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Abstract. Assimilation of in situ and satellite data in mech- rameters show an enhanced phase agreement between mod-
anistic terrestrial ecosystem models helps to constrain criteled leaf area index (LAI) and satellite-based observations of
ical model parameters and reduce uncertainties in the simpormalized difference vegetation index (NDVI).

ulated energy, water and carbon fluxes. So far the assimila-
tion of eddy covariance measurements from flux-tower sites

has been conducted mostly for individual sites (“single-site”

optimization). Here we develop a variational data assimila-1 Introduction

tion system to optimize 21 parameters of the ORCHIDEE

biogeochemical model, using net ¢@ux (NEE) and la-  Terrestrial ecosystem models have been a tool of growing im-
tent heat flux (LE) measurements from 12 temperate decidPortance in order to understand and simulate the behavior of
uous broadleaf forest sites. We assess the potential of thignd ecosystems and their response to various disturbances,
model to simulate, with a single set of inverted parameters,be it natural or anthropogenic. Mechanistic terrestrial ecosys-
the carbon and water fluxes at these 12 sites. We compar&m models are widely used to assess the current land carbon
the fluxes obtained from this “multi-site” (MS) optimiza- balance (Sitch et al., 2008) and to predict its future evolu-
tion to those of the prior model, and of the “single-site” tion under climate change (Friedlingstein et al., 2006; Cox
(SS) optimizations. The model-data fit analysis shows that al., 2000), as a major driver of the future climate itself.
the MS approach decreases the daily root-mean-square difh this context, there has been a growing effort to evaluate
ference (RMS) to observed data by 22 %, which is close toand validate the simulated carbon fluxes and stocks against
the SS optimizations (25 % on average). We also show that Situ or remote sensing observations. In this study, we in-
the MS approach distinctively improves the simulation of vestigate the potential of eddy-covariance flux measurements
the ecosystem respiratioRdco), and to a lesser extent the from a dozen FLUXNET sitesh{tp://fluxnet.ornl.gov/Bal-
gross primary productivity (GPP), although we only assim- docchi et al., 2001, 2008) to improve a global process-based
ilated net CQ flux. A process-oriented parameter analysis €cosystem model, ORCHIDEE (Krinner et al., 2005). These
indicates that the MS inversion system finds a unique comdata provide near-continuous in situ measurements of carbon
bination of parameters which is not the simple average ofdioxide, water and energy fluxes; measurements are currently
the different SS sets of parameters. Finally, in an attempt t¢¢onducted at more than 500 sites, spanning a wide range of
validate the optimized model against independent data, wélimate regimes and vegetation types worldwide. Here, we

observe that global-scale simulations with MS optimized pa-focus on modeling deciduous broadleaf forests, which are
particularly well represented in the FLUXNET database.
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The discrepancies between the fluxes simulated by terres- — Which parameters are well constrained by the NEE and
trial biosphere models and the observations have five main  LE flux measurements?
origins: errors in flux measurements, errors in meteorological
forcings, error in structural equations of the model (including — What are the typical time scales of model-data mis-
missing processes), inadequate calibration of the model pa- ~matches that are improved by the optimization, and
rameters, and erroneous initial state of the model. While the ~ Which processes remain poorly captured by the model
first two types of error are foreign to the biosphere model  after the optimization?
itself, the last three items are crucial to improve model simu- ) ) o
lations. Most global biosphere models describe the terrestrial — What is the impact of an optimized set of parameters
ecosystems with a small number of categories, referred to as ~ ©N @ global simulation? Can we evaluate changes in the
plant functional types (PFT, usually on the order of 10-15).  Simulated vegetation activity (using the new parame-
With this classification, each PFT is considered sufficiently ~ [€rs) with remote sensing data?
homogeneous to be described by a single set of equations ari(ﬂ
parameters at the global scale. In this context, the choice o ?Ilowing methodology.

a representative value for each parameter becomes a critica We selected a set of representative DBF sites for which

step that might add significant error to the simulated quxesWe would assimilate daily NEE and LE (see Sect. 2.2). We

for a given PFT. present in Sect. 2.3 the optimization approach and the set of

i l:lu dmtﬁrous stuilesflrév?nous.tyﬁets. of <tecosyst.§m hat\./e.'HUZbarameters that are estimated. Section 2.4 describes the dif-
rated the capacity ot data assimiiation o provide opimiz€dg, o optimizations/sensitivity tests that are performed. Fi-

sets of parameters that significantly improve the rT]()cje’l'd""téhally, we introduce in Sect. 2.5 the additional data used for

fit (see review by Williams et_ al., 2009). Many of these ef- the posterior evaluation of the optimization, at the local and
forts have used eddy covariance measurements from ﬂU{(he global scale

fj‘?VYgrs Ito Improve thelr. modeL. Initial St.u?'?s focu;ed (?n In- Throughout the analysis, the results of the model after the
lvidual sites to investigate the potential for carbon, latent, ,; qjte optimization (hereafter referred as MS) are com-

heat and sensible heat flux measurements to serve as mo&% red with those of the model optimized independently at

constraints (Braswell et al., 2005; Knorr and Kattge, 2005; o5 -y measurement site (single-site optimization, hereafter re-

Santaren et a_l., 2007;. Wang et al., 2001, 2007). HOWeVerferred as SS). The results section is divided into five parts.
the small spatial footprint of each flux tower (a few hectares)_.l.he overall performance of the optimization (i.e., model-

often resulted in model parameters overly tuned to the SPeCigata mismatch) is first evaluated at different time scales

flc(;tles o;a p:artlclula}[r site. A few recer;t SIUd'fS 'ha\ée fouth(Sect. 3.1). Then, we analyze the optimized parameters for
n t_epenhen ceva llj‘r’t.'on using par?nlﬁ ers_:)p IT/IIZE a Or,:eloéach biophysical process separately (Sect. 3.2). To this end,
cation when simulations are run at other sites (Medvigy etal.y, o pavesian inversion scheme allows us to use and interpret

2009; Verbeeck et ‘?l" 2011).' This last approach is u§efu| Wytatistical information regarding both prior and posterior pa-
evaluate the potential of a given model structure to S|mulaterameter error correlations. The relevancy of using MS param-

tr;e spatlal'lheée rogenec;t.ykm thle gléxlels (|ts.g§ne(;|cr|lty). COm'eters rather than extrapolating a combination of SS parame-
plementarily, Groenendijk et al. ( ) optimized the param-q s is discussed in Sect. 3.3, while the choice of the assim-

eters of a photosynthesis model using groups of sites Withiﬁlated data is evaluated in Sect. 3.4. We further compare the

an_d_ across PFTs. Their results_ show a large intra-PFT vari- ross primary productivity (GPP) and ecosystem respiration

ability of model parameters, whlph suggests that perhaps th Reco) Of the optimized model against GPP aRgho derived

PF_;’hconcept needsdto l]?e rr(]a—de.fmed.. h il ffrom in situ observations at the flux towers (Sect. 3.5.1). Fi-

th € pﬁesent stu y qlrt t.e ' m:c/esu%ates tt e poter:tla 0 nally, we investigate the impact of the optimized parameters
€ Simutaneous assimiiation of carbon net eCosystem €xy, o global scale, using remote sensing observations of the

change (NEE) and latent heat (LE) flux measurements fro”{/egetation activity (Sect. 3.5.2)

an ensemble of flux towers situated in temperate deciduous I

broadleaf forests (DBF). We focus on the following ques-
tions: 2 Methods and data

— Can we find a single set of parameters that improves th
model-data fit at all sites (multi-site optimization)? 2.1 ORCHIDEE model

order to investigate these different questions, we use the

— How does the multi-site optimization perform in com- The biogeochemical vegetation model used in this study is
parison to independent optimizations at each siteORCHIDEE (Krinner et al., 2005). It calculates the water,
(single-site optimization)? energy and carbon fluxes be'tween the land surface and the

atmosphere at a half-hourly time step. The exchange of car-
bon and water during photosynthesis and the energy balance
are treated at the smallest time scale (30 min), while carbon

Biogeosciences, 9, 3753%#76 2012 www.biogeosciences.net/9/3757/2012/
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"N WP 4 © tions, and to avoid the complicated treatment of the error

= correlation between half hourly data (Lasslop et al., 2008).

