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Summary

The terrestrial biosphere impacts considerably on the global carbon cycle. In particular,
ecosystems contribute to set off anthropogenic induced fossil fuel emissions and hence
decelerate the rise of the atmospheric CO, concentration. However, the future net sink
strength of an ecosystem will heavily depend on the response of the individual processes to a
changing climate. Understanding the makeup of these processes and their interaction with the
environment is, therefore, of major importance to develop long-term climate mitigation

strategies.

Mathematical models are used to predict the fate of carbon in the soil-plant-atmosphere
system under changing environmental conditions. However, the underlying processes giving
rise to the net carbon balance of an ecosystem are complex and not entirely understood at the
canopy level. Therefore, carbon exchange models are characterised by considerable
uncertainty rendering the model-based prediction into the future prone to error. Observations
of the carbon exchange at the canopy scale can help learning about the dominant processes
and hence contribute to reduce the uncertainty associated with model-based predictions. For
this reason, a global network of measurement sites has been established that provides long-
term observations of the CO, exchange between a canopy and the atmosphere along with
micrometeorological conditions. These time series, however, suffer from observation

uncertainty that, if not characterised, limits their use in ecosystem studies.

The general objective of this work is to develop a modelling methodology that synthesises
physical process understanding with the information content in canopy scale data as an
attempt to overcome the limitations in both carbon exchange models and observations.
Similar hybrid modelling approaches have been successfully applied for signal extraction out
of noisy time series in environmental engineering. Here, simple process descriptions are used
to identify relationships between the carbon exchange and environmental drivers from noisy
data. The functional form of these relationships are not prescribed a priori but rather
determined directly from the data, ensuring the model complexity to be commensurate with
the observations. Therefore, this data-led analysis results in the identification of the processes

dominating carbon exchange at the ecosystem scale as reflected in the data. The description of



these processes may then lead to robust carbon exchange models that contribute to a faithful

prediction of the ecosystem carbon balance.

This work presents a number of studies that make use of the developed data-led modelling
approach for the analysis and interpretation of net canopy CO, flux observations. Given the
limited knowledge about the underlying real system, the evaluation of the derived models
with synthetic canopy exchange data is introduced as a standard procedure prior to any real
data employment. The derived data-led models prove successful in several different
applications. First, the data-based nature of the presented methods makes them particularly
useful for replacing missing data in the observed time series. The resulting interpolated CO;
flux observation series can then be analysed with dynamic modelling techniques, or integrated
to coarser temporal resolution series for further use e.g., in model evaluation exercises.
However, the noise component in these observations interferes with deterministic flux
integration in particular when long time periods are considered. Therefore, a method to
characterise the uncertainties in the flux observations that uses a semi-parametric stochastic
model is introduced in a second study. As a result, an (uncertain) estimate of the annual net
carbon exchange of the observed ecosystem can be inferred directly from a statistically
consistent integration of the noisy data. For the forest measurement sites analysed, the relative
uncertainty for the annual sum did not exceed 11 percent highlighting the value of the data.
Based on the same models, a disaggregation of the net CO, flux into carbon assimilation and
respiration is presented in a third study that allows for the estimation of annual ecosystem
carbon uptake and release. These two components can then be further analysed for their
separate response to environmental conditions. Finally, a fourth study demonstrates how the
results from data-led analyses can be turned into a simple parametric model that is able to
predict the carbon exchange of forest ecosystems. Given the global network of measurements
available the derived model can now be tested for generality and transferability to other

biomes.

In summary, this work particularly highlights the potential of the presented data-led
methodologies to identify and describe dominant carbon exchange processes at the canopy

level contributing to a better understanding of ecosystem functioning.



Zusammenfassung

Der Kohlenstoffhaushalt der Erde wird maBgeblich von der bewachsenen Landoberfliche
beeinflusst. Insbesondere tragen terrestrische Okosysteme dazu bei, den Anstieg der
atmosphirischen Kohlenstoffdioxid- (CO,-) Konzentration durch anthropogen verursachte
Emissionen fossiler Brennstoffe zu verlangsamen. Die Intensitit der Netto-CO,-Aufnahme
wird allerdings in einem sich verdndernden Klima davon abhidngen, wie einzelne Prozesse auf
Anderungen der sie beeinflussenden Umweltfaktoren reagieren. Fundierte Kenntnisse dieser
Prozesse und das Verstidndnis ihrer Wechselwirkungen mit der Umwelt sind daher fiir eine

erfolgreiche Klimaschutzpolitik von besonderer Bedeutung.

Mit Hilfe von mathematischen Modellen konnen Vorhersagen iiber den Verbleib des
Kohlenstoffs im System Boden-Pflanze-Atmosphire unter zukiinftigen Umweltbedingungen
getroffen werden. Die verantwortlichen Prozesse und ihre Wechselwirkungen mit der Umwelt
sind jedoch kompliziert und bis heute auf der Okosystemskala nicht vollkommen verstanden.
Entwickelte Modelle und deren Vorhersagen sind deshalb derzeit mit erheblichen
Unsicherheiten behaftet. Messungen von CO,-Austauschfliissen zwischen einem Okosystem
und der Atmosphidre konnen dabei helfen, Vorgidnge besser verstehen zu lernen und die
Unsicherheiten in CO;-Austausch-Modellen zu reduzieren. Allerdings sind auch diese

Beobachtungen, wie alle Umweltmessungen, von Unsicherheiten durchsetzt.

Ziel dieser Arbeit ist es Methoden zu entwickeln, die physikalisches Prozessverstindnis mit
dem dennoch groflen Informationsgehalt dieser Daten vorteilhaft zu vereinigen. Dabei soll
vereinfachtes Prozessverstindnis dazu genutzt werden, Zusammenhinge zwischen dem CO,-
Austausch und den umgebenden Umweltbedingungen aus den Beobachtungen abzuleiten. Das
Besondere hierbei ist, dass diese Zusammenhénge direkt aus den Daten geschitzt werden,
ohne vorher Annahmen iiber ihre funktionale Form zu machen. Die Daten als Ausgangspunkt
der Modellentwicklung zu wéhlen gewéhrleistet, dass die Komplexitit der Modelle dem
Informationsgehalt der Messungen entspricht. Auf diese Weise lassen sich diejenigen
Prozesse identifizieren, welche fiir den CO;,-Austausch mit der Atmosphire dominant sind.
Die gewonnenen Erkenntnisse konnen dann in robuste CO,-Austauschmodelle fiir

Okosysteme iiberfiihrt werden und zur Vorhersage von Kohlenstoffbilanzen beitragen.



In der vorliegenden Arbeit werden diese entwickelten, datenbasierten Methoden zur Analyse
und Interpretation von Netto-CO,-Fliissen eingesetzt. Die erste Studie fiihrt ein datenbasiertes
Modell ein, das unvermeidliche Liicken in Messzeitreihen zuverldssig interpoliert. Dies
ermoglicht erweiterte Anwendungen der Daten. In einer nachsten Studie wird ein Verfahren
vorgestellt, mit dem die Unsicherheiten in den Beobachtungen charakterisiert werden kdnnen.
Dies ist notig, um jihrliche Kohlenstoffbilanzen von Okosystemen unter Beriicksichtigung
der Messungenauigkeiten direkt aus den Daten herzuleiten. Dabei liegt die Unsicherheit in
den betrachteten Waldstandorten bei maximal 11% des Jahreswertes. In einer weiteren Studie
werden dieselben Modelle genutzt, um die Netto-CO;-Fliisse in Einzelkomponenten der CO,-
Assimilation und -Abgabe zu bestimmen. Diese Komponenten sowie die Nettobilanz sind
zusammen mit ihren Ungenauigkeiten fiir Vorhersagen iiber das Kohlenstoffsenkenpotential
eines Okosystems von besonderer Bedeutung und kénnen Abschiitzungen des globalen
Kohlenstofthaushaltes mafgeblich unterstiitzen. AbschlieBend zeigt die letzte Studie ein
Beispiel fiir die datenbasierte Entwicklung eines Modells, das die dominanten Prozesse des

Kohlenstoffaustausches in Waldokosystemen beschreibt und erfolgreich vorhersagen kann.

