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Chapter 1

Introduction

1.1 Background

1.1.1 Global climate system
The amount of atmospheric CO2 is determined by emissions from fossil fuel, deforestation,
and cement production, the natural uptake and release of oceans and terrestrial surfaces, and
by agricultural activities and land management (Dolman et al., 2010). The atmospheric CO2

concentration has increased from 270 to 385 ppm, which is caused by growth of the world
economy combined with an increase of its carbon intensity (Canadell et al., 2007). Because
CO2 is a greenhouse gas, the climate will be affected by changes in atmospheric CO2 con-
centration. This thesis discusses the role of the terrestrial land surface in the global carbon
and water cycle. The land surface takes up CO2, but the carbon sink capacity is not constant
nor is it proportional to the anthropogenic emissions. Instead, it changes as an unknown
function of environmental conditions. For instance a decrease of the (relative) sink capacity
implies a decrease of the negative feedback to climate change, and thus more warming per
unit emitted CO2. The uptake and emission of CO2 are climate and temperature dependent
(Friedlingstein et al., 2006), creating potential for feedbacks. The IPCC (Intergovernmental
Panel on Climate Change) identified these feedbacks important to be built into models cor-
rectly (Solomon et al., 2007) because they lead to net higher CO2 concentrations in the
atmosphere than in the absence of feedbacks (Dolman et al., 2010). Without feedbacks the
land takes up carbon as a result of CO2 -fertilisation of growth. The additional terrestrial
carbon is stored in both vegetation and soils. But when climate-carbon cycle feedbacks are
included the historical land carbon sink is strongly suppressed, and ultimately turns into a
global land carbon source (Cox et al., 2004).

The carbon processes important in global climate models are related to the interaction
of the ocean and land surface with the atmosphere. The oceans take up CO2 from the at-
mosphere at a rate that is depending on the concentration and temperature differences. This
increases the pH, which together with rising surface temperatures reduces the ocean buffer
capacity for CO2 (Solomon et al., 2007). The interaction with the natural land surface is
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primarily regulated by the soil and vegetation. CO2 is taken up by plants for photosynthesis,
producing sugars used for growth and maintenance. Both plants and soil respire CO2 back
into the atmosphere. These processes are intimately linked with the hydrological cycle (van
der Molen et al., 2011). This close relation between the carbon and water cycle is further
addressed in paragraph 1.1.4.

1.1.2 Global vegetation and climate
The global distribution of vegetation and climate have been analyzed for more than a cen-
tury. Continental gradients of climate and vegetation are for example a decrease of radiation
and temperature from the equator to the poles, with changing biomes from tropical rain
forest to arctic tundra. The spatial distribution of biomes is closely related to climate con-
ditions, which were used by Köppen (1936) to develop a classification of climatic regions.
This classification follows the environmental approach, which starts with the environment,
defining conditions that determine which vegetation can persist (Walker, 1997). The oppos-
ite approach is to start with the plant, defining feedback and response functions of vegeta-
tion. Holdridge (1947) used this approach to develop life zones in which climatic conditions
are based on observations of vegetation. Three bioclimatic variables (biotemperature, mean
annual precipitation and a ratio of potential evaporation to mean annual precipitation) were
used to describe the relation of climate and vegetation patterns. Box (1981) defined a global
expression for the relationship between macroclimate and plants. Species were reorganized
into plant life forms, instead of a small number of life zones (Holdridge, 1947). This resul-
ted in 90 plant functional types (PFTs) defined by eight climate parameters. These PFTs are
not taken as given, but emerge through the interactions of plants. The number of PFTs were
reduced to 14 in the BIOME model (Prentice et al., 1992). Each PFT is assigned a climate
tolerance defined as an amplitude and seasonality of climate variables. The BIOME model
follows the ideas of Woodward (1987) about the physiological and ecological mechanisms
for the climatic limitation of PFTs (Peng, 2000). Most recent global land surface schemes
use PFTs to define the vegetation distribution (e.g., Sellers et al., 1996; Arora, 2002; Sitch
et al., 2003; Krinner et al., 2005; Rayner et al., 2005).

1.1.3 Global land surface schemes
The specification of the land surface component of climate models has evolved through four
major steps over the past five decades closely related to the developments described in the
previous paragraph. The first generation in the late 1960s had a uniform prescription of
surface parameters. In these atmospheric general circulation models the motion of the at-
mosphere is defined by fluid dynamics equations. Included were energy transfer processes,
heat transport and transfer of energy, water and momentum between the land or ocean sur-
faces and the atmosphere. The early models had a resolution of 10◦ to 20◦ in latitude and
longitude. When the spatial resolution increased to around 1◦ it became obvious that there
were shortcomings in the description of many physical processes, which were at least as
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important as the fluid dynamics processes. Simulated fluxes of radiation, sensible and latent
heat, and momentum were unrealistic, because they were not coupled (Sellers et al., 1997).

The second generation models in the 1980s introduced the concept of plant functional
types (PFTs) to describe the effects of spatially varying vegetation on the surface energy
balance (e.g. Sellers et al., 1986; Dickinson et al., 1986; Prentice et al., 1992). The PFTs
were needed as general models of vegetation composition as a function of climate (Walker,
1997). The vegetation and soil were simulated as an integrated system, which determined
the ways in which the land surface interacts with the atmosphere (Sellers et al., 1997; Pit-
man, 2003). The global parameter sets for these models were assembled from ground-based
ecological surveys. The quality of the simulated hydrology improved when first and second
generation models were compared. But the focus was primarily on calculating the energy
and water balance, which changed in the late 1980s when the scientific interest turned to
global warming (Sellers et al., 1997). More complete models of the climate system in-
cluding biological, and chemical processes in the ocean, land and atmosphere were needed.
Therefore, for instance biochemical models of photosynthesis were included in third gen-
eration models as described in paragraph 1.1.4. The vegetation is simulated dynamically
rather than being prescribed in these models (Friend and Cox, 1995; Sellers et al., 1997;
Foley et al., 1998; Woodward et al., 1998; Cox et al., 2000).

The fourth generation models couple vegetation dynamics to the carbon and nitro-
gen cycles (Thornton et al., 2009; Yang et al., 2009; Zaehle and Friend, 2010), and in-
clude processes for emissions of reactive trace gases, vegetation-fire interactions and crop-
biogeochemistry interactions (Arneth et al., 2010). Models now routinely link the biochem-
istry of photosynthesis with the biophysics of stomatal conductance. Leaf photosynthesis
and conductance are scaled to the plant canopy based on the optimal allocation of nitro-
gen and photosynthetic capacity in relation to light availability. The current generation of
models has capability beyond hydrometeorology and incorporates ecological advances in
biogeochemical and biogeographical modeling. Many models simulate the carbon cycle
and vegetation dynamics. In these models, the biosphere and atmosphere form a coupled
system whereby climate influences ecosystem functions and biogeography, which feed back
to affect climate. Much of the natural vegetation of the world has been cleared for agricul-
ture, and some models also include land-use change.

A large range of different processes were added to the global land surface schemes over
the last 40 years. This resulted in very complex models with many different parameters. The
question that needs to be answered now is if these models can provide reliable predictions.

1.1.4 Photosynthesis and transpiration
From the previous paragraphs it becomes clear that plants play an important role in the
global carbon and water cycle, which are coupled because they partly use the same path-
way through stomata in leafs and needles. CO2 enters the leaf through the stomata to be
used for photosynthesis, while simultaneously water transpires from the leaf. In models
the interaction of these fluxes between plants and the atmosphere are linked by the sto-
matal conductance (Berry et al., 2010). When atmospheric CO2 concentration increases,
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plant stomata open less widely, which reduces transpiration and more water remains at the
land surface. In addition vapour pressure deficit (D) controls stomatal conductance. During
drought stomata will prevent water loss, which will have an effect on the CO2 uptake. When
transpiration decreases this strongly affects precipitation as is already shown by Shukla and
Mintz (1982), who conducted a model experiment with a wet and dry soil world. It has
been suggested that continental runoff has increased during the 20th century because of
a transpiration reduction due to CO2-induced stomatal closure (Gedney et al., 2006). Fu-
ture runoff may also be affected as a doubled CO2 concentration increases simulated global
mean runoff by 6% relative to pre-industrial levels (Betts, 2007).

Stomatal conductance is a function of CO2 and water vapour concentration gradients
between the intercellular and ambient air. A clear overview of different model formulations
is given by Medlyn et al. (2011). The most frequently used models (Ball et al., 1987; Collatz
et al., 1991; Leuning, 1995) are empirically derived and therefore their parameters have no
obvious physical meaning. These models are applied in the third generation land surface
schemes. Within global land surface models these parameters are assumed to be constant
for broad classes of plant functional types (e.g. Sellers et al., 1997; Arora, 2002; Sitch et al.,
2003; Krinner et al., 2005; Rayner et al., 2005).

Empirical stomatal conductance models are based on the optimality hypothesis, which
is described by Cowan and Farquhar (1977). This hypothesis states that photosynthesis is
optimally balanced with the available water using λ, the marginal water cost of plant carbon
gain. This idea is described by Givnish and Vermeij (1976) when trying to explain leaf size
variability, who stated that ’since plants must pay for photosynthetic gas-exchange capacity
with a concomitant loss of water through transpiration, it might be optimal for a plant to
maximize the ratio of these profits and costs by maximizing water use efficiency, the ratio
of photosynthesis to transpiration.’ The optimal stomatal conductance model is for instance
used by Lloyd et al. (1995, 2002), Lloyd and Farquhar (1994), Arneth et al. (2002, 2006),
van der Tol et al. (2007) and Mercado et al. (2009). The optimal and empirical stomatal
conductance models were compared by Lloyd et al. (1995), Schymanski et al. (2007) and
Medlyn et al. (2011), which resulted in a more frequent use recently.

At the leaf-scale processes of carbon and water exchange between vegetation and the
atmosphere have been studied extensively. These results led to the development of bio-
chemical photosynthesis models, of which the model developed by Farquhar et al. (1980)
is the most well known and incorporated in most global land surface schemes. At the
ecosystem-scale eddy covariance observations are used to study the carbon and water ex-
change between vegetation and the atmosphere (Aubinet et al., 2000). Fluxnet is a global
network of eddy covariance observation towers over different ecosystems (Baldocchi et al.,
2001; Baldocchi, 2008). This network is valuable for the refinement of the coupling of phys-
ical carbon and water cycle models with the distribution of vegetation and climate patterns.
Eddy covariance fluxes give more insight in the short term responses of the ecosystems to
environmental variation, but are less suitable to study the long term relationships, because
ecosystem carbon fluxes evolve as a function of age of the ecosystem. The Fluxnet database
plays a central role in this thesis, with which a number of widely applied model assumptions
are validated.
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1.2 Objectives
Photosynthetic parameters in global models are usually specified as a function of plant func-
tional types (PFTs) (Box, 1996; Bonan et al., 2002; Sitch et al., 2003; Krinner et al., 2005).
This method implicitly assumes that the major variability in parameters is between PFTs
and that parameters vary little within PFTs. The question may be asked if this assumption
is realistic. For example, how large is the variability within PFTs relative to the variability
between PFTs. Are the parameters distributed into discrete classes, or is there a gradual,
transitional change? Kleidon et al. (2007) show that the strict separation of vegetation
into less than eight PFTs may lead to artificial multiple steady-states in a model of the
Earth’s climate-vegetation system depending on the number of PFTs used. Measurements
on individual leaves indicate a gradual transition in vegetation characteristics. Leaf traits
are inter-related e.g., maximum photosynthetic capacity, maintenance respiration, nitrogen
concentration, leaf life span and specific leaf area (ratio of leaf surface area to leaf mass)
(Reich et al., 1997; Bonan et al., 2002; Meinzer, 2003; Wright et al., 2004). Alton (2011)
reported that model parameters overlap between PFTs, and that modeled carbon fluxes are
especially sensitive to the classification of model parameters. Harrison et al. (2010) suggest
using these continuous traits for the development of a new vegetation classification.

On the global scale it is a challenging task to provide sufficient data for a complete
PFT classification, because a large number of observations are needed for each PFT (Wang
and Price, 2007). Many studies have used eddy covariance data from Fluxnet, showing the
variation in carbon and water fluxes between vegetation types and along climate gradients
(e.g., Law et al., 2002; Friend et al., 2007; Luyssaert et al., 2007; Baldocchi, 2008; Stöckli
et al., 2008a; Stoy et al., 2009; Beer et al., 2009; Yuan et al., 2009; Williams et al., 2009).
The eddy covariance data can also be used to derive model parameters (e.g., Reichstein
et al., 2003b; van Dijk and Dolman, 2004; Knorr and Kattge, 2005; Raupach et al., 2005;
Owen et al., 2007; Richardson et al., 2007; Wang et al., 2007; Thum et al., 2008). However,
hardly any of these studies have attempted to derive model parameters for key carbon cycle
processes such as photosynthesis for the full set of data.

In this thesis the assumption is used that vegetation characteristics can be adequately
represented by model parameters. The spatial and temporal patterns of vegetation charac-
teristics can be obtained from the observed fluxes by optimizing the model for many dif-
ferent locations with different climate, vegetation and soil type. This can provide insight of
how the vegetation characteristics are related to their environment. An important hypothesis
is that in a model that adequately describes the short-term fluxes of carbon and water, the
relation between vegetation characteristics and climate is revealed in the variation of model
parameters. The main objective of this thesis is to improve the understanding of global
patterns of terrestrial carbon and water fluxes with ecosystem scale process knowledge and
observations. Different aspects of the photosynthesis and transpiration fluxes are investig-
ated as summarized in the following questions related to widely used model assumptions:

• What is the spatial and temporal variation of carbon fluxes in Europe derived from
eddy covariance observations? (Chapter 2)
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• Is a model parameter variation derived from eddy covariance flux observations com-
parable to the model parameter variation in a plant functional type classification?
(Chapter 3)

• What is the influence of leaf area index upscaling on the seasonal and global para-
meter variation? (Chapter 4)

• What is variability of the water use efficiency between Fluxnet sites? (Chapter 5)

With a simple vegetation model the parameters for all site years within the Fluxnet data
set are derived. Model parameters represent responses of vegetation characteristics to their
environment and might be better suitable to understand the global variation of the carbon
and water fluxes than the direct fluxes, because model parameters are more robust, and
contain a smaller amount of noise than observed fluxes. In this thesis the variation in time
and space of three model parameters will be explored. The parameters are meant to define
how the vegetation responds to weather effects, so the parameters effectively remove the
weather signal from the carbon flux signals. Very general, photosynthesis is a function
of the amount of nitrogen in the vegetation and the ability of the vegetation to use the
available light and water. The photosynthetic capacity (related to the amount of nitrogen)
is represented by the maximum carboxylation capacity (Vcm) and the light use efficiency of
the vegetation is represented by the quantum yield (α). To be able to relate photosynthesis
to transpiration a third parameter is needed. The marginal water cost of plant carbon gain
(λ) is used to constrain this relationship, which is defined as the ratio of photosynthesis and
transpiration.

1.3 Thesis outline
Observed carbon and water eddy covariance fluxes are used to explore the inter-annual
variability, the vulnerability of the terrestrial carbon cycle and the representativity of the
current European flux sites (Chapter 2).

In global land surface schemes the vegetation is represented by a classification based on
vegetation type and climate, the plant functional types (PFTs), contradicting with gradual
transitions of leaf traits (Reich et al., 1997; Wright et al., 2004). The Fluxnet data set gives
the opportunity to test the use of these PFTs. In addition it is possible to test if it is possible
to assign vegetation model parameters based on more gradual transitions of environmental
variation. The set of model parameters within and between PFTs and groups of sites is
compared. The following specific questions are addressed in Chapter 3: 1) what is the vari-
ability of parameter values for a set of conventionally defined PFTs, 2) how well are fluxes
simulated using parameter values for each PFT compared to using site-calibrated values
at diurnal, seasonal and annual time scales, 3) if using mean or median values provides
unsatisfactory results, is it sufficient to refine the classification scheme and, 4) if this is
unsatisfactory, does a cluster analysis of parameters provide a satisfactory solution?

An assumption that could influence or regulate gradual transitions between sites is the
use of leaf area index (LAI) for upscaling of the photosynthesis and transpiration model
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parameters Vcm and α from leaf to ecosystem scale. This upscaling also influences the sea-
sonal variability of the parameters, following the seasonal cycle of LAI . The question is
what the influence of this upscaling is on the ecosystem parameter variation within a PFT.
This can improve the understanding of the temporal and spatial variation of the photosyn-
thetic model parameters, with an emphasis on their relationship with LAI . Chapter 4 aims
to answer the question what the influence is of seasonal variability on the ecosystem para-
meter variation within a PFT? Our hypothesis is that meteorological data can be used to con-
strain seasonal ecosystem-scale parameter variation. The overall objective of this chapter
is to improve the understanding of the temporal and spatial variation of the photosynthetic
model parameters, with an emphasis on their relationship with LAI and meteorological
variables. Specific objectives are: (1) determine if LAI scaling of the parameters results
in a better understanding of the parameter variation within and between PFTs; (2) quantify
sensitivity of photosynthetic parameters to LAI variations; (3) determine if the Fluxnet EC
and meteorological data be used to derive a seasonal LAI; and (4) if this is comparable to
LAI derived from MODIS, which can be used over larger areas.

Model studies suggest large changes in the global water balance due to relative small
changes in stomatal conductance (Gedney et al., 2006; Betts, 2007). But Berry et al. (2010)
questions the use of an empirical representation of stomatal responses while it is still un-
known if plants will respond following these empirical parameterizations when the climate
changes. Fluxnet observations together with simulated photosynthesis and transpiration
fluxes are used to increase the understanding of global variations in stomatal responses.
Because water use efficiency can be derived directly from observations, while stomatal con-
ductance cannot, this approach is used to explore the global variation and environmental
responses. The objective of Chapter 5 is thus to determine the global water use efficiency
variation by comparing three different definitions from observed photosynthesis and tran-
spiration fluxes for 66 Fluxnet sites. WUE and IWUE will be directly derived from the
observations and λ, which is defined as a model parameter will be derived by optimizing
the photosynthesis and transpiration model described in Chapter 3 and 4.

A synthesis of all results in this thesis with recommendations for future work is presen-
ted in Chapter 6.



8 Introduction



Chapter 2

Eddy covariance flux observations:
background and European variability

2.1 Introduction
In this thesis the ecosystem photosynthesis and transpiration fluxes are studied on a global
scale. These fluxes are derived from eddy covariance observations. Eddy covariance is a mi-
crometeorological technique to measure vertical turbulent fluxes in the atmospheric bound-
ary layer. Measurements of wind speed and concentrations of the trace gas are combined
to approximate the average flux through statistical methods. Measurements are performed
above the vegetation and represent average fluxes of a larger footprint (102 to 104 m2), of
which the size depends on atmospheric conditions.

Direct observations between the land surface and atmosphere of water, energy, carbon
dioxide, trace gases and momentum fluxes have been possible since the 1960s. Most of this
early work comprised campaigns of short duration and has contributed substantially to the
process understanding of surface atmosphere exchange. The data obtained in these studies
were fundamental in assessing the validity of Monin-Obhukov similarity over natural sur-
faces, in testing resistance analogue formulations (e.g., Monteith, 1965) and were also used
to calibrate flux models against single site data. It was also during this period that climate
modelers became increasingly aware of the important role of the biosphere in climate. In
the 1980s and 1990s the early observational work was extended to study variability along
climatic or other transects. The analysis of Valentini et al. (2000) describing the variation of
Net Ecosystem Exchange of CO2 along a North-South gradient in Europe typifies this stage.
New developments in technology (e.g., Moncrieff et al., 1998), such as the availability of

Parts of this chapter were published as: Dolman, A. J., Valentini, R., Groenendijk, M. and Hendriks, D.: 2008,
Flux tower sites, state of the art and network design, chapter 11 in: Vol. 203 of Ecological Studies, Springer
Science + Business Media pp. 215-242.
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Figure 2.1: Locations (in black and yellow) of the Fluxnet measurement sites available on the 1st of
January 2005.

off-the-shelf fast response instrumentation, gave opportunity to the development of the eddy
covariance technique. The ‘La Thuile workshop’ in 1994 which resulted in a special issue
of Global Change Biology (Baldocchi et al., 1996) was fundamental in bringing together
micrometeorologists and ecologists in studying exchange fluxes, not only of water and en-
ergy, but also of carbon. The second ‘La Thuile workshop’ in 2007 resulted in a database
containing observations from around 250 locations (www.fluxdata.org). The data coverage
(Figure 2.1) of this Fluxnet network is now near global, from Siberian sites (Dolman et al.,
2004) to tropical rainforest (Araújo et al., 2002). Since around 2000 the analysis has begun
to take advantage of this near global coverage of sites, and studies have emerged of inter-
annual variability, data assimilation and continent scale estimation of carbon uptake (Papale
and Valentini, 2003; Baldocchi, 2008; Schulze et al., 2010; Luyssaert et al., 2010).

