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Abstract We investigate the beneﬁts of assimilating in situ and satellite data of the fraction of photosynthetically
active radiation (FAPAR) relative to eddy covariance ﬂux measurements for the optimization of parameters of the
ORCHIDEE (Organizing Carbon and Hydrology in Dynamic Ecosystem) biosphere model. We focus on model
parameters related to carbon ﬁxation, respiration, and phenology. The study relies on two sites—Fontainebleau
(deciduous broadleaf forest) and Puechabon (Mediterranean broadleaf evergreen forest)—where measurements
of net carbon exchange (NEE) and latent heat (LE) ﬂuxes are available at the same time as FAPAR products
derived from ground measurements or derived from spaceborne observations at high (SPOT (Satellite Pour
l′Observation de la Terre)) and medium (MERIS (MEdium Resolution Imaging Spectrometer)) spatial resolutions.
We compare the different FAPAR products, analyze their consistency with the in situ ﬂuxes, and then evaluate
the potential beneﬁts of jointly assimilating ﬂux and FAPAR data. The assimilation of FAPAR data leads to a
degradation of the model-data agreement with respect to NEE at the two sites. It is caused by the change in leaf
area required to ﬁt the magnitude of the various FAPAR products. Assimilating daily NEE and LE ﬂuxes, however,
has a marginal impact on the simulated FAPAR. The results suggest that the main advantage of including
FAPAR data is the ability to constrain the timing of leaf onset and senescence for deciduous ecosystems,
which is best achieved by normalizing FAPAR time series. The joint assimilation of ﬂux and FAPAR data leads
to a model-data improvement across all variables similar to when each data stream is used independently,
corresponding, however, to different and likely improved parameter values.
1. Introduction
The terrestrial biosphere plays a key role in the control of the exchange of energy and matter (in particular
carbon and water) between the land surface and the atmosphere [Pielke et al., 1998]. The use of land surface
models (LSMs) that describe these main governing processes is of growing importance for improving our
understanding of the fate of the terrestrial ecosystems to environmental changes [Pitman, 2003; Sitch et al.,
2008]. LSMs rely on generic hypotheses and ﬁxed parameterizations that were derived from a limited number
of observations, from the scale of individual plant organs to the scale of the plant community, and under
speciﬁc environmental conditions. Therefore, large uncertainties remain in their ability to reliably represent
the spatial and temporal variations of the ecosystem characteristics and the carbon cycle under current
or future climate conditions [Field et al., 1995; Friedlingstein et al., 2006; Wullschleger et al., 2014]. Data
assimilation techniques are increasingly used to reduce these uncertainties by improving the model parameters
[Wang et al., 2001; Kaminski et al., 2013] while also highlighting possible model deﬁciencies [Verbeeck et al., 2011;
Kuppel et al., 2012; Keenan et al., 2013].
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In this context, in situ eddy covariance ﬂux measurements have mainly been used to constrain the model
parameters controlling the processes of carbon and water exchange [Wang et al., 2001; Braswell et al.,
2005; Knorr and Kattge, 2005; Santaren et al., 2007; Moore et al., 2008; Williams et al., 2009; Groenendijk
et al., 2011; Kuppel et al., 2014]. Eddy ﬂux data alone may not be sufﬁcient to disentangle different concurrent
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processes, as for instance the partitioning of net carbon ﬂux into gross photosynthesis and ecosystem
respiration [Sacks et al., 2006], and the assimilation of additional biometric ground-based measurements
has already been proven to reduce the model uncertainty for simulating ecosystem carbon exchange
[Richardson et al., 2010; Ricciuto et al., 2011]. The number of instrumented sites is however limited, though
increasing, and some ecosystems remain poorly monitored [Baldocchi, 2008; Williams et al., 2009].
On the other hand, satellite-derived biophysical products cover the whole globe over a time period unrivaled
by local measurements of terrestrial ecosystems. The history of the use of remotely sensed products of vegetation photosynthetic activity (FAPAR) in semidiagnostic ecosystem models to estimate the gross primary
productivity is rich [McCallum et al., 2009; Seixas et al., 2009; Jung et al., 2011; Cheng et al., 2014]. Most of these
studies rely on the concept of light use efﬁciency [Monteith, 1977]. The use of satellite products in assimilation
to constrain the parameters of process-based models is, however, more limited whilst expanding. Assimilated
satellite-derived observations range from raw reﬂectance data [Quaife et al., 2008] and vegetation indices
derived from reﬂectance data [Migliavacca et al., 2009] to higher added value products monitoring the
phenology of vegetation activity more directly [Stöckli et al., 2008; Knorr et al., 2010]. Finally, atmospheric
CO2 mole fraction measurements have also been used to provide large-scale constraints on the model
parameters related to net ecosystem exchange (NEE) [Rayner et al., 2005].
There have been relatively few attempts to assimilate simultaneously satellite-derived products of vegetation
activity and in situ measurements, despite the potential increased constraint on the model processes brought
by adding different sources of information. Kaminski et al. [2012] assimilated monthly MERIS (MEdium
Resolution Imaging Spectrometer) FAPAR products at very coarse spatial resolution (10° by 8°) together with
monthly mean atmospheric CO2 mole fraction data; They showed an added value in combining the two data
streams for improving the hydrological (evapotranspiration) and carbon (net primary productivity) ﬂuxes
simulated by the BETHY-TM2 land-atmosphere model at the global scale but only moderate beneﬁts of using
FAPAR data to constrain the net ecosystem exchange. Kato et al. [2013] jointly assimilated 10 day SeaWiFs
FAPAR data at medium spatial resolution (1.5 km) and in situ latent heat (LE) measurements. Zobitz et al.
[2014] combined in situ NEE measurements and spatially averaged MODIS (MODerate resolution Imaging
Spectroradiometer) FAPAR 8 day composite products at 1 km at different time scales to optimize an ecosystem
process model for a subalpine coniferous forest. The two latter studies point out how assimilating one data
stream may degrade the model simulations to the other observable (in particular, the assimilation of FAPAR
deteriorates the model ﬁt to the measured ﬂux) and how combining the two may increase the model agreement
with the various data sets. At the same time, their ﬁndings regarding the time scales at which the combination of
these data streams can be beneﬁcial are different. Such multi–data stream optimization studies are hampered by
inconsistencies between the measurements, the equations of the LSMs (including the spatial resolution), and the
observation operators that simulate the measurements from these LSMs. The diversity of horizontal resolutions
used in the models and in the observations also contributes to these inconsistencies, and one can note that only
medium (if not coarse) spatial resolution satellite products have previously been used, leaving the potential of
remote sensing products at higher spatial resolution unexplored by joint data assimilation studies. Moreover,
there is no clear evidence that satellite products are compatible with local-scale measurements of ecosystem
functioning, given the different spatial scales involved: in situ ﬂux measurements are representative of the
exchange of mass and energy between ecosystem and atmosphere within only a few hundred meters (mostly)
around the ﬂux towers, while satellite observations range from about 10 m to often a few kilometers.
In this study, we evaluate the beneﬁt of simultaneously assimilating FAPAR data, satellite-derived products at
high and medium spatial resolution and ground-based measurements, along with ﬂux tower measurements
of both carbon and water ﬂuxes using the state-of-the-art mechanistic terrestrial biosphere model ORCHIDEE
(Organizing Carbon and Hydrology in Dynamic Ecosystems [Krinner et al., 2005]). The approach relies on a
variational assimilation system that has been designed for ORCHIDEE (ORCHIDAS), which has already been
used at site level to constrain the model using in situ ﬂux measurements [Santaren et al., 2007; Verbeeck
et al., 2011; Kuppel et al., 2012; Peng et al., 2013; Santaren et al., 2014]. Our study focuses on two ﬂux tower
sites corresponding to deciduous broadleaf (Fontainebleau) and Mediterranean broadleaf evergreen
(Puechabon) forests, for which NEE and latent heat (LE) ﬂux measurements are available at a half-hourly time
step. Time series of FAPAR estimates are both measured in situ and derived from satellite observations, at the
scale of the ﬂux tower footprint from SPOT (Satellite Pour l’Observation de la Terre) observations (at 40 m spatial resolution) and at medium-scale spatial resolution from MERIS observations (at 1 km).
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The study focuses on assessing the complementarity of ﬂux and FAPAR data to constrain the mean seasonal
cycle of NEE and LE simulated by ORCHIDEE, with no speciﬁc investigation of the year to year variations [see
Santaren et al., 2014]. For the two sites, however, we use ﬂux measurements from additional years in order to
evaluate the model performance after the calibration over 1 year. In order to evaluate the potential of a
simultaneous assimilation of ﬂux and FAPAR data, we will address the following questions:
1. What is the impact of assimilating in situ ﬂux data on the simulated FAPAR and vice versa?
2. How important are the differences among the different FAPAR products in terms of their ability to
constrain the parameters of the ORCHIDEE model?
3. What is the impact of jointly assimilating ﬂux and FAPAR data in terms of improvement of the model-data
misﬁt?
4. To what extent are the FAPAR products compatible with the in situ ﬂux data measurements and with the
ORCHIDEE model?
The paper is structured as follows. Section 2 describes the data used (2.1), the ORCHIDEE model (2.2), and the
inversion method and the assimilation conﬁgurations considered (2.3). Section 3 presents the results of
different assimilation scenarios conducted to answer the above questions and the corresponding impacts
in terms of parameter retrieval and uncertainty. The results and their implications are discussed in
section 4. Section 5 concludes the paper.