Dies unterstreicht insbesondere das Potenzial des vorgestellten Modellierungsansatzes,
vorherrschende Prozesse zu identifizieren, zu beschreiben und damit zum verbesserten

Verstindnis des CO,-Austauschs zwischen Okosystem und Atmosphire beizutragen.
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1. Introduction

Terrestrial ecosystems play a major role in controlling the global carbon cycle through their
uptake of carbon dioxide from the atmosphere via photosynthesis, the storage of this reduced
carbon in plant and soil matter and its loss due to respiration. Understanding the mechanisms
regulating these carbon exchange processes is particularly important when investigating the
ecosystems potential to offset fossil fuel emissions (mitigation) or when trying to predict
impacts of potential changes in climate on the fate of ecosystems (adaptation). In order to
address these issues, mathematical models are being developed that are designed to describe
the ecosystems behaviour under changing environmental conditions. However, ecosystem
carbon fluxes are the result of multiple complex interactions on different temporal and spatial

scales rendering their qualitative and quantitative description particularly challenging.
L1 Modelling ecosystem carbon fluxes

Figure I-1 illustrates the dominant carbon fluxes in an ecosystem. Canopies trade CO, for
water through their stomata. The rate of this exchange primarily depends on the amount of
incident radiation, the ambient temperature, the CO, concentration and the vapour pressure
deficit of the surrounding air and the water and nutrient availability in the system. Once CO,
is assimilated in the mesophyll, complex physical and biochemical processes transform this
reduced carbon to intermediate organic structures for further use within the plant. They are
either invested into new plant tissue being allocated to roots, shoots and leaves, or they are
oxidised back to CO; to support plant maintenance. Subsequent litter fall adds to the organic
soil carbon pool and stimulates the activity of soil mircoorganisms, releasing CO, back to the
atmosphere, particularly in the top layer of the soil. The individual processes giving rise to the
carbon budget of an ecosystem obviously operate on a variety of scales and at different

locations within the soil-canopy system.
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Figure I-1: Simplified illustration of carbon fluxes in an ecosystem (grey arrows) and controlling environmental
conditions. Incident solar radiation (S,), precipitation (P), vapour pressure deficit (VPD), temperature (T), soil
moisture (SM), nutrient supply (N: nitrogen, P: phosphorus as representatives) are the most dominant environmental
factors. Major carbon fluxes are assimilation via gross photosynthesis (F), autotrophic respiration by leaves, stems
and roots (Fg,), heterotrophic respiration by soil micro-organisms (Fzy) and carbon allocation for maintenance and
growth (F ;). See text for further explanation.

Despite the complexity of the physiological processes in an ecosystem, many processes
can be studied separately in controlled environments particularly for plants at the cell and leaf
scale or for soils in columns or chambers. This way, a thorough understanding of the
mechanisms regulating carbon assimilation and respiration at small scales has been
accumulated (Jarvis 1995) and converted into sophisticated process models (e.g., Farquhar et
al. 1980; von Caemmerer 2000; Ball et al. 1987; Lloyd & Taylor 1994). However, the
representation of these processes at the plant and ultimately at the community level is subject
to substantial uncertainty (e.g., Baldocchi et al. 2001b0) because of spatial complexity,
heterogeneity, and aggregation effects. As a result, scaling to the canopy level receives much

attention in ecophysiology research and many different approaches are under investigation.

Two somewhat opposed approaches to scale up physiological processes from a leaf to the
canopy have been developed and widely applied for describing canopy behaviour. The ‘big

leaf” models consider the canopy as one operating unit and assume canopy photosynthesis to
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be a constant fraction of the single unshaded leaf photosynthesis. In an attempt to address the
main criticism of such a big leaf approach, “two-leaf” models have been developed that
consider sunlit and shaded leaves separately (de Pury & Farquhar 1997; Wang & Leuning
1998). However, the parameters used to describe canopy photosynthesis are usually not
measurable and the model’s validity heavily relies on the homogeneity of the canopy and the
availability of information for the determination of remaining unknown parameters (e.g.,
Friend 2001). In contrast, ‘bottom up’ models are built in an attempt to thoroughly integrate
the gas exchange over multiple layers of sunlit and shaded leaves to account for the vertical
profile of the environmental conditions and the canopy architecture (e.g., Leuning et al. 1995;
Williams et al. 1996; Knorr 2000). Provided the individual process descriptions and mutual
interactions are correct and the parameters used to specify these descriptions are known, these
models would deliver an entirely process-based simulation of the canopy behaviour under
changing environmental conditions and could predict the response of ecosystems to possible
future changes in climate. However, despite the complexity of the resulting models, their
development still implies a number of simplifying assumptions and omissions, the impacts of
which are impossible to quantify. On the other hand, it is the complexity of these systems
(‘big leaf” as well as ‘bottom up’ models) which are comprised of predominantly nonlinear
process descriptions, in conjunction with a large number of uncertain parameters, that makes
them suffer from considerable prediction uncertainty when compared with canopy

observations (Franks & Beven 1997; Franks et al. 1997; Schulz et al. 2001).

Interestingly, a good model for describing ecosystem carbon exchange does not necessarily
involve a detailed description of leaf processes. In fact, the behaviour of an ecosystem might
well be characterised by a less complex model system which traded on the possibility of
simplifying effects of community organisation and resource optimisation, process aggregation
and averaging over space and/or time (e.g., Canadell et al. 2000). For example, resource use
efficiency models for light, water and nutrients (Monteith 1972, 1977; Dewar 1997) make use
of the assumption that canopies behave as a functional unit that optimises the capture of
available resources (Monteith et al. 1989). This leads to simple model structures with the
efficiency parameters being downregulated by resource limitations. A popular example is the
model for light utilisation with the conversion efficiency (light-use efficiency) defined as the
ratio of dry matter production and absorbed radiation by the foliage. Evidence for this ratio to
be conservative for well watered ecosystems during the growing period has been

accumulating since the observations for a crop field by Montheith (1977).

The light-use efficiency concept in conjunction with the advent of remote sensing
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information on the spectral properties of vegetated surfaces, has paved the way for the
generation of terrestrial productivity maps delivering a key component for the calculation of
regional and global carbon budgets (e.g., Running et al. 2000; Lobell et al. 2002; Leuning et
al. 2005). However, the resolution of routinely available satellite information is still rather
coarse and the derived estimates imply several assumptions and uncertainties with respect to
homogeneity, data processing and model structure and parameterisation. Therefore, an
evaluation of such approaches, preferably with corresponding ground measurements, is
required. This could reveal errors, suggest model modifications and/or reduce the uncertainty

associated with these estimates.

The success and limitations of the various approaches to modelling ecosystem carbon
exchange highlight the importance of observations at the ecosystem scale. Long term
continuous measurements can serve to rigorously evaluate simulation models, to test up and
down scaling hypotheses, or to derive canopy responses to environmental forcings directly
from the data. The latter aspect is particularly relevant when studying the dominant processes
and regulations of carbon exchange at the canopy scale in order to derive robust models
which have a level of complexity being in sympathy with the observations. Such an approach

will be elaborated and discussed in the presented work.
12 The FLUXNET database

In the past two decades, the eddy covariance (EC) method has emerged as a suitable
measurement technique of carbon, water and energy exchange processes at the canopy level.
Provided a set of conditions for the study site and the atmosphere are met (see next section),
the EC technique can be used to continuously record mass and energy fluxes between the
terrestrial biosphere and the atmosphere over long time periods. The resulting data series
consider the canopy as a single functional unit and represent an aggregate of the complex
interactions between organisms in an ecosystem. Therefore, EC time series provide
continuous information on the net carbon, water and energy exchange between the ecosystem
and the atmosphere. With the growing network of eddy flux measurement stations around the
world (FLUXNET, e.g., Aubinet et al. 2000; Baldocchi et al. 2001b) a considerable database is
becoming available to help learn about ecosystem exchange processes in varying vegetation
zones and climate conditions. The EC method is consistently used at all sites to measure the
ecosystem response to short-term and long-term environmental variations. To date, more than
250 EC towers deliver continuous half hourly to hourly time series of mass and energy

exchange fluxes along with a range of micrometeorological variables. FLUXNET sites are
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distributed fairly equally with respect to vegetation cover and climate across the United States
(Hargrove et al. 2003) and to forests in Europe (Aubinet et al. 2000), whereas regional tower
networks on the remaining continents are less mature. Nearly half of the EC stations are
installed above forests, reflecting the assumed importance of these ecosystems in the
terrestrial carbon cycle (Schimel 1995; Steffens et al. 1998). Standard instrumentation and
methodology for data post processing (Aubinet et al. 2000; Baldocchi ef al. 20015) together
with a common data archive (Oak Ridge National Laboratory Distributed Active Archive
Center; http://www.ornl.gov) strengthens the integral network character and provides open

data access for the scientific community and the public.
L3 Theoretical background of EC measurements and instrumentation

Under turbulent conditions, mass and energy exchange between the surface and the
atmosphere is dominated by eddies of different sizes within the surface boundary layer.
Assuming horizontal homogeneity of the surface and atmospheric stationarity' and that
molecular diffusion is a negligible contributor to the flux?, the conservation equation for a
given quantity simplifies to the covariance between the vertical wind velocity and the scalar
concentration averaged over a specific time interval. Based on these theoretical principles, the
eddy covariance (EC) technique measures the vertical flux densities of CO,, water vapour and
temperature between the vegetation and the atmosphere by sampling the turbulent motions
along with their scalar concentrations over a time integral (Baldocchi ef al. 1988; Baldocchi et
al. 1996). Because the integral frequency spectrum of the fluctuations is limited by the
observation duration and the measurement instrument response, EC data need to be corrected
for frequency response losses (e.g., Aubinet et al. 2000; Baldocchi ef al. 2001b). Data post
processing also includes corrections for potential violation of stationarity assumptions and
fluctuations in the air density due to temperature variations (Aubinet et al. 2000; Baldocchi et
al. 2001b). However, due to a combination of both data recording and post processing errors
and the stochasticity of the processes EC platforms observe, EC measurements contain a
stochastic noise component (Mahrt 1998; Hollinger & Richardson 2005) that needs to be

accounted for when making use of these data. A characterisation of this noise based on first

" To sample over the range of eddy sizes, an averaging time period of usually 30 to 60 minutes is necessary to
derive representative flux values. This implies the assumption that the atmospheric turbulence conditions do not
change over this averaging period.