I & The remaining gaps in observations are distributed some-
USWCE oo FR_Fofooopgﬁ'::" what evenly along the course of the day. Note that individual
°°U305-3ar ‘ ‘ days with more than 20 % of missing half-hourly observa-
ushoz \:S}’;;P" ip-Tok of tions were not included in the assimilation; over a total of 43
site-years used in this study, the missing data represent 196
and 2 days in the NEE and LE data streams, respectively.
\ 2.3 Data assimilation system
Fig. 1. Locations of the measurements sites. The model parameters are optimized using a variational data

assimilation method. Within this Bayesian inversion frame-

work, we account for uncertainties regarding the model,
allocation, autotrophic respiration, foliar onset and senesthe observations, and the prior parameters. The approach is
cence, mortality and soil organic matter decomposition arePased on Santaren etal. (2007). Assuming Gaussian distribu-
computed on a daily time step. The equations involving thetion for errors on both the parameters and the observations,
parameters optimized in the present study can be found in théhe optimized set of parameters corresponds to the minimiza-
results section. More extensive descriptions of ORCHIDEEtion of the following cost functiory (x) (Tarantola, 1987):
are given elsewhere (Ducoudre et al., 1993; Krinner et aI.,J () = 1)
2005; Santaren et al., 2007; Verbeeck et al., 2011). 1 o

As in most biogeochemical models, the vegetation isZ [(y —Hx)'R Y y—Hx)+(x —xb)’Pgl(x —xb)],

grouped into several PFTs, 13 in the case of ORCHIDEE.2
Except for the modeled phenology (Botta et al., 2000), thewhich contains both the misfit between modeled and ob-
equations governing the different processes are generic, berved fluxes, and the misfit between a priori and optimized
with specific parameters for each PFT. In the present studyparametersr is the vector of unknown parametens, the
ORCHIDEE is mainly used in a “grid-point mode” at one background parameter valug%(x) the model output, ang
given location, forced with the corresponding local half- the vector of observed fluxeBy, describes the prior param-
hourly gap-filled meteorological measurements obtained akter error variances/covariances, whiecontains the prior
the flux towers. Only in Sect. 3.5.2, ORCHIDEE is run at the data error variances/covariances, as described in Sect. 2.2.
global scale, forced by the global ERA-Interim meteorology Both matrices are diagonal since uncertainties are supposed
(http://iwww.ecmwf.int/research/era/do/get/era-intgritm-  to be uncorrelated between parameters/observations, and all
portantly, the modeled carbon pools are initially brought to parameters/observations are identically weighted in the cost
equilibrium by cycling the available meteorological forcing function. The latter is minimized iteratively using a gradient-
over a long period (1300 years), with the prior parameteriza-based algorithm called L-BFGS, which provides the possibil-
tion of the model. It ensures a net carbon flux close to zeraty to prescribe boundaries for each parameter (Byrd et al.,

over annual-to-decadal time scales. 1995). The standard deviation for each parameter used for
Py variances is equal to 40 % of the range between lower and
2.2 Eddy covariance flux data higher boundaries, which have been carefully specified fol-

lowing the physical and empirical expertise of ORCHIDEE
The present study focuses on one single type of ecosystemmodelers, based on literature reviews or databases (such as
temperate deciduous broadleaved forests (DBF). We selectetiRY, Kattge et al., 2011) providing estimated parameter val-
12 measurement sites (Fig. 1 and Table 1), with a “footprint” ues from in situ or laboratory measurements.
that corresponds to a vegetation cover represented by at least Regarding the observational error statistics, the error co-
70 % of DBF, the rest being mostly C3 grasslands or ever-variance matriXR should include both the error on the mea-
green needleleaf trees. The eddy-covariance flux data useslirements and the error on the model process representation.
are part of the FluxNet network, with standard flux data pro-On the one hand, the random measurement error on the ob-
cessing methodologies (correction, gap-filling and partition-served fluxes is known not to be constant and can be esti-
ing) of the La Thuile dataset (Papale et al., 2006; Reichsteirmated as the residual of the gap-filling algorithm (Richardson
etal., 2005). The gap-filled measured fluxes of net ecosystemat al., 2008). On the other hand, model errors are rather diffi-
exchange (NEE) and latent heat fluxes (LE) at half hourlycult to assess and may be much larger than the measurement
time step are used to compute daily means. We choose terror itself. Therefore, we chose to focus on the model er-
assimilate daily mean observations and not half hourly mearor whose correlations cannot be neglected (Chevallier et al.,
surements in order to focus the optimization on time scale2006). The difficulty of evaluating the structure of the model
ranging from synoptic to seasonal and inter-annual varia-error leads us to keeR diagonal and, as compensation,

www.biogeosciences.net/9/3757/2012/ Biogeosciences, 9, 3¥bB-2012
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Table 1. List of the sites.

Site Location Main tree species Stand age LAl Period References
DE-Hai 51.079N, 10.452 E Beech, ash, maple 1-250 5 2000-2006 Knohl et al. (2003)
DK-Sor 55.487 N, 11.646 E European beech 84 4.8 2004-2006 Pilegaard et al. (2001)
FR-Fon 48.478N, 2.78 E Oak 100-150 5.1 2006 Prevost-Boure et al. (2010)
FR-Hes 48.674N, 7.064 E European beech 35 4.8-7.6 2001-2003 Granier et al. (2008)
JP-Tak 36.148N, 137.423E  Oak, birch 50 - 1999-2004 Ito et al. (2006)
UK-Ham 51.12% N, 0.86F W Oak 70 - 2004-2005 http://www.forestry.gov.uk
US-Bar 44.068N, 71.288 W  American beech, sugar, yellow birch 73 3.6-4.5 2004-2005 Jenkins et al. (2007)
US-Hal 42.538N, 72.172W  Red oak, red maple 75-110 - 2003-2006 Urbanski et al. (2007)
US-LPH  42.542N,72.183W Red oak 45-100 4-5 2003-2004 Hadley et al. (2008)
US-MOz  38.744N, 92.2 W White & black oaks, shagbark hickory, - - 2005-2006 Guetal. (2012)

sugar maple, eastern red cedar
US-UMB 45.56'N, 84.714 W Bigtooth aspen, trembling aspen 90 3.7 1999-2003 Curtis et al. (2002)
US-WCr  45.808N, 90.08 W Sugar maple, basswood, green ash 60-80 5.3 1999-2004 Cook et al. (2004)

artificially inflate the variances (Chevallier, 2007). Firstly, 2.4 Performed optimizations: single-site and multi-site
the variances iR are defined as constant in time for each
type of observation (NEE and LE). Secondly, their valuesOne goal is to optimize a mean set of parameters using infor-
are chosen based on the mean squared difference between tf@tion from several measurements sites simultaneously (MS
prior model and the observations, multiplied by the inflation @pproach) and to compare the results with optimizations con-
factor k., which represents our estimation of the character-ducted separately for each site (SS approach). We thus have
istic autocorrelation time length (in days) of the model error. €xtended the site-scaled inversion algorithm used in Santaren
The value ok, is fixed to 30, which for the error propagation €t al. (2007) and Verbeeck et al. (2011) to include the obser-
is equivalent to assimilating one observation every 30 days. vations from all sites and to share a common set of param-
At each iteration, the gradient of the cost functidx) eters in the optimization procedure. Concerning the param-
is computed, with respect to all the parameters. For most ofters, we distinguish two cases: the site-specific parameters
the parameters, we use the tangent linear (TL) model of ORthat are only relevant for a particular site (i.e., that cannot be
CHIDEE to compute the gradient, generated with the auto-2pplied to other sites) and the generic parameters that apply
matic differentiator tool TAF (Transformation of Algorithms to all sites. The initial state of the model is optimized with
in Fortran; see Giering et al., 2005). Some processes in théhe only parameter chosen as site-specific: a multiplier of the
model are described by functions that are not smooth. Examdifferent soil carbon pool contents, which are closely related
ples include the threshold functions controlling the temper-to the local land-use history (Carvalhais et al., 2008). The
ature dependence of foliage onset and senescence (parafigst of the parameters are considered as generic across sites
eters Kphenocrit and Tsenes S€€ Table 2). In both cases we in this study. We acknowledge that this assumption brings
use a finite difference approach with prescribed perturbatiorfome limitations given the potential inter-site variability of
steps respectively equal to 4 % and 2 % of the allowed variaSOme parameters (e.g., soil water availability), which will be
tion range. These values were found in prior sensitivity testskept in mind in the results analysis. The list of optimized
as the smallest possible without provoking numerical errors ORCHIDEE parameters is given in Table 2.
Once the cost function reaches the minimum, the posterior Besides, two other data assimilation experiments are con-
parameter error variance/covariance mafixis explicity ~ ducted for the purpose of this study. Firstly, a series of multi-
calculated from the prior error variance/covariance matricessite optimizations are performed in order to evaluate the indi-
(P, andR) and the Jacobian of the model at the minimum of vidual impact of the parameters related to heterotrophic res-