This chapter briefly describes the technical details of eddy covariance systems, and will
present some of the important developments in the understanding of the magnitude of fluxes
of different biomes and their spatial variability. It will then concentrate on the inter-annual
variability of the fluxes and the related questions of vulnerability of the terrestrial carbon
cycle. The chapter ends with an assessment of the representativity of the current European
flux sites.
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Figure 2.2: The framework for atmospheric eddy transport. The air flow is represented by the large
pink arrow that passes through the tower and consists of different size eddies (from Burba and Ander-
son, 2010).

2.2 Measurements and data processing

2.2.1 The eddy covariance technique
Figure 2.2 shows the concept of atmospheric eddy transport. Air flow can be imagined as a
horizontal flow of numerous rotating eddies. The eddies each have a certain concentration
of trace gas and a speed associated. An average is determined from these concentrations
and vertical movements. The technique is based on the fact that the flux of a quantity like
CO2, Fc can be expressed as the co-variance (the average of the product of the fluctuating,
turbulent quantities) of the vertical wind speed, w with that quantity, e.g. the mixing ratio
of CO2, ρc.

Fc = w′ρ′c (2.1)

This requires fast sensors that are able to observe the fluctuation up to 20 Hz. Instruments
that achieve this are the sonic anemometer (measuring the vertical wind speed) and closed
or open path infrared sensors for H2O and CO2. The instruments are usually located at a
tower above the vegetation. The principle is well established and commercial instruments
that can perform these measurements with adequate accuracy (Aubinet et al., 2000) are
available since the early 1990s. Once these measurements are obtained, a set of data quality
checks and assessment are required (Kaimal and Finnigan, 1994; Wichura and Foken, 1995;
Finnigan et al., 2003; Gash and Dolman, 2003; van der Molen et al., 2004; Papale et al.,
2006).

The all important step is the step from uncorrected to corrected fluxes, and complete
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textbooks have been devoted to this subject (e.g., Lee et al., 2004). Key eddy covariance
corrections (e.g., Aubinet et al., 2000; Lee et al., 2004) include the Webb correction for
the existence of an apparent vertical velocity induced by the sensible heat flux from the
surface and frequency loss corrections. Measuring the turbulent fluctuations requires fast
sensors that are able to sense all the fluctuations in the frequency range (spectrum) in which
turbulent transport takes place. Optimum measurement conditions are hard to achieve in
the real world due to limitations of the sensor speed, the delays that occur during data
acquisition, averaging over a path rather than a point and physical separation between the
sensors. It is possible for each of these situations to derive analytical expressions (transfer
functions) about the magnitude of the individual effects for an ideal system. The spectrum
shows which frequencies of transport really contribute to the flux. By deriving the ratio of
the frequency correction for a particular measurement setup and the universal spectra for a
particular (co)variance one can calculate the frequency loss of that setup and afterwards add
it to the observed flux (Aubinet et al., 2000). Several other smaller corrections need also be
applied before the final flux half-hourly is recovered from the raw turbulent signals.

The various correction factors result in substantial changes to the raw flux. In particular
the Webb correction can be substantial in dry hot environments. Angle of attack and fre-
quency response corrections normally change the flux by up to 20%. Since the sign of the
correction is not always the same, the net effect is of the order 5-10% depending on the flux
of interest.

2.2.2 Key issues
The flux observations in the Fluxnet database were processed in a harmonized manner.
First the raw data provided by the individual site investigators were storage corrected, then
a spike detection technique was applied and, after that, filtered for low turbulence conditions
(Papale et al., 2006). In this thesis the standardized data was used to be able to confidently
compare the fluxes from different sites.

Gap filling of missing data

To derive mean annual fluxes it is necessary to fill the gaps where half-hourly data is miss-
ing. Various methodologies exist for this purpose and range from simple linear interpolation
to detailed process modeling (e.g., Falge et al., 2001; Reichstein et al., 2005; Moffat et al.,
2007). Moffat et al. (2007) have compared 15 different techniques consisting of five non-
linear regression methods, a dual unscented Kalman filter approach, three artificial neural
networks, three types of look-up tables, a mean diurnal variation approach, a multiple im-
putation method, and a terrestrial biosphere model. The artificial neural network based
techniques were generally, if only slightly, superior to the other techniques. The fluxes in
the Fluxnet database are gap filled following the procedure as described in Reichstein et al.
(2005).
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Separation of respiration and assimilation

Because only net exchange fluxes are measured with the eddy covariance technique, some
methodology is required to separate the Net Ecosystem Exchange (NEE) into its two main
components: Gross Primary Production (GPP ) and Ecosystem Respiration (Re). Existing
flux partitioning algorithms can be classified in those that use only night-time data for the
estimation of ecosystem respiration and those that use daytime data or both day- and night-
time data using light response curves (Reichstein et al., 2005; Lasslop et al., 2010b). The
two approaches have been compared by Falge et al. (2001), resulting in generally good
agreement between the two methods, except in ecosystems where large soil carbon pools
exist. Under those conditions, the light-curves derived from daytime data may not well
represent the night-time respiratory processes. This is corrected by Lasslop et al. (2010b)
who demonstrated that this approach is subject to biases if the effect of vapour pressure
deficit (D) modifying the light response is not included.

The standard light-response curve method only allows the estimation of the daily aver-
age respiration without estimation of a temperature-dependent diurnal course. A regression
model, where GPP and Re are described in one equation, is often used where Re is ex-
plicitly dependent on air or soil temperature. Once regression parameters are fitted, GPP
and Re can be computed separately on a half-hourly time step. While this is an elegant
approach, it suffers from a number of problems (Reichstein et al., 2005). First, similar
model predictions of NEE, can be obtained by several parameter settings, as long as Re

and GPP are calibrated in opposite directions. In particular, the estimation of the temper-
ature response of Re is perturbed by the response of GPP to D, which can lead to a bias
in the estimation of Re. An afternoon drop of NEE can be caused by a D related drop
of GPP or by a temperature related increase in Re. If a regression model only ascribes
the effect of Re to the drop of NEE, this will lead directly to an overestimation of Re

(e.g Fig. 2.3). Secondly, with this method, both Re and GPP are modeled and based on
certain assumptions (e.g. hyperbolic light response of GPP ). If the flux-partitioned data is
then used to evaluate models, one is essentially comparing two models, which can lead to
circular arguments (e.g. a model with the same hyperbolic assumption will be more likely
validated than other models) (Reichstein et al., 2005). Using separate estimates of soil and
plant respiration is unfortunately the only objective, but costly and complicated, method to
circumvent this issue. This involves taking measurements with dark flux chambers at the
eddy covariance site. Combining these flux data, which only comprise of ecosystem respir-
ation (Dore et al., 2003; Hendriks et al., 2007). Lastly, CO2 fluxes near sunrise and sunset
are rapidly changing; involve non-stationarity problems and often storage changes occur. If
these are not corrected for in the data, incorrect attributions to either respiration or GPP
may occur. A final problem arises in the poor availability of soil moisture observations
at flux sites, which often makes it virtually impossible to derive meaningful relationships
between drought and respiration reduction.

Reichstein et al. (2005) suggest that the D specific problem can be tackled by including
a D response of GPP to the regression model. They develop a flux-partitioning algorithm
that first estimates the temperature sensitivity from short-term periods, and then apply this
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Figure 2.3: Schematic representation of the various confounding effects introduced into a temperature
dependence of ecosystem respiration derived from annual data. Triangles and squares are hypothetical
data for summer active and summer passive ecosystems, respectively. The true middle curve is the
sensitivity of respiration to short-term variations; the other two are based on long-term data input
as confounded by other seasonally varying factors, resulting in an overestimation of the temperature
sensitivity in summer active and underestimation in summer passive ecosystems (from Reichstein
et al., 2005).

short-term temperature sensitivity to extrapolate the ecosystem respiration from night- to
daytime. In this case, one can introduce seasonally varying temperature sensitivity or ap-
ply site-specific constant temperature sensitivity. The D problem is solved differently by
Lasslop et al. (2010b) by introducing an algorithm that uses a hyperbolic light response
curve to daytime NEE, modified to account for the temperature sensitivity of respiration
and the D limitation of photosynthesis. The influence of the partitioning method on the
GPP and Re fluxes is evaluated by Desai et al. (2008). The variation between meth-
odologies was very large but an important conclusion for studies using a large group of
Fluxnet sites is that most methods were coherent in their ranking of sites from smallest to
largestGPP orRe. This increases the confidence in the ability of these methods to identify
cross-site differences and spatial patterns of GPP and Re, as long as the same method is
used to partition NEE across all sites. In general there still appears not yet to be a ’best’
separation algorithm, but when comparing sites a general applicable methodology may be
found in Papale et al. (2006), which is used to produce the standardized Fluxnet database
(www.fluxdata.org).
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Nighttime fluxes and advection

A particular complex problem is caused by the nighttime build up of CO2 under conditions
of low windspeed and low turbulence. This leads potentially to a build up of CO2 near the
ground and the possibility of subsequent lateral drainage in terrain with small (1-5% slope)
topography. This ’night time flux loss’ is neither seen by the eddy covariance system at
the top of the tower nor by any concentration gradient measurements system on the tower.
Correction techniques are hard to define and generally great care has to be taken when using
eddy covariance techniques to estimate night time fluxes. Indications of the potential size
of errors vary from 20-100% (e.g., Kruijt et al., 2004; Aubinet et al., 2005; de Araújo et al.,
2008). The night time flux loss is a systematic error, and a neglect of say 1 µmol C m−2 s−1

over a 12-hour night every night per year leads to a yearly off set of 189 gC m−2, that is
comparable to the net average annual uptake of ecosystems. Standard practice so far has
been to eliminate the fluxes observed under low turbulence conditions (established by a
friction velocity threshold) and replace these with estimates of night-time respiration based
on observations under high turbulence.

Aubinet et al. (2005) analyzed data from several sites with significant topography. They
found that the relative importance of advection and vertical storage was not the same for all
sites. At steeply sloping sites, advection appeared to be dominant over storage, but at sites
with intermediate topography, both processes were equally important. They introduce a
new criterion, the advective velocity that combines, amongst other, net radiation (as a proxy
for radiative, night-time cooling) and elevation angle, to determine the relative importance
of storage versus horizontal advection. Still, the night time flux loss problem is not fully
resolved until more precise measurements of horizontal and vertical gradients and wind
speed and CO2 concentration become available for more sites. This means that sites prone
to advection need additional measurements, and it seems difficult to know a priori which
site is prone to which complicating circumstances. Replacement of poor turbulence values
with estimated respiration rates still remains the best option for flat sites with low estimated
advective velocities, and for sites with high advective velocities additional observations on
drainage may be required.

2.3 Magnitude of fluxes
This section gives a brief overview of the magnitude of the fluxes of forests in Europe. Only
data obtained with the eddy covariance technique is presented. van Dijk et al. (2005) used
the results of eddy covariance measurements of 15 sites in Europe to study the spatial vari-
ability of forest net ecosystem exchange (NEE). In contrast to an earlier study (Valentini
et al., 2000), they used more data and a consistent methodology to separate the observed
NEE into gross primary production (GPP ) and ecosystem respiration (Re). The meth-
odology to partition NEE into respiration and assimilation used night time flux data only
(van Dijk and Dolman, 2004). We used the current data and reevaluated that work using
the Reichstein et al. (2005) partitioning algorithm for GPP and Re. The original data pub-
lished by Valentini et al. (2000) suggested an increasing NEE with decreasing latitude.
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Figure 2.4: Net ecosystem exchange (NEE), ecosystem respiration (Re) and gross primary produc-
tion (GPP ) versus latitude for 34 European forests and Re as a function of GPP of the same set of
34 forests.

Subsequent analysis (Valentini, 2003; Janssens et al., 2001; van Dijk and Dolman, 2004)
consistently showed the same latitudinal trend. In Figure 2.4 the annual fluxes of NEE,
GPP and Re are plotted against latitude as in van Dijk and Dolman (2004). While net
uptake tends to decrease towards the pole as found by Valentini et al. (2000), particularly
above 60◦N, van Dijk and Dolman (2004) concluded that this is not because respiration
increases, but because GPP decreases faster than respiration does.

A more detailed analysis of the same data set led van Dijk et al. (2005) to conclude that
radiation, temperature and leaf area were the main drivers of the observed variation between
sites in GPP , Re and NEE. They also indicated that these drivers were responsible for
much of the large scale inter annual variability of the fluxes. Supporting evidence comes
from Reichstein et al. (2003a) who concluded that respiration could be adequately simulated
by a model that contained information on temperature, precipitation and leaf area index.

2.4 Variability of fluxes
Climate is a main forcing for the exchange fluxes and consequently the fluxes show con-
siderable variation from year to year. For example, NEE of a 60-to 80-year-old deciduous
forest in the northeastern USA ranged from 1.2 to 2.5 Mg C ha−1 yr−1 during the period
from 1993 to 2000 (Barford et al., 2001). The inter annual variation in NEE is an om-
nipresent phenomenon observed at almost all of the flux sites across the world (Baldocchi
et al., 2001). Understanding the causes of interannual variation may improve our under-
standing and future predictions of global carbon cycling. Observed interannual variation in
NEE at flux sites has been related to several sources (e.g., Hui et al., 2003):
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1. changes in climatic variables per se such as temperature, cloud cover, summer drought,
winter snow depth and the time of snowmelt

2. changes in physiological and ecological processes such as growing season length, nat-
ural or artificial changes in stand structure, the timing of leaf emergence, and coupling
between carbon and nutrient cycling with time delay

3. altered balance between canopy photosynthesis and ecosystem respiration. Empirical
evidence suggests that climatic variability among years is among the factors causing
interannual variation in NEE, the latter being also strongly influenced by climate-
induced changes in ecosystem physiological parameters

As an example we show in Figure 2.5 the average seasonal trends of NEE for evergreen
coniferous and deciduous forests in Europe. The data is based on multi year values of 14
coniferous forest and 9 deciduous forest sites. The standard deviation around the mean
suggests periods during the year when the variability is high, and these periods will drive
the differences in NEE between years. A few issues stand out. The variation in NEE
in conifers is less than deciduous forest. Particular for deciduous forest, there is a shift in
variation from early spring in Northern forests to late summer in Southern European forest.
This suggests that in Southern, Mediterranean forests the summer period with erratic rainfall
is the most variable (vulnerable) in NEE. A similar trend is seen in the coniferous forest,
albeit that the Northern forests do not really show a marked variation around the spring
period. In central Europe, temperate forests the variation at the beginning of the growing
season is larger than during summer and autumn. Overall, Figure 2.5 suggests that care
must be taken in generalizing interannual variation controls in forests. Depending on the
climate and forest type, different responses of NEE to interannual variation in climate are
observed.

The NEE response is confounded by the two large fluxes in and out of the ecosystem,
the gross primary production (GPP ) and respiration (Re). We used the Reichstein et al.
(2005) algorithm to separate the fluxes of the same data as used in Figure 2.5 to plot GPP
andRe in Figure 2.6 and 2.7. It appears thatGPP of coniferous forests is most variable dur-
ing summer of the southern forests. We suggest that drought responses to variable rainfall
are the main cause for this. Surprising is the low variation of GPP in spring for Northern
forests. Deciduous Northern forests show very large variation during the spring leaf bud-
ding period. The variable timing of the start of the growing season with associated large
changes in phenology finds expression in the large GPP variation around spring. Both de-
ciduous and coniferous temperate forests show little variation throughout the year. There is
some additional variability around the late summer, autumns for southern deciduous forest,
that, as for coniferous forest, might be associated with periodic drought conditions. A fur-
ther noteworthy phenomenon is that the maximum average fluxes of deciduous forests are
always larger than those of coniferous forests. This holds in all climate zones and only for
GPP and NEE, suggesting that variation in NEE of European forest is dominated by
variations in GPP .
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Figure 2.5: Average seasonal trends in net ecosystem exchange (NEE) for European forests. Shown
are geographical averages for deciduous and coniferous forests (solid line) and standard deviations
around the average (broken lines). Evergreen coniferous forests: north (26 site years), temperate (35
site years) and southern (19 site years). Deciduous broadleaf forests: north (7 site years), temperate
(18 site years) and southern (18 site years).

The variation in respiration fluxes is generally large and of similar order as the average
flux. The largest variation is seen in summer for the coniferous forests, suggesting temper-
ature related effects in the north and drought effects in the south. Of the deciduous forests
the variation in respiration in the Northern forests is very large, with apparently surprisingly
little variation in the southern deciduous forests. For the latter forest the total respiration
flux is however relatively small compared to the temperate and northern forests. In fact, the
variation in the summer and late autumn is still up to 50% of the mean value and thus in
relative terms quite large. For all southern forests drought responses to respiration would
seem a likely explanation. Differences in seasonal respiration between deciduous and con-
iferous forest might be related to changes in the balance between heterotrophic, soil and
autotrophic respiration, but this remains a speculation in the absence of full carbon balance
observations.
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Figure 2.6: Average seasonal trends in gross primary production (GPP ) for European forests. Sym-
bols and data as in Figure 2.5.

No clear significant difference could be found between GPP of forests, grasslands and
peatlands in Europe, only peatlands have a lower GPP (Schulze et al., 2010). Even though
croplands are growing under more favorable conditions, they have a shorter growing season
than forests and grasslands. The available light and the length of the growing season are the
limiting factors in central and northern Europe. Drought is an additional limitation mainly in
southern Europe. European forests are of comparable age, due to large-scale clear cuttings
during and after World War I and II and the replanting afterwards until the 1970s (Nabuurs
et al., 2003). Forest standing-stocks have nearly tripled during the past 50 years, and are
reaching the time to be harvested. The magnitude of the forest carbon sink can therefore
not be regarded as permanent or secure (Schulze et al., 2010). Grasslands sequester more
carbon in soils than forests.
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Figure 2.7: Average seasonal trends in respiration (Re) for European forests. Symbols and data as in
Figure 2.5.

2.5 Vulnerability of fluxes
Modeling results (Cox et al., 2000; Cramer et al., 2001; Friedlingstein et al., 2001, 2006)
suggest that the sink strength of the biosphere may deteriorate and change from a sink to
a source. This may have potentially dramatic impacts on the CO2 content of the future
atmosphere. This potential for positive feedback is based on the different temperature sens-
itivities of assimilation and respiration. This hypothesis is contested by both short and long
term experiments that show acclimation to higher temperatures. Knorr and Kattge (2005)
present an analysis of the temperature sensitivity. They conclude that the hypothesis of a
positive feedback of increased carbon losses from soils due to rising temperature is fully
consistent with the current experimental evidence.

Eddy covariance data can be helpful in two aspects: showing where typical vulnerabil-
ities of NEE lie, and to check and validate models that are used to predict future vulnerab-
ilities. Table 2.1 shows the sensitivity of the net ecosystem exchange of carbon of European
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ecosystems to changes in fire frequency, drought, length of growing season, temperature,
vapor pressure deficit and snow coverage. This table is based on eddy covariance data of
the Fluxnet network.

The main sensitivity of temperate forest appears to be in the response to the length of the
growing season. An early spring adds quickly a number of extra days of carbon uptake to
the season, amplifying the sink strength of these forests. The interannual variability at this
period of time suggest also that this is important (Figure 2.5). Luyssaert et al. (2007) suggest
however that these extra events hardly ever dominate the interannual variability. On the
negative side increasing drought stress in summer season may decrease the uptake capacity
(Southern forest in Figure 2.6). The Scandinavian boreal forests are very sensitive to small
changes in temperature and fire frequency, whereas Mediterranean forest and woodland are
very sensitive to drought and fire stress. Fires in the boreal regions however, have a larger
effect on the carbon emissions as the boreal forests contain much more biomass than the
Mediterranean woodlands. Wetlands appear to be mostly sensitive to temperature change,
although changes in the hydrological cycle may enhance such sensitivities. In general these
vulnerabilities coincide with the areas where the fluxes show their largest variation.