% Obviously, when the boundary layer is in a tranquil state, this assumption may become invalid because the
relative contribution of the diffusive pathway will become more important. Such conditions are often associated
with nocturnal fluxes when turbulence in the boundary layer is no longer driven by surface warming from solar
radiation.
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Figure I-2: A typical setup of an eddy flux station adapted from Running et al. (1999). The net carbon exchange
flux Fy as the sum of all uptake and release fluxes is measured.

principles accounting for the contribution of all single sources is impractical and this work

will suggest an alternative approach (see Chapter III).

Invariably, EC systems consist of a sonic anemometer for wind observations in three
directions; a fast frequency response infrared gas analyser for measuring the concentrations of
the scalars of interest (e.g., CO,, water vapour); and a suite of software for data processing
(Aubinet et al. 2000, Baldocchi et al. 20015). The measurement ensemble is usually mounted
on a tower above the top layer of the canopy (Figure I-2). It is accompanied by a set of
instruments measuring micrometeorological variables (e.g., temperature, radiation, pressure,
saturation deficit, precipitation) to characterise the meteorological conditions in which the

mass and energy fluxes have been recorded.
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1.4  Scientific use of EC data

The validity and applicability of the EC measurement technique is still an active area of
research in its own right. In particular, stable conditions predominantly occurring at night,
imply no turbulent mixing of the atmospheric boundary layer and hence zero flux. However,
diffusive exchange within the boundary layer persists, particularly for CO,, resulting in a
systematic underestimation of the CO, efflux from the canopy (Aubinet et al. 2000).
Commonly used approaches to limit this underestimation are to add a CO, storage term within
the canopy (e.g., Wofsy et al. 1993) or to replace the EC measurements with simulations of a
temperature dependent respiration function derived from nighttime data collected during
turbulent conditions (e.g., Goulden et al. 1996a). However, both methods are prone to
distorting the measured carbon budget (Lavigne et al. 1997, Law et al. 1999) as CO; stored
over night will be either detected by the EC tower in the morning as a ‘flush out’ of the
system, or will be readily assimilated by the canopy after sunrise. A standardised
methodology for how to treat EC data collected under stable conditions has not been
established yet and even its necessity is still under debate (Baldocchi 2003). Similarly, the
validity of the EC towers in inhomogeneous terrain has been questioned (Aubinet et al. 2002).
Fluctuations in wind speed and direction result in variations of the footprint of the tower
blurring the separate contributions to the flux measured at the sensor (Schmid 2002). A large
number of footprint models have been developed and applied to a range of site properties but

there is still much scope for further investigations (Schmid 2002; Reithmaier et al. 2006).

As already mentioned above, EC data are uncertain and it is important to understand the
makeup and the characteristics of this noise when making use of these time series. Only
recently, attention has been drawn to the EC observation uncertainty and its significance for
any use of the data, in particular when calibrating parametric models (Hollinger et al. 2004;
Medlyn et al. 2005; Hollinger & Richardson 2005; Richardson et al. 2006; Hagen et al.
2006), or when extrapolating EC observations in space (Oren et al. 2006). As a result, the
core of the EC data applications reviewed in the following paragraphs does not explicitly
address the stochastic nature of the observations. The effect of this noise on inferences for
annual carbon budgets directly from EC data will be studied in Chapter III and IV in this

work.

A global network such as FLUXNET offers the opportunity for cross-site analyses to further
enhance understanding of the role of terrestrial ecosystems in the global carbon cycle. Many

studies have examined the differences in the effects of location, climate, and vegetation cover
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on ecosystem functioning (e.g., Valentini et al. 2000; Falge et al. 2001; Baldocchi et al.
2001a; Falge et al. 2002; Law et al. 2002). Besides the spatial distribution of stations over the
globe that furnish data for global carbon budget studies, this network concept also provides a
framework for a potential confirmation of biome specific findings (e.g., Williams et al. 2000;

Curtis et al. 2002; Churkina ef al. 2003).

EC observations represent an intermediate between leaf and single plant measurements and
regional remote sensing information. As a result, their interrelation has been extensively
investigated in order to gain insight into the effects of spatial and temporal scale on the
effective description of carbon metabolism. Comparisons of EC data with smaller scale
observations such as leaf cuvettes, soil chambers and biometric data and small scale model
parameterisations highlight the differences in descriptions of biochemical process being
dominant from leaves to the canopy and from hours to years, and emphasise the value of
multi-scale observations for model derivation (e.g., Lavigne et al. 1997; Law et al. 1999;

Barford et al. 2001; Curtis ef al. 2002; Rayment et al. 2002).

Likewise, how EC measurements relate to larger scale observations is investigated to
assess the potential of extrapolating mass and energy fluxes beyond the footprint to larger
regions and ultimately to the globe (e.g., Desjardins et al. 1997; Reich et al. 1999; Running et
al. 1999; see Friend et al. 2006 for a comprehensive review). Given remote sensing
information and EC net CO, data provide information on different carbon components of an
ecosystem, models are required to transform available data into comparable quantities.
Usually, vegetation area indices, land cover and solar radiation data as deduced from remote
sensing techniques are used within the above mentioned production efficiency model
framework to estimate gross ecosystem production (Running et al. 1999). The resulting
estimates can be compared to gross uptake derived from the EC net flux (e.g., Waring et al.
1995; Leuning et al. 2005). The two different estimates show moderate agreement that only
improves when aggregated monthly values are considered, suggesting that errors due to
model simplifications and heterogeneity somewhat cancel (Waring ef al. 1995). The analysis
of EC data might therefore reveal information that sheds light particularly on model errors in
large scale applications. This supports the role of EC data contributing to carbon accounting
efforts demanded by the Kyoto protocol and the potential of improving the estimation of the
carbon source-sink strength of the terrestrial biosphere (Steffen et al. 1998; Hutley et al.
2005).

The net CO, flux at an EC tower represents a measure of the sum of carbon assimilation



L. Introduction 9

and respiration of the ecosystem. Several methodologies have been developed to disaggregate
the measured flux into its major components to facilitate further model testing and
comparison with remote sensing information (e.g., Goulden et al. 1996a; Reichstein et al.
2005; Hagen et al. 2006). However, a thorough evaluation of the results is still missing due to
the lack of comparable observations of the two components at the corresponding scale. One
way to overcome this restriction could be the use of synthetic data as will be demonstrated in

Chapter I'V.

One of the major objectives identified with the setup of the global network of flux
measurement sites was to provide data to test and parameterise simulation models, these being
seen as a key tool for predicting the regional and global terrestrial carbon balance (Baldocchi
et al. 1996). A large number of models varying in complexity and spatial and temporal
resolution have been evaluated against EC time series with varying levels of success (e.g.,
Aber et al. 1996; Williams et al. 2000; Churkina et al. 2003). Best agreement of model
predictions and observations is achieved when comparing temporal aggregates or short time
periods. As already mentioned above, Schulz et al. (2001) pointed to the problem of
insensitive parameters in complex simulation models not being supported by observations and
demonstrated the large prediction uncertainties arising from these uncertain parameters. As a
result, data assimilation techniques are being investigated for their capacity to help
constraining simulation models (Williams et al. 2005; Knorr & Kattge 2005; Raupach et al.
2005).