J (Hoo), using the linearity assumption (Tarantola, 1987);  piration, notably regarding the initial soil carbon content (see
Sect. 3.2.1.). Second, we use the multi-site procedure to sep-

arately assimilate each one of the data stream (NEE and LE),
S0 as to evaluate their respective information content. In the

Large absolute values of error correlation indicate that theCase of LE, non-sensitive parameters were left out the opii-

observations do not provide enough information to distin-m'lza:'r?n' d ¢ d the followi timizati .
guish between the effects of each corresponding parameterI 3 een ,'t\'Ni pter ;)r.me € following optimizations, in-
throughout the optimization. cluding sensitivity tests.

P.= [HQOR—lHOO+Pg1]_1. )

Biogeosciences, 9, 3753%#76 2012 www.biogeosciences.net/9/3757/2012/
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Table 2. ORCHIDEE parameters optimized in this study.

3761

Parameter Description Prior value  Priorrange  oprior
Photosynthesis
Vemax Maximum carboxylation rate (umolnf s~1) 55 27-110 33.2
Gs slope Ball-Berry slope 9 3-15 4.8
Topt Optimal photosynthesis temperatuf€j 26 6-46 16
Trnin Minimal photosynthesis temperatur&)) -2 (-7)-3 4
SLA Specific leaf area (LAl per dry matter content? g 1) 0.026 0.013-0.05  0.0148
LAl max Maximum LAI per PFT (¥ m—2) 5 3-7 1.6
Kai,happy LAl threshold to stop carbohydrate use 0.5 0.35-0.7 0.14
Phenology
Kphengerit  Multiplicative factor for growing season start threshold 1 0.5-2 0.6
Tsenes Temperature threshold for senescerft®)( 12 2-22 8
Lagecrit Average critical age for leaves (days) 180 80-280 80
Soil water availability
Humcste Root profile (nT1) 0.8 0.2-3 1.12
Dpucste Total depth of soil water pool (m) 2 0.1-6 2.36
Respiration
010 Temperature dependence of heterotrophic respiration 1.99372 1-3 0.8
K soilc Multiplicative factor of initial carbon pools 1 0.1-2 0.76
HRy First-degree coefficient of the function for moisture control factor of heterotrophic respiration 2.4 2.1-2.7 0.24
HRp . Offset of the function for moisture control factor of heterotrophic respiration -0.29 (-0.59)-0.01 0.24
MRa Slope of the affine relationship between temperature and maintenance respiration 0.16 0.08-0.24 0.064
MRp Offset of the affine relationship between temperature and maintenance respiration 1 0.1-2 0.76
GRirac Fraction of biomass available for growth respiration 0.28 0.2-0.36 0.064
Energy balance
Z0gverheight Characteristic rugosity length (m) 0.0625 0.02-0.1 0.032
Kalbedoveg ~ Multiplying factor for surface albedo 1 0.8-1.2 0.16
a) DE-Hai b) US-Ha1
[ — Obs Prior — MS SS 5F  Obs Prior  —— MS ss 3
(-487) (-27) (-308) (-420) 4F;  (354) (-38) (-302) (212 4
= 2 : P AN
2 1
L E
B -2f ]
-6F 1
. ‘ / 8L ‘ ‘ ]
2005.0 2005.5 2006.0 2006.5 2007.0 2005.0 2005.5 2006.0 2006.5 2007.0
120 f — Obs Prior  — MS ss ] 120 F — Obs Prior  — MS sS
[ (21) (33) (24) (00 1 3 (22) (36) (28) (27)
100 - E 100
:\g 80 E g 80F
2 60 \ 1 2 eof !
w r | ] Y r
40 " B 40 \
r W v ] [
20004 . y . 20F P4 .
0t . . 0 . .
2005.0 2005.5 2006.0 2006.5 2007.0 2005.0 2005.5 2006.0 2006.5 2007.0

Fig. 2. Seasonal cycle of NEE and LE @) Hainich and(b) Harvard Forest sites, smoothed with a 15-day moving average window. The

observations (black) are compared with the prior model (grey), the MS optimization (blue) and the SS optimization (orange). The error bars

give the total flux uncertainties. The annual carbon budget (g€yn~1) and the annually averaged LE flux (W) are given between

brackets.
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— 12 reference SS optimizations (21 parameters for eachB Results and discussion

31 Model-data fit: multi-site versus single-site

— 1 reference MS optimization (20 generic parameters, 1 e
optimization

site-specific)

Throughout this section, the results of the MS optimization

- 6MS optimi_zationg Wi_th different parameters related to gre systematically compared to those given by the SS opti-
heterotrophic respiration left out mization.

— 1 MS optimization with only NEE data (20 generic pa- 3-1.1 Overall model-data fit

rameters, 12 site-specific
P ) To evaluate the performance of the different optimizations,

we first look at the misfit between the model output and the

— 1 MS optimization with only LE data (14 generic pa- assimilated observations for three cases: prior model, MS op-

rameters) timization and SS optimization. Figure 2 shows the seasonal
cycles of NEE and LE at two of the 12 sites used in this study,
2.5 Additional data used for model evaluation where only two years of data are shown. Plots with all years
at all the “sites” can be found in the Supplement. Note that,
2.5.1 Photosynthesis and respiration for the sake of clarity, data have been smoothed with a 15-day

_ ) _ moving average window in all the figures showing seasonal
The model is evaluated at the sites using the two componentsycjes; but not in any of the optimizations. The brackets give

of the NEE flux: the gross ecosystem productivity (GEP) the average annual carbon budget (gyr—2) and the av-
and the ecosystem respiratididco, estimated via the flux- eraged LE flux (W m?). Lastly, the error bars on the left part

partitioning method described in Reichstein et al. (2005).represent for both fluxes the total uncertainty averaged over
This method extrapolates nighttime measurement of NEEg)| the periods:

representingReco, iNto daytime Reco USINg a short-term-
calibrated temperature response function. GEP is then de& IZW ?)
rived as the difference betwedtyc, and NEE. Due to the  °% paramt “modef

small quantitative difference between GEP and the gross pri

mary productivity (GPP) (Stoy et al., 2006), from now 0nWe gepation space, whilemogel represents the structural model

use the term “GPP” instead. Similarly to NEE and LE, We gror The former is calculated using the parameter error co-
also use daily-averaged data. We acknowledge that GPP ang, 3 nce matrix and Jacobian matrix of the model, similarly

Reco are not fully independent data (with respect to the as-, Eq. (25) in Rayner et al. (2005) (assuming linearity at the

similated NEE) and are essentially model-derived estimategyinimum of the cost function). The model error is reported at

that are to some degree conditional on our underlying asg,c site as a standard deviation from the statistical analysis

sumptions, but note that these concerns have been largel the prior and the posterior residuals (model minus obser-
addressed in previous analyses (e.g., Desai et al., 2008). vations), following Eq. 8) in Desroziers et al. (2005). The

. all-site average values are estimated to be 1.8 g&dn?
2.5.2 MODIS remote sensing NDVI (NEE) and 24.1 W m? (LE).