2. Materials and Methods
2.1. Data
2.1.1. In Situ Flux Measurements
This study focuses on the ﬂux tower sites of Fontainebleau and Puechabon. The Fontainebleau forest site
(48.4763°N; 2.7801°E) is located southeast of Paris, France. Deciduous broadleaf trees (oak (Quercus petraea
and Quercus robur), beech (Fagus sylvatica), and hornbeam (Carpinus betulus)) are the dominant species in
the vicinity of the ﬂux tower. The Puechabon site, located in the south of France (43.7414°N; 3.5958°E), is a
Mediterranean evergreen forest that is mainly composed of green oak trees (Quercus ilex).
Fluxes and meteorological variables were measured at the sites using the standardized CARBO-EUROFLUX
protocol [Aubinet et al., 2000] and delivered on a half-hourly basis. The data were processed (correction,
gap-ﬁlling, and partitioning) using standard methodologies [Reichstein et al., 2005].
In the assimilation studies conducted further (sections 3.1 to 3.4.3), we use only 1 year of NEE and LE data given
that a single year of FAPAR products was available at each site; we use measurements performed in 2006 at
Fontainebleau and 2004 at Puechabon. In addition, we also use in situ NEE and LE ﬂuxes available for additional
years at both sites so as to cross-validate the optimized parameters and assess the improvement of the model
optimized using only 1 year of data over additional years (section 3.5): at Fontainebleau, measurements over
2006–2010 are considered and over 2000–2006 at Puechabon.
Although the ﬂuxes are measured at a half-hourly time step, we only use their daily means in the
assimilation procedure in order to be consistent with the temporal constraint brought by the FAPAR data
(section 2.1.2) and given our focus on the seasonal cycle. Days with more than 20% of missing half-hourly
observations were removed from the analysis. The ﬂux time series (both observed and simulated) are
also further smoothed using a centered 15 day moving average window in order to remove highfrequency variations in the data that are not the focus of this study and that may complicate the
optimization of the mean seasonal cycle [see Santaren et al., 2007]. We also use gross primary
productivity (GPP) estimates made from the ﬂux measurements using the ﬂux partitioning method of
Reichstein et al. [2005] as a diagnostic to assess the constraint brought by each data stream on the
ecosystem productivity.
2.1.2. FAPAR Products
In situ measurements of FAPAR are available for both sites. For Fontainebleau, the temporal monitoring of
FAPAR is inferred from the measurements of incoming, reﬂected, and transmitted PAR (photosynthetic active
radiation), the latter being performed by seven sensors distributed under the canopy to sample the local spatial heterogeneity. For Puechabon, FAPAR is derived from 14 sensors on the ground. Note that these in situ
FAPAR measurements are not fully representative of the tower footprint which may extend several kilometers

BACOUR ET AL.

JOINT ASSIMILATION OF NEE, LE, AND FAPAR

1841

Journal of Geophysical Research: Biogeosciences

10.1002/2015JG002966

under low-turbulence conditions. Satellite FAPAR estimates were derived from SPOT and MERIS 10 × 10 km2
reﬂectance images encompassing the tower sites. They were derived from a Neural Network estimation
algorithm trained with radiative transfer model simulations of FAPAR [Bacour et al., 2006; Baret et al., 2007;
Weiss et al., 2007] using the PROSPECT + SAIL reﬂectance model of vegetation canopy [Jacquemoud et al.,
2009] coupled to the SMAC atmosphere radiative transfer model [Rahman and Dedieu, 1994]. FAPAR is
simulated by PROSPECT + SAIL considering sun geometries at 10:00 local solar time, which corresponds to
a good approximation of the daily integrated value during clear-sky days [Baret et al., 2007]. For each
instrument, the Neural Network algorithm is fed with the observed reﬂectances in each spectral band and
with the corresponding observation geometries at 10:00. Finally, FAPAR is estimated on a pixel basis for each
date of acquisition.
FAPAR products for SPOT are derived at 40 m resolution from the aggregation of original SPOT pixels at
20 m in order to smooth geometrical errors induced by geolocation and coregistration. The ﬁnal values
correspond to the mean of the FAPAR values associated with the pixel of the ﬂux tower and those of
the eight surrounding pixels. For MERIS products, the mean is performed over the 1 km pixel encompassing
the ﬂux tower and four neighboring pixels having the same land cover composition (based on a classiﬁcation
performed at high spatial resolution using SPOT images). Compared to SPOT, MERIS observations offer a
denser temporal monitoring of the sites as MERIS products are provided every 8 days, whereas only four
acquisition dates for SPOT are available for Fontainebleau (and none over Puechabon). To overcome the
scarcity of SPOT temporal monitoring at high spatial resolution, SPOT FAPAR products at Fontainebleau
were extrapolated in time based on MERIS data (and hence delivered at an 8 day frequency). For this site,
SPOT and MERIS FAPAR products are therefore not fully independent, but, as they show strong discrepancies, they are used further to illustrate the model response following the assimilation of such contrasting
data streams. In order to remove the high-frequency noise and not to focus on synoptic variations, the
FAPAR products are smoothed using a moving average window of ±20 days around the centered date,
with a Gaussian function truncated at ±20 days. Weekly mean values were used in the assimilation for all
FAPAR products.
We evaluate further the use of normalized FAPAR time series in the assimilation for the Fontainebleau site
(deciduous forest). The normalization is performed by scaling the data between the 5th and 95th percentiles
of their distribution (to avoid spuriously high and low data).
2.2. ORCHIDEE Vegetation Model
2.2.1. Model Description
ORCHIDEE is a state-of-the-art mechanistic vegetation model that simulates the exchanges of carbon dioxide,
water, and heat ﬂuxes within the soil-vegetation-atmosphere continuum and the evolution of water and
carbon pools [Krinner et al., 2005]. The model describes the exchanges of water, carbon, and energy, between
biosphere and atmosphere, as well as the soil water budget, at a half-hourly time step, and the slow components of the terrestrial carbon cycle (including carbon allocation in plant reservoirs, soil carbon dynamics, and
litter decomposition) on a daily basis. It is part of one of the Earth System Models that were used to assess
future climate changes for the ﬁfth assessment report of Intergovernmental Panel on Climate Change
[Ciais et al., 2013]. As in most global vegetation models, vegetation is described for main plant functional
types (PFTs), with 12 different types of vegetation plus bare soil. All processes in ORCHIDEE follow the same
governing equations, except the phenology, but many parameter values are PFT dependent. The leaf
phenology models follow Botta et al. [2000]. The start of the growing season for deciduous PFTs follows a
typical Growing Degree Day (GDD) model and is triggered when the daily calculated GDD exceeds a calculated threshold: For deciduous trees, that threshold is an increased function of the number of chilling days
in order to fulﬁll chilling physiological requirements, while for natural C3 grass, the GDD threshold depends
on the long-term mean annual air temperature. For deciduous trees which are driven by sensitivity to cold
temperatures, the senescence begins when the monthly air surface temperature goes below a threshold
temperature. In addition, the turnover of the leaves is continually affected by the aging of the leaves during
the growing season for all tree PFTs. Details of the senescence processes are provided in MacBean et al.
[2015]. FAPAR is computed from the simulated leaf area index (LAI) using the classical Beer-Lambert law
for the extinction of the direct illumination within the canopy:
FAPARðtÞ ¼ 1  expð0:5LAIðtÞÞ
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We have chosen to use a constant extinction coefﬁcient ﬁxed to 0.5 (that corresponds to a spherical distribution of leaves with an illumination angle at nadir) as ORCHIDEE equations related to photosynthesis have
been established and calibrated based on this assumption.
2.2.2. Model Setup
For the following simulations, we consider that the vegetation at Puechabon is mainly temperate evergreen broadleaf forest (TempEBF) with a small portion of bare soil (10%). For Fontainebleau, it consists
mainly of temperate deciduous broadleaf forest (TempDBF hereafter), and we account for a small fraction
of C3 grass to represent both the vegetation understory in the vicinity of the ﬂux tower and the impact of
neighboring grass plots in satellite observations (10%). ORCHIDEE is forced by local measurements of the
meteorological ﬁelds (incoming shortwave and longwave radiations, near surface air temperature, speciﬁc
humidity, atmospheric pressure, precipitation, and wind speed). Spin-up runs were performed by cycling
ECMWF (European Centre for Medium-Range Weather Forecasts) meteorological forcing for 2001–2006
over a 3000 year period, in order to bring the different soil carbon reservoirs to realistic values. Note that
the spin-up includes a transient simulation anterior to the year of measurements at each site in order to
account for the increase of atmospheric CO2 concentrations. Although this step is mandatory as not
enough data exist to calibrate the different soil carbon pools (following the CENTURY model [Parton
et al., 1987]) at these two sites, the drawback is that the spin-up puts the model in a steady state (the
mean annual NEE is close to zero) which is not the case for the two sites considered. The assimilation is
expected to correct for this bias.
2.3. Assimilation Methodology
2.3.1. System Description
The ORCHIDAS variational data assimilation system allows NEE and LE eddy covariance measurements and
FAPAR estimates (in situ or remotely sensed) to be assimilated simultaneously in order to optimize the parameters of ORCHIDEE. The latest description of the data assimilation system is provided in Kuppel et al. [2012].
It relies on a Bayesian framework with the hypothesis of Gaussian errors, which leads to the minimization of
the following misﬁt function J(x), that compares (1) the observations y and corresponding model outputs H
(x) and (2) a priori (background) xb and optimized parameter x values. Both terms are weighted by the error
covariance matrices of the observations R and of the parameters (B) [Tarantola, 2005]:
J ðxÞ ¼ ðy  HðxÞÞT R1 ðy  HðxÞÞ þ ðx  xb ÞT B1 ðx  xb Þ