An alternative to assimilating the observations into pre-defined models is to explore what
systematic/process behaviour can be observed within EC data. This data based modelling
approach is receiving increasing attention in the FLUXNET community. Purely data based
approaches such as artificial neural networks have been explored particularly in the context of
gap filling EC measurements or flux partitioning (Aubinet et al. 2000; Papale & Valentini
2003; Leuning et al. 2005). They also show potential to serve as diagnostic tools to identify
dominant factors controlling the system under study as a first step of model building (e.g., van
Wijk & Bouten 1999) although they lack transparency in this respect. An alternative approach
would be to exploit simple model structures such as radiation and water use efficiencies
(Monteith 1977) because these linear structures are particularly amenable to estimation from
EC data. Despite their simplicity and notable success on the canopy level (e.g., Dewar 1997;
van Wijk & Bouten 2002; Chapter V), light and water use models are only hesitantly
incorporated in ecosystem simulation models and so far have rather served the utilisation of

satellite data (Running et al. 2000). The reason for this reservation is the lack of faith in their
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predictive capacity under climate change scenarios. However, such approaches have much to

offer and deserve further investigation.

A somewhat hybrid approach is introduced in the present work and has been adopted by
others (Gove & Hollinger 2006). It is based on the interactive combination of mechanistic
process understanding with data led analyses. Here, novel time series analysis techniques are
applied to approach EC data with minimal prior assumptions. For this, simple model
structures representing basic process understanding are used to help constrain the estimation
problem. The objective of this modelling approach is to explore the information content of EC
data that might lead to canopy carbon exchange models with a maximum complexity needed

to explain the signal in the observations.
L5 The modelling concept

Mechanistic simulation models for the carbon and water exchange of an ecosystem with the
atmosphere play a particular role when trying to predict future ecosystem responses under
climate change scenarios. However, given the temporal and spatial complexity of the
underlying processes in an ecosystem, these upscaling approaches are inevitably prone to
substantial uncertainty (e.g., Schulz et al. 2001). As a result, predictions will also be
characterised by large uncertainties due to errors in the model structure, uncertainty in the

parameters and the complex error propagation through (nonlinear) process descriptions.

One way of tackling this problem could be to reduce the complexity of the model to an
extent such that the remaining calibration parameters can be well defined from the data (e.g.,
Wang et al. 2001). In contrast, the modelling approach applied in this work (see Figure 1-3)
starts off with an ‘oversimplified” model structure based on common ecophysiological
process understanding with a minimum of prior functional assumptions. The available
observations are then interrogated to constrain the model, i.e. the level of additional
complexity is determined from the data directly. This procedure adopts many aspects of the
data based mechanistic modelling (DBM) concept developed by Young and co-workers
(Young 1999; Young & Pedregal 1999; Young 2000) that has been successfully employed for
a diverse range of environmental research questions (e.g., Young & Beven 1994; Young et al.

1996; Schulz & Jarvis 2004).
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Figure I-3: Flowchart diagram of the modelling procedure as applied in the present work.

Given the enormous extent of observations from the EC tower network and the limited
understanding of carbon processes at the canopy level, such a data led approach appears
logical to complement the considerable efforts already put into the development of canopy
simulation models, and ultimately one would hope to see convergence between these top-

down inductive and bottom up reductionist modelling paradigms (Monteith 1995).

Two alternative modelling techniques are presented, differing in their underlying
mathematical foundation but, as they are employed here, being driven by the same objective.
The concept of time (TDP) and state dependent parameter (SDP) estimation (see Chapter V)
has been developed for the analysis of nonlinear and nonstationary time series (Young 1999;
Young 2000) forming a central part of the DBM approach for modelling nonlinear and
nonstationary data. Here, parameters are allowed to vary with time or a specified driver(s) of
the system under study in order to address dynamics that are not accounted for in the current
model formulation. The estimation of these varying parameters is based on the recursive
Kalman filter formulation that explicitly addresses noise in environmental observations as
well as the stochastic nature of the system under study. The resulting (nonparametric) time or
state dependencies are then to be interpreted based on mechanistic understanding and
ultimately formulated as a function of the driver(s) found to dominate the behaviour of the
system. Finally, a parametric model could be specified from these relationships and then
calibrated and evaluated against the data in order to explore its validity and predictive

capacity. To date, the use of TDP and SDP estimation is limited to the sum of one-
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dimensional responses, hence applying to only a subsample of environmental systems.

While being statistically less sophisticated, piecewise polynomials (see Chapters II-IV)
allow for the simultaneous multidimensional estimation of dependencies. In the following this
approach is referred to as being semi-parametric. Here, the values of the nodes joining the
polynomials are optimised against the available data by minimising an appropriate objective
function. The level of complexity allowed for the relationships can be controlled by varying
the number of nodes. Similar to the TDP/SDP approach, the identified semi-parametric
relationships could then be subject to mechanistic interpretation and ultimately

parameterisation.

Because environmental measurements are corrupted with noise and, as a result, the true
signal of the observed ecosystem is usually not known, the efficacy of any inductive data led
modelling paradigm has to be checked in some way. One approach is to make use of synthetic
data series. Complex simulation models that are well established in the scientific community
can be used to simulate the net CO, flux under realistic environmental conditions thereby
representing the behaviour of a virtual canopy. A known (synthetic) noise component can
then be added to the simulated data to give rise to synthetic EC observation whose
composition is known perfectly. From this any data analysis framework can be tested
rigorously for both its capability to distinguish between signal and noise and its representation
of the systematic behaviour of an ecosystem. This approach is novel in the analysis of EC

data and is utilised in Chapters II-IV of this work.
L6 General objective

This work is an attempt to contribute to the understanding of ecosystem carbon processes
giving rise to carbon exchange fluxes between the terrestrial biosphere and the atmosphere. It
aims to explore the information content on the systematic behaviour in the observations of
these fluxes and to augment the data value for further carbon exchange studies. The following
chapters are concerned with research questions directly arising from the general objective.

These are:

* (Can the dominant factors regulating canopy carbon exchange be extracted objectively

from EC data?
» How can missing data in EC time series be overcome?
* How should uncertainty inherent in EC observations be dealt with?

» (Can EC data contribute to carbon budget estimations given their limitations?
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* Do the data allow for disaggregation into separate components?

* Do EC data allude to generic functional relationships that could represent canopy

carbon processes?

These research questions shall be addressed by thoroughly interrogating the co-variations
of EC net CO, time series data and concurrent micrometeorological measurements recorded
above canopies following the modelling approach introduced above. As will be seen, the
development and use of such hybrid statistical-mechanistic methodologies allow for a data-
led identification of dominant systematic behaviour at the canopy scale as expressed in EC
observations, whilst appreciating the stochastic nature of the observations. Based on the
gained insights into canopy behaviour, the work sets out to explore simple model structures as

representations of aggregated canopy carbon processes.
L7 Chapter overview

The following work consists of four chapters each of which addresses different aspects of the
overall objective elaborated above. The central product of this thesis forms a semi-parametric
model for net CO, fluxes above canopies that estimates the simultaneous response of the CO,
fluxes to light, temperature and time from EC time series data, making use of
multidimensional cubic splines. Chapters II — IV present different applications of this model

highlighting the insights into this system opened up by such a hybrid modelling approach.

In Chapter II it is shown that this model proves successful when estimating the systematic
behaviour of the canopy net CO, flux even if calibrated against noisy and patchy data where
much of valuable information is corrupted and/or missing. An analysis of the effect of
missing data on the model performance is facilitated by the use of synthetic data produced by
several canopy simulation models. Based on the results, the semi-parametric model is
introduced as a suitable methodology to fill missing information in the underlying

deterministic component of CO; flux time series provided by eddy flux towers.

As will be seen in the course of this work, to faithfully replace missing values in real
observations an additional noise model is required to account for the stochastic component in
EC data. Therefore, Chapter III presents an attempt to characterise this noise in EC data. Here,
the spline model from Chapter Il serves as a means to partition the deterministic part of the
EC data from the stochastic component, hence facilitating their separate analysis. Synthetic
data support the success of this method to reproduce the stochastic behaviour of EC data.
Using a nonparametric method to derive the properties of the noise, the effects of its

propagation through flux integration are assessed within a Monte Carlo simulation
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framework. It is shown how this application augments the value of the observations for

annual carbon sequestration studies.

In Chapter IV, the ability of the spline model to disaggregate the deterministic net CO; flux
into the carbon assimilation and respiration counterparts is assessed. Again, synthetic data is
used to test the performance of the model. Compared to commonly applied parametric
separation methodologies, the proposed scheme performs remarkably well while also
accounting for observation uncertainty and error propagation in flux integrations. It is
demonstrated how these estimates provide scope for the investigation of inter-site

relationships with environmental site conditions.

Finally, Chapter V presents a study on how nonparametric relationships derived directly
from the data can guide to physically meaningful parametric models as an ultimate example
application of hybrid data-led analyses. Here, simple functional relationships are used to
predict daily gross photosynthesis and ecosystem respiration of two deciduous forests by
accounting for nonlinear effects of temperature and time. This chapter can be viewed as an
initial step towards the development of regional models for carbon exchange between a

diverse range of terrestrial ecosystems and the atmosphere.