Whereoparamis the parameter error contribution in the ob-

| d | if th imized ¢ . NEE shows a significant seasonal cycle with large nega-
n order to evaluate if the optimized set of parameters iM-; o y5)yes (uptake) in summer and positive values (release)

proves the phe,”o'ogY of the model a,t th? global scale, w uring winter, which is captured by the prior model relatively
use the normalized difference vegetation index (l\_lDVI) esti- ol There are however three major types of mismatch:
mated from measurements made by the MODIS instrument,

aboard the Terra satellite (see Sect. 3.5.2). MODIS measures — recurrent overestimation of the winter carbon release;
irradiances (converted to reflectances) which are first cor- o

rected for atmospheric absorption and scattering (Vermote — Underestimation of the summer carbon uptake at most
et al., 2002), then from directional effects (Vermote et al., sites; and

2009), before NDVI is calculated (Maignan et al., 2011). The
result is a daily product with 5 km spatial resolution. Spatial
averaging is used to match the ERA-Interim resolution. Note
that NDVI was preferred to other satellite products (such asThe first, and to a certain extent the second, item partly re-
LAI or FAPAR) as it is directly calculated from the surface sults from the model being spun up before each simulation,
reflectances, contrary to LAl and FAPAR which require in- thus forcing the annual carbon budget to be close to zero (see
termediate models to be generated, possibly adding signifiSect. 2.1). The optimization generally manages to correct the
cant uncertainty to the retrieved data (Garrigues et al., 2008)aforementioned winter bias, and this is clearly visible in the

— significant phase shift at some sites (onset and senes-
cence).
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Fig. 3. Model-data RMSs at different time scales faj NEE and(b) LE. Prior model is in grey, MS optimization in blue and SS optimization
in orange.

shift of annual carbon budget after both MS and SS opti-average, and yearly average (Fig. 3). The model-data misfit
mizations. The summer uptake is also increased after the ofds quantified using the root-mean-square difference (RMS),
timizations, but does not always reach the amplitude of thecalculated for each site from the following quantities:
measured NEE. The phase shift is corrected at some sites, but

not consistently at all sites. Xdaily = X

The large LE seasonal cycle, with a peak of evapotranspi-| X monthly anomaly= {*)month— ((¥)monthall years
ration in summer and values close to zero in winter, is rela-) ¥monthly average= {*)month— (¥)year J (4)
tively well reproduced by the prior model. The model tends | ¥seasonal average® (¥)season

to overestimate LE at the end of winter and in spring (see | *yearly average= {*)year

also the Supplement). This discrepancy is more pronouncegq . is either the observation or the model output vector,

at sites with snow cover (such as JP-Tak and most of thqx>momh the average over a monttx)mont al yearsthe av-

American sites), most likely because the current model over-erage Of(x) monir, OVer all the years available at a given site,

estimates snow sublimation (Slater et al., 2001). The 0pti_<x>seasonthe average over one season (DJF, MAM, JJA or

miza}tjons manage to correct the summer misfit, althogg_h IengN)' and(x)yeq is the average over the year. On the daily
S|gr!|f|cantly than for NEE. Th? subhr_natlon—relateq_m|sf|t o time scale, the RMS is calculated for each site (first row in
LE is not corrected, as we did not include specific param-g, “3) ‘\hile at other time scales all the site-years are used

eters of snow buildup and sublimation. Note, however, thaty,,other in one single RMS per case (second and third rows)
sensitivity tests have shown no significant impact of this d|s-to increase statistical power

crepancy of LE upon the optimization of the other energy 5 |5rqe RMS reduction is found on yearly average, where

balance parameters. .. the RMS of NEE is reduced by half from the prior (49 % de-
In the end, we found that (1) the MS parameter set S'gn'f'crease in MS case, 59% in SS case). More specifically, the

icantly improves the m (_)del_-data fit at most sites, and (2) thaoest relative improvement of the fit happens in winter (Fig. 3,
results of the MS optimization are often comparable to thosesecond row), where the RMS is reduced by an even larger

of the SS optimizations. amount (MS: -55%, SS: —69 %). The all-site averaged net
annual NEE shifts from —39 gCm yr—1 (prior model) to —
3.1.2 Model-data fit as a function of time scale 260gC n2yr—1 (MS) and —251 gC m2 yr—1 (SS), which is

much closer to the observed value (—344 gCiyr—1). Re-
To further evaluate and quantify the optimization perfor- garding LE, the RMS is decreased by 29 % (MS) versus 45 %
mances, we analyze the model-data misfit for different time(SS) on yearly average. Seasonal peculiarities are slightly
scales: daily, monthly anomaly, monthly average, seasondkss pronounced than for NEE. Overall, both MS and SS
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Table 3. All-site yearly reduction of the model-data NEE RMS from the prior model, for various combinatidtysfdrameters left out the
optimization.

Ry, parameter(s) left out None Kspiic Q10 HRp HRc  Q10tHRp p+HRgy . All
Yearly RMS reduction (%) 49.3 385 493 543 552 386 16.6
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parameter sets result in significant improvements in annuastructural, both above and below ground) and three soil or-

carbon and water budgets. ganic matter pools (active, passive and slow):

On the monthly time scales, we distinguish the average
and the anomaly. The RMS reduction on monthly averageRh= Y o, Cp-cu -CT/TP, (5)
is significant mostly for NEE (MS: —16 %, SS: —24 %), be- P

coming smaller in the case of LE (MS: -8 %, SS: —18%). h .
.2 ] , Up,y Tp, th f th
This indicates that only a small improvement of the NEE "eT€ Cp: ap, Tp, cy @Ndcy are the size of the carbon

levele | ible with th t model st qpool, a pool-specific partitioning coefficient based on Par-
mean seasonal cycle 1S possibie With Ihe current Moadel StiuGg, , o o) (1988), the pool-specific carbon residence time also
ture, and even less for LE. Regarding the monthly anomaly,

. Y - “based on Parton et al. (1988), and the temperature and hu-
we see that neither the SS nor the MS optimizations brlngmidity control factors, respectively. The initial sizes of the

?ny S|gnn;|can_t Tprovzrpﬂesnthtoweve;hthe mnet_r monthly in- carbon pools integrate the past input of carbon to the soil and
erannual variations ( etween the quantifiefinonin thus all land use history at the site. These impacts are dif-

and ((x)montt all yearsintroduced in Eq.4)) of NEE and LE ficult to account for, and we choose to scale all initial soil

are already similar between observations and prior model; . L .
0.63gCnT2d-* and 6.88Wm?2 against 0.41 gC m? d-1 tarbon pool sizes through the optimization procedure with

) ic (Table 2 i [. (2007
and 7.21 W m?, respectively. We deduce that the current one parametei soic (Table 2), as in Santaren et al. (2007)

model structure captures a significant part of the inter-annua?‘nd Carvalhais et al. (2010):
v_ariations but no further improvement is giygn by optimiza- C).soillto) = C;pégﬁp(to) x KesoilC. (6)
tions. Therefore, we suggest that the remaining gap could be '
bridged by taking into account the impact of biotic factors cy andcr represent the slowing down of respiration in too
and climate anomalies on photosynthesis/respiration in thelry soils or at low temperatures, respectively:
model structure and/or the parameterization.
On the daily time scale (raw data used in the optimization),c# = max(0-25’ min (1’ ~11-H*+HRy H+ HRH,C» . (7)
the RMS reduction is 22 % on average for NEE after the MS
optimization, while it is 25 % in the SS case. Concerning LE, 7-30
the difference between the two optimizations is slightly morecr = min (1, 014" ) , (8)
significant, with an average of 16 % RMS reduction versus
23 % in the SS case. The larger SS/MS discrepancy observedhere H is the relative humidity of the above-ground lit-
for LE reflects the fact that the RMS is significantly higher ter or the soil, and" is the surface/soil temperature for the
for the MS case at 3 sites (DK-Sor, FR-Fon and US-UMB). above/below-ground pools. HR;, HRy ., andQ1¢ are crit-
Overall, the NEE fit is more improved than the LE fit, ical parameters that are optimized (Table 2).
partly reflecting the larger set of optimized parameters that At most sites, both the MS and SS optimizations lead to
are exclusively related to carbon assimilation and respiratiorsimilar results, with a smaller initial pool siz& {qiic lower

