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Abstract

Terrestrial ecosystem models can provide major insights into the responses of Earth’s
ecosystems to environmental changes and rising levels of atmospheric CO,. To
achieve this goal, biosphere models need mechanistic formulations of the processes
that drive the ecosystem functioning from diurnal to decadal time-scales. However,
the subsequent complexity of model equations is associated with unknown or poorly
calibrated parameters that limit the accuracy of long-term simulations of carbon or
water fluxes and their inter-annual variations. In this study, we develop a data assim-
ilation framework to constrain the parameters of a mechanistic land surface model
(ORCHIDEE) with eddy-covariance observations of CO, and latent heat fluxes made
during the years 2001-2004 on the temperate beech forest site of Hesse, in eastern
France.

As a first technical issue, we show that for a complex process-based model such as
ORCHIDEE with many (28) parameters to be retrieved, a Monte Carlo approach (ge-
netic algorithm, GA) provides more reliable optimal parameter values than a gradient-
based minimization algorithm (variational scheme). The GA allows finding the global
minimum more efficiently whilst the variational scheme often provides values relative
to local minima.

The ORCHIDEE model is then optimized for each year, and for the whole 2001-2004
period. We first find that a reduced (< 10) set of parameters can be tightly constrained
by the eddy-covariance observations with a typical error reduction of 90 %. We then
show that including contrasted weather regimes (dry in 2003 and wet in 2002) is nec-
essary to optimize few specific parameters (like the temperature dependence of the
photosynthetic activity).

Furthermore, we find that parameters inverted from four years of flux measure-
ments are successful at enhancing the model fit to the data at several time-scales
(from monthly to interannual) resulting to a typical modeling efficiency of 92 % over the
2001-2004 period (Nash—Sutcliffe coefficient). This suggests that ORCHIDEE is able

18011

Title Page
Abstract Introduction

Conclusions References

Tables Figures
1< >l
] >
Back Close

Full Screen / Esc

Printer-friendly Version

Interactive Discussion


http://www.biogeosciences-discuss.net
http://www.biogeosciences-discuss.net/10/18009/2013/bgd-10-18009-2013-print.pdf
http://www.biogeosciences-discuss.net/10/18009/2013/bgd-10-18009-2013-discussion.html
http://creativecommons.org/licenses/by/3.0/

10

15

20

25

to robustly predict the fluxes of CO, and latent heat of a temperate beech forest after
optimisation. Finally, it is shown that using only one year of data does not produce ro-
bust enough optimized parameter sets in order to simulate properly the year-to-year
flux variability. This emphasizes the need to assimilate data over several years, includ-
ing contrasted weather regimes, to improve the simulated flux inter-annual variability.

1 Introduction

In a context of global warming and climate change, the interactions between the ter-
restrial biosphere and the climate system play a crucial role (MacKenzie et al., 2004).
Particularly, it is of fundamental importance to precisely assess the distribution and fu-
ture evolution of terrestrial CO, sources and sinks and their controlling mechanisms.
To understand and predict CO,, water and energy exchanges between the vegetation
and atmosphere, process-driven land surface models (LSM) provide insights into the
coupling and feedbacks of those fluxes with changes in climate, atmospheric composi-
tion and management practices. To achieve this goal, LSMs need to finely describe the
processes (i.e., photosynthesis, respiration, evapotranspiration, ...) that regulate the
exchanges between the biosphere and the atmosphere across a wide range of climate
and vegetation types, and time-scales. The level of complexity of LSMs usually encap-
sulates a description of processes whose time-scales range from hours to centuries
and whose spatial coverage can spread from flux tower footprints to the global scale.

The equations and parameters of LSMs are usually derived from limited observa-
tions at the leaf, soil unit, or plant scales and are limited to few plant species, climate
regimes, or soil types. Because of spatial heterogeneity of ecosystems and non-linear
relationships between parameters and fluxes, difficulties arise in upscaling small-scale
process parametrizations and formulations to larger scales, from canopy to ecosys-
tems, regions, and global scales (Field et al., 1995). As a result, major uncertainties re-
main in modeling the future and global response of the terrestrial biosphere to changes
in climate and CO, (Friedlingstein et al., 2006; Denman et al., 2007).
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By fusing observations into model structures, data assimilation methods have shown
large potential for improving and constraining biogeochemical models (Wang et al.,
2001; Braswell et al., 2005; Trudinger et al., 2007; Santaren et al., 2007; Wang et al.,
2009; Williams et al., 2009; Kuppel et al., 2012). Particularly, the time-series measure-
ments from the FLUXNET network provide valuable information on exchanges of CO,,
water and energy across a large range of ecosystems and timescales (Baldocchi et al.,
2001; Williams et al., 2009; Wang et al., 2011). At each site out of the 500 sites of this
network, fluxes are measured with the eddy-covariance method (Aubinet et al., 1999)
on a half-hourly basis and for observation periods that can reach more than 10 yr.

Some previous works focused in quantifying how much information could be retrieved
from the observations in terms of reducing uncertainties in model parameters. The ap-
proach relied in the minimization of a cost function with respect to model parameters.
Wang et al. (2001) showed that about three or four parameters of a rather simpli-
fied terrestrial model could be estimated independently by assimilating three weeks
of eddy-covariance measurements of CO,, latent, sensible and ground heat fluxes.
Braswell et al. (2005) used a 10yr record of half-hourly observations of CO, flux to
study the influence of data frequencies on inverted parameters. It was shown that pa-
rameters related to processes operating at diurnal and seasonal scales (evapotran-
spiration, photosynthesis) were tightly constrained compared to those related to pro-
cesses with longer time-scales. Santaren et al. (2007) conducted a similar study but
using a complex mechanistic model (ORCHIDEE) with more than 15 parameters to be
optimized. In that study, the data assimilation framework was also employed to highlight
model structural deficiencies and to improve process understanding.

Performances of parameter optimization schemes have been investigated in sev-
eral studies (Richardson and Hollinger, 2005; Trudinger et al., 2007; Lasslop et al.,
2008; Fox et al., 2009; Ziehn et al., 2012). They could be strongly affected by the way
observations errors are prescribed within misfit functions (Richardson and Hollinger,
2005; Trudinger et al., 2007; Lasslop et al., 2008). Contrarily, the choice of the mini-
mizing method amongst an exhaustive panel (locally gradient-based or global random
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search methods, Kalman filtering) was shown to have smaller influences (Trudinger
et al., 2007; Fox et al., 2009; Ziehn et al., 2012). Recently, Ziehn et al. (2012) opti-
mized a simplified version of the process-based BETHY model against atmospheric
CO, observations. They demonstrated that a gradient-based method (variational ap-
proach) manages to locate the global minimum of their inverse problem similarly to
a Monte Carlo approach based on a Metropolis algorithm but with computational times
several orders of magnitude lower.

Carvalhais et al. (2008) challenged the commonly made assumption of carbon cy-
cle steady state at ecosystem level for parameter retrieval, and proposed to optimize
parameters describing the distance from equilibrium of soil carbon and of biomass car-
bon pools. More recently, data assimilation implementations have been tested in terms
of error propagation, i.e how information retrieved on optimized parameters influences
carbon flux estimation at various time-scales (Fox et al., 2009). In those studies, mod-
els with a moderate level of complexity were used and a limited number of parameters
was optimized, typically less than 10.

Several studies have shown that to calibrate models at a certain time-scale does not
necessarily imply that predictive skills are improved at all time-scales (Hui et al., 20083;
Siqueira et al., 2006; Richardson et al., 2007). Particularly, it is important to assess
whether the forecast capability of the model could be dampened because of model
shortcomings in simulating interannual or long-term processes. One important test of
prognostic ability is to assess the model skills in simulating the inter-annual variability
(IAV) of ecosystem carbon fluxes (Hui et al., 2003; Richardson et al., 2007).

The fact that the FLUXNET observations provide information from hourly to interan-
nual time-scales allows investigating potential time-dependencies of parameters and
thus highlighting missing processes that should be included in the models at specific
time scales. Reichstein (2003) found that for a rather simple photosynthetic model ap-
plied to Mediterranean summer dry ecosystems, parameters should vary seasonally
to match observed CO, and water fluxes. Similarly, Wang et al. (2007) showed that,
for deciduous forests, the photosynthetic parameterization of their model should inte-
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grate seasonal variations related to leaf phenology in order to obtain realistic patterns
of CO,, water and energy fluxes. More recently and in order to search for relation-
ships between carbon fluxes and climate, Groenendijk et al. (2009) optimized a simple
vegetation model with only five parameters and investigated the weekly variability of
inverted values with respect to different climate regions and vegetation type. Few stud-
ies have specifically investigated the equations and parameter generality across time
and spatial scales of complex process-based models. Kuppel et al. (2012) analyzed
the ability of a process-based terrestrial biosphere model (ORCHIDEE) to reproduce
carbon and water fluxes across an ensemble of FLUXNET sites corresponding to a par-
ticular ecosystem (temperate deciduous broadleaf forest) but left apart a detailed study
of the model performances across temporal scales.

