1 Assimilating LAI and SSM

In the previous section, the robustness of the system was
tested by greatly decreasing the quality of the atmospheric
forcing. In this section, less accurate input parameters and

variables are used, in order to assess a configuration closer
to operational conditions (real case, or RC experiment). In
RC, as previously discussed, the atmospheric forcing from
the SAFRAN analysis, soil and vegetation parameters from
ECOCLIMAP (Table 1) are used to run ISBA-A-gs over
the SMOSREX site. The assimilation of either observed
LAI and SSM or SSM only is also performed. As previ-
ously noted, the assimilation permits to increase the statisti-
cal scores (see Table 3). For SSM andw2, bias and RMSE
scores between open-loop and LDAS are the same, but the
LDAS r2 andN are higher. For SSM, ther2 score increases
from 0.64 to 0.66, andN from 0.64 to 0.66. Forw2, r2 in-
creases from 0.77 to 0.81, andN from 0.57 to 0.66. For
LAI, it is easy to appreciate the added value of the assimi-
lation: r2, bias, RMSE andN scores change from 0.23 to
0.80,−0.06 to 0.12 m2 m−2, 0.89 to 0.38 m2 m−2 and−0.25
to 0.77, respectively (Table 3). The main differences between
the open-loop, BC and RC consist of the level reached byw2
during the summer period (see Fig. 2). This is due to differ-
ences in clay and sand fractions, as well as in wilting point
and field capacity values.

3.4.2 Assimilating soil moisture from TB

In the previous sections, direct in situ observations of SSM
were used. A further step is the assimilation of SSM data de-
rived from the inversion of the L-band TB measured by the
LEWIS radiometer, resulting in a new five-year SSM data
set. As LEWIS data are available from 2003 to 2007, only
this period is now considered (without the first two years pre-
viously included). The statistical scores for the entire 2003–
2007 period are presented in Table 3, for the open-loop RC
and for the joint assimilation of the TB-derived SSM and
LAI. Table 5 summarizes the yearly LDAS scores for SSM,
w2 and LAI. In 2005 and 2007, the assimilation does not
increase the quality of the results (forw2, r2 drops from
0.78 to 0.75 and from 0.72 to 0.62, respectively). It can
be noted in Fig. 1 that while the RMSE between SSM and
the TB-derived SSM is about 0.04 m3 m−3 in 2003, 2004,
and 2006, it presents higher values in 2005 and 2007 (0.06
and 0.07 m3 m−3, respectively). This can explain the lower
LDAS scores for those two years. For those specific years,
greater observational errors should have increased statistical
scores.

4 Discussion

The LDAS is first tested over the SMOSREX experimental
site in optimal modelling conditions (observed atmospheric
forcing and biophysical parameters) over a seven year pe-
riod (2001–2007). This permits to demonstrate the potential
of assimilating SSM and LAI, either separately or jointly.
The joint assimilation of LAI and SSM tends to give the best
scores for all the variables, including carbon fluxes, H and
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Fig. 7. SWI retrieval using the recursive formulation of the exponential filter over the 2001–2007 period. The observed SWI is in green and
the retrieved is in red using the same data set as for the data assimilation.

Table 5. Yearly model open-loop and LDAS scores (squared correlation coefficient, mean bias, root mean square error (RMSE) and Nash-
Sutcliffe criterionN ) on state variables (SSM,w2 and LAI) for the SMOSREX grassland, in the “real case” configuration with L-band
radiometry derived SSM estimates.

2003 2004 2005 2006 2007
open-loop analysis open-loop analysis open-loop analysis open-loop analysis open-loop analysis

SSM

r2 0.69 0.69 0.74 0.73 0.79 0.79 0.69 0.71 0.60 0.57

(m3 m−3)

bias (m3 m−3) −0.03 −0.03 −0.001 0.001 0.001 0.003 −0.002 −0.0008 −0.011 −0.016
RMSE (m3 m−3) 0.06 0.06 0.06 0.06 0.04 0.04 0.06 0.06 0.06 0.06

N 0.61 0.61 0.72 0.72 0.78 0.78 0.68 0.70 0.58 0.53

w2

r2 0.77 0.82 0.90 0.90 0.78 0.75 0.70 0.79 0.72 0.62

(m3 m−3)

bias (m3 m−3) −0.02 −0.01 −0.02 −0.02 −0.02 −0.02 −0.04 −0.04 −0.03 −0.04
RMSE (m3 m−3) 0.03 0.03 0.04 0.03 0.04 0.03 0.05 0.05 0.04 0.05