2.6 Representativity and network design

2.6.1 Representativity
The key issue that stands out is the assessment of the representativeness of the network. How
good is the current Fluxnet network distributed along biomes and does it capture the climatic
(interannual) variability within a biome, and perhaps more importantly, does it capture the
intra biome variability? There is little known about the optimum structure of a (the Fluxnet)
network and it is likely that what defines an optimum depends on the type of questions
asked. The vulnerability study of Ciais et al. (2005) showed the value of a dense network
to pick up synoptic scale disturbances. An assessment of the Ameriflux network suggested
that coverage of the important climate zones and ecosystems was achieved. Globally this
is unlikely to be the case, given the different densities of the network in parts of the world
other than Europe and the US (see Figure 2.1). The current network is not well distributed,
there is severe overlapping in Western Europe and in the US, and there is a dominance of
forest sites that are in the high growth rate part of their life cycle.

Globally most measurement sites are located in the deciduous forest type, and this type
seems to be overrepresented with more than 40% of all sites, compared to a global coverage
of the biome of only 16%. These numbers can also depend considerably on the land use
map used to derive the statistics. When the productivity of the different vegetation types
is taken into account, forests (with most sites) have the highest Net Primary Production
(NPP ). Viewed in this context, the high percentage of forest sites in the Fluxnet is less of
a problem. Also the variation of the fluxes between the forest sites is high. The distribution
furthermore covers quite reasonably the global climate space, as defined by annual rainfall
and temperature. Most of the sites are located in the temperate climate region with latitudes
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P P

Figure 2.8: Distribution of Re, NEE and GPP fluxes (annual average values) with latitude for
European Fluxnet sites (dots, error bars indicate standard deviations of single sites for multiple years.

of 15 to 50 degrees (Central Europe and Northern America). There are almost no sites
located in the more extreme cold, or warm, wet regions.

An important question is whether there is more variability between biomes, or biomes
in different climates than within a single biome. If there is more or similar variation within
a single biome or climate zone, than we may need to deploy more resources in obtaining
insight into this variability than trying to cover the full climate space, as generally is noted
in discussion on the design of the flux network. We may investigate this issue by looking
at the variability of annual estimates of flux sites. One way to calculate the random error
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between sites, i.e the variance within a biome is given by Richardson et al. (2006). Such
analysis performed for all Fluxnet sites should give a fair indication of the random variation
of the measurements. This estimate can then be used in a priori estimates using flux data in
inverse models. Importantly such an analysis could provide guidelines where to put sites in
an effort to reduce uncertainty, and where site could be removed. If the variability between
sites in a given climate band is larger than that between climate band, we need to conclude
that issues like land use history and management play a more important role than climate
and vegetation type per se. The implication for network design follows immediately.

For 63 Fluxnet sites the average annual Net Ecosystem Exchange (NEE) and the annual
evaporation flux were calculated. These were plotted against latitude as a proxy for the
combined effect of the annual average temperature and the annual precipitation (Figure 2.8).
It is evident that there is as much variation between sites in a single latitude band as between
latitude bands. When separating NEE into GPP and Re a comparable picture emerges.
Factors, such as land use history and management and soil type, are thus likely to play a
more important role in determining annual NEE, GPP and Re than climate. Analysis of
two towers in Brazil 30 km apart from each other, suggest that flux sites will never be able
to capture this local variation (Harris et al., 2004).

The interannual variation at a single site is also often much larger or of similar size as
the variation between sites. This suggests that within biome variability is not yet adequately
captured by the network and that techniques should be further developed to capture this.
High spatial resolution satellite observation would be required to correctly interpret the
causes of this variation. It also suggests that long term observations are key to understanding
the variability of the global carbon cycle.

2.6.2 Network design
We can conclude that the coverage of Fluxnet sites seems appropriate in terms of climate
space (precipitation, temperature) and appears generally appropriate in terms of fractional
coverage of land use types, although with an over representation of mid-latitude forest sites.
The current data however also suggest that there is more variability between sites at climate
bands than between adjacent climates. Although various studies attribute key controlling
factors to NEE such as radiation and temperature and moisture (e.g. van Dijk et al., 2005),
these appear to be true only in a general sense. When such data or parameters are used
to derive fluxes at similar sites, differences will occur that are related to small scale differ-
ences in land use history, management and climate. Particularly in Europe, land use history
and small scale climate differences are important. Information on management practice,
previous land use history is essential to interpret carbon fluxes, but hardly measured or ad-
equately described. This may imply that the current setup needs to redesigned in such a
way, that the network still captures the climatic variability, but that is also samples within
supersites, different forms of land management, history, age class of the forests. Rather than
expanding the network into new areas, an intensification of the observation in the vicinity
of a few single sites may be appropriate.



2.7 Conclusions and recommendations 25

2.7 Conclusions and recommendations
In the United States and Europe flux measurements have long started to form an integral
part of the experimental programs that are based around the multiple constraint approach to
close the carbon balance. The key rationale behind these efforts is that, ultimately, fluxes
from the land, both the slow and the fast ones, affect atmospheric concentrations of CO2 at
a regional scale and that the slow and fast fluxes ideally should match. Currently, the results
of eddy covariance measurements are considered reliable when they meet the standards
of Carboeurope or Fluxnet minimum requirements. These requirements that have been
developed in the past decades comprise of necessary corrections on the measurements and
gap filling strategies.

Flux towers yield a consistent picture of the controls on NEE at local scale and have
improved our process understanding tremendously. They do not in isolation contribute to
the Kyoto goals of monitoring, as is often erroneously claimed. On the contrary, as cor-
rectly pointed out by Körner (2003), their strength is in the combined use as a network or
in a multiple constrains approach. The value of the current Fluxnet data for global carbon
cycle modelling is in evaluating process representations (Friend et al., 2007). Eddy cov-
ariance networks have substantially improved our understanding of biosphere-atmosphere
exchange of carbon, water and energy. Additionally, flux towers play a role of importance
in measurement programs, because they provide data for model validation and comparison
(van Dijk et al., 2005) as well as vulnerability analysis (Ciais et al., 2005). Various meth-
ods have been developed for the separation of main flux components as well as for the
calculating nighttime fluxes, although this last topic is still not fully solved. Especially in
mountainous areas and areas with strong advection more effort should be put in interpreting
the nighttime data. Magnitude and variation of fluxes is well described for a large part of
Europe. The existence and quality of the flux network plus the databases reflect the evolve-
ment of the networks and maturity of the field. None the less, improvements can be made on
the representativity of the network design (land use types and geographical spread) as well
as descriptions of land use history of the sites. The main paradox of the current network
is that it will never be feasible to sample adequately the full variation in the climate, land
history and management matrix, but that the design of a minimum size of the network is
also not immediately obvious.

The average seasonal cycle of GPP and Re within Europe shows clear trends. For
instance, largest variation is seen for GPP driving the variation in NEE and the length
of the growing season increases when comparing northern and southern European forests.
When the average annual fluxes are related to latitude the patterns are not obvious. A
reason for this is that these annual fluxes comprise different processes and time scales. As
a consequence it is not straightforward to linearly relate environmental variables to these
annual fluxes, and when relationships are found these cannot provide direct insight in the
underlying processes. To get around these difficulties a model is used in the following
chapters. Instead of the observed fluxes the model parameters will be compared between
sites.
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Chapter 3

Assessing variability in a photosynthesis
model within and between plant
functional types using global Fluxnet
eddy covariance data

Abstract

The vegetation component in climate models has advanced since the late 1960s from
a uniform prescription of surface parameters to plant functional types (PFTs). PFTs are
used in global land-surface models to provide parameter values for every model grid
cell. With a simple photosynthesis model we derive parameters for all site years within
the Fluxnet eddy covariance data set. We compare the model parameters within and
between PFTs and statistically group the sites. Fluxnet data is used to validate the
photosynthesis model parameter variation within a PFT classification.

Our major result is that model parameters appear more variable than assumed in
PFTs. Simulated fluxes are of higher quality when model parameters of individual sites
or site years are used. A simplification with less variation in model parameters results
in poorer simulations. This indicates that a PFT classification introduces uncertainty in
the variation of the photosynthesis and transpiration fluxes. Statistically derived groups
of sites with comparable model parameters do not share common vegetation types or
climates.

A simple PFT classification does not reflect the real photosynthesis and transpiration
variation. Although site year parameters give the best predictions, the parameters are
generally too specific to be used in a global study. The site year parameters can be
further used to explore the possibilities of alternative classification schemes.

Published as: Groenendijk, M., Dolman, A. J., van der Molen, M. K., Leuning, R., Arneth, A., Delpierre,
N., Gash, J. H. C., Lindroth, A., Richardson, A. D., Verbeeck, H., Wohlfahrt, G.: 2011, Assessing variability in a
photosynthesis model within and between plant functional types using global Fluxnet eddy covariance data, Agric.
For. Meteorol. 151, 22-38.
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3.1 Introduction
The specification of the land surface component of climate models has evolved through
four major steps over the past four decades. The first generation in the late 1960s had a
uniform prescription of surface parameters (see reviews by Sellers et al., 1997; Pitman,
2003), while the second generation in the 1980s introduced the concept of plant functional
types (PFTs) to describe the effects of spatially varying vegetation on the surface energy
balance (e.g. Sellers et al., 1986; Dickinson et al., 1986). In the third generation of models
vegetation is simulated dynamically rather than being prescribed (Friend and Cox, 1995;
Sellers et al., 1997; Foley et al., 1998; Woodward et al., 1998; Cox et al., 2000), while the
latest models couple vegetation dynamics to the carbon and nitrogen cycles (Thornton et al.,
2009; Yang et al., 2009; Zaehle and Friend, 2010), and include processes for emissions
of reactive trace gases, vegetation-fire interactions and crop-biogeochemistry interactions
(Arneth et al., 2010).

To run these land-surface models globally, it is necessary to provide parameter values
for every model grid cell, and typically this is done by assigning a unique parameter set
for each PFT. Early PFT classifications were developed for calculating the surface energy
and water balance and were largely based on broad classes of vegetation. Later these PFTs
were applied to deduce the carbon balance of the land surface, even though a number of
carbon cycle processes might not run parallel to the energy and water processes upon which
the original classifications were based. More recently PFT classifications have been derived
following either a deductive or an inductive approach (Woodward and Cramer, 1996). Ex-
amples of PFT classifications derived using the deductive approach are presented by Box
(1996), Bonan et al. (2002) and Sitch et al. (2003). Here the criteria for PFTs are based
on climatic limitations such as temperature, precipitation and length of the growing season.
These PFTs are subjectively classified based on a general understanding of processes. With
the inductive approach (Woodward and Cramer, 1996) PFTs are derived from sets of obser-
vations or experimental results e.g. through statistical clustering with climatic variables and
vegetation traits (Chapin et al., 1996; Wang and Price, 2007).

The assumption that parameters in carbon exchange models can conveniently be alloc-
ated to PFTs appears to contradict observed gradual transitions between different ecosys-
tem types. Kleidon et al. (2007) show that the strict separation of vegetation into less than
eight PFTs may lead to artificial multiple steady-states in a model of the Earth’s climate-
vegetation system depending on the number of PFTs used. Measurements on individual
leaves indicate a gradual transition in vegetation characteristics. Leaf traits are inter-related
e.g., maximum photosynthetic capacity, maintenance respiration, nitrogen concentration,
leaf life span and specific leaf area (ratio of leaf surface area to leaf mass) (Reich et al.,
1997; Bonan et al., 2002; Meinzer, 2003; Wright et al., 2004). Harrison et al. (2010) there-
fore suggest using these continuous traits for the development of a new vegetation classific-
ation.

On the global scale it is a challenging task to provide sufficient data for a complete
PFT classification, because a large number of observations are needed for each PFT (Wang
and Price, 2007). Many studies have used eddy covariance data from Fluxnet (a global
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Table 3.1: Parameters used in the photosynthesis and transpiration model. Values given are the default
or initial* values within the model optimization.

Parameter Description Value

vcm,25 Carboxylation capacity (µmol m−2 s−1) 100*
jm,25 Electron transport rate, (µmol m−2 s−1) 300*
α Quantum yield (mol mol−1) 0.7*
λ Water use efficiency (mol mol−1) 8000*
O O2 concentration (mbar) 210
Tref Reference temperature for photosynthesis (K) 298.15
Kc,25 Kinetic coefficient for CO2 at Tref (µbar) 460
Ko,25 Kinetic coefficient for O2 at Tref (mbar) 330
Ekc Activation energy for CO2 (J mol−1) 59356
Eko Activation energy for O2 (J mol−1) 35948
Ejm Activation energy for jm (J mol−1) 45000
Evcm Activation energy for vcm (J mol−1) 58520

network of sites), showing the variation in carbon and water fluxes between vegetation types
and along climate gradients (e.g., Baldocchi, 2008; Law et al., 2002; Friend et al., 2007;
Luyssaert et al., 2007; Stöckli et al., 2008a; Stoy et al., 2009; Beer et al., 2009; Yuan et al.,
2009; Williams et al., 2009). The eddy covariance data can also be used to derive model
parameters (e.g., Reichstein et al., 2003b; van Dijk and Dolman, 2004; Knorr and Kattge,
2005; Raupach et al., 2005; Owen et al., 2007; Richardson et al., 2007; Wang et al., 2007;
Thum et al., 2008). However, hardly any of these studies have attempted to derive model
parameters for key carbon cycle processes such as photosynthesis for the full set of data.

This study uses a simple vegetation model to derive the parameters for all site years
and vegetation types within the Fluxnet database. We compare the set of model parameters
within and between PFTs and group the sites statistically. We combine the deductive and
inductive PFT classifications to give insight into the variation of model parameters. We
address the following specific questions: 1) what is the variability of parameter values for a
set of conventionally defined PFTs, 2) how well are fluxes simulated using parameter values
for each PFT compared to using site-calibrated values at diurnal, seasonal and annual time
scales, 3) if using mean or median values provides unsatisfactory results, is it sufficient to
refine the classification scheme and, 4) if this is unsatisfactory, does a cluster analysis of
parameters provide a satisfactory solution?
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Table 3.2: Number of Fluxnet sites used in this study within plant functional types as classes of
vegetation and climate.

Arctic Boreal Subtropical Temperate Temperate Tropical Total
Mediterranean Continental

Cropland 2 3 5
Closed shrubland 1 1
Deciduous broadleaf forest 2 6 6 4 18
Evergreen broadleaf forest 2 1 4 7
Evergreen needleleaf forest 17 9 10 4 40
Grassland 1 3 13 17
Mixed Forest 2 2 3 7
Open shrubland 1 1 2
Savanna 1 1 2
Wetland 1 1
Woody Savanna 1 1

Total 1 20 27 36 11 6 101

3.2 Methodology

3.2.1 Model description
The photosynthesis model of Farquhar et al. (1980) is widely used in vegetation models
(e.g., Sellers et al., 1996; Arora, 2002; Sitch et al., 2003; Krinner et al., 2005; Rayner et al.,
2005). Individual applications of this model differ in the influence they ascribe to environ-
mental factors, the scaling from leaf to ecosystem and the way how the model is assigned
to different PFTs. The simple vegetation model used in this study is based on the equa-
tions derived by Cowan (1977) and Farquhar et al. (1980). The model includes responses of
photosynthesis and transpiration to air temperature, photosynthetically active radiation, va-
por pressure deficit and soil water content. The model parameters are assumed to represent
the relationship between nutrients and vegetation characteristics, and the adaptation to local
climatic conditions.

The main parameters in this model are vcm,25, jm,25, α and λ (Table 3.1). vcm,25 is
the rate of carboxylation mediated by the enzyme Rubisco, jm,25 is the maximum poten-
tial electron transport rate and α is the quantum yield. λ defines the ratio between water
loss (transpiration) and CO2 assimilation (photosynthesis) as a function of stomatal con-
ductance (Gs) as proposed in the optimality hypothesis which states that plants optimize
their stomatal conductance to maximize photosynthesis for a given amount of transpiration
(Cowan, 1977):

λ =
δET/δGs

δGPP/δGs
(3.1)

This stomatal conductance model was successfully used to reproduce observed ecosystem
carbon and water fluxes by Arneth et al. (2002, 2006), van der Tol et al. (2007, 2008), Mer-
cado et al. (2009) and Schymanski et al. (2009). Schymanski et al. (2007) compared the use
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of this model with the stomatal conductance model of Leuning (1995) and concluded that
both models performed equally well in reproducing observed transpiration rates. A com-
plete model description with scaling from the leaf to the ecosystem scale and temperature
responses is presented in paragraph 3.6.1.

3.2.2 Observations
The Fluxnet database contains fluxes measured with the eddy covariance technique (Au-
binet et al., 2000) at more than 200 locations worldwide. All data is processed in a har-
monized manner within the Fluxnet project (Baldocchi et al., 2001; Baldocchi, 2008) as
described by Papale et al. (2006), Reichstein et al. (2005), Moffat et al. (2007) and Papale
and Valentini (2003). The data used here were retrieved from the database in April 2008
(www.fluxdata.org, dataset DS2). A complete list of the sites used is given in Appendix B;
Table 3.2 lists the PFTs used. These sites were selected based on data availability. To apply
the model for photosynthesis (GPP ) and transpiration (ET ) fluxes requires the following
variables: Net Ecosystem Exchange (NEE), Latent Heat Flux (LE), vapor pressure deficit
(D), air temperature (Ta), global radiation (Rg), leaf area index (LAI) and soil water con-
tent (θ). Sites with data gaps of more than 50% during the growing season or missing input
variables were excluded from the analysis. The 101 selected sites contain 453 site years of
which 349 years contain sufficient observations (not gap-filled) to simulate the fluxes. For
57 site years there were no LAI data available, mainly because there were no remotely-
sensed observations before 2000, and for 57 (different) site years soil water content data
was unavailable.

LAI is derived from the MODIS database and is used as a proxy for phenology (ORNL
DAAC, 2009). This database contains 8-day composite values ofLAI for each site based on
7 km x 7 km data sets centered around the sites. From these pixels the average is calculated
from observations with no clouds and no presence of snow or ice. The 8-day composites
are linearly interpolated to determine daily values.

The observed carbon flux from eddy covariance represents the net exchange of carbon
between ecosystem and atmosphere. The observed flux (Fc) plus a term representing stor-
age within the vegetation is assumed to be equal to NEE. Nighttime NEE is assumed to
be equal to ecosystem respiration (Re). Within the Fluxnet database the observed NEE is
partitioned into gross primary production (GPP ) and Re. Re is determined from a temper-
ature function of nighttime fluxes by using the methodology of Reichstein et al. (2005). In
our study this GPP or photosynthesis flux is used.

The model requires the knowledge of the transpiration flux to estimate model para-
meters, whereas the observed water vapor flux (LE) is the sum of transpiration and soil
evaporation. However, the latter contributes little to total evaporation when the soil sur-
face is dry, or when LAI >2.5, because then little energy is available for evaporation. It
was thus assumed that total evaporation equals transpiration when the vegetation is dry, and
these periods were selected by excluding data during days with precipitation and three days
thereafter. Using data for several sites showed that estimates of model parameters remained
constant with removal of data after rainfall for three or more days.
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Figure 3.1: Comparison of the observed and simulated average diurnal cycle of photosynthesis (left)
and transpiration (right) in July for three different sites. The fluxes are simulated with parameters
derived for all sites with a similar vegetation type (V, Table 3.3). The average observed fluxes with
standard deviations are presented by the grey area and the average simulated fluxes with standard
deviations by the black lines.

3.2.3 Model parameter estimation
The model is optimized using the simplex search method (Lagarias et al., 1998). A least
squares objective function, or normalized root mean square error is minimized to give the
optimal model parameters. This is a multi-criteria problem with both photosynthesis and
transpiration being parameterized, therefore the objective function consists of two parts.
The normalized root mean square errors (RMSEn) derived from half-hourly observations
of the two fluxes are added, giving equal weight to both processes:

RMSEn =

√
(
∑

(GPPsim −GPPobs)2)/N

GPPobs

+

√
(
∑

(ETsim − ETobs)2)/N

ETobs
(3.2)

where GPPsim is simulated photosynthesis, GPPobs daytime GPP , ETsim simulated
transpiration and ETobs observed transpiration. The model parameters were derived for
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Figure 3.2: Comparison of the observed and simulated average diurnal cycle of photosynthesis (left)
and transpiration (right) in July for three different sites. The fluxes are simulated with parameters
derived for each site year (SY). The average observed fluxes with standard deviations are presented
by the grey area and the average simulated fluxes with standard deviations by the black lines.

all sites within the Fluxnet database or for different groups of site years classified by veget-
ation type and climate.