(2)

The determination of the optimal set of parameters that minimizes J(x) is performed with a variational
approach, based on the L-BFGS-B algorithm [Byrd et al., 1995], which is speciﬁcally dedicated to solving large
nonlinear optimization problems subject to simple bounds on the parameters. This L-BFGS-B quasi-Newton
optimization algorithm explores each parameter space simultaneously along the gradient of the misﬁt
function and uses an approximation of the Hessian (second derivative) of J that is updated at each iteration.
The latter is based on the estimation of the gradient of the misﬁt function, which requires the derivative of
each model output with respect to the parameters. This is provided by the tangent linear model of
ORCHIDEE that was automatically generated by the numerical TAF tool (Transformation of Algorithms in
FORTRAN) [Giering et al., 2005] for all parameters except Kpheno_crit and Tsenes (see Table 1). As these
parameters are involved in threshold functions, the tangent linear model may be null for certain parameter
values. To overcome this, the gradient of the misﬁt function with respect to these two parameters is determined using a ﬁnite difference approach [Santaren et al., 2007].
As compared to global search methods, e.g., Monte Carlo approaches, of which computational cost may
become too prohibitive with an increasing number of parameters, a gradient-based optimization algorithm
such as L-BFGS-B may converge toward a local minimum rather than toward the global minimum of the misﬁt
function [Santaren et al., 2014]. However, we have run several tests using different sets of ﬁrst guess parameters and have checked that the use of a single initial parameter set did not affect the interpretation of
the results.
Only diagonal elements are accounted for in the prior error variance-covariance matrix B. The standard deviation of the uncertainty for each parameter is set to 40% of an allowed physical range of variation (deﬁned
from expert knowledge and literature survey) provided to L-BFGS-B for the optimization (Table 1). To improve
the minimization efﬁciency of the algorithm, the minimization is preconditioned by providing L-BFGS-B with
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Table 1. ORCHIDEE Parameters to be Optimized, Their Prior Value, and Their Authorized Variation Interval for the Temperate Deciduous Broadleaf Forest, C3 Grass,
and Temperate Evergreen Broadleaf Forests, Vegetation Types
Min/Prior/Max
Fontainebleau
Parameter Name
Photosynthesis
Vcmax
Gs,slope
Topt
SLA
Energy Balance
Kalbedo,veg
Soil water availability
Humcste
Respiration
Q10
KsoilC
GRfrac
Phenology
LAIMAX
LAIinit
Lagecrit
τ leaf,init
Kpheno,crit
KLAI,happy
Tsenes
a

Description (Unit)
2 1

maximum carboxylation rate (μmol m s )
Ball-Berry slope
optimal photosynthesis temperature (°C)
2 1
speciﬁc leaf area (m g )

TempDBF

C3grass

TempEBF

30/55/80
6/9/12
18/26/34
0.013/0.026/0.05

38/70/102
6/9/12
19.25/27.25/35.25
0.013/0.026/0.05

25/45/65
6/9/12
24/32/40
0.01/0/02/0.04

a

multiplicative factor of the vegetation albedo
1

root proﬁle (m

)

temperature dependency of heterotrophic respiration
multiplicative factor of the initial soil carbon pools
fraction of biomass available for growth respiration
maximum LAI value
value of LAI at t = 0
average critical age of leaves (days)
number of days of use of the carbohydrate reserves (days)
multiplicative parameter of the threshold that determines
the start of the growing season
LAI threshold to stop using carbohydrate reserves
temperature threshold for senescence (°C)

Puechabon

0.8/1/1.2
0.2/0.8/3

1/4/10

0.2/0.8/3

0.2/0.28/0.36

1/1.99372/3
a
0.5/1/2
0.2/0.28/0.36

0.2/0.28/0.36

3/5/8
0/0/8
90/180/240
5/10/30
0.65/1/1.65

1.5/2.5/3.5
0/2.27/3.5
60/120/180
5/10/30
0.65/1/1.65

3/5/8
1/4.71/8
490/730/970
5/10/30
0.65/1/1.65

0.35/0.5/0.7
9/12/16

0.35/0.5/0.7
4.375/1.375/1.625

0.35/0.5/0.7
-

a

No PFT dependency.

scaled parameters x′, using the a priori values and uncertainties rather than x [Chevallier et al., 2005] as this
homogenizes the range of variation of the optimized parameters:
x′ ¼ B1=2 ðx  xb Þ

(3)

The posterior error covariance matrix of the optimized parameters (A) is computed under the hypotheses of
model linearity in the vicinity of the solution. It is given by