N 0.65 0.71 0.67 0.75 0.51 0.56 0.22 0.31 0.25 −0.02

LAI

r2 0.01 0.72 0.09 0.80 0.43 0.76 0.79 0.89 0.51 0.76

(m2 m−2)

bias (m2 m−2) 0.26 0.32 0.35 0.19 0.28 0.17 0.28 0.09 0.08 0.13
RMSE (m2 m−2) 1.05 0.58 0.81 0.33 0.59 0.32 0.48 0.27 0.88 0.39

N −0.41 0.55 −0.81 0.68 −0.15 0.65 0.61 0.87 −1.17 0.57

LE (Table 3). The same experiment using a lower-quality at-
mospheric forcing and generic biophysical parameters, also
displays a good performance, but to a lesser degree. It is
also shown that large errors on precipitation can be counter-
balanced, to some extent, by the assimilation system. The
motivation for focusing on precipitation is that this meteo-
rological variable is generally more difficult to monitor in
data-poor areas. Table 4 shows, that a simple exponential fil-
ter deriving SWI information from SSM times series is also
of interest for derivingw2 variability. The simple exponen-
tial filter produces a proxy of the root-zone soil moisture, but
has not the LDAS capacity of monitoring the surface fluxes
and the vegetation biomass. The two techniques may be com-
plementary as both SSM and SWI will be soon operationally
available. The assimilation of SWI by the LDAS, instead
of SSM, is being investigated. In applications focussing on
SWI only, this very simple method might be a good alter-
native to LDAS, especially in areas where the availability of
in situ observations of atmospheric variables (especially pre-
cipitation) or on soil characteristics is poor. The rationale for
using a SWI instead of volumetric root zone soil moisture

is that over large areas the variability of soil properties may
be very high and may not be represented accurately. In this
context only the relative dynamical range of the soil water
content can be represented (Rüdiger et al., 2009).

The assimilation of a SSM data set derived from the inver-
sion of observed L-band brightness temperatures shows that
the result of the assimilation depends on the accuracy of the
SSM retrievals, which is found to vary from year to year. The
assimilation of TB-derived SSM (jointly with LAI) leads to
lower scores over the 2003–2007 period, especially for 2007
(Table 5). This can be explained by the lower quality of the
soil moisture retrievals from the LEWIS TB at SMOSREX,
a grassland with a thick litter which tends to mask the soil
microwave emission. Over the SMOSREX grassland, ISBA-
A-gs forced with either an observed atmospheric forcing or
with the SAFRAN analysis already presents good results and
it is difficult for the assimilation to significantly improve
the model performance. However the solidity and ability
of the LDAS to monitor water and carbon fluxes over the
SMOSREX grassland is demonstrated in this study. It is
likely that over areas where all the data necessary to run a
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LSM model such as ISBA-A-gs are available and of good
quality (e.g. over France with the SAFRAN analysis), the
assimilation of SSM would only slightly improve the simu-
lations. On the other hand, the joint assimilation of LAI and
SSM is shown to improve significantly the LAI and carbon
flux simulations which is of interest for land carbon monitor-
ing.

Also, while previous studies have shown that the assimi-
lation of LAI with long assimilation windows (e.g. 10 days)
is possible, it is shown that a 1-day assimilation window can
be used by a LDAS designed to comply with NWP require-
ments and other operational models (e.g. SIM, Habets et al.,
2008). For surface soil moisture, using a single observation
every three days is justified by the sampling time of satellites.
This issue was discussed by Calvet and Noilhan (2000). They
found that a 3-day sampling time for SSM is small enough to
retrievew2 and that below 4 days, the sampling time has little
influence on the quality of the retrievals. A similar result was
obtained by Walker and Houser (2004) with an EKF. It was
checked (not shown) that a similar result is obtained with the
LDAS used in this study. Assimilating SSM more frequently
increases the SSM scores but has little impact onw2. This is
probably due to the use of an SEKF where the background
error covariance matrix is assumed to be constant: at the start
of each assimilation window, the “soil memory” of the model
is not accounted for.