processes (the focus of this study). than 1). This is linked to the spin-up procedure (see Sect. 2.1)
that brings the ecosystem to near-equilibrium (no net release
3.2 Level of constraint on the different processes or uptake of carbon). However, most of the selected sites are

young growing forests (less than 90 year old). Soil carbon
In the following subsections, we analyze the values and thecontent is probably lower in these forests than it would be
associated errors of the relevant parameters for the main sinfor a mature forest. As proposed by Carvalhais et al. (2010),
ulated processes and we investigate the strengths and weattie optimization of soil carbon pools can alone explain most
nesses of the current model structure. Figure 4 displays thef the RMS reduction at yearly time scale for NEE. We have
optimized values for each parameter, and the error correlafurther investigated such a hypothesis with 6 MS experiments
tions between all parameters in the MS case can be found iwhere, as compared to the reference MS optimization, one
Fig. S13. For each process, the relevant ORCHIDEE equaer more of the four parameters related to the heterotrophic
tions are shown, with the optimized parameters highlightedrespiration Ksoilc, Q10, HRu » and HRy ) are in turn left

by bold fonts. out the assimilation procedure. Table 3 shows that without
Ksoiic there is a 38.5 % reduction of the model-data RMS
3.2.1 Parameters of the initial soil carbon pools and at yearly time scale, a value significantly lower than in the
heterotrophic respiration standard case (49.3%). A similar degraded performance is

found when the three other parameters are simultaneously
As described in Sect. 3.1.1, the optimization strongly re-left out of the optimization, whereas we observe a slight im-
duces the winter carbon release to match the observations, agtovement (as compared to the standard MS case) when each
most sites. In winter, the carbon exchange for DBF is mainlyone of them is individually excluded. When the four parame-
driven by heterotrophic respiratiaRy,, here modeled as the ters are not considered, the optimization procedure becomes
sum of the respirations from four litter pools (metabolic and significantly less efficient with a 16.6 % RMS reduction on
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yearly average. With these tests, we conclude that the initiaMRy/ Q10 , and MR/ Q10 error pairs are correlated. This in-

sizes of the carbon pools have the highest individual leverdicates that we might face an equifinality problem: a range

age upon the simulation of the annual carbon mean flux, bubf different parameter sets may yield similar model perfor-

the parameters controlling the temperature and humidity demance, and similar model predictions.

pendences of the respiratory processes also play an important Overall, the inversion system always redudgsand Ry,

role when combined together. and consequently?;. The main reason for this is the im-
The MS optimization results in an increased valu@®af, proved fit to the summer carbon fluxes: the prior model al-

which represents a middle ground between the spread ofvays underestimates the magnitude of summer uptake (see

SS values. Below 3%C, the temperature control factoy Sect. 3.1.1). Carbon assimilation is unchanged or even re-

is a decreasing function a1 (Eq. 8), and so is the het- duced by the optimization (see next section), @pdis al-

erotrophic respiration. Regarding the humidity control fac- ready drastically reduced to fit the winter NEE (Fig. 3).

tor cy, both parameters, HR, and the offset HR ., are Hence, the optimization further decreases the autotrophic

decreased after the MS optimization (Fig. 4), reflecting therespiration.

trend of most SS optimizations. Overall, we observe a signif-

icant reduction ofRy, at 10 out of 12 sites after the MS opti- 3-2.3 Parameters of the photosynthesis

mization (not shown). Note that errors of HRB and HRy . .

are strongly anti-correlated, and also correlated @il er- The photosynthesis model devel_oped by Farquhar _et

rors (Fig. S13). This indicates that using only NEE and LE al. (1980) and Collatz et al. (1991) is used for C3 plants in

measurements does not allow full separation of temperaturQRCHlDE.E' GPP IS an increasing f.unct|on of the maximum
and humidity impacts o, carboxylation capacitycmax Which is one of the parame-

ters optimized here. The effective maximum carboxylation

3.2.2 Parameters of the autotrophic respiration capacityVemaxeffective IS modulated by several coefficients:

The autotrophic respiratioR, is computed as the sum of the Vemaxeffective O Vemax Eleaf - Stemp- Ewater (12)

growth respirationkg and the maintenance respiratioRs; ~ Whereeiear, cremp andewater are the leaf efficiency, the de-

from the various biomass poals pendence on temperature and the dependence on soil water
availability, respectively. The leaf efficiency is determined by

Ra= ZR”‘J + Ry. (9) the relative leaf age, which is a fraction of the critical leaf

i age parameteragecrit, following the law shown in Fig. Al
in Krinner et al. (2005). The temperature efficiency varies

The maintenance respiration follows from between 1 at the optimal temperatuigy, and 0 at the min-

o _ [ Max(0.co;- (MRa-7; + MRy) x 5; CSLALHLAL @05 LAD) (eqyeq (10) imum and maximum temperaturds,in and Tnax, respec-
mi= { max(0, co,i - (MRa- T; + MRp)) x B;(other pooly ’ tively:
whereT;, B;, and LAI are respectively the soil or surface (Tair — Tmin) X (Tair — Tmax)

temperature, the biomass content and the leaf area indeX!emP= (13)

5
. . . . Tair — Tmi Tair — T; — (Tar — T¢

while co; (ggtday 1) is the maintenance respiration co- _ (Tair = Trmin) X (Tair — Tma) — (Zair ~ Topi) -
efficient at 0C, which is prescribed depending on the PFT In this study, only the parametefgyt andTmin are optimized,
and the biomass poat 0 (heartwood), 1.1910~* (sap- as we found little sensitivity to the value @fax (fixed to
wood, fruits, and carbohydrate reserve), k803 (roots)  38°C) in preliminary tests. The dependence factor on soil
and 2.6 102 (leaf). MR, and MR, are two critical param- ~ water availabilityswater is an increasing function of the wa-
eters that are optimized (Table 2). The growth respiration ister fraction f,y available for the plant in the root zone, rep-

calculated as a fraction of the remaining total biomass: resented by a double bucket scheme (Ducoudre et al., 1993).
fw is calculated based on the exponential root profile kigm

Rg = GRyac- max(Ba— At~ Rmi,02. Ba) , (11)  along the soil depth Dpsie both of which are optimized:
fw= xtopexp(—HU%st@pucsteatop) (14)

where B is the total biomassAr the time step (one day), _ _
and GRy4¢ a fraction to be optimized (Table 2). For all three * (1 xmp) exp( Hu%St@puCS“‘ﬂfjeeQ’ o
parameters, the SS optimizations tend to reduce the prior val¥N€reéxtop, atop @ndageepare a normalized coefficient related
ues (Fig. 4). Surprisingly, the MS values correspond approx-to th'e wetness of the top §O|I water reservoir, and thg dry
imately to the lowest values in the spread of SS optimiza-fraCt'On (_)f the top/deep_son Water_reservows_, r_espectwely.
tions (and not a median or mean value). This result has tof ' maximum leaf area index LAkx is also optimized, and
be related to the cross-dependence between parameters afit§ Stomatal conductangeis expressed as following Ball et
the nonlinearity of the model. Figure S13 shows thatMR &l- (1987):

and MR, errors are anti-correlated (—0.28), and similarly be- GPPx hy

tween MR, and GRrac (-0.21), but also that GRd/Vemax, =~ 85~ maX<GSsS'°PeC—a +Gse, ch) ’ (15)
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whereGgsiope IS Optimized.ir, Cq and G are the air rel-  optimizations, respectively. This is consistent with the fact
ative humidity (%), the atmospheric G@oncentration, and that the prior model overestimates LE throughout the year at
an offset fixed to 0.01 for the current PFT, respectively. most sites (Sect. 3.1.1) except for DK-Sor, US-LPH, and US-
The optimized values of the photosynthesis parameterdMB. At these three sites, LE is underestimated by the prior
can be classified in three categories: model; the SS optimization consistently improves the fit by
increasingGs siope @and decreasing aipedoveg (Fig. 4), while
the MS trend toward a reduction of LE further enhances the
underestimation. Note finally that changes in the values of
(Fig. 4): Z0overheightare more difficult to interpret, due to the large
e spread among SS values; the associated errors remain large