1
A ¼ H∞ T R1 H∞ þ B1
(4)
where H∞ is the Jacobian matrix associated to the gradients of the model outputs with respect to the
parameters at the solution. For a given parameter, the comparison of the posterior errors between scenarios
will allow an evaluation of the performance of the assimilation and hence will highlight the contribution that
each type of information brings to our knowledge on the system.
2.3.2. Model-Observation Uncertainties
The error matrix R should account for both the error in the measurements and the error in the model structure
(i.e., error in the representation of the processes) [Tarantola, 2005]. For ﬂux data, the measurement error is
known to vary in time (depending on the magnitude of the ﬂuxes) and can be estimated as the residual of
the gap-ﬁlling algorithm [Richardson et al., 2008]. For NEE and LE ﬂuxes, the measurement error is usually small
as compared to the model error and has a correlation structure that is negligible on a daily timescale [Lasslop
et al., 2008]. Model errors are rather difﬁcult to assess and may be much larger than the measurement error
itself. Kuppel et al. [2013] showed that the model error in ORCHIDEE dominates the error budget: for NEE for
instance, it is on the order of 1.5–1.7 g C/m2/d when the measurement error is between 0.2 and 0.8 g C/m2/d
[Richardson et al., 2008]. For this reason, we choose to deﬁne the model-observation uncertainty as the rootmean-square error (RMSE) between the various data and the ORCHIDEE a priori simulations and choose to keep
R diagonal as have most assimilation studies (similar to Santaren et al. [2014] and Kuppel et al. [2014]).
We also checked that each data stream had similar weight in the prior cost function; a smaller uncertainty
(RMSE divided by 2) has been attributed to FAPAR principally because it has fewer available observations
(weekly versus daily for each of the two ﬂuxes).
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2.3.3. Optimized Parameters
Among the many parameters of the ORCHIDEE model, a preliminary sensitivity analysis allowed us to select a
subset of 16 parameters to be optimized; they are the main drivers of the net CO2 and latent heat ﬂuxes and
FAPAR dynamics. As our focus is mainly on the constraints brought by FAPAR and ﬂux measurements on the
carbon cycle (GPP), only a few parameters related to water and energy exchanges were considered. The list is
provided in Table 1, together with the associated range of variation and prior value. The parameters, and the
processes they are involved in, are detailed in Kuppel et al. [2012] and Santaren et al. [2014]. Similarly to
Santaren et al. [2007], emphasis has been put on processes causing rapid variations of the observables rather
than on those driving the long-term changes in carbon and water budgets (e.g., tree growth and soil carbon
turnover). The prior values xb of the parameters correspond to the standard values of ORCHIDEE. Most of the
parameters (apart from Q10, KsoilC, and Kalbedo,veg) are PFT dependent, which in the case of Fontainebleau
leads us to consider two sets of parameters for forest (TempDBF) and grasses (C3grass), while only the parameters for TempEBF are accounted for at Puechabon. For some parameters, we have chosen to keep relatively large intervals of variation (though still within a physical range) to allow more ﬂexibility to the
optimization in order to focus on the compatibility and complementarity between ﬂux and FAPAR data.
2.3.4. Assimilation Scenarios
In the following, we test different assimilation scenarios in order to understand the respective constraint
brought by each source of data and to investigate their compatibility. For each scenario, a speciﬁc set of
parameters is considered for optimization. Four different subsets are used:
P1: only the parameters of ORCHIDEE that control photosynthesis (and hence gross primary productivity—
GPP) and phenology (all parameters in Table 1);
P2: all phenological parameters plus a few parameters related to photosynthesis;
P3: all phenological parameters only; and
P4: all phenological parameters minus LAIinit and LAIMAX.
In total, ﬁve different assimilation scenarios are evaluated:
A1: assimilation of ﬂux data alone, with the set of parameters P1;
A2: assimilation of original FAPAR products alone, with the sets of parameters P2;
A3: assimilation of original FAPAR products alone, with the sets of parameters P3;
A4: assimilation of normalized FAPAR products, with the set of parameters P3 minus LAIinit and LAIMAX (P4); and
A5: assimilation of both ﬂux and FAPAR data (FAPAR being normalized for the deciduous site), with the set
of parameters P1.
Scenarios A1 to A3 are designed to evaluate the compatibility of the two data streams together and
their compatibility with ORCHIDEE, by analyzing the impact of the assimilation of one data stream (ﬂux or
FAPAR) on the model-data mismatch with the other data stream. Comparison between scenarios A2, A3,
and A4 will provide insight on the amount of information that can be inferred from FAPAR data to improve
the ORCHIDEE model. Finally, scenario A5 will allow us to assess the potential beneﬁt of a joint assimilation of
ﬂux and FAPAR data (in terms of model improvement).
For assimilation studies with FAPAR data only (scenarios A2, A3, and A4), we use only a subset of the
parameters in the optimization, as the information content of FAPAR products is more limited and allows
constraining only the (i) intensity (related to GPP) and (ii) timing of the vegetation cycle through a smaller
number of control parameters (parameter sets P2, P3, and P4). The assimilation test with normalized
FAPAR data (scenario A4) is designed to illustrate that FAPAR constrains mainly the phenology and the seasonality of the growing season. The scenario using normalized FAPAR (see section 2.1.2) is tested only for the
deciduous site (Fontainebleau) that shows a strong seasonality. Whenever the observed FAPAR are normalized, the model simulations are processed using the same procedure.

3. Results
3.1. Assimilation of In Situ Flux Measurements
3.1.1. Prior Fit to Observations
Figure 1 compares the agreement between the NEE and LE measurements with the prior ORCHIDEE simulations and with the optimized model after assimilation of the ﬂux data for Fontainebleau and Puechabon
BACOUR ET AL.

JOINT ASSIMILATION OF NEE, LE, AND FAPAR

1845

Journal of Geophysical Research: Biogeosciences
NEE (gC/m2/day)

LE (W/m2)

a) Fontainebleau

120
2

80

-2

60

-4

40

1.0
0.8
0.6
0.4

RMSE=1.30
RMSE=0.57

-6

0.2

20
0
120

2

b) Puechabon

FAPAR in situ

RMSE= 6.44
RMSE= 4.85

100

0

10.1002/2015JG002966

RMSE=24.86
RMSE=14.80

100

0

80

-2

60

-4

40

RMSE= 0.20
RMSE= 0.22

0.0
1.0
0.8
0.6
0.4

RMSE=1.01
RMSE=0.53

-6
0

100

0.2

20
200

Days

300

0

100

200

300

0.0

Days

RMSE= 0.10
RMSE= 0.10
0

100

200

300

Days

Figure 1. For (a) Fontainebleau and (b) Puechabon, comparison of NEE and LE observations (black) with corresponding ORCHIDEE model simulations before (blue
line) and after assimilation (red line) for scenario A1. The 1 sigma uncertainty on the ﬂux observations used for the computation of the misﬁt function (equation (2))
is shown in grey. The RMSE measures the ﬁt of the model prior and posterior simulations with the corresponding observations. Simulated FAPAR temporal variations
before and after assimilation are also shown in the right column and are compared to the in situ data.