3.2.4 Grouping sites based on model parameters
The deductive classification is based on an understanding of processes that determine the
functioning of vegetation (Woodward and Cramer, 1996). One example is the classical
grouping of sites into vegetation classes (Table 3.2). Inductive classification groups are
directly derived from sets of observations. This approach can be applied with statistical
clustering. Here we use the model parameters to group the sites. This is a combination of
the two classifications, because derived parameters and not the direct observations are used
to classify the sites.

Two statistical methods are used and compared, hierarchical and k-means clustering.
Hierarchical clustering groups data by creating a cluster tree or dendrogram. The tree is
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a multilevel hierarchy, where clusters at one level are joined to clusters at the next level.
k-means clustering partitions n observations into k clusters. Parameter values within each
cluster are as close to each other as possible, but as far as possible from values in other
clusters. The centre of each cluster is the point to which the sum of distances from all
values in that cluster is minimized. The result is a set of clusters that are as compact and
well-separated as possible (Seber, 1984). The MATLAB software package was used for
both the optimization of the model and the analysis of the results.

3.3 Results

3.3.1 Evaluation of flux simulations
Half-hourly observations of fluxes and environmental variables were used to optimize the
model with annual parameters. Five sets of parameters were derived: for all sites together
(A), for groups of sites with a similar vegetation type (V), for groups of sites with a similar
vegetation type and climate (VC), for individual sites (S) and for individual site years (SY).
The quality of the simulations for these five parameter sets is presented for the diurnal,
seasonal and annual time scales.

The average diurnal cycle in July derived from observations of photosynthesis (GPP )
and transpiration (ET ) is compared with fluxes simulated with vegetation model paramet-
ers (V, Fig. 3.1) and fluxes simulated with model parameters of individual site years (SY,
Fig. 3.2). Examples are presented for a tropical evergreen broadleaf forest in Brazil, a
boreal evergreen needleleaf forest in Finland and a subtropical grassland in the US. The
diurnal variation for these different locations is captured best with simulations that use site
year parameters. When using vegetation parameters the fluxes are over- or underestimated
(BR-Ban and FI-Hyy) or photosynthesis and transpiration start too late in the morning (US-
Goo).

Observed and simulated average seasonal cycles of GPP and ET and their standard
deviations are shown in Fig. 3.3 and 3.4 for evergreen needleleaf forest (ENF) sites growing
in four climatic zones. A comparison is made between fluxes simulated with PFT model
parameters as in Table 3.4 (VC) and fluxes simulated with model parameters of individual
site years (SY). The average seasonal cycle of simulated GPP and ET of boreal ENF
sites is comparable to the observations in both figures. Standard deviations are only correct
when using the site year parameters, fluxes simulated with PFT parameters show too little
variation. For temperate continental and temperate ENF sites fluxes simulated with PFT
parameters are underestimated, while the simulations using site year parameters show a
seasonal variation, which is closer to the observations. In the subtropical and Mediterranean
regions the fluxes are overestimated in both figures, particularly during summer.

Annual simulated fluxes are compared with observations in Fig. 3.5. The coefficients
of determination (r2) for annual GPP and ET range from 0.39 to 0.93. The deviation
between observations and simulations increases when using more general model paramet-
ers, which are derived for larger groups of sites. Simulations using vegetation parameters
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Figure 3.3: Seasonal variation of the average weekly observed and simulated photosynthesis (left)
and transpiration (right) for the evergreen needle leaf forest sites in four different climates. The fluxes
are simulated with parameters derived for all sites with a similar vegetation type and climate (VC,
Table 3.4). The average observed fluxes with standard deviations are presented by the grey area and
the average simulated fluxes with standard deviations by the black lines.

(V) or PFT parameters (VC) instead of one single parameter set (A) show only very minor
improvements. Simulated fluxes are of a higher quality only when model parameters of
individual sites (S) or site years (SY) are used. A simplification with less variation in model
parameter values results evidently in poorer simulations with deviations of both the diurnal
and seasonal cycles resulting in over- or underestimation of annual fluxes.
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Figure 3.4: Seasonal variation of the average weekly observed and simulated photosynthesis (left) and
transpiration (right) for the evergreen needle leaf forest sites in four different climates. The fluxes are
simulated with parameters derived for each site year (SY). The average observed fluxes with standard
deviations are presented by the grey area and the average simulated fluxes with standard deviations by
the black lines.

3.3.2 Model parameter variation within and across vegetation types
Fig. 3.6 shows that the mean parameter values and their standard deviations can differ con-
siderably for each vegetation type depending on how the data are classified. For example,
the mean values of vcm,25 and λ systematically increase for cropland, savanna and ever-
green needleleaf forest vegetation types as the data are segregated according to vegetation
type (V), vegetation and climate (VC), sites (S) or site-years (SY). While it is difficult to
discern systematic trends in other parameters and for other vegetation classes, the differ-
ent classifications do not strongly affect the relative ranking of parameter values, e.g. the



3.3 Results 37

5 10 15 20
0

5

10

15

20

25
All sites (A)
r2 = 0.39
x = 3.4 + 0.4y

5 10 15 20
0

5

10

15

20 Vegetation types (V)
r2 = 0.46
x = 2.9 + 0.48y

5 10 15 20
0

5

10

15

20

G
PP

si
m
(μ

m
ol

 m
−2

 s−1
)

PFTs (VC)
r2 = 0.49
x = 2.5 + 0.53y

5 10 15 20
0

5

10

15

20 Individual sites (S)
r2 = 0.77
x = 0.83 + 0.79y

5 10 15 20
0

5

10

15

20 Individual site years (SY)
r2 = 0.93
x = 0.12 + 0.91y

GPPobs (μmol m−2 s−1)

50 100 150 200
0

50

100

150

200

250
All sites (A)
r2 = 0.53
x = 9.4 + 0.63y

50 100 150 200
0

50

100

150

200Vegetation types (V)
r2 = 0.57
x = 7.3 + 0.66y

50 100 150 200
0

50

100

150

200

ET
si

m
 (W

 m
−2

)PFTs (VC)
r2 = 0.59
x = 6.7 + 0.67y

50 100 150 200
0

50

100

150

200Individual sites (S)
r2 = 0.74
x = 1 + 0.78y

0 50 100 150 200 250
0

50

100

150

200Individual site years (SY)
r2 = 0.91
x = −5.8 + 0.9y

ETobs (W m−2)

Figure 3.5: Comparison of observed and simulated average annual photosynthesis and transpiration
fluxes for all site years. Observed fluxes are GPPobs and ETobs and simulated fluxes are GPPsim

and ETsim. The dotted line is the 1:1 line and the solid line the regression line. Differences between
the panels are the used parameters to simulate the fluxes derived for all sites together (top panels), for
groups of sites with a similar vegetation type, for PFTs, for individual sites or for individual site years
(lower panels).

highest values of vcm,25 are for croplands and the highest λ for savannas. For each veget-
ation type in Fig. 3.6 an average of different parameter sets is presented. The vegetation
parameters (V) are derived for all sites within a group, and therefore do not have a standard
deviation. The PFT parameters (VC) are derived with climates within a vegetation type as
in Table 3.4, the site parameters (S) with all sites as in Table 3.2 and the mean site year para-
meter (SY) with all years as in Table 3.3. The different number of parameters within each
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Figure 3.6: Mean model parameters and standard deviations for seven vegetation types (as in
Table 3.3) derived for groups of sites with a similar vegetation type (V), for PFTs (VC), for indi-
vidual sites (S) or for individual site years (SY).

Table 3.3: Model parameters with 95% confidence intervals derived for groups of site years (n) within
seven vegetation classes. vcm,25 and jm,25 in µmol m−2 s−1, α and λ in mol mol−1.

n vcm,25 jm,25 α λ

Cropland 12 48.6 ± 29.9 136.9 ± 33.2 0.27 ± 0.09 150.60 ± 124.8
Savanna 22 18.0 ± 9.7 68.4 ± 35.5 0.11 ± 0.02 593.34 ± 273.0
Deciduous broadleaf forest 63 30.9 ± 8.1 154.9 ± 29.9 0.16 ± 0.02 128.56 ± 33.2
Evergreen broadleaf forest 22 34.3 ± 4.6 114.1 ± 31.3 0.22 ± 0.05 190.77 ± 41.8
Evergreen needleleaf forest 150 27.7 ± 5.2 121.6 ± 13.6 0.16 ± 0.02 209.63 ± 36.1
Grassland 55 43.3 ± 5.0 238.9 ± 31.0 0.10 ± 0.02 276.46 ± 75.4
Mixed forest 25 36.4 ± 11.0 136.2 ± 51.8 0.25 ± 0.05 149.80 ± 131.0
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Table 3.4: Model parameters derived for groups of site years (n) of the PFTs from Table 3.2. vcm,25

and jm,25 in µmol m−2 s−1, α and λ in mol mol−1. * invalid value of α resulted in incorrect
parameters. ** unable to derive confidence intervals due to small sample size.

n vcm,25 jm,25 α λ

Cropland Subtr. Med. 5 48.0 ± 15.7 109.3 ± 44.9 0.35 ± 0.08 174.7 ± 101.5
Temperate 7 75.5 ± 13.9 307.8 ± 97.2 0.19 ± 0.12 131.3 ± 22.7

Savanna Boreal 4 12.1 ± 2.4 47.0 ± 13.5 0.13 ± 0.01 376.7 ± 94.4
Subtr. Med. 8 23.3 ± 6.6 81.1 ± 78.0 0.16 ± 0.04 247.4 ± 63.8
Temperate 1 12.2** 33.6** 0.20** 530.3**
Temp. Cont. 5 212.6* 493.6* 2.61* 1339.3*
Tropical 4 10.1 ± 5.5 34.9 ± 24.5 0.06 ± 0.02 1839.5 ± 1794.3

Deciduous broadleaf forest Boreal 7 28.9 ± 2.4 93.7 ± 21.1 0.18 ± 0.06 279.7 ± 251.3
Subtr. Med. 21 26.4 ± 4.1 112.6 ± 20.5 0.15 ± 0.03 138.9 ± 34.8
Temperate 24 40.8 ± 4.8 142.6 ± 28.7 0.23 ± 0.05 146.5 ± 171.4
Temp. Cont. 11 61.7 ± 8.6 260.4 ± 37.5 0.28 ± 0.05 181.5 ± 42.8

Evergreen broadleaf forest Subtr. Med. 8 24.6 ± 4.5 95.7 ± 63.0 0.16 ± 0.06 197.2 ± 67.9
Temperate 3 42.3 ± 4.6 136.5 ± 4.6 0.33 ± 0.13 159.0 ± 107.3
Tropical 11 38.3 ± 5.9 118.9 ± 28.7 0.23 ± 0.05 186.8 ± 35.2

Evergreen needleleaf forest Boreal 66 23.7 ± 3.1 113.7 ± 19.8 0.14 ± 0.03 268.9 ± 48.6
Subtr. Med. 33 27.4 ± 3.3 102.5 ± 23.7 0.18 ± 0.03 277.0 ± 121.7
Temperate 44 30.6 ± 4.0 175.5 ± 27.3 0.16 ± 0.03 121.1 ± 104.4
Temp. Cont. 7 30.3 ± 4.0 89.8 ± 13.9 0.26 ± 0.09 162.5 ± 194.4

Grassland Arctic 2 42.3** 129.1** 0.16** 682.4**
Subtr. Med. 11 33.3 ± 9.5 113.3 ± 22.9 0.19 ± 0.05 192.6 ± 40.0
Temperate 42 45.0 ± 4.4 209.7 ± 31.3 0.11 ± 0.02 307.6 ± 60.4

Mixed forest Subtr. Med. 8 37.6 ± 5.9 178.3 ± 126.7 0.22 ± 0.10 153.5 ± 45.2
Temperate 8 40.5 ± 5.1 165.8 ± 20.8 0.26 ± 0.08 109.3 ± 47.2
Temp. Cont. 9 35.7 ± 10.5 103.3 ± 32.0 0.32 ± 0.08 200.1 ± 20.7

group will influence the standard deviations and thus their means and standard deviations
cannot directly be compared.

The standard deviation (σ) of the parameter values from all site years is an indicator
for the variation within a group. With σ the 95% interval confidence intervals in Table 3.3
and 3.4 are estimated. First the standard error is calculated (σM = σ/p1

√
n), which is

used to determine the 95% intervals (p2 ± 1.96σMp2), assuming that the parameters are
normally distributed. p1 is the mean of the site year parameters within a group and p2
the parameter derived for the group. Cropland parameters have high values for vcm,25 and
α and a low λ (more efficient water use) (Table 3.3). This implies that crops are more
efficiently assimilating carbon in comparison to other (natural) vegetation types. In contrast,
the parameters for savanna, which includes a mixture of grassland, trees and shrubs, imply a
low photosynthetic productivity with a high λ. The different forest types show very similar
parameter values. The main difference between deciduous and evergreen broadleaf forests
is seen for λ, which implies a more efficient water use for the deciduous forests. The two
types of evergreen forests show comparable high values for λ. Grassland has an even larger
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Table 3.5: Average parameters with 95% confidence intervals for the site years (n) within seven groups
derived with hierarchical clustering. vcm,25 and jm,25 in µmol m−2 s−1, α and λ in mol mol−1.

n vcm,25 jm,25 α λ

1 175 40.9 ± 1.8 159.4 ± 9.9 0.26 ± 0.02 176.4 ± 10.2
2 48 31.3 ± 4.2 114.1 ± 16.7 0.16 ± 0.02 413.2 ± 24.2
3 15 32.4 ± 6.2 132.1 ± 23.8 0.12 ± 0.02 697.1 ± 67.3
4 11 53.7 ± 15.6 461.1 ± 36.5 0.18 ± 0.06 163.8 ± 37.8
5 11 94.8 ± 10.0 245.9 ± 31.4 0.60 ± 0.09 214.9 ± 49.1
6 7 58.4 ± 14.6 116.1 ± 23.3 0.75 ± 0.09 213.5 ± 87.3
7 6 58.2 ± 12.6 152.6 ± 41.7 0.62 ± 0.14 655.5 ± 73.8

Table 3.6: Average parameters with 95% confidence intervals for the site years (n) within seven groups
derived with k-means clustering. vcm,25 and jm,25 in µmol m−2 s−1, α and λ in mol mol−1.

n vcm,25 jm,25 α λ

1 87 35.5 ± 1.6 144.8 ± 9.6 0.20 ± 0.01 163.9 ± 11.3
2 59 50.8 ± 3.0 161.5 ± 14.0 0.38 ± 0.02 167.0 ± 18.8
3 55 29.2 ± 2.7 103.8 ± 11.2 0.17 ± 0.02 363.7 ± 17.8
4 27 50.5 ± 7.7 368.0 ± 34.7 0.16 ± 0.03 182.7 ± 28.0
5 21 34.0 ± 7.5 132.1 ± 26.3 0.12 ± 0.02 663.6 ± 54.8
6 18 79.5 ± 11.8 188.6 ± 36.5 0.67 ± 0.07 213.0 ± 44.3
7 6 58.2 ± 12.6 152.6 ± 41.7 0.62 ± 0.14 655.5 ± 73.8

value for λ, while also vcm,25 and jm,25 are higher than for the different forests.
The quality of the flux simulations are improved only slightly by adding extra model

parameters through differentiating vegetation classes according to climate (compare V to
VC in Fig. 3.5). This could suggest that variation of model parameters is not related to
climate. In Table 3.4 the parameters for groups of sites with similar vegetation type and
climate (PFTs) are presented to verify this. From this table it is not instantly clear whether a
systematic difference exists between climate sub-groups within a PFT. For instance, vcm,25

is similar for the climates of evergreen needleleaf forest sites, but variable for the climates
of deciduous broadleaf forest sites.

3.3.3 Grouping sites based on model parameters
Variation of model parameters between PFTs is not coherent (Table 3.4). The use of this
classification results in incorrect simulated fluxes (Fig. 3.5). Therefore we will attempt to
define an independent classification purely based on the model parameters. Hierarchical
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Figure 3.7: Model parameters classified by k-means clustering. Each point represents a site year, the
colors represent different groups and the black crosses represent averages for each group.

clustering and k-means clustering are both used to group site years with comparable model
parameter sets. The choice of the number of groups is subjective, but we chose seven, the
same as the number of vegetation types. Different numbers of groups were also tested and
these produced comparable results. From Table 3.5 it can be seen that one large group with
175 site years, and six smaller groups were distinguished when using hierarchical cluster-
ing. For k-means clustering the groups are more evenly distributed (Table 3.6). Because
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Figure 3.8: Distribution of vegetation types and climate regions within groups in Table 3.6 derived
from k-means clustering. Vegetation types are cropland (CRO), savanna (SAV), deciduous broadleaf
forest (DBF), evergreen broadleaf forest (EBF), evergreen needleleaf forest (ENF), grassland (GRA)
and mixed forest (MFO). Climats are arctic (AR), boreal (BO), subtropical-Mediterranean (TM), tem-
perate (TE), temperate-continental (TC) and tropical (TR).

the two clustering methods are very sensitive to outliers only those site years are used that
are within the range as presented in Fig. 3.7. Although the groups derived with the two
clustering methods are not the same, the patterns as in Fig. 3.7 are almost identical (data not
shown), and thus only the results of k-means clustering are discussed further. In Fig. 3.7
the distribution of the different sites and groups within the parameter space is shown. As
expected the groups are clustered around central means. From this figure also the relations
between parameters can be seen. For instance, the ratio between vcm,25 and jm,25 is as-
sumed to be constant in many models. Here both parameters are derived and this results
in a ratio of 3.60±1.51 at 25◦C, which is higher than for instance the ratio of 2.0±0.60 as
derived by Leuning (2002) from 43 data sets. The parameters jm,25 and α are closely linked
in Eq. 3.8, which could result in equifinal simulated fluxes with multiple parameter sets. For
group 4 this might be occurring, with low values for α and high values for jm,25.

Vegetation type and climate region are not driving factors behind the classification. Each
group, derived by k-means clustering, contains almost all vegetation types and climate re-
gions (Fig. 3.8). It is difficult to see clear dominant vegetation types or climate regions
within the different groups. Evergreen broadleaf forests are only found in the first three
groups, which contain all different climate regions. Group 4 and 5 both consist of evergreen
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needleleaf forests and grasslands in boreal and temperate regions. The differences between
these groups are a high jm,25 and a low λ for group 4, and a low jm,25 and a high λ for
group 5.

3.4 Discussion
In global land-surface models parameters are distributed by PFTs (Bonan et al., 2003; Sitch
et al., 2003; Krinner et al., 2005). For instance, bioclimatic limits are chosen defining the
possibilities for establishment and survival of a given PFT at a certain location, or a temper-
ature response of photosynthesis. We suggest with our findings that model parameters are
more variable than are assumed within given PFTs. This finding is supported by statistical
grouping of the sites based on the model parameter values. The derived groups could not
be related to vegetation type or climate region (Fig. 3.8). Site years with comparable model
parameters do not have a common vegetation type or climate.

This raises the question of what the common characteristics are for these statistically
determined groups of sites. These characteristics are essential to provide parameter values
for every grid cell in a global land-surface model. One possible hypothesis poses that the
parameters are a representation of short term strategies to avoid stress and responses to dis-
turbances to for example drought, heat or a lack of nutrients (Bonan et al., 2003). With this
concept differences between the statistical groups may be better understood. The variation
will not be detectable when comparing average environmental variables, because in almost
all cases stress occurs only during specific short periods. A second possible hypothesis
poses that sites cannot be grouped based on the model parameters. PFTs might be changing
too abruptly, while in reality the drivers cause a more gradual change. A classification of
vegetation can be following these more gradual transitions, comparable to the leaf econom-
ics spectrum (Reich et al., 1997; Wright et al., 2004; Harrison et al., 2010). Alternatively,
our simple model formulations may not able to capture the variation of processes involved
in the global ecosystem carbon and water balance. This could potentially also result in a too
large parameter variation within a PFT, that would be an artifact of the modeling approach
rather than a real phenomenon. While we think this explanation is rather improbable, we
cannot completely discard it either with the current analysis.

The finding that model parameters are more variable than are assumed with the PFTs is
supported by the quality of the simulated fluxes, which increases with more specifically
defined model parameters (Fig. 3.5). The acceptance of the quality of flux simulations
using PFT model parameters in global models depends on the purpose of the simulations.
It will be quite different if we want to model a given site to a high degree of precision
and accuracy or whether we want a global model to work with prescribed accuracy with a
minimum number of parameters.