— those slightly increasing GPP: increased SLA (with a and are correlated with those fro@ siope (Fig. S13).
large associated error); and

— those reducing carbon assimilation: decreasgQfope
LAl max,z DpWste and the increase of values for
restriction-related parameters such Bgt and Tmin

3.2.5 Parameters of the phenology
— those with no significant trend, such Bgnax
) o o We optimize three critical phenology parameteé{ghenocrit,
Qverall, this combination of opUmz_ed_paramete_rs resulthsenesand Lagecrit- Kphenocrit is @ multiplicative factor of
in a decrease of the carbon assimilation, as dllscuss.ed Ithe growing degree-days (GDD) threshold initiating spring
Sect. 3.5.1. Note thdfcmaxhas strong error correlations with |a5f onset. In temperate deciduous broadleaf fordgtses
other parametersis siope~0.48), Topt (0.73), andLagecrit directly gives the threshold temperatufey triggering leaf
(-0.97) (F|g._813). The same applies to the two parameterganescence. The higher the valuekghenocrit (resp. Tsened
Topt andTmin involved in the temperature dependence of thejg the |ater (resp. the earlier) in the year leaf onset (resp. leaf
photosynthesis efficiency, whose errors are significantly am"senescence) occurs. Fbgecrit the smaller it is, the sooner
correlated (-0.45). These error correlations indicate that varine |eaf loses its photosynthetic efficiendphengcrit is gen-
ious combinations of these p.aram.eter values may result i%rally increased by the optimization, and s@isnes(Fig. 4).
decreases in the carbon assimilation. We checked whethgf heans that the growing season is delayed and ends earlier,
Iea\_nngRa parameters out of the opt|m|za_\t|on WOL_JId lead to s being shortened, as compared to the prior mddgeri
an increase of GPP (as the NEE constraint remains the same aimost unchanged in MS case, while the shift after opti-
in the inversion system, but with an higher modekeg, yet  ization oscillates between —40 days and +35 days depend-
the effect is rather weak: the average annual assimilated Cafhg on the SS optimization considered. To further quantify
bon changes by less than 2% (not shown), with a substangese changes, for each site we computed the smooth sea-
tially worse fit to summertime NEE. We deduce that climate g5 cycle of NEE, based on the signal decomposition pro-
dependencies of photosynthesis and autotrophic respiratioBosed in Thoning et al. (1989), and we used the days when
are different enough so that the two processes can be distine smooth curve crosses the zero line to define the bound-
guished in the ORCHIDEE model with only daily mean NEE 4ies of the growing season (Fig. 5). Regarding the beginning
data. of the growing season, the prior simulation is too early by 2
to 19 days, except at DK-Sor (Fig. 5, first row). The opti-
mizations improve the agreement with the data with average

In this study, we optimize three parameters directly relatedPOSitive shifts of 8 days in the SS case and 5 days after MS
to the energy balances siop ZOoverheight and Kabedoveg.  OPLMIZAtON, although overcorrection is apparent at 3 sites
For a given GPPGs siope modulates the stomatal conduc- (DK-Sor, FR-Fon and FR-Hes). Regarding leaf senescence

tance and thus LE (see Eq. 18)0overheighis a characteristic (Fig.. 5, second rpw), the prior model is generally too late in
rugosity length used to calculate the aerodynamic resistancnding the growing season, by Z {2) days, and both SS
to mass transfek aedovegis @ Multiplying factor of the veg- and MS optimizations tend to advance the.date by 3.5 dqys
etation albedo at each time step. on average. Overall, the length of the growing season is sig-
Gs slopeis generally decreased by the optimizations with anlflcantl_y m_proved in both MS and SS cases: the_ mean prior
significant spread among SS values (see Sect. 3.2.3), whilgverestimation by 16 days is reduced to respectively 8 and 5
Kalbedoveg iS more homogeneously increased. An enhanced@ys- , S _
albedo decreases the amount of radiation absorbed by the 1"€ seasonality of evapotranspiration is tightly linked

vegetation, hence reducing the evapotranspiration (LE). BelC that of photosynthesis. The reduction of the latent heat
sides, a decreased value Gf siope induces a lower stom- flux after optimization (see Sect. 3.2.4) generally delays the

atal conductance (for a constant GPP) and thus reduces tH#P"ing increase of LE and advances the subsequent autumnal
transpiration from the leaves. These two factors combingl€Créase, in general agreement with the observations (Fig. 2
to result in less LE after optimization (Fig. 3 and the Sup- and S110 S12).

plement): the prior annually averaged LE flux, equal to 39

W m~2, is reduced by 23 % and 22 % after the MS and the SS

3.2.4 Parameters of the evapotranspiration
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T v

posed at other sites, and we can link the small difference for

3 o V- LE to the small number of LE-related parameters. Besides,

% 10l \/\\ - [ B the transposition of SS parameters to other sites also gives

5 By e hints regarding which sites do not “fit” in the group here stud-

g o A\ \/ - ied: for example, the Sorg forest site (DK-Sor) shows a high

20l [om oPe =W =% / i RMS for NEE whenever optimized parameters from a differ-

3 ‘ R ent site or MS parameters are used. It shows that this site is in
wf T4 some way atypical relative to the other deciduous broadleaf
285 | - forest sites in our analysis, and Fig. S2 suggests that this is

| because only at this site both GPP aRgl, fluxes are un-
derestimated by the prior model, calling for corrections op-
posed to the general trend observed throughout this study.
Second, the MS optimization generally results in a better
RMS reduction than when using the mean set of SS param-
eters, with averaged RMS differences of 0.097 gCuir*
(NEE) and 1.83 W m? (LE). These discrepancies are larger
than the averaged RMS difference between MS and SS op-
timization (0.056 gC m?d—1 and 1.26 W n?). It suggests
that the non-linearity of the model implies that a potentially
generic set of parameters cannot simply be the average of
site-specific values and that the MS optimization brings ad-
: ditional information. In addition, we checked that using an
& & & Q@L&x\%& & & &,6‘\ &\@&9@ 0,5\“‘ averaged value also fdseiic in the mean parameter set (in-
stead of the local SS value) results in much poorer results
Fig. 5. Starting day, ending day, and length of the growing season(not shown), most likely because of the strong dependence
(average over all the years available at each site). Measuremen®f this parameter on the land-use history at each site. Fi-
are in black, prior model in grey, MS-optimized model in blue, and nally, there are a few sites where the mean set of parameters
SS-optimized model in orange. does better than the MS optimization for one, but not both,
fluxes: UK-Ham for NEE, FR-Fon and US-UMB for LE. We
can notably notice that UK-Ham is one of the very few sites
3.3 Is the multi-site set of parameters the most generic ~ where the prior GPP is underestimated (Fig. S6), while at
one? FR-Fon and US-UMB the prior LE is either commensurate
with observations or even underestimated — as compared to a
We have shown that the MS optimization is able to providegeneral overestimation. MS corrections might thus be incon-
significant improvement in the model results. However, onesistent with the local peculiarities, and Fig. 3 shows indeed
can wonder if deriving across-site information directly from that, in these three cases, the MS RMS for the corresponding
SS optimizations would not prove to be as efficient. Two flux is significantly larger than the SS one. We conclude that
methods have been considered: directly using SS sets of pahese sites might not fit in the multi-site group with respect to
rameters at the other sites, or deriving a mean set of paramehe mentioned fluxes, so that a site-specific parameterization
ters calculated as the average of the 12 SS sets of parametergould be needed here.
In Fig. 6, we show the model-data RMSs for NEE and LE
at each site, resulting from applying 15 sets of parameters3.4 Information content of the different observations
prior model (grey), the 12 SS sets of parameters (yellow,
and red for the parameters optimized at the given site), thén order to estimate the respective contribution NEE and LE
MS set of parameters (blue), and the mean set of SS parante the assimilation, we conducted the MS optimizations us-
eters (black). Note that, in the mean set of parameters, wéng either NEE or LE, but not both, fluxes. The impact on
keep using the local SS-optimized carbon pool scaling facthe RMS is shown in Fig. 7, which compares the results of
tor Koiic, instead of an averaged value. Figure 6a first showshe different cases, with and without each type of data. Re-
that transposing SS set of parameters most often results igarding the fit to NEE, the performance of the optimization
NEE RMSs significantly higher than in the corresponding SSis very similar at most sites whether LE data are used or not,
and MS cases (yellow bars higher than red and blue). This isvhereas using only LE data results in a significant degrada-
less significant for LE, where one or more foreign SS setstion of the NEE model-data fit from the prior in most cases
of parameters give RMS reductions similar to the local SS(averaged RMS increased by 22 %). This degradation stems
set of parameters (Fig. 6b). We can deduce that in generdtom LE having no leverage on the modelBd.,, while the
the SS sets of parameters are not generic enough to be tranassimilation of LE still decreases GPP from the prior model,