An overall discussion (Chapter VI) integrates the four individual studies into the context of
the general objective of the work and concludes with suggestions for further research and

potential spin offs from the presented findings.
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Abstract

This paper introduces a method for modelling the deterministic component of eddy
covariance CO; flux time series in order to supplement missing data in these important data
sets. The method is based on combining multi-dimensional semi-parametric spline
interpolation with an assumed but un-stated dependence of net CO; flux on light, temperature
and time. We test the model using a range of synthetic canopy data sets generated using
several canopy simulation models realised for different micrometeorological and vegetation
conditions. The method appears promising for filling large systematic gaps providing the
associated missing data do not over-erode critical information content in the conditioning data

used for the model optimisation.
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II.1 Introduction

Quantitative descriptions for the exchange of energy and mass between the land surface and
the atmosphere rely on the availability of suitable quality data for model identification,
calibration and evaluation. The supply of data from the growing global network of tower
measurements (FLUXNET; Baldocchi ef al. 20015) has become central to this model building
process. The aim of these field campaigns is to provide long-run (multi-year) time series
measurements of surface-atmosphere CO,, H,O and sensible heat fluxes, along with measures
of the associated micrometeorological conditions, at a sampling interval of 30 to 60 minutes.
However, due to a combination of the limitations on the applicability of the measurement
techniques and the robustness of the measurement platforms, data rejection and missing data
are inevitable leading to on average 65-75 percent data coverage across the season (Baldocchi
et al. 2001b; Falge et al. 2001; Law et al. 2002). The resultant gaps in the time series
measurements limit the use of these data in, for example, integrations to give seasonal carbon,

energy and water balances.

To overcome the restrictions imposed by missing data a number of ‘gap-filling’” procedures
have been developed. The term ‘gap-filling’ is somewhat misleading as it implies a temporal
interpolation procedure where the available time series data adequately sample the full range
of behaviour of the system. This is probably true for small, randomly distributed gaps, but is
not necessarily the case for more systematic gaps. The more the missing data are associated
with conditions that are poorly sampled by the available data, the more gap-filling becomes
an extrapolation and the greater the uncertainty will become in the predicted response if it is
based on the available observations alone. Because of this, it is important that there is an
opportunity to include supplementary information to help constrain gap-filled predictions,
particularly in the poorly sampled regions of the data set in question. However, in wanting to
preserve the integrity of these valuable data we are wary about over-imposing our
preconceptions about the underlying behaviour too strongly given the nonstationary and
nonlinear nature of these systems and the uncertainties associated with the eddy covariance
(EC) measurement technique (e.g. Goulden et al. 1996b; Moncrieff et al. 1996; Hollinger &
Richardson 2005).

This paradox is a good example of the environmental modellers dilemma, how to attach
appropriate weights to uncertain observations and prior knowledge about the system when

making predictions. To a certain extent, the range of gap-filling procedures developed to date
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reflects these concerns. This range includes the use of moving averages (Falge et al. 2001;
Reichstein et al. 2005); look-up tables (Falge ef al. 2001; Law et al. 2002; Reichstein et al.
2005); artificial neural networks (Aubinet et al. 2000; Papale & Valentini 2003); multivariate
correlation (Hui et al. 2004); nonlinear regression (Goulden et al. 1996a; Griinwald &
Bernhofer 2000; Falge et al. 2001; Pilegaard et al. 2001; Suyker & Verma 2001), Fourier

regression (Hollinger ef al. 2004) and mechanistic simulation models (Law ef al. 2002).

In what follows we devise a gap-filling scheme that attempts to address the problem of
blending current observations and supplementary information when predicting the
deterministic component of missing data in net CO; flux time series. The starting point for
this approach is to assume light, temperature and time as the dominant driving forces
controlling the net canopy CO, flux (Monteith & Unsworth 1973, 1990; Lloyd & Taylor
1994). The challenge then is to extract the relevant linear or nonlinear relationships between
net CO; flux and each of these drivers, simultaneously, and without having to assume their
parametric form a priori. Here, we achieve this by optimising a three dimensional
hypersurface for net CO, flux within the CO, flux, light, temperature, time space. This
hypersurface is constructed using piece-wise polynomials (cubic splines), hence allowing a
certain degree of control over the rates of change within the hypersurface (i.e. the surface is

smooth) whilst retaining the objectivity of the semi-parametric approach”.

The use of semi-parametric and non-parametric optimisation to model EC data is not new.
For example, Jarvis ef al. (2004) used a sorting and kernel smoothing procedure to identify
the functional form of the seasonal evolution of photosynthetic capacity and bulk respiration
in EC net CO, flux time series. Adopting a hybrid approach, Yi et al. (2004) used a kernel
smoothing technique to estimate the temporal evolution of parameters within a specified light
saturation function in addition to the temperature dependency of bulk respiration. These
methods contrast with the more subjective approach of optimising fixed parametric
relationships based on prior assumed model structures such as light response functions for
photosynthesis (e.g. Goulden et al. 1996a; Aubinet et al. 2000; Falge et al. 2001) or
Arrhenius and Qjy functions for respiration (e.g. Lloyd & Taylor 1994; Griinwald &
Bernhofer 2000; Falge et al. 2001). The semi-parametric estimation in the flux-light-
temperature-time space being advocated in this paper is intermediate between gap-filling

methods based on nonlinear regression of functional relationships (e.g. Griinwald &

3 Here, semi-parametric is used to distinguish cubic splines, which involve an internodal parameterisation of a
cubic polynomial, from kernel smoothing where no such parameterisation is prescribed. For a good introductory
text on this and related issues see Simonoff (1996).
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Bernhofer 2000), and more statistical methods based on covariance analysis such as
multivariate correlation (Hui ez al. 2004). Another way of viewing this work is as an attempt
to optimise a continuous look-up table in the light-temperature-time space, with the cubic
splines acting as the interpolating condition, as opposed to a discrete look-up table derived

from binning data (e.g. Falge et al. 2001).

We assess the performance of this method using various synthetic data sets by introducing
periods of artificial systematic gaps and comparing the results with the simulated fluxes. This
provides a good test for gap-filling procedures because the systematic component of the EC
observations is known perfectly, unlike with real data. As a result, deficiencies in the gap-
filling procedure can be evaluated unambiguously. By comparison, the often significant
uncertainties associated with real EC observations introduce ambiguity over the source of
failure of a scheme and hence whether to reject that scheme or not. This is important in the
context of this work as we will attempt to demonstrate not only the efficacy of the approach
but also its inability to capture the response if excessive extrapolation is required, hence,

exposing the need for additional information.

I1.2 Methods

Nonlinear and non-stationary CO; flux model

We start by assuming that light, temperature and time are the major controlling factors for the
response of the net canopy CO; flux, Fy, to the surrounding environment. Here, the time
dependency of Fy denotes ‘change’ and covers all observed variation not attributable to either
light or temperature. Similarly, the temperature dependency of Fy is an aggregate that does
not differentiate between effects on photosynthesis and respiration. Light, temperature and
time impact on Fy in a manner dependent on a diverse range of physical, biochemical and
physiological processes. These processes may be well characterised at the sub-canopy scale,
but their aggregation to the canopy scale and associated expression within EC measurements
entrains a significant degree of uncertainty (e.g. Baldocchi 1993; Jarvis & Dewar 1993). This
leads to ambiguities when specifying both the structure and parameterisation of relationships
for Fyy that will be in sympathy with a particular data set. Therefore, to specify a model that is
a faithful representation (and hence interpolator) of the relationships between light,
temperature, time and Fy in EC data requires a degree of objectivity when both structuring

and subsequently parameterising the model. Because of this we start by simply assuming
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Fy = f{S,,T,t}+e (II-1)
where S is the incident solar radiation, 7 is temperature and ¢ denotes time and f{S, T, ¢} is
an unknown three dimensional function in Sy, 7 and ¢ which will be obtained by conditioning
the relevant cubic spline hypersurface on the data. Speculating Fiy as a function of Sy is a
convenient way of handling the commonly observed nonlinearity between Sy and Fy within
any particular day (Ruimy et al. 1995; Law et al. 2002). The model error, e, will include the
stochastic behaviour of the system, the uncertainty of the EC observations (Goulden et al.
1996b; Moncrieff et al. 1996, Hollinger & Richardson 2005) and the inadequacy of the model
being applied. The choice of Sy, T and ¢ is not prescriptive and the reader is at liberty to
suggest additional or alternative relationships they deem important in explaining their data,
providing measurements of the relevant drivers are available to identify functionalities when
performing the semi-parametric estimation and that the observations support the estimation of

these relationships. An example response of Fi to Sy, T's and # is shown in Figure I1-17,