In this work, we use the same ORCHIDEE model but we focus on the temporal scale
and study the temporal skill of the equations to reproduce seasonal and year-to-year
CO, and water flux variations at a particular deciduous forest site. To tackle this sci-
entific question, we also investigate in a preliminary step the potential of two different
optimization approaches, comparing a gradient-based and a Monte-Carlo (genetic al-
gorithm) scheme, to infer the optimal parameters of the process-based model. We use
eddy covariance measurements (daily mean of CO, and latent heat fluxes) at a beech
forest in France (Hesse) for four years (2001-2004) characterized by different weather
regimes. More specifically, we investigate the following questions:

— How does a gradient based method perform compared to a more systematic
search of the optimal parameters based on a genetic algorithm (GA)?

— Does the assimilation of one year or four years of data equally enhances the
model fit to the observations?

— Are the model equations generic enough to simulate seasonal and year-to-year
variations of the CO, and water fluxes, and particularly the extreme years (e.g.
summer drought 2003)?
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— Which information can we retrieve from parameter optimization in terms of pro-
cess modeling?

After a description of the methods (Sect. 2), performances of the gradient-based and
GA algorithms are compared (Sect. 3.1). We then optimize the model with daily means
of eddy-covariance NEE and water fluxes observed at the Hesse tower site over the
2001-2004 period. Through cross-validation experiments, we assess the predictive
skills of the model when optimized with each different year and with the whole period of
data (Sect. 3.2). A posteriori parameter values, errors and correlations are analyzed in
order to quantify the contribution of the data assimilation framework in terms of param-
eter calibration and of process understanding (Sect. 3.3). Particularly, we investigate to
which extent optimized values may have been biased to compensate for model struc-
tural deficiencies. Finally, the temporal skill of the model is studied through its ability to
reproduce variations of the NEE from monthly to interannual time scales (Sect. 4.2).

2 Material and methods
2.1 Eddy-covariance flux data

The beech forest of Hesse is located in north-eastern France (48° N, 7° E). It's a fenced
experimental plot where many studies have been carried out (see references in Granier
et al., 2008). In 2005, it was a nearly homogeneous plantation of 40 yr-old European
Beech (Fagus Sylvatica L.) whose mean height was 16.2m. Located in a high fertility
site, this young forest, which underwent thinning in 1995, 1999 and end of 2004, is
growing relatively quickly and thus acts on an annual basis as a net carbon sink (aver-
age NEE equals to —550 ng'2 yr'1 over 2001-2004). Long term mean annual values
of temperature and rainfall are respectively 8.8 °C and 900 mm.

Fluxes and meteorology are measured in situ and on a 30 min basis by using the
standardized CARBO-EUROFLUX protocol (Aubinet et al., 1999). We use hereinafter
observations that were made on the HESSE site from 2001 to 2004. Within this pe-
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riod, less than 5% of NEE and LE data were missing and observational gaps mostly
occurred during December 2001, February and December 2004 where periods with no
data lasted around 10 days. Given the high quality of the data, we use original data
that were not corrected for low u” star conditions (Papale et al., 2006) nor gapfilled, nor
partitioned (Reichstein et al., 2005). Data corrections only accounted for inner canopy
CO, storage.

NEE and to a lesser extent LE fluxes showed a large year-to-year variability related
to soil water deficit duration and growing season length (Granier et al., 2008). Years
2001 and 2002 were respectively moderately dry and wet whereas 2003 and 2004
were exceptionally dry (respectively 124 and 100 days of soil water deficit). Moreover,
during summer 2003 (June to August), mean monthly temperatures were the highest
ever observed in this area. Finally, the growing season length (GSL) varied significantly
by 50 days, mostly because of different senescence dates.

2.2 The ORCHIDEE land surface model

The ORCHIDEE biogeochemical ecosystem model (“ORganizing Carbon and Hydrol-
ogy In Dynamic Ecosystems”) is a mechanistic land surface model that simulates the
exchanges of carbon dioxide, water and heat fluxes within the soil-vegetation system
and with the atmosphere; variations of water and carbon pools are predicted variables.
Fluxes with the atmosphere are computed on a range of time scales from 30 min, up
to thousands of years given some pools like soil carbon, having a very long turnover
rate (Krinner et al., 2005). ORCHIDEE has been applied in a number of site level (Krin-
ner et al., 2005) and regional CO, budget studies forced by climate data (Jung et al.,
2007), as well as for future projections of the carbon-climate system, coupled to an
atmospheric model (Cadule et al., 2010).

The model contains a biophysical module dealing with photosynthesis and energy
balance calculations each 30 min and, a carbon dynamics module dealing with the
allocation of assimilates, autotrophic respiration components, onset and senescence
of foliar development, mortality and soil organic matter decomposition on a daily time-
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step. A complete description of ORCHIDEE can be found in Krinner et al. (2005). The
main parameters optimized in this study are defined in Table 1 and the associated
model equations are defined in Appendix A. The choice of a subset list amongst the
total number of ORCHIDEE parameters is explained in Sect. 2.3.4.

As in most LSMs dealing with biogeochemical processes, the vegetation is described
in ORCHIDEE by Plant Functional Types (PFT), with 13 different PFT over the globe.
Distinct PFTs follow the same set of governing equations, but with different parameters
values, except for the calculation of the growing season onset and termination (phe-
nology), which involves PFT specific equations (Botta et al., 2000). The Hesse forest is
described here by a single PFT called “temperate deciduous”, in absence of understory
vegetation at the forest site. Soil fractions of sand, loam and clay are 0.08, 0.698 and
0.222 respectively (Quentin et al., 2001).

In the following, we applied the model in a “grid-point” mode, forced by 30 min gap-
filled meteorological measurements made on the top of the flux tower (Krinner et al.,
2005). Forcing variables are air temperature, rainfall and snowfall rates, air specific
humidity, wind speed, pressure, short wave and long wave incoming radiations.

Biomass and soil carbon pools are initialized to steady state equilibrium from a spin-
up run of the model, i.e a 5000 yr model run using climate forcing data from years 2001—
2004 repeated in a cyclical way. This ensures an annual net carbon flux close to zero
on a multi-year average period. This strong assumption is partly released through the
optimization of a scaling factor of the soil carbon pools to match the observed carbon
sink associated to this growing forest (Sect. 3.3, Table 1 and see e.g. (Carvalhais et al.,
2008)).

2.3 Parameter optimization procedure

The methodology that we use in this study to optimize the ORCHIDEE parameters re-

lies on a bayesian framework (Tarantola, 1987): (1) we select a set of parameters to

optimize and a range of variation for each parameter; (2) assuming Gaussian proba-

bility density functions (PDF) to describe data and parameter distributions, we define
18018
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a cost function which embodies a measure of the data-model misfit and prior infor-
mation on the parameters; (3) we test the performances of a genetic algorithm and
a gradient-based one to minimize the cost function, i.e. to locate the optimal parameter
set within the parameter space; (4) we assess errors and correlations on optimized
parameters.

2.3.1 Cost function

Assuming that the probability density functions of the errors on measurement, model
structure and model parameters are Gaussian, the optimal parameters correspond to
the minimum of the cost function J(x) (Tarantola, 1987):

J(x) = (Y = M(x))'R™(Y = M(x)) + (x = x,)'B (x = X;) (1)

x is the vector of parameters to be optimized, x,, the vector of prior parameter values,
Y the vector of observations, M(x) the vector of model outputs. The error covariance
matrices R and B describe the prior variances/covariances on observations and param-
eters, respectively. The first term of J(x) represents the weighted data-model squared
deviations (referred to in the text below as Jpgg, Sect. 3.2.1). The second term, which
is inherent to Bayesian approaches, represents the mismatch between optimized and
prior values weighted by the prior uncertainties on parameters (diagonal matrix B, Ta-
ble 1).

The temporal resolution of M(x) and Y corresponds to daily averages. We choose
daily means in order to assess the ability of the ORCHIDEE model to reproduce ob-
served CO, and latent heat flux variability on daily, weekly, seasonal, and inter-annual
time-scales and not the hourly time-scale. Because of data gaps, daily means have
been calculated only when more than 80 % of the half-hourly data were available.

R, the data error covariance matrix, should include both data uncertainties (diagonal
elements) and their correlations (non diagonal elements). However, these latter are
difficult to properly assess and we thus neglect them. Data uncertainties (R diagonal
elements) are chosen in such a way that NEE and LE observations have similar weights
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in the inversion process; they are defined as the root mean squared error (RMSE)
between the prior model and the observations (Table 2).

The magnitudes of prior parameter uncertainties (matrix B) were chosen relatively
large to minimize the influence of the Bayesian term within the cost function given
also that a range of variation for the parameters is prescribed; the prior error for each
parameter was set to 40 % of its prescribed range of variation (Table 1). Moreover, we
do not consider correlations between a priori parameter values.

2.3.2 Minimization algorithms

Gradient-based algorithm: several numerical algorithms can be used to minimize a cost
function (Press et al., 1992; Trudinger et al., 2007). In this article, we tested two ap-
proaches. The first one, the L-BFGS-B algorithm (Byrd et al., 1995), belongs to the
family of gradient-based methods which follow local gradients of the cost function to
reach its minimum. It was specifically designed for solving nonlinear optimization prob-
lems with the possibility of accounting for bounds on the parameters. The algorithm
requires at each iteration the value and the gradient of the cost function with respect to
its parameters.