The quality of the flux simulations and the values of the model parameters are influ-
enced by the quality of the data used and by the model structure. Flux measurements con-
tain random and systematic errors. Random errors result from the equipment used and data



44 Variability in a photosynthesis model within and between PFTs

processing procedures, such as inaccurate calibrations, high- and low-frequency flux losses.
Systematic errors occur because of storage-related problems during low turbulence con-
ditions and advection (Raupach et al., 2005; Richardson et al., 2006, 2008; Lasslop et al.,
2008). The model parameters in this study are optimized with eddy covariance flux data and
given meteorological data. Parameter uncertainty derived from these observations has been
determined by Richardson et al. (2007) - around 5 to 15% for the parameters of their model
- and are comparable between years. The mean absolute weighted error was used to estim-
ate maximum likelihood parameters in their study, because the flux error is approximated
by a double-exponential distribution (Richardson and Hollinger, 2005). But according to
Lasslop et al. (2008) the flux error distribution follows a superposition of Gaussian distribu-
tions. They tested different objective functions, and concluded that there were no significant
differences between the least squares optimization with the use of absolute deviations. We
use gross primary production (GPP ) fluxes from the Fluxnet database, which are derived
from observed NEE by a simple model (Reichstein et al., 2005). This could introduce
an additional uncertainty into our results, because we use this flux to derive photosynthesis
parameters.

A critical part of the model structure is the upscaling from leaf to ecosystem model
parameters based on LAI . We use satellite derived values of LAI , which is for most sites a
representation of a larger area than covered by the eddy covariance flux footprint. Especially
when the vegetation representation of the two observations are not in agreement errors will
be introduced. In the subtropical Mediterranean region the fluxes are overestimated, par-
ticularly during summer. This is a result of the use of annual model parameters which are
scaled with LAI , which may not be able to describe structural adaptation of vegetation to
drought. The poor quality of the simulated fluxes for the savanna sites may be attributed
to the fact that this vegetation type consists of a combination of grasslands and trees, with
different vegetation characteristics that cannot be scaled up with one single value for LAI .
This problem has an impact on the variation of model parameters. Further work is needed
to quantify this impact, and to investigate other possibilities for the upscaling from leaf to
ecosystem.

The results of our study can only be compared with other studies when taking into account
the differences between the model formulations. The values of vcm,25 derived by Medlyn
et al. (2002b) from measurements on needles from a forest in France are within the same
range as the values we derived for needleleaf forests. vcm,25 can be compared, because
a similar temperature response is used (Eq. 3.23), although we keep Evcm constant. We
assumed a constant temperature response, but Medlyn et al. (2002b) observed a seasonal
variation. They compared values of vcm,25 and jm,25 and found that values were highest for
crops and comparable for deciduous and evergreen trees. We derived this variation from the
eddy covariance observations. The values derived from the fluxes by Thum et al. (2008) for
three forests in Finland and Sweden and by Verbeeck et al. (2008) for a temperate deciduous
forest are similar to our results. It is interesting to note here that with both a bottom-up and
top-down approach comparable parameter values are derived.

The water use efficiency (λ) is not as frequently used as the parameters from the model
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of Farquhar et al. (1980). From the definition of λ, given in Eq. 3.1, it can be seen that a
higher λ indicates a lower water use efficiency. Arneth et al. (2006) use the terms conservat-
ive and aggressive water use for low and higher values of λ for sites in Siberia and southern
Africa. This is what our results show as well, with highest values of λ for the savanna sites.
These results are interesting, as the lowest values of λ would be expected at the site with
largest water stress. This is consistent with the results of Schymanski et al. (2009), who
derived a low value for λ during the dry season and higher values during the wet season for
a savanna site in Australia.

3.5 Summary and conclusions
With a simple photosynthesis model we derived parameters for all sites available within the
Fluxnet database. The model is capable of simulating the diurnal and seasonal variation of
photosynthesis and transpiration fluxes for a large range of sites with different vegetation
types and climates. For this no additional site information is needed besides the eddy cov-
ariance fluxes, meteorological data and seasonal LAI , the simplified approach allowing us
to apply the model at all sites.

The choice of a parameter classification has a large impact on the quality of the sim-
ulated photosynthesis and transpiration fluxes. When more general parameters are used,
the quality of the fluxes decreases. The diurnal and seasonal cycles and annual average
fluxes are over- or underestimated. The best fluxes are simulated with parameters that are
derived for each individual site year. This indicates that a PFT classification introduces an
uncertainty to the short term variation of photosynthesis and transpiration fluxes.

We conclude that model parameters are more variable than assumed with the PFTs. A
PFT classification does not reflect reality of short term photosynthesis and transpiration flux
variation, supporting that a more dynamic description of trait-based PFTs is a necessary next
step. Site years with comparable model parameters do not have a common vegetation type
or climate. The derived groups could not be related to vegetation type or climate region.
Although site year parameters produce the best results, this generates a different problem.
The parameters are too specific to be used in a global study, but they can be used to explore
the possibilities of an alternative classification scheme. The question as to whether it is
possible to classify sites, or if a more fine scaled methodology with gradual transitions is
needed is still open. Further work is needed before a classification of vegetation within a
global climate model can be produced.



46 Variability in a photosynthesis model within and between PFTs

3.6 Appendices

3.6.1 Model description
Photosynthesis and transpiration

Photosynthesis is simulated with a biochemical model based on the work of Farquhar et al.
(1980). Photosynthesis (GPP ) is the minimum of carboxylation (Wc) and Ribulose-1,5-
bisphosphate (RuBP) regeneration (Wj) minus respiration (Rd).

GPP = (1− Γ∗/ci) min{Wc,Wj} −Rd (3.3)

where Γ∗ is the compensation point for CO2 in absence of dark respiration (bar) and ci the
intercellular partial pressure of CO2 (bar) and Rd = 0.07Vcm. Wc and Wj are determined
with the following equations (Farquhar et al., 1980; von Caemmerer and Farquhar, 1981):

Wc =
Vcmci
ci + k′

(3.4)

Wj =
Jci

4(ci + 2Γ∗)
(3.5)

k′ = Kc(1 +O/Ko) (3.6)

Γ∗ = 0.5
Vom
Vcm

Kc

KoO
(3.7)

J =
αIPARJm

αIPAR + 2.1Jm
(3.8)

where IPAR is the photosynthetic active radiation (µmol photons m−2 s−1), J the electron
yield, Vcm the rate of carboxylation mediated by the enzyme Rubisco (µmol m−2 s−1), Vom
the rate of oxygenation of Rubisco (µmol m−2 s−1), Jm the maximum potential electron
transport rate (µmol m−2 s−1), α the quantum yield (mol mol−1), Kc the kinetic coefficient
for CO2 (bar),Ko the kinetic coefficient for O2 (bar) andO the partial pressure for O2 (bar).
The ratio Vom/Vcm is assumed to be a constant of 0.21.

The reduction of photosynthesis when soil water is limited, is simulated by multiplying
the right hand side of Eq. 3.3 by a factor β, which ranges between 0 and 1 (Matsumoto et al.,
2008):

β =
(θ − θmin)(θmax − θmin + β1)

(θmax − θmin)(θ − θmin + β1)
(3.9)

GPP = β[(1− Γ∗/ci) min{Wc,Wj} −Rd] (3.10)

where θ is the soil water content (%), θmin and θmax are the minimum and maximum volu-
metric soil water content observed at a site and β1 is a parameter used to fit an envelope
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curve around the soil water content observations. With β both photosynthesis and transpir-
ation are reduced during dry periods.

Transpiration (ET ) is a function of stomatal conductance (Gs), which can be calculated
from GPP , Ca and Ci (ppm):

Gs =
GPP

Ca − Ci
(3.11)

ET = 1.6DGs (3.12)

where D is the molar vapor gradient between stomata and the air and 1.6 the ratio of mo-
lecular diffusivity of H2O to CO2.

The internal partial pressure of CO2 (ci) is determined as described by Arneth et al. (2002),
where the models of Cowan (1977) and Farquhar et al. (1980) are combined, by solving the
following quadratic equation:

k2c
2
i + k1ci + k0 = 0 (3.13)

There are two sets of solutions for the k parameters, under enzyme-limited conditions (Wc)
and light-limited conditions (Wj). In the enzyme-limited case the values for the k paramet-
ers are calculated with the following equations:

k2 = λ− 1.6D

k′ + Γ∗
(3.14)

k1 = 1.6D − 2λca +
1.6D(Γ∗ − k′)

k′ + Γ∗
(3.15)

k0 = (λca − 1.6D)ca +
1.6DΓ∗k′

k′ + Γ∗
(3.16)

and in the light-limited case by:

k2 = λ− 1.6D

3Γ∗
(3.17)

k1 = 1.6D − 2λca −
1.6DΓ∗

3Γ∗
(3.18)

k0 = (λca − 1.6D)ca +
1.6D2Γ∗2

3Γ∗
(3.19)

where ca is the partial pressure of ambient CO2 (bar) and λ the ratio betweenET andGPP
as a function of gs (mol mol−1).
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Scaling up from leaf to canopy

In most models scaling up is based on the assumption that the profile of leaf nitrogen content
along the depth of the canopy follows the time-mean profile of radiation (Sellers et al., 1992;
Arora, 2002). The main assumption is that the photosynthetic properties of leaves acclimate
fully to the light conditions within a canopy. The photosynthetic capacity is proportional
to the time-integrated absorbed radiation (Kull and Jarvis, 1995). Photosynthetically active
radiation (PAR) is assumed to be the only variable determining change in the values of
parameters within the canopy. The exponential light interception model holds:

I(x) = I0 × e−kL(x) (3.20)

where I0 is the PAR incident on top of the canopy, L(x) is the leaf area index cumulated
from the top of the canopy down to level x, I(x) is the PAR at level x within the canopy
and k is a function of the leaf inclination angle distribution. Total PAR absorbed by the
canopy (IC) can be obtained by integrating Eq. 3.20 over the depth of the canopy, which
results in:

IC = I0 ×
(1− e−kL)

k
(3.21)

Parameters that determine the photosynthesis rate follow the same exponential function.
This implies that these parameters can be scaled up from the leaf to the canopy in a similar
way (Cox et al., 1998; Wolf et al., 2006):

P = p× (1− e−kL)

k
(3.22)

where P is the canopy scale parameter and p the leaf scale parameter. This function applies
for the canopy scale parameters Vcm, Jm and αe which are derived from the temperature
corrected parameters at the leaf scale (vcm, jm and α). k is set to 0.5 for all sites. λ is not
scaled with LAI as it is parameterized on the ecosystem scale.

Temperature responses

At the leaf scale there are several studies in which the temperature response of vcm and
jm are determined from observations (Bunce, 2000; Medlyn et al., 2002a,b; Kattge and
Knorr, 2007). The parameters are described by an Arrhenius function or modified Arrhenius
function with an optimal temperature. These different models have been validated at the leaf
scale, but at the ecosystem scale there are no observations as the parameters are the sum of
the individual leaves. The temperature response function that will be used in this study is
(Knorr and Kattge, 2005; Thum et al., 2008):

p = p25 × exp
{
Ep(T − Tref )

TrefRT

}
(3.23)

This function applies for the parameters vcm, jm, KC and KO, for which vcm,25, jm,25,
KC,25 and KO,25 are the parameter values at the reference temperature (Tref = 25 ◦C),
Evcm , Ejm , EC and EO the activation energies, T the temperature [K] and R the gas con-
stant.
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3.6.2 Characteristics of the Fluxnet sites used in this chapter

Table 3.7: The site name codes are a composition of country (first two letters) and site name (last three
letters). Vegetation types are closed shrubland (CSH), cropland (CRO), deciduous broadleaf forest
(DBF), evergreen broadleaf forest (EBF), evergreen needleleaf forest (ENF), grassland (GRA), mixed
forest (MFO), open shrubland (OSH), savanna (SAV), wetland (WET) and woody savanna (WSA).
Climates are arctic (AR), boreal (BO), subtropical Mediterranean (SM), temperate (TE), temperate
continental (TC) and tropical (TR). References are given describing the sites, when no reference was
available the site researcher is named.

Site Climate Vegetation Latitude Longitude Reference

AT-Neu TE GRA 47.12 11.32 Wohlfahrt et al. (2008)
AU-Fog TR SAV -12.54 131.31 Jason Beringer
AU-Wac TE EBF -37.43 145.19 Wood et al. (2008)
BE-Jal TE MF 50.56 6.07 Louis François
BE-Vie TE MF 50.31 6.00 Aubinet et al. (2001)
BR-Ban TR EBF -9.82 -50.16 da Rocha et al. (2009)
BR-Sp1 TR WSA -21.62 -47.65 Santos et al. (2004)
CA-Ca1 TE ENF 49.87 -125.33 Humphreys et al. (2006)
CA-Ca2 TE ENF 49.87 -125.29 Humphreys et al. (2006)
CA-Ca3 TE ENF 49.53 -124.90 Humphreys et al. (2006)
CA-Mer TC OSH 45.41 -75.52 Lafleur et al. (2003)
CA-NS3 BO ENF 55.91 -98.38 Goulden et al. (2006)
CA-NS4 BO ENF 55.91 -98.38 Goulden et al. (2006)
CA-NS5 BO ENF 55.86 -98.49 Goulden et al. (2006)
CA-NS6 BO OSH 55.92 -98.96 Goulden et al. (2006)
CA-Oas BO DBF 53.63 -106.20 Black et al. (2000)
CA-Obs BO ENF 53.99 -105.12 Krishnan et al. (2008)
CA-Ojp BO ENF 53.92 -104.69 Howard et al. (2004)
CA-Qcu BO ENF 49.27 -74.04 Giasson et al. (2006)
CA-Qfo BO ENF 49.69 -74.34 Bergeron et al. (2007)
CA-SF1 BO ENF 54.49 -105.82 Mkhabela et al. (2009)
CA-SF2 BO ENF 54.25 -105.88 Mkhabela et al. (2009)
CA-SF3 BO ENF 54.09 -106.01 Mkhabela et al. (2009)
CA-SJ1 BO ENF 53.91 -104.66 Zha et al. (2009)
CA-SJ2 BO ENF 53.95 -104.65 Zha et al. (2009)
CA-SJ3 BO ENF 53.88 -104.65 Zha et al. (2009)
CA-TP4 TC ENF 42.71 -80.36 Arain and Restrepo-Coupe (2005)
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Table 3.7: Continued.

Site Climate Vegetation Latitude Longitude Reference

CH-Oe1 TE GRA 47.29 7.73 Ammann et al. (2007)
CN-Cha TC MF 42.4 128.1 Guan et al. (2006)
CN-Do2 SM GRA 31.58 121.9 Yan et al. (2008)
CN-HaM AR GRA 37.37 101.18 Kato et al. (2006)
DE-Hai TE DBF 51.08 10.45 Knohl et al. (2003)
DE-Kli TE CRO 50.89 13.52 Christian Bernhofer
DE-Tha TE ENF 50.96 13.57 Grünwald and Berhofer (2007)
DE-Wet TE ENF 50.45 11.46 Rebmann et al. (2010)
DK-Lva TE GRA 55.68 12.08 Gilmanov et al. (2007)
DK-Sor TE DBF 55.49 11.65 Pilegaard et al. (2003)
ES-ES1 SM ENF 39.35 -0.32 Sanz et al. (2004)
ES-ES2 SM CRO 39.28 -0.32 Maria Jose Sanz
ES-LMa SM SAV 39.94 -5.77 Maria Jose Sanz
ES-VDA TE GRA 42.15 1.45 Gilmanov et al. (2007)
FI-Hyy BO ENF 61.85 24.29 Suni et al. (2003b)
FI-Sod BO ENF 67.36 26.64 Suni et al. (2003a)
FR-Fon TE DBF 48.48 2.78 Eric Dufrêne
FR-LBr TE ENF 44.72 -0.77 Berbigier et al. (2001)
FR-Lq1 TE GRA 45.64 2.74 Gilmanov et al. (2007)
FR-Lq2 TE GRA 45.64 2.74 Gilmanov et al. (2007)
GF-Guy TR EBF 5.28 -52.93 Bonal et al. (2008)
HU-Mat TE GRA 47.85 19.73 Pintér et al. (2008)
ID-Pag TR EBF 2.35 114.04 Hirano et al. (2007)
IE-Dri TE GRA 51.99 -8.75 Gerard Kiely
IT-Amp SM GRA 41.9 13.61 Gilmanov et al. (2007)
IT-BCi SM CRO 40.52 14.96 Reichstein et al. (2003a)
IT-Col SM DBF 41.85 13.59 Valentini et al. (1996)
IT-Cpz SM EBF 41.71 12.38 Garbulksy et al. (2008)
IT-Lav TE ENF 45.96 11.28 Marcolla et al. (2003)
IT-Lec SM EBF 43.3 11.27 Lorenzo Genesio
IT-LMa TE DBF 45.58 7.15 Fabio Petrella
IT-Mal TE GRA 46.12 11.7 Gilmanov et al. (2007)
IT-MBo TE GRA 46.02 11.05 Gianelle et al. (2009)
IT-Non SM DBF 44.69 11.09 Reichstein et al. (2003a)
IT-Pia SM OSH 42.58 10.08 Reichstein et al. (2005)
IT-Ren TE ENF 46.59 11.43 Montagnani et al. (2009)
IT-Ro1 SM DBF 42.41 11.93 Rey et al. (2002)
IT-SRo SM ENF 43.73 10.28 Chiesi et al. (2005)
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Table 3.7: Continued.

Site Climate Vegetation Latitude Longitude Reference

JP-Tom TC MF 42.74 141.51 Hirata et al. (2007)
NL-Ca1 TE GRA 51.97 4.93 Jacobs et al. (2007)
NL-Ca2 TE CRO 51.95 4.9 Jacobs et al. (2007)
NL-Loo TE ENF 52.17 5.74 Dolman et al. (2002)
SE-Faj TE WET 56.27 13.55 Lund et al. (2007)
SE-Nor TC ENF 60.09 17.48 Lagergren et al. (2008)
SK-Tat TC ENF 49.12 20.16 Dario Papale
UK-EBu TE GRA 55.87 -3.21 Mark Sutton
UK-ESa TE CRO 55.91 -2.86 John Moncrieff
UK-Gri TE ENF 56.61 -3.8 Rebmann et al. (2005)
UK-Ham TE DBF 51.12 -0.86 Mike Broadmeadow
UK-PL3 TE DBF 51.45 -1.27 Richard Harding
US-Bar TC DBF 44.06 -71.29 Jenkins et al. (2007)
US-Blo SM ENF 38.9 -120.63 Misson et al. (2005)
US-Bn1 BO ENF 63.92 -145.38 Liu et al. (2005)
US-Bn2 BO DBF 63.92 -145.38 Liu et al. (2005)
US-CaV TE GRA 39.06 -79.42 Tilden Meyers
US-Dk2 SM MF 35.97 -79.1 Pataki and Oren (2003)
US-Dk3 SM MF 35.98 -79.09 Pataki and Oren (2003)
US-Goo SM GRA 34.25 -89.97 Tilden Meyers
US-KS1 SM ENF 28.46 -80.67 Bert Drake
US-KS2 SM CSH 28.61 -80.67 Powell et al. (2006)
US-Me1 SM ENF 44.58 -121.5 Irvine et al. (2007)
US-Me3 SM ENF 44.32 -121.61 Vickers et al. (2009)
US-Me4 SM ENF 44.5 -121.62 Anthoni et al. (2002)
US-MMS SM DBF 39.32 -86.41 Schmid et al. (2000)
US-MOz SM DBF 38.74 -92.2 Gu et al. (2006)
US-NC2 SM ENF 35.8 -76.67 Noormets et al. (2010)
US-NR1 BO ENF 40.03 -105.55 Monson et al. (2002)
US-Syv TC MF 46.24 -89.35 Desai et al. (2005)
US-WCr TC DBF 45.81 -90.08 Cook et al. (2004)
US-Wi1 TC DBF 46.73 -91.23 Noormets et al. (2007)
US-Wi4 TC ENF 46.74 -91.17 Noormets et al. (2007)
US-Wi8 TC DBF 46.72 -91.25 Noormets et al. (2007)
US-Wrc TC ENF 45.82 -121.95 Falk et al. (2008)
VU-Coc TR EBF -15.44 167.19 Roupsard et al. (2006)
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Chapter 4

Seasonal variation of photosynthetic
model parameters and leaf area index
from global Fluxnet eddy covariance
data

Abstract

Global vegetation models require the photosynthetic parameters, maximum carboxy-
lation capacity (Vcm) and quantum yield (α) to parameterize their plant functional types
(PFTs). The purpose of this work is to determine how much the scaling of the para-
meters from leaf to ecosystem level through a seasonally varying leaf area index (LAI)
explains the parameter variation within and between PFTs.