Spline estimation of 1S, 7, ¢}

f{So, T, t} is represented using a three dimensional hypersurface of piecewise cubic
polynomials or splines. Piecewise cubic polynomials are popular because they provide a
reasonable compromise between flexibility, smoothness and the number of parameters to be
determined (Press ef al. 1988, 1992). Each dimension in f{So, 7, ¢} is described by an interval
[x; ... x,] and is divided into n-1 subsections resulting in n node locations, each with node
values y; ... y,. For each subinterval [x; ... x;+;], the polynomials P(x;) are estimated as cubic
Hermite interpolating polynomials based on four interpolation conditions (de Boor 1978,

2001),

P(x;) =y, P(x,,)) = Vi

(I1-2)
P'(xi) = dn P'(xm) = di+1

*Ttis interesting to note that the estimate for the Fy, Sy, T, t hypersurface captured by f{So, T, ¢t} would provide
a valuable means of characterising the simultaneous response(s) of Fy to Sy, Ts, ¢ in eco-physiological and
inference based modelling studies.
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Figure II-1: 3D visualisation of the response of F to Sy, Ts and ¢ for the synthetic SPA data set. Fyy is plotted
as grey dots in the Sy-Ts space. The vertical black lines indicate the temporal evolution of the f{Sy,Ts} surface
as estimated in model (1). The remaining grey lines are illustrative interpolations of internodal splines lying
in the hypersurface.

where P'(x;) denotes the first derivative of the interpolant P at x;, and d; denotes the local slope
at x;. Here, we use a shape-preserving interpolation proposed by Fritsch & Carlson (1980)
because it is stiff enough to prevent an overshoot of the cubic polynomials between the nodes
(i.e. they are only continuous up to the first derivative, Mohr 2004). This interpolation
determines the slope at a node as the harmonic mean of the slopes in the two adjacent nodes.
In case of opposite signs of the slope in the adjacent nodes, x; is a discrete local extremum and
hence d; is set to zero. The values of the nodes y; in each relationship are then optimised
against the data through non-linear least squares minimisation of the prediction error model
e=Fy-f{So, T, t} using Levenberg-Marquardt nonlinear least squares optimisation of the
relevant node values y; ... v, at locations [x; ... x,,] simultaneously in all three dimensions (.S,
T and ¢). Note that this optimisation weighs all observations equally and does not account for
factors such as the night-time fluxes being more uncertain when using real data (Goulden et
al. 1996b; Moncrieff et al. 1996). To account for this, prior knowledge of bias and/or

uncertainty would be required, and the observations weighted accordingly.
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Optimising (II-1) for the synthetic data sets used in this study results in residual colour in
e. This is expressed as a small but significant autocorrelation reflecting the spline model’s
inability to reproduce the diurnal variation in the synthetic data that is not related to variations
in Sp or T (i.e. e = e(¢)). This mainly reflects small diurnal hysteretic effects in the simulation
models used. Where appropriate, we address this by estimating an autoregressive model from
e(?) and adding the systematic serial correlation to f{So, 7, ¢}. In addition, the least squares
optimisation used here ideally implies Gaussian residuals, whereas this is seldom the case for
this application. However, any bias this introduces is not important for this application as we

are only interested in fitting and not in interpretation.

The choice of the number of nodes and their allocation will obviously depend on the
properties of the data. One is tempted toward a high node density because, in the extreme, if
there were as many nodes as data points one could have an exact recreation of the available
data. However, although introducing more nodes increases the flexibility of the model, this is
at the cost of the semi-parametric relationships becoming increasingly sensitive to noise,
hence making the predicted fluxes for the gap-filling increasingly uncertain. Therefore, as gap
lengths increase so the node density has to fall in order to ensure nodes within gaps are
constrained by adjacent available data. We use a six by six equidistant node matrix to
represent the F-So-T space when estimating f{So, 7} as this number of nodes (36) proved
sufficient. Only nodes lying within the dynamic range for Sy and 7 are optimised as estimates
outside this range will be associated with no data. Given this range changes through the year
the node allocation in the Fy-So-T space is changed accordingly. The choice of the location of
nodes in time provides an opportunity to the modeller to intervene when accounting for
medium term ‘changes’ in f{Sy, 7}. For example, the occurrence of a known ‘event’ could
merit allocating nodes around this event whereas long periods of inactivity would not.
Therefore, we advocate interrogating the data beforehand and exercising prior judgement

when allocating the number and location of nodes in ¢, particularly in relation to gaps.

It is important to appreciate that the optimisation of the node values and the resulting
hypersurface is carried out against the data sorted with respect to the magnitude of Sp, 7 and ¢.
It is, therefore, the evolution of the sorted Fy giving rise to the shape of the smoothed changes
of the interpolant P in the F-So-7-¢ space and not a direct function of Sy, 7 or ¢ (see Young
2000). Not only does this facilitate the estimation, it also has the additional benefit of

shuffling temporally ordered systematic gaps, making them somewhat more random.
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Evaluation of the gap-filling model

To evaluate the performance of the gap-filling scheme we have elected to use synthetic data
sets where we have full control over the nature of the missing data and the systematic and
stochastic components of the observations. For this test we have simulated the canopy net
CO, flux for four different biomes using three different simulation models. Each data set is
comprised of one year of hourly Fy samples where Fy = Fy; + es, with Fy, being the

deterministic simulation model output and eg a synthetic noise component.

For a temperate coniferous forest under seasonal rainfall biome we have used the Soil-
Plant-Atmosphere (SPA) model of Williams et al. (1996). The meteorological driving
variables are taken from the Metolius FLUXNET site in Oregon (old-young ponderosa pine) for
the year 2000 (Law et al. 2001; Anthoni et al. 2002; see also Williams et al. 2001 for a test of
SPA against ponderosa pine EC data). In addition, soil respiration is described as an
exponential function of soil temperature with a soil moisture dependent activation energy
(Black et al. 1996; Goulden et al. 1996a; Lindroth et al. 1998; Fang & Moncrieff 2001). The
relevant model outputs include Fy; and ‘surface’ temperature, 75 and are shown together with

associated model input data in Figure II-2a.

For a temperate deciduous forest under uniform rainfall we have used the Biosphere
Energy-Transfer and Hydrology model (BETHY, Knorr 2000) applied to the Hainich
FLUXNET site, Germany for the year 2000 (Knohl ef al. 2003; Anthoni et al. 2004; see Knorr
& Kattge 2005 for BETHY parameterisation). The relevant BETHY model inputs and outputs

are shown in Figure I1-2b.

A tropical, high productivity biome and an artic low productivity biome were simulated
using the model described in Leuning ef al. (1995). The meteorological driving variables for
the tropics are taken from the typical meteorological year database (TMY2, 2006) for
Honolulu, Hawaii and the leaf area index (LAI) has been set to 6 m*/m” (Figure II-2c). For the
simulation of an arctic site we reduced the maximum catalytic activity for rubisco and the
temperature maximum of the potential rate of the electron transport (von Caemmerer 2000).

Input variables are taken from the TMY2 database for Yakuta, Alaska, US (Figure 1I-2d).
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Figure II-2. Selected input and output series for the various simulations. a. SPA at the temperate coniferous
forest site with seasonal rainfall. b. BETHY at the temperate deciduous forest site with uniform rainfall. c.
Leuning et al. (1995) model at a high productivity tropical site. d. Leuning et al. (1995) model at a low
productivity artic site. Sp denotes incident radiation, 7, is air temperature, LA/ is the leaf area index, Ts and
T, are surface and soil temperature, respectively. P, is cumulative annual rainfall, D is saturation deficit
and Fy is the synthetic net CO, fluxes above the canopy (model plus noise).
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The stochastic component eg comprise a zero mean white noise series with a standard
deviation of ten percent of Fy; (i.e. constant relative error) to simulate the measurement errors
(Moore 1986; Hollinger & Richardson 2005) and the stochastic nature of the underlying
processes (Wesely & Hart 1985). Similarly, a realistic quantity of constant variance white

noise is added to Sy and T to represent measurement error.

We evaluate the model performance by comparing the final deterministic estimates of Fiy
with f{So, T, t} for the four synthetic data sets, a privilege afforded by using synthetic data.
The analysis will focus on two related aspects, the statistical properties of the error series e =
Fns - f{S0, T, t} and, related to this, a comparison of the cumulative Fy; and f{S, T, ¢} fluxes
across the years. This must be viewed as a particularly harsh evaluation given normally the
model inadequacies exposed in e” would be obscured in the more common analysis of e by

the significant observational uncertainty.

The success of the scheme is tested against a gap-free scenario and a gap scenario for all
four data sets. For the gap scenario we introduce regular, 20 day gaps interspersed by 13 day
data series resulting in 60 percent of the entire data set missing. The choice of a uniform gap
length of 20 days derives from the gap frequency spectrum in Falge et al. (2001) in that this
length had an estimated probability of occurrence of just three percent and gap durations less

than this did not prove very challenging to the estimation.