The computation of the gradient can be done straightforwardly and precisely by using
the tangent linear model (TL). For complex models, the construction of the TL model
is a rather sophisticated operation (even with automatic differentiation tools (Giering
et al., 2005)) and threshold-based formulations are sorely handled. Alternatively, gradi-
ents computations can be approximated with a finite-difference scheme. In this study,
we use the TL model of ORCHIDEE, generated by the automatic differentiator tool
TAF (Giering et al., 2005). The computation of the gradient of J with respect to one
parameter requires one run of the TL model which computing cost is about two times
a standard run of ORCHIDEE. As the L-BFGS-B algorithm requires around 40 itera-
tions to converge (termination criterion: relative change of the cost function does not
exceed 107* during five iterations) and as we optimize a set of 28 parameters, the total
computing time of an optimization is close to 2400 model runs.
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Even though the derivatives of J(x) are estimated precisely by the use of TL models,
the main drawback of the gradient-based algorithms is that they may end up on local
minima instead of locating the global minimum. To assess the importance of this prob-
lem, optimizations from different initial parameter guesses have been performed (see
Sect. 3.1).

Genetic algorithm: our second approach to minimize J is based on a genetic al-
gorithm (GA) which operates a stochastic search over the entire parameter space. It
mimics the principles of genetics and natural selection (Goldberg, 1989; Haupt and
Haupt, 2004). When applying a GA for an optimization problem, parameter vectors are
considered as chromosomes whose each gene represents a parameter. Every chro-
mosome chr has an associated cost function J(chr) (Eqg. 1), which assigns a relative
merit to that chromosome. The algorithm starts with the definition of an initial population
of n.,, chromosomes; each parameter value being randomly chosen within a defined
interval (Table 1). Cost functions are then computed for each chromosome. Then, the
GA follows a sequence of basic operations to create a new population: (1) selection
of chromosomes from the current population (parents) that will (2) mate and form new
chromosomes (children) by exchanging part of their genes (crossover). (3) Additionally,
some new chromosomes will come from the mutation of some parents chromosomes.
This mutation induces random changes in the parameters (genes) of the parents lead-
ing to new chromosomes that are partly independent of the current population. Finally,
depending on the user choice, a new generation can be created in several ways: (1) by
gathering the current and the new population; (2) by selecting the best chromosomes,
i.e the ones that have the lowest cost function, amongst both populations (elitism); (3)
by integrating only the new population. This new generation is used in the next iteration
of the algorithm.

GAs performances are sensitive to the way their processes are implemented (Se-
lection, Recombination or Mating, Mutation) and to the values of their principal param-
eters: number of chromosomes n,,, fraction of chromosomes which mate or mutate,
number of iterations. The best configuration should provide a good balance between
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on one hand robustness and precision, and on the other hand rapidity. In our study, we
tested different configurations by optimizing the model against the 2001 Hesse data.
The chosen set-up of the GA leads on average to the smallest optimal cost function with
the smallest number of iterations. For this configuration, the population is of 30 chromo-
somes and the maximal number of iterations is set to 40. The total computing cost of
the GA is hence about 1200 model runs (vs the 2400 model runs of the gradient-based
algorithm). Moreover, we set that 80 % of the children chromosomes are created by re-
production processes; 20 % by mutations. The chromosomes are selected for mating
by a roulette wheel process over their cost function values (Goldberg, 1989). And, once
two chromosomes are selected for recombination, they exchange their genes (param-
eters) by a double crossover point scheme (Haupt and Haupt, 2004). Next generations
are then created by selecting the 30 best chromosomes amongst the parents and the
children (Elitism). This ensures the population size to be constant.

2.3.3 Posterior uncertainties assessment

Once the minimum of the cost function has been reached by one or the other algorithm
— i.e. optimal parameter values have been found — it is crucial to determine which
parameters, through the data assimilation system, have been best resolved and which
ones have not. Posterior errors and correlations on optimized parameter provide not
only an answer to this question but also the sensitivities of the cost function to each
parameter.

If the model is linear with Gaussian distributions for data and initial parameters er-
rors, the posterior probability distribution of the optimized parameters is also Gaussian
(Tarantola, 1987). The posterior error covariance matrix P, can be directly computed
as:

P, =[H,R 'He, + B (2

The matrix H,, represents the derivative of all model outputs with respect to parame-
ters at the minimum of the cost function. Square roots of diagonal terms of P, are pa-
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rameter uncertainties. Large absolute values (close to 1) of correlations derived from
P, indicate that the observations do not provide independent information to separate
a given pair of parameters (Tarantola, 1987).

2.3.4 Optimization settings: parameters to be optimized?

To simplify the problem, we first select among all ORCHIDEE parameters the most sig-
nificant ones which primarily drive, from synoptic to seasonal time-scales, NEE and LE
variations. Accordingly, we do not consider for example the optimization of soil carbon
turnover or tree growth parameters which impact the NEE mainly on decadal scales.
Finally, we choose a subset of 28 parameters controlling photosynthesis, respirations,
phenology, soil water stresses and energy balance (Table 1).

Although only few parameters may be constrained by the observations of NEE and
LE, we optimize a large ensemble because it is difficult to assess beforehand parameter
sensitivities over the whole parameter space. One drawback may be that the algorithm
would give spurious optimized values because of the equifinality problem whereby mul-
tiple combinations of parameters yield similar fits to the data (Medlyn et al., 2005;
Williams et al., 2009). The analysis of the posterior error covariance matrix (P, Eq. 2)
will inform on which parameters are reliably constrained by the observations (Sect. 3.1).

Expert knowledge of the system is also embodied in the selection of a possible range
of variation for each parameter (Table 1). This point is of major importance for the GA
as it defines the domain of the parameter space where the algorithm will operate the
global search of the minimum.

3 Results

3.1 Performances of a gradient-based vs. a Monte Carlo minimization algorithm

To assess the relative performances of the BFGS vs. GA algorithms, we designed
a twin experiment, using outputs of the model as synthetic data. This model simulation
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was done for year 2001 with parameters values that were randomly chosen within their
permitted range of variation (Table 1). This artificial data set is fully consistent with
the model and therefore the optimization of the parameters is not biased by potential
model deficiencies or by observations uncertainties. The objective is to assess the
accuracy of the optimization algorithms by comparing the inverted parameters with
the “true” ones used to create the synthetic data. Consequently, in order to let the
optimization freely recover these parameters, we remove the term of the cost function
which restores optimized values to the prior parameter estimates (Eq. 1). We then ran
10 twin optimizations with each algorithm. For the BFGS approach, we started the
downhill iterative search from 10 different initial parameters sets that were randomly
prescribed within the admissible range of variation of the parameters (Table 1). For the
GA, each optimization gives different results as several of the GAs major operations
are based on a random generator.

To compare the a posteriori cost functions, we choose to normalize their values by
the value of the cost function obtained by running the ORCHIDEE model with its stan-
dard parameters. GA shows a much more robust behavior than BFGS insofar as the
normalized cost function values for that algorithm range from 0.007 to 0.04 (mean value
0.02, standard deviation 0.01, Fig. 1). In comparison, the BFGS algorithm produces
a posteriori cost functions between 0.07 to 0.49 (mean value 0.29, standard deviation
0.14, Fig. 1). Given the complexity of the ORCHIDEE model, the cost function is likely
characterized by multiple local minima. These twin experiments thus clearly show that
the GA is probably more efficient in minimizing complex cost functions than the BFGS
which is prone, depending on the initial parameter guesses, to fall into local minima.
Note that for our problem, the computing cost of the GA (1200 model runs) is also lower
than for the BFGS (2400 model runs).

On average, none of the two algorithms worked well in retrieving the (true) parameter
values that were used to generate the synthetic data (Fig. 2). For the best realization
of each algorithm, the mean retrieval score across parameters (based on the ratio of
the estimated and the true values) is about 1 but with a standard deviation of 35 %.
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Both algorithms likely fail to overcome the equifinality problem; the data assimilation
framework does not manage to distinguish parameters that are correlated. For most
parameters, however, true values lie in the uncertainty range of the optimized values
(one sigma of the Gaussian PDF) with the error bars crossing the unit horizontal line.
Those inverted parameters that show large differences from their a priori values are
as well characterized by large errors. As Santaren et al. (2007) illustrated for the OR-
CHIDEE model, the importance of the equifinality problem is directly related to the
posterior uncertainty of the parameters.

The retrieved parameters that are far from the truth are associated with large pos-
terior error correlations with other parameters, which may explain poor inversion skills.
For example, the BFGS optimization did not manage to determine accurately the pa-
rameters Cropt; Ctmaxs @10s Kary HRuar HR M, HRe and Kigq. Figure 3 shows that the
errors on these parameters are strongly correlated with each others. Besides, these
correlations are consistent with the model structure as they concern parameters that
are involved in the simulation of the same processes. For instance, HR,, HRy, and
HR . define the soil humidity control of the heterotrophic respiration (Eq. A20). In con-
clusion, the variance-covariance matrix provides substantial information to quantify the
equifinality problem and to determine which parameters can be constrained by the
observations.