(scenario A1). For Fontainebleau, the prior ORCHIDEE simulation shows a relatively good agreement with the
observations: the seasonal patterns are well captured for both ﬂuxes, as well as the synoptic (10 to 20 day)
variations. The prior model, however, overestimates the ecosystem respiration in winter by about 1 g C/m2/
d for both sites. This feature follows from an incorrect initialization (overestimation) of the carbon pools after
the spin-up runs, where the soil carbon pool may represent the maximum soil carbon content for such forest,
without considering past land use and disturbances. At the same time, the model simulates a lower amount
of carbon uptake during the growing season than that measured for this relatively young forest. The modeldata agreement is lower for Puechabon, in particular for the LE, which ORCHIDEE strongly overestimates in
summer (by about 400%) when the local measurements show a strong hydric stress.
3.1.2. Improvement After Optimization
The improvement of the model-data ﬁt resulting from the assimilation of the ﬂux data is particularly evident
for Fontainebleau, with a reduction of RMSE from 1.3 to 0.57 g C/m2/d for NEE and from 6.44 to 4.85 W/m2 for
LE. The excess of respiration in winter for the NEE seasonal cycle has been corrected, mainly as a result of the
tuning of the initial carbon pools as shown by the decrease of the KsoilC parameter (see section 3.4.1). The
amplitude of the synoptic events is also well captured.
The improvement of the model-data ﬁt for NEE and LE is smaller for Puechabon in summer, with an inappropriate model response to summer heat and dryness. The observations show a strong decrease in evapotranspiration around day 200 (end of June) that the model is unable to represent after optimization (see
discussion in section 4.1).
In contrast, the assimilation of the in situ ﬂux data have a small impact on the simulated FAPAR time series;
the optimized simulations remain very close to the prior values, with nearly no change in RMSE with respect
to the in situ FAPAR data (see values in Figure 1). A small change in the simulated phenology can, however, be
observed for Fontainebleau, with a later start of the growing season (~10 days), as explained by the increase
of Kpheno_crit (see section 3.4.1). However, this results in an even stronger bias in the timing of the start of the
growing season depicted by FAPAR measurements compared to the prior model.
3.2. Assimilation of FAPAR Products
3.2.1. Compatibility of the A Priori Model With the FAPAR Products
Figure 2 shows strong discrepancies in the magnitude of FAPAR between the various products and the prior
ORCHIDEE simulation at both sites. The satellite products are systematically lower than the model and than
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Figure 2. Comparison of the prior ORCHIDEE FAPAR simulation for the Fontainebleau and Puechabon tower pixels, with
the various FAPAR products used in this study. For Fontainebleau, the vertical lines indicate the actual dates of the SPOT
observations (the two last acquisitions are separated by 1 day only).

the in situ measurements, in particular for Puechabon where the magnitude of the MERIS FAPAR is up to half
that of the in situ data. This discrepancy might be due to errors resulting from the satellite FAPAR processing
chain (radiative transfer modeling, including incorrect representation of the optical properties of
Mediterranean oak species; atmospheric correction) and also partly from differences in spatial footprint (given
the heterogeneity of the landscape around the tower). The large bias seen in Puechabon has been reported in
other studies for evergreen broadleaf forests between other satellite products [Weiss et al., 2007]. Contrary to
this, the magnitudes of the in situ FAPAR products are very close to those of the prior model simulations.
Differences in seasonality are also noticeable. For the deciduous forest site of Fontainebleau, the satellite
products present smooth temporal variations, whereas both the simulated FAPAR time series and the in situ
measurements show more abrupt changes at leaf onset and senescence. In addition, satellite-derived and in
situ FAPAR indicate an earlier start of the growing season for Fontainebleau compared to the ORCHIDEE
simulation; however, the agreement is stronger between the model and the in situ FAPAR measurements
than between any of the FAPAR products (model or observations).

Figure 3. For (a) Fontainebleau and (b) Puechabon, results of the assimilations of FAPAR data (scenarios A2 and A3) with respect to the model-data agreement for
NEE, LE, and the various FAPAR products considered. The observed data are shown in black and their 1 sigma uncertainty in grey.
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Overall, the prior comparison indicates
strong discrepancies in mean absolute
values of the different FAPAR estimates, while their temporal variations
are consistent.
3.2.2. Improvement
After Optimization
Figure 3 shows the impact of assimilating
the different FAPAR data sets on the
simulated ﬂuxes and FAPAR for scenarios
A3 (phenology parameters, P3) and A2
(extended parameters, P2). In all cases,
apart from scenario A2 applied only to
in situ FAPAR measurements, the seven
phenological parameters of Table 1 have
been optimized (section 2.3.3).

The assimilation signiﬁcantly corrects the
discrepancies in the magnitude between
the prior model and the various FAPAR
products, as measured by the decrease of the RMSEs (around 40% in most cases). However, some features
can still not be represented after optimization. For Fontainebleau, the model underestimates the measured
in situ FAPAR values in winter. ORCHIDEE also remains unable to reproduce the very high in situ FAPAR values
in the summer measured at the two sites, the change in magnitude being capped by the imposed maximum
vegetation fraction (90% at Puechabon). The discrepancy may also arise due to the assumptions used to simulate FAPAR from LAI in the model (discussed in section 4.2). For Puechabon, the simulated FAPAR values at the
beginning of the year are adjusted to the observations (either in situ or satellite). However, the model cannot
reproduce the low satellite FAPAR values for the rest of the year, which is possibly due to a too high fraction
of temperate evergreen broadleaved trees in the model for the satellite footprint. For the deciduous forest,
assimilating in situ FAPAR leads to an earlier onset (opposite to the results obtained with the ﬂux data,
Figure 1) for the two assimilation scenarios considered (scenarios A2 and A3); the shift in senescence, however,
depends on the set of parameters optimized: it is delayed with the extended set of parameters P2, where it is
advanced using only the phenological parameters P3 (in agreement with the assimilation of ﬂux data).

Concerning the agreement of the model to the ﬂux data (NEE and LE), assimilating FAPAR produces contrasting
results depending on the product used (in situ or satellite), the ﬂuxes (NEE or LE), the site considered, and the
set of parameters optimized. The change in the simulated ﬂuxes is mainly proportional to the difference in magnitude between the prior ORCHIDEE FAPAR simulations and the observations. For the LE, the assimilation of
satellite-derived FAPAR improves the ﬁt to the ﬂux data at both sites, while using in situ FAPAR degrades it.
This is because the necessary decrease of leaf area (section 3.4.2) for ﬁtting SPOT or MERIS FAPAR observations
induces a decrease in the modeled LE. The impact on the NEE may be more or less detrimental depending on
the FAPAR data set used. The use of in situ FAPAR does not result in much change of NEE at either site. For
Fontainebleau, the use of additional model parameters related to photosynthesis (scenario A2 with set of parameters P2) leads to an overestimation of the carbon uptake in summer and hence increases the model-data
mismatch. Only marginal changes are observed in winter after the assimilation of in situ FAPAR because the
NEE is principally driven by soil and litter respiration not impacted by FAPAR data. There is only a small improvement for Puechabon early in the season. Fitting satellite FAPAR results in an even stronger negative impact on
the simulated NEE than in situ data. Especially, the assimilation of MERIS FAPAR with low values during summer
time largely degrades the ﬁt to the NEE. The apparent inconsistency between FAPAR products in summer and
the magnitude of NEE measured on the site will be further discussed in sections 4.2 and 4.3.
3.2.3. Impact of Normalizing the FAPAR Data on the Assimilation
The previous results have highlighted that correcting the magnitude of the simulated FAPAR to ﬁt that of the
observations may drastically degrade the ﬁt to the NEE. We therefore tested a data assimilation scenario
where we normalize FAPAR (scenario A4) to constrain the timing of the growing season (phenology) only.
Note that in this set up, only ﬁve phenological parameters that control the seasonal cycle of the vegetation
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Figure 5. Ratio between the posterior and prior RMSE of ﬁt, between the model simulations and different observed variables, considering assimilations performed
with (ﬁrst column) only ﬂux data (scenario A1), (left bars in the second to fourth columns) FAPAR data only (normalized data for Fontainebleau scenario A4-P4,
original data for Puechabon scenario A3-P3) and (right bars in the second to fourth columns) the combination of the two data streams (scenario A5).