For an intercomparison of this and other gap-filling methods using measured EC data sets

from a range of FLUXNET sites see Moffat et al. (2006).

I1.3 Results and Discussion

For all eight scenarios ¢ is free from any cross-correlation with 7, but still shows a slight
cross-correlation with Sy highlighting some inadequacies in (II-1). This is not surprising given
the strong autocorrelation of Sy driving the simulation model in conjunction with the
complexity of the simulation model(s) in comparison to (II-1). This does however highlight

some scope for improvement.

Table II-1 shows the estimates of the mean and two standard deviation values of e” derived
from 10° random sub-sample draws for the eight scenarios. For the day-night data e is zero
mean except for the tropical and artic biome 60 percent gap scenarios. For the day data e is
also largely zero mean, whereas the model appears to miss-estimate the night fluxes slightly.
This feature is only exposed when analysing the noise-free response and is probably due to a

bias towards the larger daytime fluxes in the estimation given day and night fluxes are not
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Table II-1: Summary of the model evaluation for the four synthetic data series and two artificial gap scenarios.
The statistical properties (mean and twice the standard deviation) of the deterministic model error e are
calculated from 10° randomly drawn sub-samples of ¢” where a 10 percent sample is drawn each time. Estimates
have been normallsed to the mean Fyy for the sample for comparison and are expressed as percentages For the
gap free scenario e is calculated for all N = 24x365 data, whereas for the 60 percent gap scenario ¢ is only
calculated for the missing data, i.e. N = 0.6 x 24 x 365.

Scenario e* (26,+) [%]

Day Night Day-Night
Temperate, coniferous forest (SPA), all data -1.8 (1.8) -6.4 (1.3) 0.3 (2.7)
Temperate, coniferous forest (SPA), 60% missing 1.9 (5.2) -5.8 (2.6) 5.4 (7.8)
Temperate, decid. forest (BETHY), all data -1.6 (2.4) -4.4(1.4) -0.4 (3.4)
Temperate, decid. forest (BETHY), 60% missing -4.7 (6.3) -1.5(3.5) -5.7(8.7)
Tropical, non-seasonal (Leuning et al. 1995), all data -1.3(2.2) -3.1(0.8) -0.3(3.5)
Tropical, non-seasonal (Leuning et al. 1995), 60% missing 5.4 (6.1) -3.6 (0.7) 10.5 (9.6)
Arctic, low production (Leuning et al. 1995), all data 0.03 (5.6) 2.1 (3.3) -0.6 (7.6)

Arctic, low production (Leuning et al. 1995), 60% missing ~ -17.6 (12.8) 9.1(4.7) -27.2(17.4)

handled separately in the optimisation. Given the uncertainty in real EC flux observations this
bias is not significant (Moffat et al. 2006) but again suggests room for improvement in the

current model.

Figure II-3 shows the cumulative deterministic fluxes. It would be appealing at this stage
to have an estimate for the propagation of parametric uncertainty through the integration.
However, given just one realisation of the spline hypersurface took approximately 7 minutes,
the computing effort had to be directed solely at the optimisation. A Monte Carlo simulation
that adequately sampled the distributions of the 6x6x9 nodes in the hypersurface exceeded the

capacity of the computing resource used in this study”.

> The 3D interpolation was performed using INTERP3 in MATLB v6 running on a 3.8 GHz PC. In addition, the
hypersurface has to be evaluated incrementally due to memory constraints (2 GB RAM).
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Figure I1-3: Cumulative sum of the deterministic simulation data (light grey) and the output of (1). The circles
underneath the graph denote the nodes in ¢. The upper panels show the results estimating (1) from the entire data
series, the bottom panels show the results of the gap scenario (60% of the data missing, gaps indicated by light
grey patches). Cumulative e is shown underneath each panel. a. Results for the temperate coniferous forest
(SPA) b. Results for the temperate deciduous forest (BETHY) c¢. Results for the tropical biome (Leuning et al.
1995) d. Results for the arctic biome (Leuning ef al. 1995).

As can be seen, not surprisingly the optimisation of model (II-1) based on all data results in
no significant bias in the estimate of the cumulative flux on time scales from days to year end
for all four synthetic data sets. In addition, the results in Figure II-3 show that it is not the
amount of missing data that controls the performance of the scheme but instead, it is the

coincidence of gaps with periods that contain important information for constraining the

estimation correctly. For example, the response of ﬁN to (rare) low temperatures in the
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Figure II-4: Differences in the node values (and hence the interpolating polynomials) for the optimised model
(1) using either all data (light grey) or the 60 percent gap scenario (dark grey). The upper series of panels show
the estimated response to light at # = 73 days and 75 = 19.9, 21.4 and 22.9 °C. The bottom series of panels show
the estimated response to time at 75 = 8.1 °C for Sy = 322, 487 and 652 Wm™. The vertical lines denote the
confidence intervals for the estimated parameters. Note that the actual interpolating polynomials will have a
somewhat different shape depending on the nature of the covariation of S, Ts and ¢ in this sector of the
hypersurface.

tropical simulation shown in Figure II-3¢ has been completely removed by the second gap
period resulting in an unconstrained and hence uncertain extrapolation in f{7} (see Figure 11-4

and cv Figure II-2c and II-3c¢).

Figure II-4 shows some example estimated responses of Ia v 1o Sp and £. As can be seen in

the top panels, the significant parametric uncertainty for f{So} decreases rapidly with
increasing temperature and the shape of the estimated relationship converges on its gap-free

counterpart. Similarly, much of the information on the timing of senescence during the short
vegetation period in the artic simulation together with the response of F v to a series of bright

sunny days in late summer has been lost in gap period seven and eight (cv Figure I1-2d and II-
3d). As a result, the model picks up the temporal changes rather poorly, as well as the f{Sy}
being poorly defined for high Sy during this period (Figure II-4, bottom panels). The low
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parametric uncertainty of these estimates probably reflects the fact that this is a (temporal)

interpolation which gives rise to confident, but wrong node value estimates.

By way of contrast, the model performance for the two temperate biomes appears
satisfactory despite 60 percent of the data being missing for the estimation (see Figure II-3a
and b). This is a result of the seasonal distribution of Sy, 7 and phenology being more uniform
(see Figure II-2a and b) and hence the probability of loosing information on these responses
being less than in systems subject to more rapid changes. Therefore, when missing data cover
periods of significant change in boundary conditions then clearly more reliance on additional
information is required. Ideally this would be supplemented by also characterising f{So, 7, t}

on data taken from adjacent years at the same site.

The reader will no doubt want to exercise their own judgment as which drivers to include
when conditioning (II-1) to the observations. For example, we have not considered the effect
of non-seasonal variations in water limitation (e.g. Hanson et al. 1993; Davidson et al. 1998;
Reichstein et al. 2002) in the current analysis. It is important to appreciate however that in
order to account for such effects, one would need a measure of that driver that related directly
to the Fiy observations (i.e. was applicable at the canopy scale). This need not be accurate
measures but only need to reflect changes in the appropriate designated state given these

measures will only be used to sort Fy into the relevant order for the spline estimation.

I1.4 Conclusions

With gap-filling, we are generally in a 'data rich' situation compared to, for example,
extrapolation to ungauged sites. As a result, gap-filling methodologies need to lean more
toward the data, and use supplementary information to constrain the gap-filled predictions
when data coverage in that area of the data space is sparse. Although there is no unique
solution to this problem, we believe that estimating the semi-parametric relationships needed
to reconcile simple model structures to the available data is a suitable hybrid methodology for

achieving this compromise in many situations.

Clearly, the performance of the scheme used here will, in part, depend on the number and
location of nodes. Although one important benefit of using splines is that the coefficients of
the polynomials are determined non-locally (Press et al. 1988, 1992), nodes located in
sparsely sampled areas of the data set/model space will be less constrained by the data whilst
still being potentially important for determining the response. It is, therefore, reasonable to

assume that the node density should reflect the local density of the available data and an
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automated procedure for this is currently being developed and evaluated by the authors.

It is important to underscore the advantages of using synthetic data sets to evaluate gap-
filling procedures. To date, schemes have been exclusively evaluated on real data. However,
the partitioning between the systematic and stochastic properties of real data is not known and
as a result any evaluation is somewhat restricted by the significant uncertainties associated
with EC flux data. In contrast, the components of synthetic data are known perfectly. This
allows for a more comprehensive evaluation as one is in full control over the nature of the
system giving rise to the observations, as well as which observations are missing. The same
can be said for evaluating methods for partitioning fluxes between their photosynthetic and
respiratory components or for exploring the expression of the aggregation of sub-canopy scale

processes in canopy scale observations.