3.2 Temporal skill of the model equations

The twin experiments results have shown that the genetic algorithm is a more robust
method than the gradient-based BFGS algorithm to optimize parameters of a model
with the complexity of ORCHIDEE. Therefore, we use the GA algorithm to fuse the
model with real data collected at the Hesse site.

To address the issue of the temporal skill of the model equations, i.e their ability to
represent year to year flux variations, we have designed 5 cross validation experiments
where the ORCHIDEE parameters are optimized using the Hesse data for different
years: 2001, 2002, 2003, 2004 and for the whole period 2001-2004. The correspond-
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ing optimized parameter sets are called X5q91, X500z - --and X,y. Then, for each 5
optimized parameter sets, we successively run the model forward and we examine the
fits to the observations over each year and over 2001-2004. The model run with X544,
Xo002, - - -and X,y is, respectively called ORCygp1, ORCyqqs,. - . » ORC,4y. As expected,
the parameter set inverted from observations of a given time-period, leads to the best
model-data agreement during that time-period.

Results from cross validation experiments reflect how the model optimized with
a given time-period is able to simulate observations of a different time-period. More pre-
cisely, the optimization against four years of observation allows to estimate if the equa-
tions are generic enough to simulate the year-to-year flux variations. Conversely, using
the one-year-optimized parameter sets to simulate the other years helps to assess the
benefit of multi-year vs. single-year optimizations. Note that the range of weather con-
ditions during the period 2001-2004 was large with the wet period 2001-2002 and
the more dry conditions in 2003-2004. This contrast strengthens the analysis of the
temporal skill of the model equations.

3.2.1 Cost function reductions

Overall optimization efficiency: for a given time-period of assimilated data, the total
data-model misfit produced by the resulting optimal parameters is dramatically reduced
with respect to the prior (Fig. 4a). Across the different time-periods, the term of the cost
function representing the total data-model misfit (Jogg, EQ. 1) is divided by an order of
magnitude (Mean ratio =~ 0.09, blue line Fig. 4a) with a standard deviation of 0.04.
The different years show different ratios ranging from 0.05 (2002) to 0.14 (2001-2004).
These results show that the data assimilation framework has fulfilled its primary target
of reducing the total misfit between model outputs and observations. Besides, even
though the minimization of the total cost function (Eqg. 1) does not make any distinction
between types of data, the partial cost functions Jygg and J, g have been reduced by
similar amplitudes, respectively by 93 % and 88 % with a standard deviation of 4 % for
both (green and red lines, Fig. 4a).
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Performances of the four-years optimized parameter set: the 2001—-2004 data inver-
sion leads in average to a significant improvement of the fit to the data for each single
year of the 2001-2004 period (mean Jogg reduction ~ 0.16, Fig. 4f). Even better, the
dispersion from year to year of the Jogg reductions is relatively small (~ 0.04). Hence,
the single parameter set X,, not only enhances the global fit to the 2001-2004 data
but also leads to a significant improvement in the simulation of each single year. These
results indicate a substantial predictive ability of the model for periods including wet
and very dry summer such as in 2003.

Performances of the one-year optimized parameter sets: the X; parameters appear
not to be generic enough to enhance in the same proportions the model fit to data of
a different year j than the year / of the optimization (j # /). When using the one-year
inverted parameters to simulate data of a different year, the Jogg cost functions are
decreased on average by 68.5 % (mean ratio post/prior Jogg: 0.22 for X501, 0.39 for
Xogo2, 0.31 for X003 and 0.33 for X5q04; blue line on Fig. 4b—e). In comparison, these
parameters lead on the year used for their optimization to a mean reduction of 92 %
(ratio post/prior Jogg: 0.13 for X591 on 2001, 0.05 for X5p0, 0n 2002, 0.06 for X593 ON
2003 and 0.07 for X904 0N 2004; Fig. 4a). Likely, the data assimilation framework does
not extract enough information from one year of data to retrieve robust parameters
for simulations on different years. This is particularly true because we have different
weather regimes during summer, very dry and hot in 2003 and 2004, normal in 2001
and wet in 2002. The one-year optimized parameters sets tend to produce reasonable
fits for years with similar climate but much poorer fit for the other years. Over the whole
2001-2004 period, the Jpogg reductions are about 79 %, 67 %, 76 % and 75 % for X5q91,
Xo002, X003 @nd Xogo4, respectively (mean reduction ~ 74 %), which is lower than the
reduction for the X,y parameter set (86 %, Fig. 4f).
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3.2.2 Fit to the observations

The above analysis of cost function reductions has provided a general and quantitative
overview of the performances of the optimized models. Results are now discussed in
terms of seasonal fits to NEE and LE.

NEE prior model-data disagreement: the prior model overestimates the magni-
tude of ecosystem respiration in winter for all years (green curves, Fig. 5). As no-
ticed in Sect. 2.2, carbon pools were initialized from a steady-state spin-up run
and the modeled NEE does not represent the current forest carbon uptake (mean
NEE = —55090m‘2yr‘1). Also, the prior model does not fully capture the magnitude
of the summer uptake period from July to August. ORCHIDEE with prior parameters is
however able to reproduce the effect of the strong summer 2003 drought which causes
a positive NEE anomaly (Fig. 5¢). Finally, the prior model is unsuccessful in reproduc-
ing the beginning and the end of the carbon uptake season during most years but 2003:
the starting and finishing dates are on average earlier than 13 days compared to reality.

NEE optimization efficiency: the optimization successfully corrects most of the mis-
matches described above. For each year, the amplitudes of observed winter release
and summer uptake are properly simulated by the model run with the parameter set in-
verted from that year of observations. The beginning and the end of the carbon uptake
seasons are also correctly determined compared to the prior model: after optimization,
the mean delay between the model outputs and the observations is decreased to 2.5
days and 2.75 days for the starting and the finishing dates, respectively.

Seasonal cycle of the carbon uptake: the four-years inverted parameter set X,y
leads to a proper simulation of the phase and amplitude of the seasonal cycle of the
carbon uptake for most of years (grey curves, Fig. 5a—d). At the contrary, the model run
with one-year-optimized parameter sets tends to not correctly reproduce the start of
the NEE decrease during spring of a different year than the one used for the inversion.
A good example of this bias is the model run with X5,3 Which predicts a NEE decrease
much earlier than observed for the years 2001, 2002 and 2004 (red curves, Fig. 5a,
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b and d). Probably, the description of leaf onset processes (Botta et al., 2000) is too
empirical to allow capturing year-to-year variations when its associated parameters
(Koheno_crits KLAlhappy @Nd Tieatinit) @re optimized with only one year of data. Moreover,
one-year optimized models fail to simulate the observed carbon uptake magnitude of
a different year. For instance, the model parameterized with X5401, Xo993 @and Xogo4
systematically underestimates the carbon uptake amplitude of the year 2002 (Fig. 5b).

Extreme 2003 summer drought: none of the optimized models, but ORC5qy3, Was
able to reproduce the amplitude of the abnormally low uptake during September 2003
(Fig. 5¢). Most of them (ORCy(1, ORC5q94 and ORC,y) reproduce efficiently the effect
of the hydric stress and the subsequent sharp drop of CO, uptake beginning of August,
during heat wave conditions. But, they overestimate the follow-up recovery of NEE in
September. Detailed in-situ measurements have led to the conclusion that heavy hy-
dric stress events may damage photosynthetic organs, inhibiting further photosynthetic
assimilation, or may cause embolism due to cavitation (Breda et al., 2006). As these
physiological behaviors are not modeled by ORCHIDEE, most of inverted models, but
ORCyq03, consistently overestimate the GPP during september 2003. To fit NEE 2003
data, the optimization probably produces misleading values of the X,y03 parameters
(notably ctmay, See Sect. 3.3), that in turn explains the poor NEE fit during september
2001, 2002 and 2004 of the ORC,q93 model (Fig. 5a, b and d).

LE prior model disagreement with data: for all years, the prior model overestimates
the magnitude of the latent heat flux nearly all year long (Fig. 6a—d). This bias is par-
ticularly important during summertime periods, and dry years such as 2003 and 2004.
The LE bias reaches up to 40Wm™2 in 20032004 compared to 20Wm™2 in 2001—
2002. In addition, prior modeled LE may precede the observation in spring. This phase
difference is particularly striking in 2002 and 2004, when canopy evapotranspiration
starts much earlier than observed. This could be related to biased parameterization of
leafout phenological processes or to a wrong assessment of the transpiration intensity.
Also, observations of LE may be underestimated because of the lack of energy closure
observed in FLUXNET data (Wilson et al., 2002).
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LE optimization efficiency: for each one-year parameter inversion, the correspond-
ing optimized model reproduces substantially better the LE observations than the prior
model for that particular year (Fig. 6a—d). Nevertheless, for each year but 2002, it un-
derestimates both the peak of LE in early June and the subsequent decrease of the
transpiration over the summer (Fig. 6a, ¢ and d). Possibly, these deficiencies illustrate
structural shortcomings of the model in correctly computing the stomatal conductance
and/or the vapor pressure deficit during summer periods with a “big leaf” approach that
does not consider any gradient of humidity from the free atmosphere down to the leaf
level.