Using Fluxnet data we simulate a seasonally variable LAIF for a large range of
sites, comparable to the LAIM derived from MODIS. There are discrepancies when
LAIF reach zero levels and LAIM still provides a small positive value. We find that
temperature is the most common constraint for LAIF in 55% of the simulations, while
global radiation and vapour pressure deficit are the key constraints for 18% and 27% of
the simulations respectively, while large differences in this forcing still exist when look-
ing at specific PFTs. Despite these differences, the annual photosynthesis simulations
are comparable when using LAIF or LAIM (r2 = 0.89).

We investigated further the seasonal variation of ecosystem-scale parameters derived
with LAIF . Vcm has the largest seasonal variation. This holds for all vegetation types
and climates. The parameter α is less variable. By including ecosystem-scale parameter
seasonality we can explain a considerable part of the ecosystem-scale parameter vari-
ation between PFTs. The remaining unexplained leaf-scale PFT variation still needs
further work, including elucidating the precise role of leaf and soil level nitrogen.

Published as: Groenendijk, M., Dolman, A. J. et al., 2011. Seasonal variation of photosynthetic model
parameters and leaf area index from global Fluxnet eddy covariance data., J. Geophys. Res. 116, G04027.
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4.1 Introduction
Global land surface schemes represent ecosystem characteristics by model parameters and
state variables (e.g. Sellers et al., 1997; Foley et al., 1998; Bonan et al., 2002; Sitch et al.,
2003; Krinner et al., 2005). A key issue for modelers is how to balance the detail required
for process-oriented simulations against the need for generality and the availability of para-
meters at large spatial and temporal scales. Leaf and canopy processes are well-known, but
the level of understanding at the global scale is still inadequate. The pragmatic solution is
to apply small-scale knowledge at the larger spatial and temporal scales (Jarvis, 1995).

The process of photosynthesis is central to any land surface scheme that aims to model
the global carbon balance. For example, the photosynthesis model of Farquhar et al. (1980)
is used in many global models (e.g. Sellers et al., 1997; Knorr, 2000; Arora, 2002; Sitch
et al., 2003; Krinner et al., 2005). Yet, although this model was developed for individual
leaves at a temporal scale of several hours, it is applied at larger spatial scales by using leaf
area index (LAI) to upscale the leaf-scale maximum carboxylation capacity (vcm,25) and
quantum yield (α), or the leaf-scale photosynthesis flux. Upscaling assumes a particular ra-
diation distribution within a canopy, in big-leaf (Sellers et al., 1992), multilayer (Baldocchi
and Harley, 1995), sun/shade (de Pury and Farquhar, 1997), and three-dimensional models
(Dauzat et al., 2001). This is combined with assumptions about the distribution of leaf ni-
trogen and photosynthetically active radiation (PAR) over the canopy profile (Reich et al.,
1997).

Photosynthetic parameters are normally estimated at the leaf-scale, but can be determ-
ined at the ecosystem-scale through the inverse application of ecosystem models using eddy-
covariance (EC) flux observations. At the leaf-scale there is evidence that parameters are
seasonally variable and change with leaf age, temperature, water availability and nitrogen
content (e.g. Wilson et al., 2001; Medlyn et al., 2002b; Xu and Baldocchi, 2003; Mäkelä
et al., 2004; Misson et al., 2006; Kolari et al., 2007; Misson et al., 2010). At the ecosystem-
scale, seasonal variability of Vcm and αe (Table 4.1) derived from EC observations has been
observed for a range of sites (Reichstein et al., 2003b; Wang et al., 2003; Owen et al., 2007;
Wang et al., 2007; Mo et al., 2008; Thum et al., 2008), but between-site differences could
be related to the mean summer LAI (Lindroth et al., 2008).

Photosynthetic parameters in global models are usually defined by plant functional types
(PFTs) (Box, 1996; Bonan et al., 2002; Sitch et al., 2003; Krinner et al., 2005). The variation
of leaf-scale vcm,25 between and within PFTs is derived by Kattge et al. (2009) and related to
leaf nitrogen content in natural vegetation. This relationship varies by vegetation type, but
the relationship with nitrogen-use efficiency is independent of vegetation type. Williams
et al. (2009) state that the Fluxnet data could be used to challenge and enrich the PFT
approach at the ecosystem scale. A comparison of annual photosynthetic model parameters
derived from 101 sites in the global Fluxnet data indicated that the ecosystem parameters
are more variable than assumed within the PFTs and that a PFT-based classification does not
reflect the reality of short-term photosynthesis and transpiration flux variation (Groenendijk
et al., 2011b). Furthermore, Alton (2011) reported that model parameters overlap between
PFTs, and that modeled carbon fluxes are especially sensitive to the classification of model
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Table 4.1: List of most important parameters derived for all sites in paragraph 4.6. Parameters are
derived with Fluxnet or MODIS data and kept constant over time or are seasonally variable.

Parameter Scale Data Definition

Vcm,F Ecosystem, seasonal Fluxnet Ecosystem carboxylation capacity (µmol m−2 s−1)
vcm,25F Leaf, constant Fluxnet Leaf carboxylation capacity (µmol m−2 s−1)
Vcm,M Ecosystem, seasonal MODIS Ecosystem carboxylation capacity (µmol m−2 s−1)
vcm,25M Leaf, constant MODIS Leaf carboxylation capacity (µmol m−2 s−1)
Vcm,B Ecosystem, seasonal Fluxnet Bulk carboxylation capacity (µmol m−2 s−1)
αe,F Ecosystem, seasonal Fluxnet Ecosystem quantum yield (mol mol−1)
αF Leaf, constant Fluxnet Leaf quantum yield (mol mol−1)
αe,M Ecosystem, seasonal MODIS Ecosystem quantum yield (mol mol−1)
αM Leaf, constant MODIS Leaf quantum yield (mol mol−1)
αe,B Ecosystem, seasonal Fluxnet Bulk quantum yield (mol mol−1)

parameters. These three examples raise issues regarding the classification and distribution
of model parameters. This study aims to answer the question: what is the influence of
seasonal variability on the ecosystem parameter variation within a PFT? Our hypothesis
is that meteorological data can be used to constrain seasonal ecosystem-scale parameter
variation.

The overall objective of this study is thus to improve the understanding of the temporal
and spatial variation of the photosynthetic model parameters, with an emphasis on their
relationship with LAI and meteorological variables. The study aims to expand upon previ-
ous work (Groenendijk et al., 2011b) by further refining photosynthetic parameters derived
from tower flux observations. Specific objectives are: (1) determine if LAI scaling of the
parameters results in a better understanding of the parameter variation within and between
PFTs; (2) quantify sensitivity of photosynthetic parameters to LAI variations; (3) determ-
ine if the Fluxnet EC and meteorological data be used to derive a seasonal LAI; and (4) if
this is comparable to LAI derived from MODIS, which can be used over larger areas.

4.2 Methods

4.2.1 Overview
We use a big-leaf model, that can be applied at all Fluxnet sites without additional site-
specific information on canopy architecture. Ecosystem-scale parameters (Vcm and αe) are
derived from an integrated light exponential profile, leaf-scale parameters (vcm,25 and α)
and LAI (Field, 1983; Sellers et al., 1992). Parameter definitions are presented in Table 4.1.
The leaf-scale model parameters vcm,25 and α are assumed constant in time and scaled
with LAI to obtain seasonally variable ecosystem-scale parameters Vcm and αe. This as-
sumption separates spatial and temporal parameter contributions to the overall variation. To
account for seasonal changes in LAI and meteorology, a phenological sub-model (Jolly
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Vcm,b and e,bTa, Rg, D

Phenological LAI sub-model

8-day values

Phenological LAI sub-model

LAIFTa, Rg, D

Photosynthesis and transpiration model

Ta, ca, Rg, D, 

Step 3: leaf and ecosystem parameters 

vcm,25F/M and F/M

smoothed 
values

LAIF/M

Vcm,F/M and e,F/M

Photosynthesis and transpiration model

Ta, ca, Rg, D, 

Step 4: flux simulations 

vcm,25F/M and LAIF/M

GPPsim,, ETsim

GPPeddy,, ETeddy GPPeddy, , ETeddy

Tmin/max, Rmin/max, Dmin/max

Figure 4.1: Data flow diagram used to derive leaf-scale (vcm,25F/M and αF/M ) and ecosystem-scale
parameters (Vcm,F/M and αe,F/M ) from observed meteorological data (Ta, Ca, Rg , D, θ) and flux
data (GPPeddy , ETeddy). In step 2 and 3 either LAIF (Fluxnet) or LAIM (MODIS) is used.

et al., 2005; Stöckli et al., 2008b) will be used as an alternative to MODIS retrievals of
LAI (ORNL DAAC, 2009). This modeling strategy is chosen to produce insights in the
climatic constraints on LAI and the influence of LAI on the variation of ecosystem scale
physiological parameters. In addition, it allows examination of the potential for simulating
LAI using only meteorological tower observations that are measured at the same spatial
scale as the eddy covariance fluxes. The range of parameters (Table 4.1) provides flexibility
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identifying relationships at different scales.
We take a four step approach to using global Fluxnet and MODIS observations to

quantify the influence of seasonal variation of photosynthetic model parameters on the para-
meter variation between sites and PFTs. SeasonalLAI is derived from Fluxnet observations
(Section 4.2.2) with the models described in Section 4.2.3 and 4.2.4. In this second step,
seasonally variable bulk parameters Vcm,B and αe,B are used from the first step, where LAI
scaling is implicitly included. This allowes us to derive a seasonal signal from the paramet-
ers. Thirdly, LAI derived from both the Fluxnet data (LAIF ) and MODIS data (LAIM ) is
used to obtain two sets of leaf-scale photosynthetic parameters (vcm,25F , αF and vcm,25M ,
αM ). Finally, in the fourth step, the leaf-scale parameters and LAIF or LAIM are used to
simulate the photosynthesis and transpiration fluxes.

4.2.2 Observations
The Fluxnet database contains ecosystem fluxes of carbon, water and energy measured with
the eddy-covariance technique (Aubinet et al., 2000). All data are processed in a harmonized
manner following Baldocchi et al. (2001), Papale and Valentini (2003), Reichstein et al.
(2005), Papale et al. (2006), Moffat et al. (2007) and Baldocchi (2008). The following
variables are required to apply the photosynthesis and transpiration model and derive the
photosynthetic parameters (Figure 4.1): net ecosystem exchange (NEE), latent heat flux
(LE), air temperature (Ta), global radiation (Rg), vapour pressure deficit (D), soil water
content (θ) and maximum leaf area index (LAImax). θ is observed in the top soil at an
average depth of 5-15 cm. These point observations are not representative for the full tower
footprint, but the temporal dynamics of wetting and drying are. We have excluded sites with
data gaps of more than 50% during the growing season, missing input variables, or having
less than two years of data. Based on these criteria the sites in paragraph 4.6 were selected
from the Fluxnet database (www.fluxdata.org) of April 2008.

Within the Fluxnet database, the observed NEE is partitioned into gross primary pro-
duction (GPPeddy) and ecosystem respiration (Re). Re is determined from the temperat-
ure dependence of nighttime ecosystem fluxes using the methodology of Reichstein et al.
(2005) and subtracted from NEE to estimate GPPeddy . GPPeddy is compared with sim-
ulated photosynthesis (GPPsim, see next section), but because GPPeddy is derived from
observed NEE and simulated Re there are uncertainties associated with this method that
may affect model results (Lasslop et al., 2008; Vickers et al., 2009; Lasslop et al., 2010a).
Simulated latent heat fluxes are compared with observations to estimate model parameters,
but the observed flux is the sum of transpiration and soil evaporation. We assume that during
periods with no precipitation total evaporation equals transpiration (ETobs), which includes
both the over- and understorey. These periods were selected by excluding data for days with
precipitation and three days thereafter. All models (see Figure 4.1) are optimized with non
gap-filled observed data only.

LAIM is derived from the MODIS database (ORNL DAAC, 2009) for a 7 x 7 km area
centered on each site. The database contains 8-day composite values of LAIM with no
clouds and no presence of snow and ice (1 x 1 km resolution). The average of observations
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over the 7 x 7 km areas is calculated, and the 8-day composites are linearly interpolated and
smoothed with a moving average of 24 days to determine half-hourly values.

4.2.3 Photosynthesis and transpiration model
The model used in this study is based on the equations of Cowan (1977), Farquhar et al.
(1980) and Arneth et al. (2002) and is fully described in the Appendix of Groenendijk et al.
(2011b). Photosynthesis (GPPsim) is given as the minimum of carboxylation (Wc) and
Ribulose-1,5-bisphosphate (RuBP) regeneration (Wj) minus dark-respiration (Rd).

GPPsim = β[(1− Γ∗/Ci) min{Wc,Wj} −Rd] (4.1)

where β is a factor to reduce photosynthesis during dry periods, Γ∗ is the compensation
point for CO2 in the absence of dark respiration (ppm) and Ci the mole fraction of CO2

(ppm) and Rd = 0.07Vcm. Wc is a function of the parameter Vcm, and Wj is a function of
the parameters Jm and α:

Wc =
VcmCi

Ci + k′
(4.2)

Wj =
JCi

4(Ci + 2Γ∗)
(4.3)

k′ = Kc(1 +O/Ko) (4.4)

Γ∗ = 0.5
Vom
Vcm

Kc

KoO
(4.5)

J =
αIPARJm

αIPAR + 2.1Jm
(4.6)

where IPAR is the absorbed photosynthetically active radiation (µmol photons m−2 s−1),
J the electron yield, Vcm the rate of carboxylation mediated by the enzyme Rubisco
(µmol m−2 s−1), Vom the rate of oxygenation of Rubisco (µmol m−2 s−1), Jm the max-
imum potential electron transport rate (µmol m−2 s−1), α the quantum yield (mol mol−1),
Kc the kinetic coefficient for CO2 (bar), Ko the kinetic coefficient for O2 (bar) and O the
partial pressure for O2 (bar). The ratio Vom/Vcm is assumed to be a constant value of 0.21.
The quantum yield is as an adjustable parameter and contains a constant intrinsic quantum
yield and a PAR absorption parameter, which is variable as a result of the optical charac-
teristics of leaves, branches, and canopies. This model is developed for C3 vegetation, and
therefore can introduce uncertainty to model parameters and fluxes derived for sites where
a part of the vegetation is C4. The number of sites containing C4 vegetation is very small.

Assuming an infinite boundary layer conductance, transpiration (ETsim) is a function
of stomatal conductance (Gs), which can be calculated from GPPsim, Ca and Ci:

Gs =
GPPsim

Ca − Ci
(4.7)

ETsim = 1.6DGs (4.8)
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where D is the molar vapour gradient between leaf intercellular space and ambient air, and
1.6 the ratio of molecular diffusivity of H2O to CO2. The internal pressure of CO2 (Ci) is
determined as described by Arneth et al. (2002), who linked the models of Cowan (1977)
and Farquhar et al. (1980) using the parameter λ (the ratio between ET and GPP as a
function of Gs (mol mol−1)).

Ecosystem gross primary production (GPPsim) and transpiration (ETsim) are calcu-
lated from half-hourly meteorological data, leaf area index (LAI) and model parameters
describing the ecosystem characteristics. The main leaf-scale parameters in this model are:
vcm,25 (µmol m−2 s−1), the rate of carboxylation mediated by the enzyme Rubisco at 25 ◦C
and α (mol mol−1), the quantum yield. The parameter vcm,25 is converted to vcm with a
short-term temperature response (Knorr and Kattge, 2005; Thum et al., 2008). jm,25 is re-
lated to vcm,25 by a constant ratio (Wullschleger, 1993; Leuning, 2002). In Groenendijk
et al. (2011b) we derived jm,25 = 3vcm,25 for the Fluxnet sites. Thus, we introduce an
additional constraint to the present model.

The photosynthesis model of Farquhar et al. (1980) was originally developed for the leaf
scale. To use this model at the ecosystem scale, the parameters or fluxes need to be upscaled.
The assumption generally used is that the profile of leaf-nitrogen content per unit of leaf area
through the depth of the canopy follows the time-mean profile of radiation intensity (Sellers
et al., 1992; Reich et al., 1997; Arora, 2002). Because the leaf photosynthetic properties are
proportional to nitrogen content, they also acclimate to the radiation profile, which we used
to derive the ecosystem-scale properties by multiplication with the integrated exponential
function of LAI (Kull and Jarvis, 1995; Cox et al., 1998; Wolf et al., 2006). The leaf
parameters vcm and α are converted to ecosystem parameters Vcm and αe by upscaling with
LAI:

P = p× 1− e−kLAI

k
(4.9)

where P is the ecosystem-scale parameter and p the leaf-scale parameter. k represents
the extinction coefficient and is set to 0.5 for all sites, although this can vary with canopy
structure, including the effects of foliage clumping (Law and Waring, 1994).

4.2.4 Phenological LAI sub-model
The sub-model simulates LAIF with observed eddy covariance and meteorological data.
We assume the measured fluxes represent conditions within the MODIS area of 7 x 7 km.
The magnitude and significance of differences in the flux source region and MODIS data
are addressed by comparing ecosystem parameters (Vcm and αe) and fluxes (GPP and
ET ) obtained using the phenological sub-model and Fluxnet data with those obtained using
MODIS data. The seasonal dynamics of LAIF is simulated as a function of the growing
season index (GSI) and a maximum value (LAImax) (Jolly et al., 2005; Stöckli et al.,
2008b):

LAIF = LAImax ×GSI (4.10)

where LAImax is given for each site in the Fluxnet database (paragraph 4.6). GSI is related
to seasonal climatic controls of the phenological processes: the minimum air temperature
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(Ta), global radiation (Rg), and vapour pressure deficit (D). The meteorological parameters
Tmin, Tmax, Rmin, Rmax, Dmin and Dmax define how GSI varies between 0 and 1.

GSI = f(Ta)× f(Rg)× f(D) (4.11)

f(Ta) =
Ta − Tmin

Tmax − Tmin
(4.12)

f(Rg) =
Rg −Rmin

Rmax −Rmin
(4.13)

f(D) = 1− D −Dmin

Dmax −Dmin
(4.14)

4.2.5 Model parameter estimation
The photosynthesis and transpiration model and the phenologicalLAI sub-model were used
to derive parameters and simulate fluxes for all sites in four steps. The differences between
parameters are explained here, in Table 4.1 and in a data flow diagram (Figure 4.1). The
different steps were required because it was not possible to optimize both models together
to derive leaf-scale photosynthetic parameters and seasonally variable LAI . When this was
tried, no unique parameter values were determined. This is due to equifinality, i.e. the prob-
lem that different sets of parameters may fit the data equally well, making it impossible to
distinguish the correct values (Medlyn et al., 2005). By using LAImax the maximum values
of Vcm and αe are constrained, but when the seasonal variation simulated with the phen-
ological sub-model is also included there would be too many parameters to be determined
simultaneously. This reduces the equifinality problem, but it still remains in the relation
between LAI and the leaf-scale parameters. Comparable fluxes can be obtained by using
a different LAI from Fluxnet or MODIS, which is caused by slightly different optimized
leaf-scale parameters.

To evaluate model performance with independent data the models were optimized (all
steps in Figure 4.1) using all the data from all the years except one. This omitted year was
then used in a validation to compare simulated fluxes with observed fluxes, using the model
parameters from the other calibration years. This procedure was repeated for each site,
resulting in a number of parameters equal to the number of data years available for each
site.

Observed daytime photosynthesis (GPPeddy) and transpiration (ETeddy), the meteoro-
logical variables Ta, Rg , D and θ are used to derive time-series of 8-day bulk model para-
meters Vcm,B and αe,B . The photosynthesis and transpiration model is optimized for 8-day
periods (Step 1 in Figure 4.1). This time-step length is chosen to allow a direct comparison
with simulations using MODIS LAIM . A simplex search algorithm (Lagarias et al., 1998)
is used to find the minimum of the summed normalized root mean square error (RMSEn)
of half-hourly photosynthesis and transpiration within an 8-day period (N ). Equal weight
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is given to both processes:

RMSEn =

√
(
∑

(GPPsim −GPPeddy)2)/N

GPPeddy

+

√
(
∑

(ETsim − ETeddy)2)/N

ETeddy
(4.15)

With the 8-day bulk parameters Vcm,B and αe,B the phenological sub-model is para-
meterized with average 8-day meteorological variables in Step 2. The bulk parameters are
normalized between 0 and 1, and simultaneously used to derive the phenological model
parameters (Tmin, Tmax, Rmin, Rmax, Dmin and Dmax). The seasonality of the normal-
ized bulk parameters is assumed to be equal to GSI . The minimum RMSEn is searched
for:

RMSEn =

√
(
∑

(GSIsim −GSIpars)2)/N

GSIpars
(4.16)

where GSIsim is simulated growing season index (Eq. 4.11) and GSIpars normalized bulk
parameters. To obtain smooth time series, LAIF is simulated with the phenological para-
meters, and meteorological variables smoothed with a moving average of 21 days. This
procedure is similar to the use of a moving average in the original phenology model (Jolly
et al., 2005).