280 —

275 —
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Growing season length (days)
/
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prior model (grey), parameters from SS optimizations at the other sites (yellow), local SS optimization in orange, MS optimization (blue),
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Fig. 7. Daily model-data RMSs at the sites f@) NEE and(b) LE. Prior model is in grey, and compared with three MS optimizations using
different sets of data: LE only (yellow), NEE only (orange), and LE+NEE (blue).

via the reduced stomatal conductance. This difference leadef NEE suppresses error correlation of the SGALope and

to higher NEE values than for the already-overestimatedSLA/Tqpt pairs (0.23 and 0.21 without NEE, 0.03 and 0.07
prior NEE, thus degrading the fit. Regarding the modeled LE with both fluxes (not shown)). At the same time, error cor-
the situation is almost symmetrical: using or not NEE barelyrelations appear betwe& siopeand others parameters such
affects the performance of the model after optimization. Oneas Lagecrit, Z0overheightaNd Kalbedovegs When adding LE to

can however notice that the assimilation of just NEE doesNEE in the assimilated data (not shown). Overall, assimi-
not degrade the fit, and even improves it: only 1% improve-lating LE data bring additional information beyond what is
ment on daily time scale (versus 16 % with LE data), butachieved with NEE alone, suppressing some photosynthesis-
15 % on yearly average (versus 29 %, not shown). Regardingarameter error correlations, and reducing the parameter er-
the parameters, using both fluxes helps to reduce the erraors themselves in most cases.

correlations betweel s siope and Topt (0.52 without NEE, —

0.27 without LE, —0.11 with both (not shown)), and the use
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Fig. 8. Seasonal cycle of GPP amtécoat (a) Hainich and(b) Harvard Forest sites, smoothed with a 15-day moving average window. The
estimations derived from flux-partitioning of NEE (black) are compared with the prior model (grey), the MS optimization (blue) and the SS
optimization (orange). The averaged annual fluxes in g@yn*1 are given between brackets.

3.5 Evaluation of the optimized model the overestimation of this flux by the prior model. In some
cases, however, the correction after optimization is either too
A crucial step following any optimization procedure is to as- small (DE-Hai, US-Bar, and US-LPH) or too large (DK-Sor).
sess whether the new set of parameters improves the overdilegarding GPP, there is also an overestimation by the prior
model performance, using additional data (i.e., not used irmodel at most sites (except DK-Sor and UK-Ham): the aver-
the assimilation). age annual GPP is equal to 1754 gC4yr—1, as compared

to 1463 gC m2yr—1 given by the flux-partitioning estimates.
After MS and SS optimizations, the reduction in carbon as-
similation respectively leads to annual GPPs of 1352 and
We first compare the model GPP aigc, fluxes after the  1479gCnm?yr—1. In-depth comparisons with site-specific
optimization with estimates derived directly from the obser- gross flux estimates at each site (e.g., Granier et al., 2008) are
vations (see Sect. 2.5.1). Although not independent, theskeyond the scope of this paper but deserve further attention
“data-oriented” estimates provide valuable insights into thefor a more precise evaluation of the optimization procedure
model performance. Figure 8 shows the seasonal cycle ot all sites.

GPP andReco at two of the sites for a 2-year time period  Overall, our optimization scheme is able to provide a set
(the full period at each site can be found in the Supple-of parameters that fairly improves the simulation of assim-
ment). In general, the optimizations decrease the seasondhtion and respiration processes in the ORCHIDEE model,
amplitude of GPP an®ec at these sites, with a reduction although we have chosen to assimilate daily NEE and not to
in the growing season length, confirming the patterns showrseparate between nighttime and daytime values.

in Fig. 5 and discussed in Sect. 3.2. Besides, we observe that

the model-data fit is generally improved both g and  3.5.2 Global-scale evaluation: use of MODIS data

GPP, although more significantly faReco. This is quanti-

fied in Fig. S14 where the RMSs for the different cases areOne objective of the data assimilation system described in
shown for both fluxes at different time scales, in the samethis study is to use local information provided by flux tower
way as in Fig. 3. Unsurprisingly, the most important RMS measurements in order to improve continental- to global-
reduction happens faReco On the yearly time scale (an av- scale simulations of the carbon and water balance, with an
erage decrease of 54 % after MS optimization, and 59 % inoptimized set of parameters. Such improvement is not guar-
the SS case), consistent with the changes in initial carboranteed, and the evaluation of the simulated fluxes at large
pools discussed in Sect. 3.2.1. More specifically, the am-=scales for the DBF ecosystem considered in this study af-
plitudes of the seasonal cycles (see Fig. 8 and S1 to S12gr the MS optimization is thus a necessary step. We use be-
show a strong decrease Bfco at most sites, compared with low the information on temporal variations of the vegetation

3.5.1 Optimized GPP andReco
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S Euigpe <& < with the prior model are relatively high for the three North-
5 3 k Wsia T ern Hemisphere regions (North America, Europe, Asia), with
Lop \é“ 08 ' WK‘; - af g values over 0.88. On the other hand, in the Southern Hemi-
- \ %7 L 08 jﬁ ' sphere, the prior model performances are much lower, with
North Amelic 7 T, o7 MR %j correlations below 0.5. If we now consider the changes
10 Wk : . brought by the MS optimization, we find that the correlations
%21 \Cﬁ&-, { x\?ﬂ‘l VAN @/J% are improved everywhere except in Oceania. In the Northern
2'8 \%ﬂ“\W M 7 Y &%% Hemisphere, the MS optimization improves the phase corre-
7 tioris Oceani;\wgg".;; N lation factor between NDVI and FPAR by nearly 4 %, with
South America Afrjca> 96 A TR posterior correlations above 0.91. In the southern areas, the
: 4 * optimization leads to contrasting effects. ile it does
06 o b MS opt tion leads t trasting effects. While it d
o4 f/ 02 Vy not affect much South America (+7 %), there is a signifi-
ZAz |7 02 0 oA v 5;7 cant improvement in Africa (+36 %) and a strong degrada-

0 Lor Ms U %< “prior Ms tion in Oceania (-28 %). Globally, we observe an improve-
ment brought by the MS optimization with a median corre-