LE fits of the four-years-optimized model vs the one-year-optimized models: as ex-
pected, the inversion using the whole period (X,, parameters) produces the best com-
promise throughout the years. Indeed, for a given year of observations, ORC,y, gener-
ally outperforms the models inverted from a different year with the two exceptions of
the fits to the LE data of 2002 by ORC,4 and of 2004 by ORCyqq3.

3.3 Parameter and uncertainty estimates

Level of constrain on the parameters: only few parameters are tightly constrained by the
observations if we take as criterion an error reduction greater than 90 % (error reduction
= ratio of the a posteriori uncertainty to the range of variation). The optimized values
of these parameters are characterized by lower relative a posteriori uncertainties than
other parameters (Fig. 7). When inverting four years of observations, 9 parameters
were precisely determined by the optimization framework: gggope (Stomatal conduc-
tance, Eq. A2), ¢y, (temperature control of the photosynthesis, Eq. A11), Cpay (tem-
perature control of the photosynthesis, EQ. A10), Kyneno_crit (I€af onset, Eq. A30), Crgen
(temperature control of the senescence, Eq. A33), SLA (specific leaf area, Eq. A28),
L age crit (leaf age driving of the senescence, Eq. A34), K anappy (l€af onset, Eq. A32)
and Z;; jier (litter humidity, Eq. A22). The inversion of one year of observations pro-
duces a lower constrain on the parameters: only 4, 3, 5 and 5 parameters are precisely
determined for the 2001, 2002, 2003 and 2004 optimizations, respectively. Whatever
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the time-period used for the optimization, 18 parameters were weakly constrained by
the observations. Note that contrary to previous studies, the maximum photosynthetic
carboxylation rate (Vomax_opt: Ed. A5) was not among the most constrained parameters
(Wang et al., 2001, 2007; Santaren et al., 2007).

Hydric stress constraints: the data assimilation framework optimizes processes re-
lated to the temperature control of the carbon assimilation to match the observed NEE
during hydric stress events. The c1,,,x parameter (Eq. A10), the maximal temperature
where photosynthesis is possible, is indeed much better constrained in 2003 and 2004
than the parameters related to soil hydric control of the fluxes (Kyoot: Fstressh: A Has
HR s HRve, HRumins Zdecomp @NA Zgit jitter)- Moreover, the retrieved Cry,qy values for
both periods are lower than a priori (38 °C). Photosynthesis is suppressed for temper-
atures warmer than 33°C in 2003 and than 27 °C in 2004. As the soil water stress
periods during summer 2003 and 2004 are characterized by mean temperatures close
to those values, the optimization process likely uses the temperature control of the
carbon assimilation to reduce the GPP rather than changing soil water stress func-
tions to match the observed NEE. Whether this potential bias is an numerical artefact
due to the relative simplicity of the hydrological model (Choisnel, 1977) needs further
investigation.

Leaf onset: for all inverted time-periods of data, the parameter Kjon, ot (@CCUMU-
lated warming requirement before budburst; Eq. A30) is tightly constrained, indicating
that it plays a major role in the determination of the start of the growing season. The
adjustment of the one-year inverted values are positively correlated to the timing of the
leaf onset of the year used in the optimization. Examples are the 2002 and 2003 spring
periods, that show respectively the latest and earliest starting dates, and lead respec-
tively to the largest and smallest optimized values for Knon, orit- This correspondence
is consistent with the phenology description in ORCHIDEE. The smaller the value of
Koheno_crits the earlier the leaf onset will occur (Eq. A30). The four-years inverted value
of Koheno_crit+ Which is approximately the average of the one-year optimized values,
allows a reasonable fit to the starting dates of the carbon uptake season (Fig. 5). How-
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ever, further refinement of this approach including a possible modulation of K,nene crit
with past climate can be envisaged.

Poor determination of heterotrophic respiration parameters: because of error covari-
ances (Fig. 3), some inverted parameters may show very different values amongst
the inverted time-periods. The Q,, parameter, the temperature dependency of the het-
erotrophic respiration (Eq. A18), is a noticeable example. The X, value, Q5 = 2.8, is
much higher than the average value of Q,, across all one-year inversions (Q4 =~ 2).
Errors correlation between Q,y and Kyyc and HRy, due to the formulation of het-
erotrophic respiration processes (Eqgs. A17, A18 and A20) may explain this feature.
Consistently, the parameter K,;c, which scales the sizes of the initial carbon pools
(Eq. A17), shows also a large variability of its optimized values depending on the time-
period used for the inversion. Additional observations, like soil carbon flux/stocks mea-
surements, should be assimilated in order to better constrain the heterotrophic respi-
ration parameters.

4 Discussion
4.1 Minimization algorithms

From a technical point of view, the goal of parameter optimization is to efficiently and ro-
bustly locate the global minimum of a cost function with respect to model parameters.
With highly non-linear and complex models, this task is not straightforward because
cost functions can contain multiple local minima and/or be characterized by irregu-
lar shapes. These caveats may prevent gradient-based algorithms to converge to the
absolute minimum. In this study, this has been verified insofar as the convergence
of a gradient-based method was shown to be very sensitive to first guess parameter
values. Note that our experiment considered a relatively large range for the random
selection of the first guess point: uniformly distributed over the entire parameter range.
We have tested a more restricted range (50 % of the parameter range) and the results,
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although more consistent with those from the GA, still highlight the convergence prob-
lem. When applied to complex models and many parameters, gradient-based methods
should then be used with caution and the search of global minima should be initi-
ated from different starting points in order to get around local minima and potential
non-linearities. Alternatively, we showed the efficiency and robustness of a genetic al-
gorithm (GA) to perform a global random search over the parameter space. The GA
appears to be adapted to the optimization of complex models as it can deal with non-
linearities and is hardly affected by the presence of local minima.

The advantage of using gradient-based methods relies on the possibility of using
an adjoint operator to compute the gradient of the cost function. Then, regardless of
the number of inverted parameters, the computing cost of the gradient is similar to the
one of a forward run of the model (Giering and Kaminski, 1998). Nevertheless, the
implementation of an adjoint code is a complicated process even with the use of auto-
matic differentiation tools (Giering et al., 2005). A lot of effort has to be put especially
if the model contains parameterizations with thresholds. Moreover, to locate the global
minimum without falling into local minima, the minimization process should be still run
from different first guesses of the parameters. At the opposite, the implementation of
a GA does not require high informatics skills even though the settings of this algorithm
has to be carefully determined in order to enhance the convergence of the algorithm
(see Sect. 2.3.2). Last but not least, GAs can be easily parallelized what substantially
decreases the computing cost and makes it comparable to the one of the adjoint tech-
nique.

A critical aspect of model optimization concerns the choice of parameters to opti-
mize. The lack of convergence problem usually increases with the number of parame-
ters (i.e. local minima, Wang et al., 2011, 2007). We have shown that the GA provides
a way to circumvent this problem. Besides, the estimation of an error covariance matrix
on a posteriori parameters (assuming Gaussian distribution) allows characterizing how
much information do measurements provide for each parameter. Although only few
parameters may be well constrained by the observations, removing parameters from
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the optimization process could bias the estimated values of the remaining ones. It is
also difficult to choose what the most sensitive parameters of a model are, because
this choice depends on the overall model configuration. For example, the ORCHIDEE
modeled GPP is sensitive to parameter ¢, (maximal temperature for photosynthe-
sis) during years 2003 and 2004, whereas this parameter has little influence during
years 2001 and 2002 (Fig. 7). Moreover, even though some parameters may be asso-
ciated individually to a small sensitivity of the cost function, their combined influence
could become important. To illustrate this point, we performed the optimization with
a reduced set of parameters which contains the most sensitive parameters as derived
from the a posteriori errors values (see Sect. 3.3) plus two parameters linked to the
heterOtrODhiC respiration: gsslope! CTopt! CTmax Kphenofcrita CTsen: Lagefcritv SLA’ KLAIhappy!
Zgit litter» @10 and Kgoc. When performing the optimization against the full period, the
optimal-to-prior cost function ratio is then of 0.52 compared to 0.14 for the optimization
with the full set of parameters (Sect. 3.2.1). The dramatic deterioration of the optimal
fits to the data when using this limited parameter set strengthens the need to take into
account all parameters that are uncertain in the data assimilation.

4.2 Parameter optimization and model validation

Data assimilation is a valuable method to assess whether models diverge from ob-
servations because of structural deficiencies or because an inadequate tuning of their
parameters. If a model is not able to fit the data (within their uncertainties) after a formal
optimization of its parameters, its structure and equations should be questioned. In this
context, the comparison of model outputs vs data for different weather conditions and
different time-scales provides valuable information. For example, the analysis of LE
daily-mean time-series highlighted the inability of the model to reproduce completely
the large decrease of evapotranspiration flux during dry periods (Fig. 6).