In Step 3 observed daytime photosynthesis (GPPeddy) and transpiration (ETeddy) fluxes,
meteorological variables and LAI are used to derive the leaf-scale parameters (vcm,25 and
α). As in Step 1, a simplex search algorithm is used to minimize the difference between the
observed and simulated photosynthesis and transpiration. For this step, we use all years of
data from each site. Two sets of parameters are derived, using either LAIM (MODIS) or
LAIF (Fluxnet). For nine sites the derived site-specific parameters were outside the spe-
cified realistic range of 0 to 500 for vcm,25 and 0 to 1 for α. These sites were excluded and
all analyses were performed with the remaining 81 Fluxnet sites.

Finally, half-hourly GPPsim and ETsim fluxes are simulated in Step 4 with the pre-
viously estimated parameters and LAI . Two sets of fluxes are simulated, using MODIS
LAIM , or Fluxnet LAIF derived from tower meteorological and flux data.

4.3 Results

4.3.1 Phenological LAI sub-model
Examples of the seasonal control of the meteorological variables on the growing season in-
dex (GSIpars) for six sites are presented in Figure 4.2. The sites are selected to represent
a large range of vegetation types and climate. The average seasonality of all simulations
is shown for each site. CA-Obs and ES-ES1 are evergreen needleleaf forest sites (ENF)
with a boreal and Mediterranean climate, respectively; US-WCr and IT-Col are decidu-
ous broadleaf forest sites (DBF) with a temperate-continental and Mediterranean climate;
CH-Oe1 and US-Goo are grassland sites (GRA) with a temperate and sub-tropical climate.
There are general patterns visible at almost all sites in the figure. The start and end of the
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Figure 4.2: Examples of the seasonal variation of the limiting factors determining the growing season
index (GSIpars) for six sites derived from the bulk parameters. The limiting factors f(L) (dimension-
less) are air temperature (Ta), global radiation (Rg) and vapour pressure deficit (D). For each site the
average seasonality of all simulations is shown.

growing season is controlled by air temperature (Ta), with the shortest growing season at the
coldest site (CA-Obs). The end of the growing season is initiated by a decreasing amount
of global radiation (Rg). In the middle of the growing season GSIpars is constrained by
vapour pressure deficit (D). For the Mediterranean ENF site ES-ES1 there is no clear sea-
sonality, and GSIpars is only constrained by D.

LAIF is derived from the curves in Figure 4.2 by multiplication with LAImax (Eq. 4.10
and 4.11). LAIF is compared with LAIM in Figure 4.3. LAIF in this figure is presented
as an average seasonality of all simulations for a site. For the ES-ES1 site there is no large
seasonal variation in LAIM , although the variation is opposite to LAIF . The five other sites
show a seasonal LAIF that is comparable to LAIM during the growing season, but LAIF is
zero during winter, and LAIM is not. This is a result of the use of flux data to parameterize
the phenological model. When there is no photosynthesis the bulk parameters are zero,
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Figure 4.3: Examples of the average seasonal variation of LAIF (black lines) and LAIM (grey) for
six sites. Inter-annual variation of all simulations for a site is presented with the dashed lines for
LAIF and with the grey areas for LAIM .

even though there is still vegetation present, as is observed with LAIM . For the IT-Col site
the seasonal LAI observed in the field follows LAIF and not LAIM (Montagnani, pers.
comm.). The fact thatLAIM is not zero during winter is an artifact of the MODIS algorithm
and of the possibly heterogeneous footprint. At most sites LAIM is a good estimate at the
ecosystem scale.

The key meteorological constraint on GSIpars for each site is determined from the time
series of f(L) as presented in Figure 4.2. For CA-Obs, Ta represents the key constraint for
67% of the time, Rg for 11% and D for 22%. Thus, Ta is the key meteorological constraint
at this site. At US-WCr, IT-Col, and CH-Oe1 Ta is also the key constraint with 58%, 54%
and 50% respectively. At ES-ES1 and US-Goo sites, D is the primary constraint with 99%
and 62%, respectively. All simulations (equal to the number of site years) are classified
based on these three key meteorological constraints, as summarized in Table 4.2. The most
common constraint is Ta for 55% of the simulations, whileRg andD are the key constraints
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Table 4.2: Distribution of key meteorological constraints of LAIF over climate classes. For each key
meteorological constraint (air temperature (Ta), global radiation (Rg) or vapour pressure deficit (D))
the number of simulations (with percentages between brackets) is presented. nF is the number of
simulations for each class.

Climate nF Ta Rg D

Arctic 3 3 (100) - -
Boreal 83 80 (96.4) 3 (3.6) -
Temperate continental 101 45 (44.6) 10 (9.9) 46 (45.5)
Temperate 153 54 (35.3) 47 (30.7) 52 (34.0)
Subtropical and Mediterranean 31 27 (87.1) 4 (12.9) -
Tropical 14 2 (14.3) 4 (28.6) 8 (57.1)

All sites 385 211 (54.8) 68 (17.7) 106 (27.5)

for 18% and 27% of the simulations respectively.

4.3.2 Seasonal model parameter variation
Phase and amplitude of the scaled parameters critically depend on the LAI values used in
the inversion. Figure 4.4 thus compares the average difference between LAIM and LAIF
for the different vegetation types. For GRA, DBF and ENF sites, LAIF tends to be smaller
than LAIM between late fall and late winter, during spring LAIF is larger. For SAV sites
LAIF is smaller than LAIM and has an irregular pattern. For EBF sites LAIF is larger
than LAIM for most of the year outside of summer.

Seasonal variation of model parameters is presented for the ecosystem parameters de-
rived with LAIF (Figure 4.5). For five vegetation types the average seasonal parameter
variation is determined by grouping sites with a similar climate (cold, temperate or warm).
The ecosystem parameters derived with LAIM are not shown, because the patterns are
comparable to those derived with LAIF , despite the differences between LAIM and LAIF
(Figure 4.4). Comparison of the panels in Figure 4.5 shows that the largest variation is ob-
served for Vcm,F , for all vegetation types and climates. The parameter αe,P is less variable
throughout the year, and is even nearly constant for the warm sites. This could be a result of
the scaling functions used. Vcm,F is a function of LAIF and Ta, while αe,F is only a func-
tion of LAIF . A general trend is that the maximum value of Vcm,F is largest for the warm
sites for all vegetation types. When meteorological key constraints (as in Table 4.3) are
used instead of climate, the differences between the lines is much smaller (not shown). This
indicates that although the constraints are able to predict the seasonality of a single site, the
difference between sites is more complex and strongly influenced by both vegetation type
and climate.

The bulk parameters (Vcm,B and αe,B) derived for the estimation of GSIpars can be
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Table 4.3: Average and standard deviations of the leaf-scale model parameters vcm,25F

(µmol m−2 s−1) and αF (mol mol−1), maximum LAI (m2 m−2), air temperature (Ta, oC), global
radiation (Rg , W m−2) and precipitation (Prec, mm yr−1) derived with Fluxnet data for number of
simulations (nF ) with a similar vegetation type and climate.

Vegetation Climate nF vcm,25F αF LAImax,F Ta Rg Prec

Cropland Temperate 6 105.2 (25.9) 0.36 (0.13) 7.1 (2.8) 9.5 (6.2) 123 (77) 531 (170)
Warm 6 66.6 (11.0) 0.33 (0.06) 4.4 (1.6) 17.4 (5.8) 186 (82) 929 (403)

Savanna Cold 5 13.1 (1.8) 0.13 (0.02) 2.8 (0.5) -0.6 (14.9) 131 (85) 208 (0)
Warm 14 44.6 (8.1) 0.29 (0.15) 3.0 (1.1) 21.4 (5.9) 200 (67) 1374 ( 449)

Deciduous Cold 7 95.9 (12.9) 0.68 (0.11) 2.1 (0.1) 1.8 (11.9) 132 (83) 409 (61)
broadleaf forest Temperate 35 62.0 (20.7) 0.50 (0.19) 5.0 (0.9) 9.3 (8.3) 128 (81) 773 (151)

Warm 25 66.0 (24.8) 0.46 (0.11) 5.1 (1.6) 12.3 (8.2) 165 (81) 821 (127)

Evergreen Temperate 3 86.0 (33.8) 0.56 (0.32) 5.5 (0.0) 13.1 (4.6) 158 (64) 526 (0)
broadleaf forest Warm 23 39.7 (11.7) 0.29 (0.10) 4.5 (1.1) 20.9 (6.7) 183 (67) 1380 (852)

Evergreen Cold 71 40.6 (21.8) 0.32 (0.14) 3.7 (2.1) 1.5 (12.0) 126 (83) 443 (192)
needleleaf forest Temperate 86 43.8 (10.3) 0.32 (0.12) 5.3 (2.3) 8.7 (7.0) 131 (83) 879 (294)

Warm 39 72.4 (68.1) 0.45 (0.17) 4.8 (2.4) 13.0 (7.5) 167 (85) 962 (512)

Grassland Cold 3 141.6 (11.7) 0.56 (0.17) 1.1 (0.1) -0.5 (8.8) 200 (53) 579 (0)
Temperate 39 57.4 (25.8) 0.29 (0.14) 4.9 (2.7) 8.2 (7.1) 138 (80) 979 (237)
Warm 9 103.2 (18.2) 0.60 (0.11) 2.2 (0.3) 13.6 (8.4) 166 (78) 1181 (390)

Mixed forest Temperate 19 41.8 (19.5) 0.37 (0.20) 6.4 (1.6) 7.1 (8.3) 126 (74) 774 (292)
Warm 8 40.8 (5.1) 0.31 (0.04) 5.8 (0.9) 15.0 (7.8) 148 (56) 1072 (15)

used to evaluate seasonality of the ecosystem parameters Vcm,F and αe,F . The average
difference between bulk and ecosystem parameters for the vegetation types is shown in
Figure 4.6. They are both derived from the same data, but with a different model set-up.
Differences are a result of the scaling with LAI , which is implicitly present in the bulk
parameters, and part of the model set-up for the ecosystem parameters. Ideally, the two
model set-ups should result in identical model variations. Vcm,F of GRA sites is lower than
Vcm,B during winter, and higher during summer. This behavior is related to management,
which is not included in the phenology sub-model. The bulk parameters are directly de-
rived from flux observations and therefore are affected by management. For the DBF sites,
differences show no clear seasonal cycle, lower values of Vcm,F , and more variability. The
difference between αe,F and αe,B of the DBF sites shows a clear seasonal pattern, with the
largest deviations in spring. For EBF and ENF sites seasonal variation is similar but less
pronounced. The seasonal variation of the difference for EBF sites is almost the opposite,
with too low values of Vcm,F in spring. Vcm,F of ENF sites is lower than Vcm,B during the
whole season.

4.3.3 Spatial model parameter variation
Spatial variation is quantified by comparing the leaf-scale model parameters vcm,25 and α
for all sites. The parameters were related to average summertime meteorological variables
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Figure 4.4: Seasonal variation of the difference between LAIM and LAIF for groups of sites with
similar vegetation type and for all sites together. The black line is the average of all simulations
and the dotted lines are representing the standard deviation. Sites from the southern hemisphere are
excluded in this figure.

and LAI (not shown), but a relation or dependence was not found for any vegetation type,
PFT or key constraint. There was no direct relation between the meteorological variables
and the parameters, additional variables (e.g., nitrogen content and management history) or
a different interpretation is required to explain the observed spatial variation.

The site-specific parameters are grouped by vegetation type and climate in Table 4.3.
The parameters derived from LAIM and LAIF are within the same range, even though they
were from independent data sets (only the parameters derived with LAIF are presented in
Table 4.3). It is interesting to note that with two independent LAI data sets (MODIS and
Fluxnet) comparable parameters were derived. The values for vcm,25M and αM are only
slightly higher than the values of vcm,25F and αF .

Parameters in Table 4.3 are only of practical use when the differences between the
groups are understood. These differences can be explained with the meteorological vari-



4.3 Results 67

50 100 150 200 250 300 350

50

100

150
a) V

cm,F
, Grassland

50 100 150 200 250 300 350

0.25

0.5

0.75

1
b) α

e,F
, Grassland

50 100 150 200 250 300 350

50

100

150

 

 
c) V

cm,F
, Savanna

cold temperate warm

50 100 150 200 250 300 350

0.25

0.5

0.75

1
d) α

e,F
, Savanna

50 100 150 200 250 300 350

50

100

150

V
cm

,F
 (

µm
ol

 m
−

2  s
−

1 ) e) V
cm,F

, Deciduous broadleaf forest

50 100 150 200 250 300 350

0.25

0.5

0.75

1

α e,
F (

m
ol

 m
ol

−
1 )

f) α
e,F

, Deciduous broadleaf forest

50 100 150 200 250 300 350

50

100

150
g) V

cm,F
, Evergreen broadleaf forest

50 100 150 200 250 300 350

0.25

0.5

0.75

1
h) α

e,F
, Evergreen broadleaf forest

50 100 150 200 250 300 350

50

100

150
i) V

cm,F
, Evergreen needleleaf forest

Day of year
50 100 150 200 250 300 350

0.25

0.5

0.75

1

Day of year

j) α
e,F

, Evergreen needleleaf forest

Figure 4.5: Average seasonal ecosystem parameter variation (Vcm,F and αe,F ) for groups of simula-
tions with a similar vegetation type and climate. Sites from the southern hemisphere are excluded in
this figure.

ables air temperature (Ta) and annual precipitation (Prec) which influence the occurence
of PFTs in many global land-surface schemes (e.g. Bonan et al., 2003; Sitch et al., 2003).
Rg is added as it is one of the key meteorological constraints. Global radiation (Rg) is ad-
ded as it is one of the key meteorological constraints. An average annual D is meaningless
and therefore not presented. Lowest values of vcm,25F are seen at SAV, warm EBF and cold
and temperate ENF sites, while the highest values of vcm,25F are seen at the cropland, cold
DBF, temperate EBF and GRA sites. It is difficult to see any patterns in this variation, for
instance high values at cold sites are difficult to interpret as 25oC might not often be reached
at these sites. Although one may expect that sites with a low Rg have a high αF , this is not
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Figure 4.6: Residual parameter variation not explained by LAI scaling. Average seasonal bulk para-
meters (Vcm,B and αe,B) minus ecosystem parameters (Vcm,F and αe,F ) for groups of sites with a
similar vegetation type. The average seasonal residual is presented with the black line and the standard
deviation by the dotted lines. Sites from the southern hemisphere are excluded in this figure.

the case. However, these sites do have higher values for LAImax,F . From this table it can
be concluded that the variation of the leaf-scale parameters vcm,25F and αF of the different
sites have a more complex relationship with the average meteorological variables, than the
seasonal variation of the ecosystem-scale parameters in Figure 4.5.



4.3 Results 69

5 10 15 20 25
0

5

10

15

20

25
r2 = 0.41

y = 1.4 + 1.12x

a)

GPPeddy (μmol m−2 s−1)

G
PP

si
m

,M
 (μ

m
ol

 m
−2

 s−
1 )

5 10 15 20 25
0

5

10

15

20

25
r2 = 0.41

y = 1.2 + 1.15x

b)

GPPeddy (μmol m−2 s−1)

G
PP

si
m

,F
 (μ

m
ol

 m
−2

 s−
1 )

50 100 150 200
0

50

100

150

200

250
r2 = 0.44

y = 10 + 0.8x

d)

ETeddy (μmol m−2 s−1)

ET
si

m
,M

 (μ
m

ol
 m

−2
 s−

1 )

50 100 150 200 250
0

50

100

150

200

250
r2 = 0.42

y = 11 + 0.78x

e)

ETeddy (μmol m−2 s−1)

ET
si

m
,F

 (μ
m

ol
 m

−2
 s−

1 )

5 10 15 20 25
0

5

10

15

20

25
r2 = 0.89

y = 0.71 + 0.94x

c)

G
PP

si
m

,F
 (μ

m
ol

 m
−2

 s−
1 )

GPPsim,M (μmol m−2 s−1)

50 100 150 200 250
0

50

100

150

200

250
r2 = 0.91

y = 6.6 + 0.95x

f)

ET
si

m
,F

 (μ
m

ol
 m

−2
 s−

1 )

ETsim,M (μmol m−2 s−1)

Figure 4.7: Comparison of observed and simulated annual photosynthesis (GPP ) and transpiration
(ET ) fluxes for all Fluxnet sites used in this study. The simulations are performed with a model using
MODIS data (a, d) or Fluxnet data (b, e). The simulated fluxes from the two data sets are compared in
panel c and f. Only fluxes observed during dry periods (more than three days after rainfall) were used
to ensure a valid comparison. The dashed line is the 1:1 line and the solid line the regression line.

4.3.4 Flux simulations
For validation the half-hourly fluxes were simulated with meteorological variables, LAI
and leaf-scale parameters vcm,25 and α (Step 3 in Figure 4.1). The annual photosynthesis
(GPPsim) and transpiration (ETsim) fluxes derived with LAIM and LAIF are compared
with observations and each other in Figure 4.7. The parameters and LAI were derived for
different site-years than the site-year used to validate the fluxes. As expected from the sim-
ilar seasonal variation of the scaled parameters, the simulated annual photosynthesis fluxes
are comparable, with an r2 of 0.89 (Figure 4.7c), and transpiration fluxes are more strongly
correlated with an r2 of 0.98 (Figure 4.7f). Average photosynthesis and transpiration fluxes
are equally simulated with LAIM and LAIF . There is variation in the results of the sim-
ulated annual fluxes for different vegetation types. Simulated annual photosynthesis of the
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Figure 4.8: Frequency distribution of RMSE (root mean square error) between eddy covariance and
simulated photosynthesis (GPP ) and transpiration (ET ) for all half-hourly fluxes and average 8-daily
fluxes at all sites. The different lines represent the used data: MODIS or Fluxnet.

ENF sites had the strongest correlation, with r2 = 0.50 - 0.64, but annual transpiration was
poorly simulated with r2 = 0.28 - 0.32 (slope 1.11 - 1.18 for photosynthesis and 0.69 -
0.70 for transpiration). Annual transpiration fluxes of EBF sites were simulated better than
for ENF sites (r2 = 0.44 - 0.43, with slopes of 1.23 - 1.26), however photosynthesis was
simulated poorly (r2 = 0.27 - 0.29, and slopes of 0.90 - 0.91). Both photosynthesis and
transpiration fluxes were poorly simulated at GRA and DBF sites. This is a result of the
large deviation in seasonal variation of the parameters for these sites (Figure 4.6a, e, f). Dif-
ferences between the simulated fluxes are a result of variations in magnitude and seasonality
of the ecosystem parameters Vcm and αe, which are strongly coupled to LAI seasonality.

Results of the half-hourly and average 8-day flux simulations are presented in Figure 4.8.
For each data set using parameters derived withLAIM orLAIF , the distribution ofRMSE
(root mean square error) is given for simulated against observed GPP and ET fluxes of all
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sites. The RMSE of simulations using LAIM or LAIF is comparable. Again, there is
not a large difference between simulated photosynthesis and transpiration fluxes for the two
modeling approaches using MODIS LAIM or Fluxnet LAIF .

4.4 Discussion
Model parameters were successfully derived at both the leaf and ecosystem scale for 81
Fluxnet sites. The leaf-scale vcm,25 and α parameters were used to derive seasonal variable
ecosystem parameters Vcm and αe through explicit upscaling with LAI . In our previous
study (Groenendijk et al., 2011b) we suggested that the spatial variation of the parameters
vcm,25 and α is larger than assumed with PFTs. Here we analyzed the influence of the
seasonal parameter variation on PFT parameter variation. From Figure 4.5 it can be seen
that the parameter seasonality is different for PFTs, there are noticeable patterns. A shorter
growing season and a lower maximum Vcm,F are seen for the colder sites for all vegetation
types. The differences between PFTs are smaller for αe,F , the growing season is more
similar and the maximum is almost equal. PFT leaf parameters are commonly prescribed
in global vegetation schemes as the values in Table 4.3, which are much more difficult to
interpret directly. When comparing this table with the seasonal PFT ecosystem parameters
in Figure 4.5, it is obvious that the leaf parameters explain only a small part of the variation.
The variation between PFTs is much easier explained when the seasonal meteorological and
phenological differences are taken into account.