Setting errors is not easy. An appropriate selection of the
error (co)variances is crucial to achieve a good performance
of the Kalman filter. In this study, they were set using infor-
mation from previous studies. The probability density func-
tion of the innovations is Gaussian, with a variance of about
0.0066 (m3 m−3)2 and a mean of 0.04 m3 m−3. Moreover,
the value of 0.0036 (m3 m−3)2 used forRSSM (observational
errors) is similar to the estimated errors, 0.06 m3 m−3, found
for ASCAT remotely sensed estimates (Albergel et al., 2009).
It is unlikely that the optimization ofBw2 performed for the
SMOSREX site be valid for other sites or regions. Mahfouf
et al. (2009) and Draper et al. (2009) assume thatB0.5

w2 is pro-
portional to the soil moisture range (i.e. the difference be-
tweenwfc andwwilt ). For LAI, Sabater et al. (2008) used
a constant value of 1 m2 m−2 (for both model and observa-
tion errors) and Jarlan et al. (2008) used a constant value of
1 m2 m−2 for observation errors, and a relative model error
of 20%. Setting a constant value of 1 m2 m−2 for the sim-
ulated LAI introduces discrepancies in periods where LAI
is low (e.g. from the end of summer to spring). The study
performed by R̈udiger et al. (2010) on the evaluation of the
Jacobians for LAI data assimilation with an EKF supports
the finding of Jarlan et al. (2008) as it underlines the need for
a variable error definition.

5 Conclusion

A Simplified Extended Kalman Filter was used within the
SURFEX modelling platform of Ḿet́eo-France, in order to
assess the impact on the simulations of the ISBA-A-gs LSM
of assimilating SSM and/or LAI observations. This study
demonstrates:

1. The ability of the LDAS to monitor the carbon and water
fluxes, and the advantage of performing a joint assimila-
tion of both SSM and LAI observations. Some variables
like w2, LAI and the surface fluxes present better results
when both SSM and LAI are assimilated.

2. The robustness of the LDAS when the quality of the at-
mospheric forcing is degraded. A test with zero precipi-
tation and the use of an operational atmospheric analysis
(SAFRAN) show that the joint assimilation of LAI and
SSM permits to overcome errors from the forcing.

The usefulness of simpler methods like the exponential filter-
ing, to retrieve a SWI has also been demonstrated. Finally,
the added value of a LDAS depends, to a large extent, on
the quality of the model. In situations where the atmospheric
variables and the biophysical parameters of the model are
well characterised, the data assimilation has a limited im-
pact on the simulations. In data poor areas, the assimila-
tion of satellite-derived surface variables, is more likely to
improve the behaviour of the land surface model. Draper
et al. (2009) have shown the potential of the assimilation of
satellite-derived SSM values in NWP applications, at a con-
tinental scale. In this study, the same LDAS is extended to
the assimilation of LAI observations, the simulation of the
surface carbon fluxes, and verified with in situ flux and soil
profile observations at the local scale, without coupling with
the atmosphere. This shows that the assimilation systems
used in meteorology are flexible enough to assimilate new
satellite observations, and can be adapted for environment
monitoring applications, not coupled with atmospheric mod-
els. A step further is an improvement of the SEKF into an
EKF which requires a more in depth analysis for the specifi-
cation of model errors.
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Atelier de mod́elisation de l’atmosph̀ere, Toulouse, 16–17 Jan-
uary 2007.

Masson, V., Champeaux, J.-L., Chauvin, F., Meriguet, C., and La-
caze, R.: A global database of land surface parameters at 1 km
resolution in meteorological and climate models, J. Climate, 9,
1261–1282, 2003.

Moncrieff, J., Valentini, R., Greco, S., Seufert, G., and Ciccioli,
P.: Trace gas exchange over terrestrial ecosystems: method and
perspectives in micrometeorology, J. Exp. Bot., 48, 1133–1142,
1997.

Nash, J. and Sutcliffe, J.: River flow forecasting through conceptual
models, part Ii – a discussion and principles, J. Hydrol., 10, 282–
290, 1970.

Njoku, E.-G., Jackson, T. J., Lakshmi, V., Chan, T. K., and Nghiem,
S. V.: Soil moisture retrieval from AMSR-E, IEEE T. Geosci.
Remote, 41(2), 21–123, 2003.

Noilhan, J. and Planton, S.: A simple parameterisation of Land Sur-
face Processes for meteo-rological model, Mon. Weather Rev.,
117, 356–549, 1989.

Noilhan, J. and Mahfouf, J.-F.: The ISBA land surface parameteri-
sation scheme, Global Planet. Change, 13, 145–149, 1996.

Owe, M., de Jeu, R., and Walker, J.: A methodology for surface soil
moisture and vegetation depth retrieval using the microwave po-
larization difference index, IEEE T. Geosci. Remote, 39, 1643–
1654, 2001.

Owe, M., de Jeu, R., and Holmes, T. : Multisensor historical cli-
matology of satellite-derived global land surface soil moisture, J.
Geophys. Res., 110, F01002, doi:10.1029/2007JF000769, 2008.
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