In this study, we have optimized the parameters of ORCHIDEE with NEE and LE
fluxes for four one-year periods and the full 4-years period. With the one-year inverted
parameters we used the “remaining years” to cross validate the optimization and pro-
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vide hints on the temporal generality of the equations and the ability of the model
to simulate year to year flux variations (especially during the extremely warm 2003
summer). For instance, models optimized using one given year of data were able to
simulate accurately the beginning of the growing season during that year although they
produce significant shifts in the date of the leaf onset for a different year (Fig. 5). This
point highlights the limits of the climate-driven phenology model implemented within
ORCHIDEE (Botta et al., 2000). Note that the use of very different weather conditions
helps assessing model structural shortcomings as illustrated by the fit of the 2003
hydric stress event where the optimization may compensate for model limitations in
simulating drought impacts by over-tuning some parameters (Ctmax), Which could limit
model performances on a different year (Sects. 3.2.2 and 3.3). This model drawback
would have been hidden with optimizing against observations of wet years only, which
emphasizes the need for considering different weather conditions in any parameter
optimization.

Despite model shortcomings, the equations of ORCHIDEE are generic enough to al-
low the optimization procedure using four years of observations to greatly enhance the
fit to the NEE/LE data over the whole period (Sect. 3.2.1). To further evaluate the per-
formances of the four-years-inverted model, the optimization results are analyzed for
different time-scales (seasonal, annual and inter-annual). We first computed for each
year of 2001-2004, the weekly NEE values in order to remove the synoptic variations.
Then, the yearly trend of the cumulative weekly NEE averaged over the four years,
shows to which extent the optimized model reproduces the mean seasonal cycle and
the mean annual value of NEE (Fig. 8). In addition, we use the standard deviations of
monthly NEE over the 4-years period as a measure of the inter-annual variation (1AV) of
the monthly NEE (Fig. 9). The 4-years optimized model, (ORC,y), simulates fairly well
the mean seasonal cycle of the observations with a slight underestimation of the cumu-
lated NEE at the fall season (maximal difference of 4OQCm_2 yr_1 on DOY 295, Fig. 8?.
The mean annual carbon uptake observed on the ecosystem (531 :|:64ng‘2 yr,
Fig. 8) is also well captured by ORC,y (508+130.7 ng‘2 yr‘1 , Fig. 8) but with a simu-
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lated IAV (130.7gC m‘2yr_1) which is almost twice the observed one (64gC m~2 yr‘1 )-
Nevertheless, along the year, ORC,y is able to reproduce the temporal pattern of the
observed monthly IAV except at the beginning (June) and the end (September) of the
growing season (Fig. 9) when differences can reach 1290m'2 month™'. Note that the
prior model was not able to capture the 1AV during the peak of the growing season
(July, August) and that the optimization drastically improves this feature. Overall, the
inversion of daily means across the four years leads to a strong enhancement of the
model fit to the NEE data at each analyzed time-scale with the exception of the 1AV of
the annual carbon uptake.

Compared to the case of the four-years inversion, the model run with parameters
optimized with one year of observations shows a lower skill when simulating data of
the whole period and a much lower skill when applied to specific years with different
weather conditions (Sect. 3.2.1). A single year of observation does not likely contain
sufficient information to efficiently constrain the parameters of ORCHIDEE. We first ev-
idenced that less parameters are constrained in the one-year optimizations compared
to the four-years one (Sect. 3.3). Secondly, one-year optimizations are more prone
to produce optimal values that are weakly portable to a time-period characterized by
different weather conditions (i.e. the phenology with K,pene crit Parameter) which may
reflect over-fitting to compensate for model structural errors.

5 Conclusions

In this study, we demonstrate that the fit to NEE and LE flux data of a complex terres-
trial model like ORCHIDEE can be dramatically enhanced with a Bayesian parameter
calibration based on a genetic algorithm (GA). The enhanced robustness of this Monte
Carlo approach compared to a variational approach using the gradient of the cost-
function (BFGS), highlighted in this study at one specific FLUXNET site, calls for fur-
ther investigation. First, one should verify if the better performance of the GA holds at
other sites with different plant functional types. Secondly and more importantly the use
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of multiple sites in the cost function, as in Kuppel et al. (2012), may “smooth” the shape
of the cost function, allowing the retrieval of the global minimum of the cost function
more easily with a variational approach than for a single site, possibly outperforming
the performances of the GA. These technical questions are beyond the scope of this
paper and currently under investigation.

For a multi-years simulation of contrasted weather regimes, ORCHIDEE model ap-
pears to be robust enough to simulate the carbon and water fluxes with parameters
optimized against four years of observations. At the opposite, parameters obtained
with the inversion of only one year of data do not guarantee the simulation of the year-
to-year variability of the NEE and LE fluxes; especially the drought events impact or the
timing of the carbon uptake season. This study complements a recent study with the
same model, by Kuppel et al. (2012), investigating the generality of the model across
different FluxNet sites of the same plant functional type. They showed the benefit of
including multi-site data to optimize the ORCHIDEE model, but did not focus on the
temporal skill of the model. In this study, we highlight that using at least few years of
constrasted weather regimes is crucial to calibrate the sensitivity of photosynthesis to
temperature or soil water stress.

A following step in assessing the predictive ability of the model would be to study
the propagation of the estimated parameter errors on the fluxes (Fox et al., 2009; Spa-
davecchia et al., 2011). This should allow distinguishing model deficiencies from un-
certainties due to parameterization. To better constrain these latter, additional types of
data should also be integrated within the optimization. Observations of soil carbon con-
tent, respiratory fluxes from flux chamber measurement, above ground annual wood
increment or LAl would help the optimization framework to determine more accurately
parameters related to annual or interannual time-scales processes.
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Appendix A

ORCHIDEE model equations

Hereinfafter, we briefly describe the main equations of the ORCHIDEE model involved
in the optimization process. Prior values and the allowable ranges of optimization are
summarized in Table 2. An extensive description of the model can be found in (Krinner
et al., 2005)

Net Ecosystem Exchange NEE
The Net Ecosystem Exchange flux (NEE) is calculated as the sum of four terms:
NEE =MR+GR+HR-A (A1)

MR is the maintenance respiration, GR the growth respiration, HR the heterotrophic
respiration and A the net carbon assimilation rate (A = photosynthesis minus leaf res-
piration in light). ORCHIDEE is a big leaf model where vegetation is treated as a single
equivalent surface for the carbon cycle.

Photosynthesis

Net assimilation (A), stomatal conductance (gs) and the CO, concentration in the
chloroplast are solutions of the following system of three equations:

3 gsslope(PFT) wy-A-hy

9s C. + Gsoffset (A2)

A = V- min(V, V) - (1 = 2—) _R, (A3)

A=g,(Ca-C) (Ad)
18038

| Jadeq uoissnosigq | Jeded uoissnosiq | Jaded uoissnosiqg
(8) ‘II “ll Mll ‘ll ||I MI\

Jaded uoissnosiq

BGD
10, 1800918064, 2013

Ecosystem model
optimization using
in-situ flux
observations

D. Santaren et al.



http://www.biogeosciences-discuss.net
http://www.biogeosciences-discuss.net/10/18009/2013/bgd-10-18009-2013-print.pdf
http://www.biogeosciences-discuss.net/10/18009/2013/bgd-10-18009-2013-discussion.html
http://creativecommons.org/licenses/by/3.0/

10

15

20

Eqg. (A2) gives the stomatal conductance g¢(A,C;) following the experimental data of
Ball et al. (1987) obtained for plants under no-stress conditions. gggope is the slope of
the stomatal conductance vs A linear relationship, h, the relative air humidity (%) and
C, the CO, atmospheric concentration. gg.set i an offsetting parameter (= 0.01).

Eq. (A3) describes A(C;) with distinct rates of carboxylation for the Rubisco (RuBP)
limited regime (V) and the electron transfer limited regime (V;), following Farquhar et al.
(1980) for C3 photosynthesis and Collatz et al. (1992) for C4 photosynthesis.

Vemax(PFT) is the maximum carboylation rate when plants are not RuBP neither light
limited. It is in turn scaled by several limiting functions depending on soil water avail-
ability (fyater), l€af age (figatage) @nd temperature (figmp):

chax = cmax_opt(PFT) ’ fwater : ftemp ' fleafage (A5)

V

emax_opt(PFT) is the maximum carboxylation rate when any limitation occurs.