The two methods in Figure 4.6 show different seasonality in the ecosystem parameters.
This difference is important, as it can lead to an improvement of the seasonal parameters
used in global land surface schemes. Variation of the 8-day bulk parameters could be seen
as actual parameter values, because they are derived directly from the observed data without
the use of additional scaling models. Thus, when ecosystem parameters deviate from the
bulk parameters, this suggests that the scaling assumptions are not correct. But it is also im-
portant to keep in mind that the bulk parameters are, at least partly, a response to differences
in weather patterns, there is no change in the underlying parameter values. Bulk parameters
will therefore likely overestimate the temporal variation. But they appeared to be useful
for diagnosing the sites where the model failed to reproduce correctly ecosystem paramet-
ers, and annual flux simulations were consequently much lower than the observations. The
analysis reveals that for grassland and deciduous broadleaf forest sites fluxes cannot be sim-
ulated correctly with model parameters only scaled with LAI . The seasonal variation of the
parameters is larger and has a different pattern. Additional processes related to management
and summertime droughts are needed to correctly simulate the fluxes for these sites (Bonal
et al., 2008; Wohlfahrt et al., 2008; Churkina et al., 2010; Bellassen et al., 2010). The phen-
ological LAI sub-model is not always able to correctly simulate the seasonal variation of
LAI and related ecosystem-scale parameters. This increases the uncertainty of leaf-scale
model parameters, which will bias the understanding of the leaf-scale parameter variation.

With tower observations and additional observations of ground-based LAI and leaf-
nitrogen content (e.g. Kattge et al., 2009) the parameters can be better constrained for nat-
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ural vegetation by defining the limits of the different variables responsible for transitions
between constraints. Our average leaf-scale vcm,25F values (Table 4.3) are within the same
ranges as the values derived from a large number of leaf observations (Kattge et al., 2009).
But to be able to relate our leaf-scale parameters to leaf-nitrogen content, observations at
the Fluxnet sites are needed. When integrated with meteorological variables to upscale the
parameters from the leaf to the ecosytem scale, this approach will be applicable in global
models. This is a first step towards a classification with more gradual transitions, compar-
able to the leaf economics spectrum (Reich et al., 1997; Wright et al., 2004; Harrison et al.,
2010).

The seasonal parameter variation in the model is fully assigned to the ecosystem para-
meters. In the model, leaf-scale parameters are kept constant for each site, assuming that
these parameters are constant during the year. It has been observed that leaf parameters
actually vary seasonally in response to environmental conditions. For example vcm,25 of
leaves from the upper canopy is lower during periods of drought (Misson et al., 2010) and
during the spring recovery phase (Wilson et al., 2001; Monson et al., 2005). Leaf para-
meters might not be constant, which could possibly explain why no direct relation between
the leaf-scale parameters and average climate is observed. A second explanation might be
the relation between photosynthesis and leaf-nitrogen content (Reich et al., 1997; Wright
et al., 2004). Kattge et al. (2009) have shown that variation of vcm,25 is related to a high
variability of leaf-nitrogen content, while the variation between PFTs is dominated by pho-
tosynthetic nitrogen use efficiency. These relationships with nitrogen content and nitrogen
use efficiency could be included in the model definition to constrain vcm,25 and Vcm. The
scale of the studies is different, although Kattge et al. (2009) extrapolated the observations
from leaf to globe. On the leaf scale there have been a large number of studies (e.g. Wilson
et al., 2001; Medlyn et al., 2002b; Xu and Baldocchi, 2003; Mäkelä et al., 2004; Kolari
et al., 2007; Misson et al., 2010), yet further work is needed to extrapolate these findings
to the ecosystem scale. A combination of eddy-covariance data, leaf observations of nitro-
gen content and photosynthetic parameters will be valuable for improving understanding of
upscaling from the leaf to the ecosystem and global scale. A third possible explanation is
that the model parameters simply are not directly related to meteorological variables, be-
cause the time needed to adapt to climate is longer than that of the observation time series.
This could imply that site-specific parameters are a reflection of the historical environment
and vegetation adaptation, which follows more gradual transitions than with static PFTs
(Harrison et al., 2010).

At several (predominantly warm and dry) sites a decline of Vcm is observed during
summer, but it is not reproduced in the seasonal LAI variation. This could be related
to the temperature response function, which increases exponentially with temperature. A
parabolic function, with a maximum parameter value at a certain temperature, and a decline
for higher temperatures as in Farquhar et al. (1980), might be more appropriate, although
Thum et al. (2008) and Kattge and Knorr (2007) have suggested otherwise. In the model
the relation between photosynthesis and soil water content is controlled by parameter β in
equation 1, therefore the parameters are assumed to be not sensitive to soil water changes.
This can introduce a bias in the sensitivity of the photosynthetic parameters to soil water
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deficits. More attention should also be paid to the stomatal conductance model formulation,
which plays an important role in regulating the amount of transpiration and photosynthesis
(Medlyn et al., 2011).

4.5 Conclusions
We presented an approach to derive photosynthetic model parameter variation directly from
global Fluxnet eddy-covariance and meteorological data. The variation of the leaf-scale
parameters vcm,25 and α was coupled to vegetation type and climate as in a PFT classi-
fication. When taking into account the seasonal variation of ecosystem-scale parameters,
variation between PFTs is better understood. For example seasonal variation of ecosystem-
scale Vcm of cold, temperate and warm evergreen needleleaf forests shows a clear pattern
of increasing growing season length and maximum values, while the patterns of leaf-scale
parameters between these PFTs are not that obvious.

Seasonal bulk parameters Vcm,B and αe,B were derived from eddy-covariance flux ob-
servations, and used to parameterize a phenological sub-model to simulate LAIF . The
seasonal variation of LAIF was compared with MODIS LAIM , with as main difference
between the datasets the start of the growing season. The differences between the paramet-
ers and fluxes when using LAIF or LAIM were very small, which indicated that the use of
Fluxnet and MODIS data sets result in a similar variation of LAI . In addition, the seasonal
variation of the bulk parameters Vcm,B and αe,B was compared with the ecosystem para-
meters Vcm,F and αe,F . The main differences were here also seen at the start of the growing
season, and for the grassland and deciduous forest sites. This indicates that upscaling with
both LAIF and LAIM is not sufficient to explain the seasonal variation of Vcm and αe.
Seasonal leaf-scale parameter variations should also be incorporated.

Our hypothesis was that meteorological data could be used to constrain seasonal eco-
system-scale parameter variation. We have shown that this is partly true, the seasonal
ecosystem variation is largely explained by the meteorological variation through upscal-
ing with LAI . This influence of the seasonal variability on ecosystem-scale parameter
variation within a PFT is large and important for our understanding of leaf-scale parameter
variation, which can be better separated now. The remaining unexplained variation needs
further research and should focus on the relation between seasonal leaf-scale photosynthetic
parameters nitrogen content.
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4.6 Appendix: Fluxnet sites

Table 4.4: Model parameters and characteristics of the Fluxnet sites used in this chapter. The site name
codes are a composition of country (first two letters) and site name (last three letters). Vegetation types
are cropland (CRO), deciduous broadleaf forest (DBF), evergreen broadleaf forest (EBF), evergreen
needleleaf forest (ENF), grassland (GRA), mixed forest (MFO) and savanna (SAV). Climates are arctic
(AR), boreal (BO), subtropical Mediterranean (SM), temperate (TE), temperate continental (TC) and
tropical (TR). The parameters vcm,25F and αF are derived with only Fluxnet tower observations and a
tower based LAImax with n (equal to the number of site years) simulations for each site. * LAImax

from MODIS.

Name Clim Veg Lat Lon n vcm,25F αF LAImax Reference

AT-Neu TE GRA 47.12 11.32 5 47.2 (0.5) 0.31 (0.02) 6.5 Wohlfahrt et al. (2008)
AU-Fog TR SAV -12.54 131.31 2 9.3 (0.4) 0.06 (0.00) 5.1* -
AU-Wac TE EBF -37.43 145.19 3 86.0 (19.5) 0.56 (0.19) 5.5* Wood et al. (2008)
BE-Vie TE MFO 50.31 6.00 11 36.7 (0.7) 0.30 (0.01) 5.1 Aubinet et al. (2001)
BR-Ban TR EBF -9.82 -50.16 4 38.2 (1.3) 0.20 (0.01) 5.3 -
BR-Sp1 TR SAV -21.62 -47.65 2 93.6 (30.3) 0.53 (0.13) 4.4 Santos et al. (2004)
CA-Ca1 TE ENF 49.87 -125.33 9 54.1 (0.2) 0.44 (0.00) 8.4 Humphreys et al. (2006)
CA-Ca2 TE ENF 49.87 -125.29 6 20.5 (0.3) 0.15 (0.00) 2.2 Humphreys et al. (2006)
CA-Ca3 TE ENF 49.53 -124.90 5 38.8 (1.2) 0.18 (0.01) 6.7 Humphreys et al. (2006)
CA-Mer TC SAV 45.41 -75.52 0 - - 1.3 Lafleur et al. (2003)
CA-NS3 BO ENF 55.91 -98.38 5 18.2 (1.0) 0.17 (0.01) 5.3 Goulden et al. (2006)
CA-NS4 BO ENF 55.91 -98.38 3 8.7 (1.4) 0.12 (0.03) 4.2* Goulden et al. (2006)
CA-NS5 BO ENF 55.86 -98.49 5 23.8 (1.0) 0.21 (0.01) 5.5 Goulden et al. (2006)
CA-NS6 BO SAV 55.92 -98.96 5 13.1 (0.8) 0.13 (0.01) 3.0 Goulden et al. (2006)
CA-Oas BO DBF 53.63 -106.20 7 95.9 (4.9) 0.68 (0.04) 2.1 Black et al. (2000)
CA-Obs BO ENF 53.99 -105.12 7 39.4 (0.9) 0.24 (0.01) 3.8 Bergeron et al. (2007)
CA-Ojp BO ENF 53.92 -104.69 7 56.0 (1.0) 0.42 (0.01) 2.6 Howard et al. (2004)
CA-Qcu BO ENF 49.27 -74.04 6 65.7 (2.8) 0.64 (0.06) 0.8 Giasson et al. (2006)
CA-Qfo BO ENF 49.69 -74.34 4 32.3 (2.2) 0.30 (0.02) 3.7 Bergeron et al. (2007)
CA-SF1 BO ENF 54.49 -105.82 3 35.9 (1.5) 0.32 (0.02) 3.4 Mkhabela et al. (2009)
CA-SF2 BO ENF 54.25 -105.88 3 36.9 (0.9) 0.34 (0.02) 3.0 Mkhabela et al. (2009)
CA-SF3 BO ENF 54.09 -106.01 3 38.5 (1.3) 0.27 (0.00) 1.1 Mkhabela et al. (2009)
CA-SJ1 BO ENF 53.91 -104.66 5 22.2 (2.5) 0.30 (0.06) 0.8 Zha et al. (2009)
CA-SJ2 BO ENF 53.95 -104.65 3 16.6 (2.2) 0.19 (0.09) 0.5 Zha et al. (2009)
CA-SJ3 BO ENF 53.88 -104.65 2 34.8 (3.0) 0.23 (0.03) 2.9 Zha et al. (2009)
CA-TP4 TC ENF 42.71 -80.36 3 31.0 (0.9) 0.24 (0.01) 8.0 Arain and Restrepo-Coupe (2005)
CH-Oe1 TE GRA 47.29 7.73 5 55.6 (4.0) 0.28 (0.02) 4.9 Ammann et al. (2007)
CN-HaM AR GRA 37.37 101.18 3 141.6 (6.7) 0.56 (0.10) 1.1 Kato et al. (2006)
DE-Hai TE DBF 51.08 10.45 7 40.1 (0.4) 0.25 (0.00) 6.1 Knohl et al. (2003)
DE-Kli TE CRO 50.89 13.52 3 107.8 (14.6) 0.33 (0.11) 9.7 -
DE-Tha TE ENF 50.96 13.57 11 42.5 (0.2) 0.32 (0.00) 8.0 Grünwald and Berhofer (2007)
DE-Wet TE ENF 50.45 11.46 5 46.1 (2.6) 0.25 (0.02) 4.8 Anthoni et al. (2004)
DK-Lva TE GRA 55.68 12.08 2 77.6 (37.0) 0.29 (0.09) 6.9 Gilmanov et al. (2007)
DK-Sor TE DBF 55.49 11.65 11 73.1 (0.8) 0.70 (0.01) 5.0 Pilegaard et al. (2003)
ES-ES1 SM ENF 39.35 -0.32 8 47.7 (1.5) 0.33 (0.02) 2.6 Sanz et al. (2004)
ES-ES2 SM CRO 39.28 -0.32 3 61.3 (1.9) 0.33 (0.00) 3.0 -
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Table 4.4: Continued.

Name Clim Veg Lat Lon n vcm,25F αF LAImax Reference

ES-LMa SM SAV 39.94 -5.77 3 49.9 (11.0) 0.34 (0.05) 2.0 -
ES-VDA TE GRA 42.15 1.45 3 59.3 (3.5) 0.18 (0.01) 1.4 Gilmanov et al. (2007)
FI-Hyy BO ENF 61.85 24.29 11 44.6 (0.8) 0.37 (0.01) 6.7 Suni et al. (2003a)
FI-Sod BO ENF 67.36 26.64 0 - - 1.2 Suni et al. (2003b)
FR-Fon TE DBF 48.48 2.78 2 81.7 (30.5) 0.47 (0.19) 5.1 -
FR-LBr TE ENF 44.72 -0.77 8 48.8 (0.8) 0.37 (0.01) 3.5 Berbigier et al. (2001)
FR-Lq1 TE GRA 45.64 2.74 2 76.6 (3.2) 0.60 (0.27) 2.5 Soussana et al. (2007)
FR-Lq2 TE GRA 45.64 2.74 1 155.1 (0.0) 0.65 (0.00) 2.3 Soussana et al. (2007)
GF-Guy TR EBF 5.28 -52.93 0 - - 5.2* Bonal et al. (2008)
HU-Mat TE GRA 47.85 19.73 3 33.7 (1.9) 0.15 (0.01) 3.9* Pintér et al. (2008)
ID-Pag TR EBF 2.35 114.04 2 46.2 (4.9) 0.32 (0.02) 5.6 Hirano et al. (2007)
IE-Dri TE GRA 51.99 -8.75 3 50.2 (2.8) 0.26 (0.04) 5.2* Peichl et al. (2011)
IT-Amp SM GRA 41.90 13.61 4 92.6 (7.9) 0.53 (0.06) 2.5 Gilmanov et al. (2007)
IT-BCi SM CRO 40.52 14.96 3 71.9 (8.3) 0.34 (0.05) 5.8 Reichstein et al. (2003a)
IT-Col SM DBF 41.85 13.59 11 77.3 (0.4) 0.53 (0.01) 6.8 Valentini et al. (1996)
IT-Cpz SM EBF 41.71 12.38 8 30.9 (1.3) 0.25 (0.01) 3.5 Garbulksy et al. (2008)
IT-Lav TE ENF 45.96 11.28 0 - - 8.1 Marcolla et al. (2003)
IT-Lec SM EBF 43.30 11.27 2 26.9 (0.5) 0.23 (0.02) 2.5 Chiesi et al. (2011)
IT-LMa TE DBF 45.58 7.15 4 45.1 (2.7) 0.47 (0.05) 3.0* -
IT-Mal TE GRA 46.12 11.70 4 83.6 (13.0) 0.33 (0.02) 3.9 Gilmanov et al. (2007)
IT-MBo TE GRA 46.02 11.05 4 60.1 (2.2) 0.26 (0.01) 2.9 Gianelle et al. (2009)
IT-PT1 SM DBF 45.20 9.06 0 - - 0.0 -
IT-Ren TE ENF 46.59 11.43 8 31.6 (0.8) 0.15 (0.01) 5.1 Montagnani et al. (2009)
IT-Ro1 SM DBF 42.41 11.93 7 58.4 (1.5) 0.40 (0.02) 3.0 Rey et al. (2002)
IT-SRo SM ENF 43.73 10.28 8 71.9 (2.1) 0.57 (0.02) 4.2 Chiesi et al. (2005)
JP-Tom TC MFO 42.74 141.51 3 80.4 (14.4) 0.82 (0.09) 9.2 Hirata et al. (2007)
NL-Ca1 TE GRA 51.97 4.93 4 31.1 (1.0) 0.18 (0.01) 11.3 Jacobs et al. (2007)
NL-Loo TE ENF 52.17 5.74 11 50.5 (1.0) 0.41 (0.01) 2.0 Dolman et al. (2002)
SE-Faj TE SAV 56.27 13.55 0 - - 1.0 Lund et al. (2007)
SE-Nor TC ENF 60.09 17.48 6 50.5 (2.4) 0.47 (0.03) 4.8 Lagergren et al. (2008)
UK-EBu TE GRA 55.87 -3.21 2 48.3 (11.9) 0.45 (0.14) 3.9 Soussana et al. (2007)
UK-ESa TE CRO 55.91 -2.86 3 102.6 (18.4) 0.40 (0.05) 4.7* -
UK-Gri TE ENF 56.61 -3.80 6 52.7 (5.3) 0.41 (0.01) 7.0 Rebmann et al. (2005)
UK-Ham TE DBF 51.12 -0.86 0 - - 3.7* -
UK-PL3 TE DBF 51.45 -1.27 1 12.1 (0.0) 0.12 (0.00) 3.9* -
US-Bar TC DBF 44.06 -71.29 2 63.5 (30.1) 0.45 (0.17) 4.7 Jenkins et al. (2007)
US-Blo SM ENF 38.90 -120.63 10 51.2 (0.8) 0.30 (0.00) 4.6 Misson et al. (2005)
US-CaV TE GRA 39.06 -79.42 1 33.9 (0.0) 0.25 (0.00) 3.0 -
US-Dk2 SM MFO 35.97 -79.10 3 35.8 (1.4) 0.26 (0.01) 7.0 Pataki and Oren (2003)
US-Dk3 SM MFO 35.98 -79.09 5 43.9 (1.5) 0.34 (0.01) 5.2 Pataki and Oren (2003)
US-Goo SM GRA 34.25 -89.97 5 111.7 (7.4) 0.65 (0.04) 2.0 -
US-KS2 SM SAV 28.61 -80.67 7 38.4 (1.5) 0.27 (0.01) 2.5 Powell et al. (2006)
US-Me1 SM ENF 44.58 -121.50 2 256.8 (218.3) 0.43 (0.35) 3.1* Irvine et al. (2007)
US-Me3 SM ENF 44.32 -121.61 1 129.0 (0.0) 0.79 (0.00) 0.5 Vickers et al. (2009)
US-Me4 SM ENF 44.50 -121.62 0 - - 2.1 Anthoni et al. (2002)
US-MMS SM DBF 39.32 -86.41 0 - - 4.7 Schmid et al. (2000)
US-MOz SM DBF 38.74 -92.20 1 158.0 (0.0) 0.82 (0.00) 4.2 Gu et al. (2006)
US-NC2 SM ENF 35.80 -76.67 2 69.1 (1.5) 0.66 (0.01) 3.0 Noormets et al. (2010)
US-NR1 BO ENF 40.03 -105.55 4 100.9 (11.1) 0.44 (0.02) 5.6 Monson et al. (2002)
US-Syv TC MFO 46.24 -89.35 5 29.6 (0.8) 0.28 (0.01) 7.5 Desai et al. (2005)
US-WCr TC DBF 45.81 -90.08 8 75.2 (1.6) 0.53 (0.01) 5.4 Cook et al. (2004)
US-Wi4 TC ENF 46.74 -91.17 4 40.9 (0.5) 0.38 (0.02) 2.8 Noormets et al. (2007)
US-Wrc SM ENF 45.82 -121.95 8 71.6 (0.8) 0.55 (0.01) 9.2 Falk et al. (2008)
VU-Coc TR EBF -15.44 167.19 4 44.2 (1.2) 0.33 (0.01) 5.7 Roupsard et al. (2006)