Fig. 9. Continental medians o_f ND\{I/FPAR corre_latlon of PO “ation factor going from 0.83 to 0.88 (not shown). As men-
model (grey) and after MS optimization (blue), using weekly time . . h . .
tioned in Maignan et al. (2011), there is no expectation of a

series for the 2000—2008 period and the ERA-I simulation. Correla-".
tions are only calculated for boxes with dominant DBF ecosystem/1gOrous correspondence between NDVI and FPAR temporal

and where cycles in NDVI and FPAR are detected (orange boxes oiariations because NDVI is impacted by other variables than
the map). FPAR (such as vegetation geometry, soil reflectance, frac-

tional cover, mixture of grass understory with trees, measure-

ment noise, or leaf spectral signature), so that a perfect cor-
activity retrieved globally by MODIS and not on the abso- rg|ation should not be taken as a target. The much poorer re-
lute values of these measurements (see Sect. 2.5.2). We thygjts in the Southern Hemisphere could either reveal a prob-
correlate the satellite-derived NDVI time series against thosg§em of the phenology model (purely temperature-dependent

of the Fraction of Absorbed Photosynthetically Active Ra- for the DBF PFT in ORCHIDEE), or simply point out the
diation (FAPAR) modeled by ORCHIDEE. The method has |imit of using a single generic temperate DBF classification

been extensively described in Maignan et al. (2011); only agt the global scale.
brief summary and its adaptation to our study are given here.
FAPAR is estimated from modeled LAI with a simple Beer’s

law: 4  Conclusions

FAPAR=1—exp(—0.5 x LAI). (16) . S
In the framework of eddy-covariance flux data assimilation in

Correlations are computed using weekly time series over théiosphere models, we have sought to expand the geographi-
period 2000-2008. Note that the NDVI data, originally at the cally limited approach of site-scaled model optimizations. To
5-km spatial resolution, were aggregated at the resolution othis end, we have built a data assimilation system able to si-
the vegetation model (determined by the meteorological forc-multaneously integrate the information given by several mea-
ing, here the ERA-Interim, i.e., 0.7 degree). The mesh cellssurements sites in order to derive a unique set of optimized
where no clear NDVI annual cycle is visible are ignored in model parameters. This so-called multi-site (MS) optimiza-
the calculation (i.e., when observed time series have a startion procedure has been here focused on one type of ecosys-
dard deviation lower than 0.04). The analysis is made onlytem — the temperate deciduous broadleaved forests (DBF).
for the pixels with at least 50 % of DBF (the PFT consid- The MS optimization is able to provide daily model-data
ered in the optimization). We use a high-resolution vegeta-RMS reductions (with respect to the prior model) that are
tion map such as CORINE over Europe (Heymann et al.often as good as the single-site (SS) optimizations. This con-
1993) and UMD (Hansen et al., 2000) to assign a PFT tosistency is also true at yearly time scale where the NEE mis-
each satellite pixel, while model boxes are assigned to thdit is reduced by half for both the single-site and multi-site
PFT whose fraction exceeds 50 % (box unused otherwise)cases. The major contribution to the yearly improvement is
Finally, the spatial averaging of satellite NDVI data is made the scaling of the initial carbon pools, governed by the only
over pixels where the assigned PFT matches the model bogarameter purposely kept site-specific in the MS case. This
PFT. scaling is crucial because of the discrepancy between the

Changes in NDVI/FPAR correlations obtained either with state of the modeled ecosystem after the initial spin-up pro-
the prior model or the MS-optimized model are shown in cedure, corresponding to a mature ecosystem, and the young
Fig. 9 for several regions (median value). Note that the boxegorests mostly used in this study (with lower soil carbon con-
used for the calculation are shown in orange on the backient). Note however that this first-order correction remains
ground map. First one should notice that the correlationdinked to the other respiration parameters, and overall the
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assimilation of net carbon fluxes does not allow to fully sep- parameters provides a significantly better fit than the mean
arate between pool size and turnover rate effects in the calef the SS sets, while using of a single SS set at others sites is
culation of the respiratory fluxes (see error correlations inmost likely to degrade the performances of the model. This
Fig. S13). Additional measurements of soil carbon pool con-consistency between individual and grouped optimizations
tent could be used in the future to obtain cross constraints orontrasts with the results of Groenendijk et al. (2011) which
all factors controlling the heterotrophic respiration. showed a significant degradation of the model-data agree-
The autotrophic respiratiorRg) is also generally reduced ment when changing from site-specific to PFT-generic pa-
after optimization. Using total ecosystem respiration derivedrameters, in an analysis carried out with a different model and
from NEE partitioning techniques, we validated the reduc-optimization scheme. Besides, we acknowledge that the opti-
tion in model respiration after optimization. However, we mized parameter sets might still correspond to local minima.
could not assess whether the autotrophic reduction may comensemble methods could possibly provide a better model-
pensate for an insufficiently reduced heterotrophic compo-data fit, but the relatively large number of optimized param-
nent. eters makes our variational method much more affordable in
In parallel, the carbon assimilation is slightly reduced atterms of computational time.
most sites following optimization. Comparisons with estima- Regarding the assimilated data, we observed that the
tions of GPP derived from NEE indicate that this correction amount of information brought by both fluxes (NEE and LE)
is somewhat relevant, but the summer carbon uptake remainis complementary: it greatly improves the fit to each of the
underestimated at half of the sites after optimization, sug-<two outputs almost independently.
gesting model structural errors. The latter could be related to Finally, we have evaluated the performance of the phenol-
the fact that for example the temperature and the soil-wateogy in the ORCHIDEE model at the global scale via the cor-
control on the photosynthesis are still simply parameterizedrelation coefficient between modeled FAPAR and measured
and that no biotic effect is taken into account. Besides, weNDVI, restricted to the DBF ecosystem. Our analysis shows
have observed that the growing season is consistently shorthat the prior model does far better in the Northern than in the
ened as compared to the prior overestimation, but remains to8outhern Hemisphere. From this starting point, the MS opti-
long at most sites. Similarly, in an evaluation of more than amization brings a slight improvement in the Northern Hemi-
dozen different terrestrial biosphere models, Richardson esphere, and contrasting results in the Southern Hemisphere,
al. (2012) found that most models tended to overestimatavhere none of the sites used in the optimization is located:
the growing season length at five North American deciduoussignificant improvement in South Africa but degradation in
broadleaf forests, resulting in misrepresentation of the seaAustralia. At the global scale, the correlation median shifts
sonality of leaf area index as well as photosynthetic uptakefrom 0.83 to 0.88. The degradation in Australia might reflect
Furthermore, most models could not successfully predict inthe limits of the phenological scheme of deciduous forests in
terannual variability in spring or autumn phenology either. the model, solely based on a temperature criterion. The tree
Regarding the water cycle, the prior model generally over-species in the arid Australian forests, although classified as
estimates the latent heat flux, and both MS and SS optiDBF, are likely to have a phenology strongly controlled by
mizations generally improve the model-data fit with a re- the available soil moisture, a feature much less prevalent at
duced stomatal conductance and a larger vegetation albedthe sites used in this study. At present, we can only suggest
This result should however be tempered given the lack ofthe need for further investigations regarding the formulation
energy balance closure at the sites, a potential source adf the DBF phenology in the model towards a refinement of
bias in the measurement values of LE. Additionally, we the PFT classification.
observed highly fluctuating modeled values of LE in win-  This work should be considered as a guideline for the as-
ter and spring at some sites in contradiction with observa-similation of eddy-covariance data at several sites, within
tions, most likely caused by an inconsistency in the sim-carbon cycle data assimilation system (CCDAS) (Rayner et
ulation/parameterization of the snow sublimation in OR- al., 2005) together with complementary data streams. It em-
CHIDEE, as the parameters associated with sublimatiorphasizes the strengths but also the limitations of using site-
were not optimized here. specific daily NEE. Although the temporal variations of NEE
In general, we have observed comparable parametebring specific information on the gross fluxes, assimilating
changes between SS and MS optimizations, even if the foradditional data would help to better distinguish between pro-
mer provides (not surprisingly) somewhat better model datecesses, and potentially better constraint sensitivities to en-
fits. Performing MS optimization is more complex in terms vironmental drivers. The separation between daytime and
of optimization code, and we thus investigated its actual bennighttime NEE, as well as data on within-tree carbon al-
efit as compared to a series of SS optimizations. It turns outocation, leaf area index and/or phenology, soil respiration
that, for more than half of the parameters, the MS values ardluxes, biomass and litter/soil C pools, could also be used as
close to the means of the SS values. This was not the casmodel constraints, where such data are available. A multiple-
for all the parameters we optimized, presumably because ofonstraint approach can be used to improve the internal dy-
nonlinearities in the model structure. Overall the MS set ofnamics of the modeled system, and reduce bias and model
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