The dependence factor on soil water availability is function of the water fraction avail-
able for the plant in the root zone f,,o:

2

o B (A6)
water 1+ eXp (—Fstressh(PFT) . fWrOOt)

Parameter Fg,.ssn(PFT) defines the soil water fraction above which maximum opening
of the stomata occurs (w, = 1).

fwroot 1S described by an exponential root profile along the soil depth Zg,
parametrized by K oot(PFT):

fwroot = Xtop eXp(_Kwroot(F)FT) ’ Zsoil ’ atop) + (1 - Xtop) exp(_Kwroot(PFT) 'Zsoil 'adeep) (A7)

where Xiqp, @iop @Nd ageqp @re @ normalized coefficient related to the wetness of the top
soil water reservoir and the dry fractions of the top/deep soil water reservoirs respec-
tively. The soil hydrology is computed following the double bucket model (Choisnel,
1977).
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The temperature dependence factor of the maximum carboxylation rate figm, makes
the photosynthesis maximal at the temperature 7, and cancels it above 7., and
below T pin:

(Tair - 7-min)(Tair - 7-max)

fiemp = (A8)
emp (Tair - Tmin)(Tair - 7-max) - (Tair - 7-opt)

Tmins Tmax @nd Ty are quadratic functions of the mean annual temperature 7,

Tin = CTmin + DrminT) + @TminT /> (A9)
Tmax = CTmax + D1max/ + aTmale2 (A10)
7-op'[ = Cropt bToptT/ + aToptT/2 (A11)

where at;, by; and cq; are constant coefficients.

The relative leaf efficiency figaraqe decreases the maximum carboxylation rate with
leaf age. Its shape, shown in Fig. A1 in Krinner et al. (2005), is determined by the
prescribed mean leaf lifetime L 5gq git-

Eq. (A4) calculates the gas phase molecular diffusion of CO, from canopy air to
chloroplast. Altogether, the system of equations A2, A3 and A4 is solved iteratively to
update at each time step the values of A, g, and C; at the leaf level.

To scale up to the canopy level, we integrate the value of A and g4 over the canopy
depth, that is over the leaf area index (L A/) assuming an exponential decrease of the
effective maximal carboxylation rate (Johnson and Thornley, 1985) and of the light in-
tensity (Beer Lambert law). Particularly, ORCHIDEE computes a total effective stomatal
conductance g, for the whole canopy:

=LAl
go = / g.(1)dl (A12)
/=0
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Aerodynamic resistance r;

The aerodynamic resistance, r,, describes the resistance to the transfer of matter
(CO,, Water) and energy between the canopy and the measurement plane:

1
ff= —m——— (A13)
2 |/wind 'Cd(KzO)
Viing is the wind speed norm. The influence of canopy turbulence and surface rough-
ness is embodied by the surface drag coefficient Cy whose computation depends on

a characteristic rugosity length K,, (Ducoudré et al., 1993).
Maintenance respiration MR

The maintenance respiration is function of the size of each living biomass pool B;, and
has a linear temperature dependency on the pool (soil or surface) temperature (T;)
(Ruimy et al., 1996). For leaves maintenance respiration, a function of the leaf area

index (LAI) also enters the calculation.

0.3LA/+1.4(1-exp(—0.5LAl))
MR\eqr = Max(0, Co jeat(MRsiope - Ti + MR giset)) X Bio ¢ A (leaves)  (A14)
MR; =max(0,Cq ;(MRgope - Tj + MR se1)) - B (other pools) (A15)

where ¢ ; is a coefficient specific to each biomass pool.

Growth respiration GR

Growth respiration GR is computed as a fraction K5 of the difference between assim-
ilation inputs and maintenance respiration outputs to plant biomass during one day:
GR = Kgp-max(B, - At- > Ry, ,0.2-B,) (A16)

where B, is the total biomass, At the time step of one day.
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Heterotrophic Respiration HR

Processes controlling the decomposition of litter, soil organic matter, and subsequent
heterotrophic respiration (R},) losses of CO, to the atmosphere are similar to those de-
scribed in Parton et al. (1988) and popular amongst biosphere modelers. Soil litter laid
off to the forest floor distinguishes a structural and a metabolic pool of distinct turnover
times, both above and below ground. Soil organic matter is distributed among three soil
carbon pools of increasing turnover (active, passive and slow). The evolution of each of
these 7 soil carbon pools is governed by a first-order linear differential equation, where
pool-specific turnovers have soil moisture (7 ;) and soil temperature dependencies fy
(Eq. A18). To account for the impact of site history in carbon pools, we scale the total
Ry, flux by the parameter Kc:

a
HR = Ksic z ,[_s 'fH,s'fT,s'Bs (A17)
s 's

where ag, 7, and B are respectively a pool specific coefficient partitioning HA into
pools (Parton et al., 1988), a pool specific residence time and the size of the carbon
pool s.

The temperature dependency of above/below ground pools respirations is a classical
Q4 function of surface/litter decomposition temperatures T jiter:

Tsurf, litter—30

7 surt liter = MIN(1,Q4o™ 10 ) (A18)

The effect of soil temperature on the litter decomposition is assumed to be correlated
to an exponential profile of the decomposers which is parameterized by a scaling depth
Z4ecomp- 1 he effective temperature of litter decomposition 7y, is then:

7 —_——Z
/0 litter Tsoil(z)e Zdecomp dZ

Tiitter = " Ziner (A19)

1-e Zdecomp
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where Zje, is the litter depth.

The soil or litter moisture dependencies fy 4 jiter Of the above/below-ground respi-
rations of the soil or the litter are quadratic functions that represent the slowdown of
respiration for too dry or too wet soils/litters:

i, sol liter = MAX(H Ry min, MIN(1, H Ry, - H2 + HRup - Hsoi, liter + HA 1)) (A20)

soil, litter

where Hqq; jier are the effective decomposition humidities of the above-ground soil/litter
pools.

The effective decomposition humidity of the litter H,,, represents also the depth-
integration of the litter humidity H, convoluted to an exponential profile of the decom-
posers:

7 -z
/Olmer HI (Z)e Zdecomp dZ

_ Ziitter
1- e Zdecomp

(A21)

litter =

where the litter humidity H,(2) is an exponential profile of the height of the dry reservoir
hgr, of the double-bucket hydrological scheme (Choisnel, 1977):

_ hdry
Hl(z) =@ Zerit_liter (A22)

where the parameter Z;; i iS @ scaling depth.
Energy Balance

The energy budget calculation considers that soil and vegetation form a single medium
caracterized by a common surface temperature 7. The energy balance is expressed

by:

H{;W + (1 _Kalbedo_veg'albedoveg _albedosoil,snow,dead Ieaves)"qéw - €0Ts4 =LE+H+G (A23)
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where Rl'_W, F;’:';W, € and o are respectively the long and shortwave incoming radiation,
the emisivity and the Stefan—Boltzmann constant. LE, H and G are the Latent, Sensible
and Ground heat fluxes. In ORCHIDEE, shortwave incoming radiation can be reflected
by vegetation, soil, dead leaves on the ground and snow. The most important fraction of
reflected radiation is determined by the albedo of the vegetation. We scale this fraction
by the parameter Kyjpedo veg-

Latent heat flux LE

The latent heat flux is computed as the sum of snow sublimation Eg,,,, Soil evapora-
tion Eg;, plant evapotranspiration ET and evaporation of water intercepted by foliage

Eintercept:
LE = Egnow + Egon +ET + Eimercept (A24)

The most important fluxes in the Hesse forest are ET and Eg;. ET is largely predom-
inant during the growing season whereas the main component of LE during winter is
E.ii- Each of LE fluxes is linearly related to the gradient of specific humidity between
the evaporating surface, equal to the saturation specific humidity of the air at the sur-
face temperature (g4,:(75)) and the air overlying the canopy (g,;,), the latter being an
input forcing. The aerodynamic resistance r, (Eq. A13) intervenes in the calculation of
all LE components, as illustrated for plant transpiration ET in Eq. (A25) and for soil
evaporation in Eqg. (A27). The value of r, mediates the transfer of all scalars from their
emitting surface up to to the top of the canopy.

Concerning the plant evapotranspiration ET, stomatal responses create a resistance
r. to evaporation processes in addition to the aerodynamic resistance:

Ts) — Gair

ET o Jeatlls) = Gai (A25)

+ /e

r. is the inverse of the canopy conductance g, (Eq. A12).
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For soil evaporation, we introduce a soil resistance to evaporation rgy; which is pro-
portional to the dry soil heigth hyg;,:

I'soil = Krsoil - hdry (A26)
and
T.)=q.
Egoi w (A27)
a soil

Leaf Area Index LA/
In ORCHIDEE, LA/ is proportional to the leaf biomass (B,):
LAl =SLA-B, (A28)

The Specific Leaf Area, SLA, is a parameter specific to each PFT.
When increasing, L A/ cannot exceed an upper limit, L A/\;ax Which is specific to each
PFT as well.

Onset and termination of the growing season

Leaf onset and leaf senescence are fully treated in a prognostic way.

The leaf onset modelling for temperate deciduous forests is based on the concept of
Growing Degree Days (g) (Botta et al., 2000) which is a way to assess if the dormant
season has been long enough and if the plant has stored enough heat during spring.
From mid-winter, when weekly mean temperatures exceeds monthly mean tempera-
ture, the value of g is updated the days whom daily temperature T is over a threshold
temperature 7:

g—g+Ty-THAt if Ty>T, (A29)
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where Af represents the time step of the STOMATE model (one day in this study) and
T.=12°C.