are optimized (see Table 1: phenology parameters P3 minus LAIinit and LAIMAX). The assimilations are conducted for Fontainebleau only as the evergreen site of Puechabon exhibits a too low seasonality.
Figure 4 illustrates how the normalization of FAPAR impacts the assimilation, compared to the previous
results with unnormalized (original) data. It shows the ratio of the RMSE between model and data after
and prior to the assimilation. Values less than (greater than) 1.0 show an improvement (degradation) in the
model with respect to the data. As expected, the improvement of the model-data agreement with respect
to original FAPAR is lower with the normalization, as the correction of the magnitude of the modeled
FAPAR is not sought. Nevertheless, the normalization still improves the modeled FAPAR (with the exception
of MERIS products), while it mostly reduces the degradation of the model-data ﬁt for NEE. However, the
results still tend to indicate that it may not be possible to improve the modeled NEE as compared to the prior
simulations when assimilating FAPAR alone (either using original or normalized data). For LE data, the results
are more variable between the various FAPAR products as different errors may compensate each other (with
in situ FAPAR, the normalization improves the ﬁt to LE, while it slightly degrades it for the satellite FAPAR).
3.3. Joint Assimilation of In Situ Flux Measurements and FAPAR Products
Figure 5 synthesizes the improvement/degradation in model-data ﬁt (posterior to prior RMSE ratio) for
several observations (NEE, LE, and FAPAR) when considering successively the assimilation of in situ ﬂux data
alone (scenario A1), FAPAR products alone (scenarios A3 and A4), or combining both ﬂux and FAPAR data
(scenario A5). In order to make the best possible use of the FAPAR products, we have chosen to normalize
the time series for Fontainebleau (scenario A4, see section 4.2) and assimilate the original data for
Puechabon (scenario A3) given the small seasonal variations. Note that we also use the GPP as a diagnostic
(see section 2.1.1).
The joint assimilation of NEE and LE in situ ﬂux measurements and FAPAR products (scenario A5) seen in
Figure 5 reconciles the two sources of information and the model, thus dealing with the inconsistencies
described above when only one data stream is assimilated. The optimized simulations improve the ﬁt to both
the ﬂux and FAPAR data compared to the a priori model simulation at both sites. It results in a similar modeldata agreement as that obtained when each data stream is assimilated independently. The assimilation of
both data streams together prevents the degradation seen for the variable not included in the individual data
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Figure 6. Values of some optimized parameters related to photosynthesis and respiration (see Table 1) for the (a) TempDBF (Fontainebleau) and (b) TempEBF
(Puechabon) PFTs and for the data main assimilation scenarios considered (scenarios A1, A2, and A5). When assimilating FAPAR alone, original data are used; when
assimilating jointly ﬂux and FAPAR data, normalized FAPAR are used for Fontainebleau while original products are considered for Puechabon. For each parameter, the
box corresponds to its range of variation and the horizontal line to its prior value; the posterior uncertainty is provided for each case.

stream optimizations (scenarios A1 to A4). This is particularly noticeable for the assimilation of satellite FAPAR
products, considering that in ﬁve out of the seven cases assimilating FAPAR data alone causes an increase in
the RMSE for NEE data of up to 80% (Figure 3).
For NEE, there is an improvement of ≥50% or more at Fontainebleau and Puechabon when ﬂux and FAPAR
products (normalized at Fontainebleau) are assimilated together, which is about the same as that when just
ﬂuxes are used in the optimization. At Fontainebleau, the highest improvements are obtained with the satellite products, whereas at Puechabon the use of in situ FAPAR data (unnormalized) leads to the best results.
For LE, the 10–35% reduction of the prior RMSE obtained at both sites when both data streams are included
is lower than when ﬂuxes only are assimilated, but it corresponds always to an improvement with respect to
the assimilation of only FAPAR. For FAPAR, the reduction in RMSE obtained by the joint assimilation is even
higher than when FAPAR data alone are used in the assimilation (around 40%), which is partly explained by
the optimization of additional parameters related to photosynthesis in the joint assimilation. For GPP, the
degradation of the model-data ﬁt following the assimilation of FAPAR data alone is similar or higher to that
observed for NEE. In contrast, the joint assimilation generally leads to an improvement of the model-data agreement for GPP, just as for NEE and LE ﬂux data. For Fontainebleau, the GPP improvement is, however, lower than
for NEE, which reveals that there are compensating errors between GPP and ecosystem respiration.

Figure 7. Same as Figure 6 for some optimized parameters related to phenology (see Table 1). The results of the estimation of only the phenological parameters with
FAPAR data are also presented for Puechabon (scenario A3) and Fontainebleau with normalized data (scenario A4).
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3.4. Optimized Parameter Values and Uncertainties
For the main data assimilation scenarios described (scenarios A1 to A5) above, the optimized values and the
associated uncertainty are presented for both sites for a selection of parameters controlling photosynthesis
and respiration in Figure 6 and phenology in Figure 7. For Fontainebleau, only the parameters for the
TempDBF PFT are presented, although the grass PFT parameters were also optimized.
3.4.1. Assimilation of Flux Data: Impact on Parameters
For both sites, we note signiﬁcant changes of the parameters that control the ecosystem respiration: KsoilC
(multiplier of soil initial C pools) which is decreased and Q10 (dependency of heterotrophic respiration to soil
temperature) which is increased. The changes lead to a decrease of the heterotrophic respiration at both
sites, which is the principal cause of the model-data improvement in winter. The optimization of these two
parameters explains more than 60% of the decrease of the RMSE for NEE for the two sites (results not shown).
This points out the importance of the model spin-up that largely determines the amplitude of ecosystem
respiration and hence the ﬁt to NEE during winter [Carvalhais et al., 2010; Kuppel et al., 2012]. The errors from
these two respiration parameters are highly correlated (as depicted by the a posteriori error correlation
inferred from equation (4)) for Fontainebleau (0.78) but merely for Puechabon (0.25).
At Fontainebleau, the increase of Vcmax and SLA mainly explains the increase of the carbon uptake in summer,
while LAIMAX is reduced. The error correlations between the estimated parameters are usually lower than 0.35
except between few photosynthesis parameters and/or respiration parameters: Vcmax with Gs,slope (0.72),
Vcmax with Topt (0.51), and Vcmax with GRfrac (0.59), or between the phenological parameters Lagecrit and
τ leaf,init (0.54).
At Puechabon, the decrease of the modal data mismatch for LE is achieved by decreasing Vcmax, Gs,slope, and
Humcste principally. Like for Fontainebleau, the estimate for Vcmax is strongly correlated with the estimate for
Gs,slope (0.73), Topt (0.44), and GRfrac (0.55), and also with SLA (0.71) and KsoilC (0.41).
The assimilation of ﬂux data results in a shortening of the growing season for the deciduous forest at
Fontainebleau, even though this is not clearly visible in the simulated FAPAR time series in Figure 3. This is
mainly achieved by a decrease of Lage,crit of about 30 days (corresponding to an earlier loss of the leaf photosynthetic efﬁciency) combined with an increase of Kpheno,crit (later leaf onset). At Puechabon, the evergreen
phenology model is nearly only sensitive to the leaf age (Lage,crit).
Overall, the absolute values of the error correlations between parameters are small with an average
(±standard deviation) of 0.05 ± 0.10 for Fontainebleau and 0.09 ± 0.15 for Puechabon.
3.4.2. Assimilation of FAPAR Data: Impact on Parameters
In spite of their very different temporal proﬁles, in situ FAPAR data and MERIS products induce an earlier
senescence at Fontainebleau, mostly explained by the reduction of Lage,crit. An increase of that parameter
is obtained with SPOT products without any noticeable change on the entering into senescence (Figure 3).
The ﬁt to both in situ and SPOT FAPAR data lead to an earlier start of the growing season with the decrease
of Kpheno,crit (conversely to the optimization with ﬂux data). Note that the uncertainty attached to Kpheno,crit is
smaller when assimilating FAPAR data (and even smaller with the in situ ones) than when assimilating ﬂux
data. The large changes in LAIMAX (increase for in situ FAPAR and decrease for the satellite FAPAR) are the
main cause of the degradation of the modeled NEE.
For Puechabon, the optimization of the mean FAPAR magnitude to match in situ or MERIS data is achieved by
changing the initial LAI (LAIinit) parameter (not shown in the ﬁgures). When assimilating in situ data, it
increases from 4.7 to reach the maximum value allowed of 8. Conversely, when assimilating MERIS products,
it decreases to 1.43.
3.4.3. Joint Assimilation of Flux and FAPAR Data: Impact on Parameters
Figures 6 and 7 reveal that the values of the retrieved parameters may change signiﬁcantly when ﬂux data are
assimilated alone (scenario A1) or combined with FAPAR data (scenario A5). It depends on the initial bias
between the model and each FAPAR product and the correlations between model parameters. This is the case
for some photosynthesis (Vcmax at both sites; Humcste or SLA at Puechabon) or phenology (KLAI,happy and Kpheno,
crit at Fontainebleau; Lage,crit at both sites) parameters, which show high variability in posterior values, depending on the assimilation scenario. For most of the parameters, however, the optimized values are closer to the
ones retrieved when assimilating ﬂux data alone, indicating the stronger weight of NEE and LE in the
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Table 2. Root-Mean-Square Errors of Fit Between Daily Measured NEE and LE Fluxes at Fontainebleau and Puechabon
and (1) the A Priori Model and (2) the Optimized Models Using Either Flux Data Alone (Scenario A1) or Flux and FAPAR
Data (Scenario A5), for Years Outside the Calibration Period
Prior