For broadleaf summer green trees, biomass starts to be allocated to leaves when g
exceeds g,(n) a threshold function of the number n of chillling days (days with mean
temperature below 7):

9c(n) = Kpheno_crit(ae_bn -c) (A30)

where Kyneno orit @ b and ¢ are PFT-dependent parameters.
To create the initial foliage, carbon is taken from a carbohydrate reserve until LA/
reaches a threshold value L Aly,,,,, proportional to the maximum value L A/yax:

LA/happy At

LAIyax  Tieafinit
LAlpappy = KiAhappy - LA vax (A32)

Btree—»leaf =

if LAl < LAlyapg, (A31)

where Ti45init 1S the time to attain the initial foliage using the carbohydrate reserve and
Biee_eaf the biomass transfered at each time step from this reserve to the leaves.

For deciduous forests, leaf senescence is triggered when weekly mean temperature
goes below Tgg,:

7-sen =Crgen t stenTI + aTsenT2 (A33)

where 7| is the annual mean temperature.
A fraction of the leaves (AB,y a4¢) iS lOst at every time step as a function of leaf age:

: At  LeafAge
ABloss,age = Bleafmm(o-gg, ( )4) (A34)

L age_crit L age_crit
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Table 1. Parameters names with their description and corresponding model equations (Ap- § BGD
pendix A), ranges of variation, a priori values and uncertainties of the parameters. 7
S 10, 18009-18064, 2013
Parameter Description Prior Min  Max O Ay
Photosynthesis 8 Ecosystem model
Vemax_opt  Maximum carboxylation rate (umolm™2s™") (Eq.A5) 55 27 110 332

optimization using

Jssiope Slope of the Ball-Berry relationship between Assim- 9 0 12 438

ilation and Stomatal Conductance (Eq. A2) o in-situ flux
Cropt Optimal temperature for photosynthetis ("C) 26 6 46 16 ot observations
(Eq. A11) =
CTmin Minimal critical temperature for photosynthesis ('C) -2 -7 3 4 g D. Santaren et al.
(Eq. A9) S
CTmax Maximal critical temperature for photosynthesis ("C) 38 18 58 16 o
(Eq. A10) Y
: I
Stomatal response to water availability -
Fetressh Adjust the soil water content threshold beyond 6 08 10 37 -
which stomata close because of hydric stress ! !
(Eq. A6) )
Koot Root profile that determines the soil water availabil- 0.8 0.2 3 1.12 g - -
€ ) e e
2h
Phenology 2
K + Parameter controlling the start of the growing sea- 1 05 2 0.6 o)
pheno_crit
son (Eq. A30) ¢ I I
CTsen Temperature parameter controlling the start of 12 2 22 8 =
senescence (Eq. A33) - ! !
LAlgyax ~ Maximum Leaf Area Index (Egs. A32 and A31) 5 3 7 1.6
SLA Specific Leaf Area (Eq. A28) 0.026 0.013 0.05 0.015 o - -
Loge it ~ Mean critical leaf life time (Eq. A34) 180 80 280 80 = _
Kianappy ~Multiplicative factor of LA/yax that determines the 0.5 0.35 0.7 0.14 -
thershold value of LAl below which the carbohydrate g-
reserve is used (Eq. A32) = g
Ticafinit Time in days to attain the initial foliage usingthecar- 10 5 30 10 -
bohydrate reserve (Eq. A31) ° g
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Table 1. Continued.

Parameter Description Prior  Min  Max Opor

Respirations

Ksoiic Multiplicative factor of the litter and soil carbon pools 1 025 4 1.5
(Eq. A17)

Qi Parameter driving the exponential dependency 2 1 3 0.8
of the heterotrophic respiration to temperature
(Eq. A18)

MR e Offset of the linear relationship between tempera- 1 01 2 0.76
ture and maintenance respiration (Eq. A15)

MRgope  Slope of the linear relationship between temperature  0.16 0.05 0.48 0.172
and maintenance respiration (Eq. A14)

Kgr Fraction of biomass allocated to growth respiration 0.28 01 05 0.16
(Eq. A16)

Respirations responses on water availability

HR, Parameter of the quadratic function determining the —1.1 -2 0 0.8
moisture control of the heterotrophic resp. (Eq. A20)

HR, Parameter of the quadratic function determining the 2.4 18 6 1.7
moisture control of the heterotrophic resp. (Eq. A20)

HRy. Parameter of the quadratic function determining the -0.3 -1 05 06
moisture control of the heterotrophic resp. (Eq. A20)

HRymin  Minimum value of the moisture control factor of the 0.25 01 06 02
heterotrophic respiration (Eq. A20)

Zgecomp ~ Scaling depth (m) that determines the effect of soil 0.2 0.05 5 2
water on litter decomposition (Egs. A19 and A21)

Zitier  Scaling depth (m) that determines the litter humidity  0.08 0.01 05 0.2
(Eq. A22)

Energy balance

Ko Rugosity length scaling the aerodynamic resistance 0.0625 0.02 0.1  0.03
of the turbulent transport (Eq. A13)

Kalbedo_veg Multiplicative parameter of vegetation albedo 1 08 12 0.16
(Eq. A23)

Kisoi Resistance to the evaporation of the bare soil 33 x 10x 150x 56x
(Eq. A26) 10° 10° 10® 10°
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Table 2. Data errors that are taken into account within the cost function (Matrix R, Eq. 1). They
were determined as the RMSE between a priori model outputs and observations (see text).

Years 2001 2002 2003 2004 2001-2004 (4Y)

NEE (gCm2day™') 2 25 17 16 1.9

LE (Wm™?) 14 12 263 205 19
18055
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NORMALIZED COST FUNCTIONS
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Fig. 1. Cost function reductions for the 10 twin experiments that were performed with the BFGS
algorithm (BFGS) and with the Genetic Algorithm (GA). Cost functions were normalized by the
value of the cost function representing the mismatch between the synthetic data and the model
outputs computed with the standard parameters of ORCHIDEE (see text).
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Fig. 2. Twin experiments results in terms of parameter inversion. For each parameter, the re-
trieved values corresponding to the best realization of each algorithm (BFGS, GA) are divided
by the true values that were used to generate the data so that a value of 1 indicates a per-
fect retrieval (horizontal lines within the boxes). Along with these values are the a posteriori
uncertainties normalized to the true parameters values.
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Fig. 3. A posteriori correlations between the optimized parameters corresponding to the best
twin GA optimization. Red and blue squares are respectively related to pairs of parameters
that are strongly correlated and anticorrelated. White cells correspond to correlations whose
absolute values are lower than 0.1.
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Optimization performances
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Fig. 4. (a) Cost function reductions after optimization of the model against observations of each
time-period (2001, 2002, ..., 4Y for the whole 2001-2004 time-period). Blue bars are associ-
ated to the term of the cost function representing the total data-model misfit (Jogg, EQ. 1),
green and red bars are associated to partial cost functions relative to NEE and LE data respec-
tively (Jyge @nd J, ). The horizontal lines represent the mean values of the corresponding cost
functions reductions. Figures (b), (¢), ..., (f) show the cost function reductions produced when
running the model with the corresponding optimized parameter sets (X5q91, - - -, X4y) ON every
time-period. Horizontal lines are the averaged cost function reductions across other years than
the one used to optimize the model.
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Fig. 5. For 2001, 2002,

of the model run with the prior and the optimized parameter sets. Figure legends show the
model-data RMSE for the different parameter sets. For the sake of clarity, observation errors

are not displayed.
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Fig. 6. For 2001, 2002, 2003 and 2004, fits to the latent heat flux observations (thick black
curve) of the model run with the standard and the optimized parameter sets. Figure legends
show the model-data RMSE for the different parameter sets. For the sake of clarity, observation

errors are not displayed.
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Fig. 7. Optimized parameter values (circles) and errors (vertical bars) estimated by the data
assimilation system on every time-period (2001, 2002, ..., 4Y for 2001—2004). Boxes height
embodies the range within parameters are allowed to vary during the optimization process.
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Horizontal lines are the a priori values of the parameters.

18062

2001 2002 2003 2004 4

2001 2002 2003 2004 Y

| Jadeq uoissnosigq | Jeded uoissnosiq | Jaded uoissnosiqg

Jaded uoissnosiq

BGD
10, 1800918064, 2013

Ecosystem model
optimization using
in-situ flux
observations

D. Santaren et al.

(8
] (=)



http://www.biogeosciences-discuss.net
http://www.biogeosciences-discuss.net/10/18009/2013/bgd-10-18009-2013-print.pdf
http://www.biogeosciences-discuss.net/10/18009/2013/bgd-10-18009-2013-discussion.html
http://creativecommons.org/licenses/by/3.0/

200

100

-100

U
N
o
o

NEE (gC/mzlyr)
(.Is)
o
o

—400

-500

-600

-700

Fig. 8. Yearly trend of the cumulative weekly NEE averaged over 2001-2004 for the observa-
tions (black curve), for the model run with the a priori parameter set (green curve) and with the
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2001-2004 inverted parameter set (X,y, blue curve).
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Fig. 9. Standard deviations over 2001-2004 of the monthly NEE for the observations (black
curve), for the model run with the standard parameter set (green curve) and with the 2001—
2004 inverted parameter set (X, blue curve).
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