Flux

Flux + FAPAR (In Situ)

NEE

LE

NEE

LE

NEE

2006
2007
2008
2009
2010

a

1.30
1.85
1.64
1.14
1.50

6.43
11.43
9.13
13.23
10.51

0.66
1.37
1.06
0.84
0.75

5.83
15.26
13.46
17.25
14.84

0.94
1.05
1.01
0.77
1.02

Fontainebleau
6.38
14.49
12.52
17.14
14.46

2000
2001
2002
2003
a
2004
2005
2006

0.65
1.11
1.09
1.06
1.01
0.94
0.96

30.70
28.26
23.81
29.99
24.82
32.30
31.01

0.44
0.60
0.56
0.63
0.53
0.59
0.56

18.14
18.62
17.45
20.35
14.80
20.91
23.81

0.49
0.66
0.60
0.76
0.66
0.55
0.61

Puechabon
21.25
20.93
18.09
20.88
16.22
26.64
24.98

a

LE

Flux + FAPAR (SPOT)

Flux + FAPAR (MERIS)

NEE

LE

NEE

LE

0.74
1.30
1.03
0.75
0.80

6.02
14.86
12.58
17.01
14.39

0.61
1.35
1.06
0.76
0.80

6.06
15.39
13.42
17.57
15.19

0.63
1.08
1.05
1.02
1.03
0.89
0.93

30.40
27.65
23.22
29.40
23.91
31.41
31.06

Years used for the model calibration.

assimilation process (this is particularly the case for the parameters related to respiration—Q10 and KsoilC). The
estimated parameter uncertainties are usually lower for the joint assimilation as expected from the expression
of A (equation (4)) using an increased number of observations that are treated as independent data.
The assimilation of FAPAR products tends to diminish the correlation error between the phenological parameters as compared to scenario A1 (relying only of ﬂux data) except between LAIMAX and KLAI,happy (values
between 0.98 with in situ FAPAR and 0.58 with MERIS at Fontainebleau). In general, however, adding
FAPAR in the assimilation procedure slightly increases the correlation errors between the other parameters.
For Fontainebleau (Puechabon), the mean and standard deviation of the absolute values of the error correlations go from 0.05 ± 0.10 (0.09 ± 0.15) when assimilating ﬂuxes only to 0.06 ± 0.13 (0.12 ± 0.20) when adding
in situ, SPOT, or MERIS FAPAR data.
3.5. Temporal Validation of the Optimized Model
Using in situ ﬂux measurements available at the two sites for additional years, we evaluate (i) if the model
improvement obtained over the calibration year still holds for other years (different meteorological forcing)
and (ii) how it may differ depending on the data streams used for calibrating the model. The analysis is performed for scenarios A1 (ﬂux only) and A5 (ﬂux + FAPAR, with normalized FAPAR products at Fontainebleau).
Table 2 displays the RMSE for the calibration and validation years.
For both sites, the model-data ﬁt is improved for the validation years for all scenarios. At Fontainebleau, the
agreement of the optimized model to the ﬂux data for the validation years is usually reinforced by adding
FAPAR data in the assimilation procedure. The RMSEs are lower with ﬂux + FAPAR than with ﬂux only between
2007 and 2010 when using SPOT or in situ FAPAR (for the latter, however, the beneﬁt in 2010 is obtain only
for LE). A similar ﬁnding is also obtained with MERIS FAPAR products but in a lower extent, the gain for NEE being
achieved from 2006 to 2009 (compared to the assimilation of ﬂuxes only), and only for 2008 for LE. The beneﬁt of
using FAPAR is less pronounced at Puechabon although there is always an improvement of the optimized model
with respect to the standard ORCHIDEE parameterization. Finally, for the two sites, the higher model-data agreement is usually achieved with the in situ FAPAR measurements rather than with the satellite FAPAR products.

4. Discussion
4.1. Constraints and Insights Brought by Each Data Stream
The assimilation of each individual data stream (either ﬂux or FAPAR data) leads to a signiﬁcant improvement
of the model-data agreement with respect to the variables that are assimilated while also possibly highlighting some model deﬁciencies.
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For the assimilation of ﬂux data, the strong reduction of the model-data misﬁt with respect to NEE and LE
conﬁrms previous studies that show the beneﬁt of assimilating local ﬂux measurements into ORCHIDEE for
deciduous ecosystems [Kuppel et al., 2012; Santaren et al., 2014]. The poorer performance obtained for the
Mediterranean forest points out some model structural deﬁciencies that require not only a change in the
model parameters but also in the model structure to better simulate the behavior of semiarid ecosystems,
as for instance using a reﬁned soil hydrology scheme to better calculate the dynamic of the soil water stress
and incorporating the effect of drought stress on the photosynthetic capacity not related to stomatal closure
[Keenan et al., 2009]. The assimilation compensates for the bad representation of soil hydrology by overﬁtting
other parameters, with therefore suboptimal values. Also, at Puechabon, both FAPAR products show bowl
shaped temporal variations, with higher values in winter. This could reﬂect leaf adaptation to dry summer
conditions and a reduction of the photosynthetic activity, or simply a change of the extinction coefﬁcient
with the illumination angle (with higher optical paths for oblique illuminations), neither of which are
represented in ORCHIDEE.
The large discrepancies between the various FAPAR products lead to different optimized model trajectories
after assimilation, with most of the time a large negative impact on the NEE and LE ﬂuxes when FAPAR data
are assimilated alone.
4.2. Limitations of Using FAPAR Data
Although remotely sensed products of vegetation activity have been widely used in semidiagnostic
ecosystem models [McCallum et al., 2009; Seixas et al., 2009; Jung et al., 2011], our study highlights some
challenges to be overcome before they can be fully exploited to optimize process-based model parameters.
In particular, the accuracy of the products should be improved, especially the mean value during the peak of
the growing season.
In addition, our ability to exploit any observation for monitoring ecosystem status depends on the ability of
the observation operator we build to reproduce and account for the various processes and vegetation
components contributing to the observables. FAPAR estimates are impacted by nongreen components of
the canopy (as for instance litter, tree trunks, and branches) when simulated FAPAR usually relies on green
LAI (see equation (1)). Also, we used a constant value for the extinction coefﬁcient (0.5), whereas in reality
it varies in time with the sun angle, as well as with the angle distribution and clumping of leaves that modify
the canopy capacity to intercept the incoming solar radiation.
Note that we could foresee assimilating satellite-derived LAI estimates rather than FAPAR as using LAI does
not necessitate the implementation of an additional observation operator (with its own assumptions and
error characteristics), and one could then consider that LAI brings a more direct constraint on the land surface
model as it directly relates to model outputs (i.e., leaf C mass). Nevertheless, the discrepancies between different satellite-derived LAI estimates are also considerable [Garrigues et al., 2008]; the associated uncertainty
is usually greater than that of FAPAR [Claverie et al., 2013] as the reﬂectance saturates with large LAI values.
Also, the nonlinear relationship between reﬂectance and LAI [Liang, 2000] results in a higher increase of LAI
retrieval errors with the pixel heterogeneity than for FAPAR [Weiss and Baret, 1999]. Note ﬁnally that the
differences between the FAPAR products presented here are of the same order than in other studies and
are mainly attributed the differences in the radiative transfer models used in the processing chain [Meroni
et al., 2013; D’Odorico et al., 2014]. Given the current level of uncertainty in the magnitude of these remote
sensing products, FAPAR or LAI should be used to constrain only the timing of the seasonal cycle of the vegetation (phenology) of LSMs when assimilated alone.
For forests, the understory below the canopy and the vertical mixing of vegetation are still not represented in
nearly all models (including ORCHIDEE), whereas this plays a role for the dynamics of the in situ and satellite
FAPAR observations. Likewise, the model is not able to account for the spatial variability in the phenological
stages that occur in a real landscape. Because of different environmental conditions (different species for a
given PFT; different soil characteristics impacting water and nutrient availability; and microclimate), the dates
of leaf onset and senescence of the various plant individuals are distributed in time, giving rise to a smoother
temporal proﬁle (as seen in the satellite products) than the sudden changes simulated by most land surface
models. Then, rather than optimizing discrete phenological parameters when using satellite observations, a
solution could be to account for a distribution of parameter values in the phenology equations, as proposed
by Knorr et al. [2010].
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The footprint of high spatial resolution satellite observations (HR) is more compatible with that of the ﬂux
tower. Hence, HR data are likely more easily combined with in situ ﬂux measurements than medium spatial
resolution (MR) data. HR satellite products have, however, their own limitations (low revisit frequency, lower
signal to noise ratio, etc.) that make MR observations still valuable to evaluate/optimize ecosystem models
[Knorr et al., 2010; Kato et al., 2013]. Also, while a few vegetation types (one or two typically) sufﬁce to characterize HR pixels, an increased number of different PFTs are required at lower resolution, depending on the
scene heterogeneity. Hence, the optimization with MR data is likely more complex with a larger set of
parameters to optimize simultaneously.
4.3. Compatibility of Flux With FAPAR and With ORCHIDEE
The impact on the model-data agreement with respect to the other data stream not included in the assimilation is a ﬁrst assessment of the consistency between the different observations and the ORCHIDEE model. The
assimilation of ﬂux data had almost no impact on the corresponding simulated FAPAR, which indicates that
there are enough degrees of freedom with the optimization of photosynthetic rate and respiration parameters to ﬁt the NEE without drastically changing the maximum LAI and the other phenological parameters
and, thus, FAPAR.
In contrast, the assimilation of original (unnormalized) FAPAR time series often exerts a strong negative
impact on the modeled NEE and LE. The increase of the model misﬁt with respect to the in situ ﬂux measurements is proportional to the differences between the a priori ORCHIDEE FAPAR values and the in situ/satellite
products. In particular, during the growing season, the ﬁt of the simulated FAPAR to the observed magnitude
of the satellite products has a drastic inﬂuence on the rate of carbon uptake, due to the decrease in LAI that
reduces the carbon ﬁxation capacity of the ecosystems (Figure 3). Using in situ FAPAR still leads to a negative
impact on the ﬂuxes (due to an increase of LAI), although much lower than with the satellite products. This
reveals that the optimization with in situ FAPAR as a sole constraint may lead to a set of parameters that is
not optimal to simulate carbon ﬂuxes.
Note also that the better compatibility between the model and in situ FAPAR data relates to the shape of
the time series. In particular for the deciduous forest, the increase rate of FAPAR after leaf onset and
senescence are quite abrupt in the in situ observations typical of the behavior of an even-age forest stand,
as represented by ORCHIDEE. This feature is not captured by the satellite products that have smoother
temporal variations, the origin of which is twofold: FAPAR processing (smoothing using a moving window)
and spatial heterogeneity.
Opposite changes in the start of leaf onset are obtained whether one or the other data stream is used: while a
later leaf unfolding is estimated when ﬂux data are assimilated, an earlier one is retrieved with all FAPAR
products but MERIS. This may result from the fact that measured FAPAR and NEE have different drivers:
the temporality of NEE is governed by the combination of the temporal proﬁles of carbon respiration and
carbon uptake and is therefore different to that of GPP, which is likely more correlated to FAPAR
and LAI [Connolly et al., 2009]. This suggests that both data streams bring different information on the
ecosystem functioning and thus may be complementary to optimize model parameters (provided there
are not signiﬁcant biases associated with each observation and incompatibilities between the model and
the observations).
4.4. Normalization of FAPAR Data
Given the issues described above, this study proposes a better use of FAPAR products by only constraining
the timing of the growing season through the optimization of a limited set of phenological parameters (consistent with Knorr et al. [2010]). For deciduous canopies with pronounced seasonal cycle, we found that the
assimilation conducted with normalized FAPAR time series still improves the model-data agreement with
respect to FAPAR and mostly reduces the degradation of the model-data ﬁt for NEE and LE. In addition,
the normalization of the FAPAR time series decreases the differences between the different satellite products
and reduces the strong uncertainties attached to the magnitude of the FAPAR data.
4.5. Joint Assimilation of Fluxes and FAPAR
The joint assimilation of ﬂux measurements with any of the FAPAR products (considering either original or
normalized FAPAR values) succeeded in reconciling the two sources of information by ﬁnding a set of
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parameters that improved the model-data ﬁt with respect to each data stream. Note that we performed an
additional test at Fontainebleau using original FAPAR data in the joint assimilation which resulted in an
improvement similar to that obtained when using normalized FAPAR values (results not shown). This
indicates that different sets of parameters, within physical ranges, are able to provide a reasonable ﬁt to
the observed NEE and to different LAI values (constrained through FAPAR). Optimizing the model with only
one data stream may thus potentially lead to non- optimal parameters.
The ﬁt resulting from the joint assimilation (in terms of RMSE) is a compromise between the cases where the
two data streams are considered independently and always results in an improvement of the model. Satellite
FAPAR products helped to better characterize some critical parameters controlling the phenology of
ORCHIDEE (turnover of the leaves, time of leaf onset), parameters that are less constrained by NEE/LE data
alone. The differences in the estimated parameter values (in particular the phenology parameters) when
the FAPAR and ﬂux data are combined in the assimilation, as compared to when they are assimilated independently, reveals some levels of complementarity between the data streams. This result highlights the
importance of combining several data streams. It may strongly impact the model predictions as different
parameter sets will lead to different carbon balance trajectories in the future. Given the correlations between
the model parameters, a joint assimilation seems preferable to a stepwise approach which may penalize the
retrieval of parameters unless these correlations are properly accounted for.
The beneﬁt of combining FAPAR products with ﬂux measurements was conﬁrmed by the temporal validation
experiments where the optimized model was evaluated with respect to ancillary ﬂux data outside the calibration period. The additional use of FAPAR helps better constraining the vegetation phenology and hence
better partitioning the carbon (heterotrophic respiration and photosynthesis) and energy ﬂuxes (sensible
and latent heat).

5. Conclusion
In the context of increasing availability of in situ ﬂux data and satellite observations of vegetation activity, we
have investigated the beneﬁt of combining the two data streams in a data assimilation framework for
optimizing the parameters of the ORCHIDEE process-based vegetation model. In doing so, we have highlighted the main difﬁculties that need to be worked out before being able to fully exploit such remote
sensing products.
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The upcoming new generation of satellite observing systems, including the ESA Sentinel-2 mission, will monitor the Earth’s surface at both spatial and temporal high resolutions and should therefore permit signiﬁcant
improvements of our knowledge of the vegetation dynamics. However, the uncertainty of derived products
such as FAPAR or LAI may limit the potential beneﬁts of future satellite observations. Reducing the observation uncertainty becomes even more crucial for evergreen vegetation with low seasonality as the magnitude
of the satellite products becomes the only information that can be used in an assimilation framework. We
need to prepare advanced land surface data assimilation systems capable of assimilating these new satellite
data, in combination with in situ local measurements, and other data streams (such as atmospheric CO2 concentration data, biomass data, and surface temperature). The complementarity of FAPAR and ﬂux data
demonstrated in this study raises hopes that current process-based models are capable of the task, but we
must see whether the result holds for more ecosystems and a wider array of data.
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