Finally, if we are going to faithfully synthesise missing EC data then it is essential that we
realise both the systematic and the stochastic components when filling gaps. The analysis here
has focused on an assessment only of the noise free response in order to see how successfully
the systematic components could be captured by the proposed method. However, when
integrating fluxes to give estimates of annual sums the uncertainty that results from noise
needs to be computed if inferences on annual sums are to be drawn. This would require the
characterisation of a noise model for EC data. Interestingly, adding an appropriate noise
signal to gap-filled data series appears to have been notably absent from gap-filling strategies
to date and the gap-filled data sets produced as a result must be characterised by highly

truncated noise sequences.
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Abstract

In this paper we use a stochastic model to estimate annual Net Carbon Exchange (NCE) from
eddy covariance data taken from various sites. The stochastic model is comprised of a signal
and a noise component. The signal component is characterized using a semi-parametric model
relating CO; flux to light, temperature and time fitted to the eddy covariance observations.
The noise component is characterized from the resultant model residuals using empirical
cumulative probability distribution. The estimates for NCE are then derived from multiple
runs of the joint signal-noise model within a Monte Carlo framework. This model based
approach to estimating NCE is evaluated using synthetic stochastic data and found to give a
reasonable partitioning of the signal and noise in these data. Building on this, we derive
estimates of NCE from observed annual eddy covariance data sets for various sites. The
distributions of the annual NCE estimates appear relatively Gaussian despite the highly non-
Gaussian nature of the stochastic model giving rise to the estimates. For the six sites analyzed
the noise to signal ratio for the annual NCE estimates exceeded 11 percent only once

highlighting the value of eddy covariance observations for this application.
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IIl.1 Introduction

The land surface plays an important role in determining the fate of carbon in the global carbon
cycle, but our understanding of the functioning of the terrestrial biosphere at this scale is
subject to considerable uncertainty, especially with respect to the impacts of climate change
(Janssens et al. 2003). One attempt to reduce this uncertainty is offered by the growing
network of tower based observations of surface to atmosphere CO, exchange located in a
broad spectrum of biomes (Baldocchi et al. 20015). These eddy covariance measurements, in
conjunction with carbon stock observations, are central to constraining the estimates for
carbon sequestration by terrestrial ecosystems (Steffen et al. 1998; Papale & Valentini 2003).
However, like all environmental time series data, eddy covariance net CO; flux observations
are characterized by significant levels of noise which can impair its use. Therefore, knowing
the makeup of the noise component within eddy covariance CO, flux observations is
important not only for the use of these valuable data for model identification, calibration and
evaluation (Medlyn et al. 2005; Hollinger & Richardson 2005) but, possibly more so, when
integrating these flux data to derive the estimates of the daily, monthly and annual Net Carbon
Exchange (NCE) used in carbon inventory studies. This is because such integrations
necessarily involve the summation of both signal and noise, the latter having profound effects
on the level of cumulative uncertainty attached to the final NCE estimate. Therefore,

quantifying this uncertainty is important if inferences on NCE are to be made.

Noise in eddy covariance CO, flux observations has many sources (Mahrt 1998; Goulden
et al. 1996b; Hollinger & Richardson 2005). Firstly, the observations are of a complex
ensemble of sources and sinks within the canopy whose underlying properties are both
heterogeneous and stochastic (Oren et al. 2006). Secondly, the turbulent exchange that
connects the source-sink footprint region of a tower to the sensing platform on the tower is by
definition stochastic. Thirdly, the ability of the sensing platform to measure this turbulent
exchange is imperfect and subject to measurement error. Fourthly, the data pre-processing
methodology that derives the flux estimates from the relevant measured variables is an
imperfect approximation of the turbulent transfer it seeks to represent and hence is also
subject to uncertainty. Any investigation into the effects of noise on the derivation of NCE
estimates from eddy covariance data relies in part on the characterization of the aggregate

noise.

There are several ways to approach noise characterization. Hollinger et al. (2004) and

Hollinger & Richardson (2005) differenced parallel measurements made by adjacent towers at
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the same site in order to eliminate the systematic component from flux data, assuming this to
be identical in the two time series they analyzed. However, recently Oren ef al. (2006) have
attributed half of the variability in high temporal (half-hourly) resolution EC data to spatial
heterogeneity in a uniform pine forest. This suggests that a significant element of the
systematic signal will be likely to be left in the difference of two adjacent tower measurement
series. Hollinger & Richardson (2005) and Richardson ef al. (2006) differenced successive
draws of flux observations collected under similar conditions at the same tower at the same
times of the day, again as an attempt to eliminate the systematic signal leaving the noise.
However, to get a large enough pool of data in each similar condition bin required quite
coarse grouping of data which inevitably involved inclusion of signal in the noise estimates
whilst also limiting the number of random draws possible before significant repeat draws
were encountered. For both of these purely data based methods the resulting noise series were
found to be heteroskedastic with a variance being dependent on wind speed and the
magnitude of the CO, flux itself, in line with the theoretical predictions of Lenschow et al.
(1994), Mann & Lenschow (1994) and Finkelstein & Sims (2001). Based on these findings,
Hollinger & Richardson (2005) and Richardson et al. (2006) approximated a parametric
double exponential distribution for the noise probability density, although it was unclear from
these studies to what extent the data were distributed in this way once the flux dependent

variance had been accounted for.

Apart from the study by Hagen et al. (2006) who used binned model residuals as a pool
from which they derived the uncertainties associated with their gap-filled estimates, it appears
that model-based noise characterization has been somewhat overlooked. The reason for this is
that the results are likely to be model dependent and hence biased by the choice of the model
(Richardson & Hollinger 2005). However, such an approach has been used in related areas
such as hydrology (e.g., Sorooshian & Dracup 1980) and climatology (e.g., Grieser &
Schonwiese 2001). If found to be robust, this approach could offer certain advantages. Firstly,
it is not limited to sites where replicate tower observations have been made. Secondly, it does
not rely on coarse grouping of observations with particular sets of boundary conditions but
instead yields an estimate of the error for each observation. Thirdly, it is also important to
appreciate that, at some stage in the derivation of NCE estimates from eddy covariance
observations, use has to be made of some kind of model to fill the inevitable missing data
gaps. Given this requirement, it appears sensible to postulate the need for sympathy between
supplementing these missing data using a model in the derivation of the NCE estimates and

their uncertainties i.e. NCE estimation is necessarily a model-data fusion exercise (Williams
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et al. 2005; Gove & Hollinger 2006).

In what follows we fit a semi-parametric model to eddy covariance data to approximate the
deterministic signal component. We then use the resultant model residuals to characterize the
noise and hence derive a stochastic CO, flux model for the data set. To evaluate this approach
we make use of a suitable synthetic data set (Stauch & Jarvis 2006) where the signal and
noise characteristics are fully known beforehand. Having evaluated this method we then apply
it to six real data sets covering various different biomes and climate regimes in order to give

NCE estimates with uncertainty for these systems.

II1.2 Methods

Half hourly eddy covariance observations of net CO, flux, y(f), are comprised of a signal, x(z),
and some noise, n(?), i.e. y(¢) = x(¢) + n(t) . The aim is to first obtain an estimate of n(¢) using
the observations y(¢) and a model for x(¢) and then characterize n(¢) in the form of a suitable
stochastic model. This allows us to produce multiple realizations of these two models in order

to derive an ensemble estimate of annual NCE where the i’th annual estimate is given by

NCE(i) = ﬁ: &(t,0)+At,0)}. (111-1)

Signal characterisation

The model we apply for the signal x(7) is a three-dimensional spline model used to describe
the relationships between x(7) and light, 7, temperature, 7, and time, ¢ (Stauch & Jarvis 2006).
All that is assumed about these relationships is that they are relatively smooth. The forms of
these relationships are described by semi-parametric Hermite splines whose shape in relation
to 7, T and ¢ is conditioned through optimizing the model output x(¢) against the observations
y(f) through adjusting the spline node values within a four dimensional hypersurface. This
optimization involves minimizing the model prediction error e(t) = y(¢) — x(¢) using weighted
least squares in order to account for any potential heteroskedacity of n(z) (Hollinger et al.
2004; Hollinger & Richardson 2005; Medlyn et al. 2005; Richardson et al. 2006). Here, we
apply an iterative optimization procedure that converges on weights which are the estimated

flux dependent variance of the residuals. Providing x(z) = x(¢) then e(f) = n(f) and the

characterization of the model for n(¢) can be based on e(f) post optimization. This approach

will be tested using the synthetic data where n(¢) is known.

The dependency of y(¢) on I, T and ¢ is simply obtained by sorting y(f) with respect to the
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magnitude of these three factors. Therefore, it is only the sorted indexing of I, T and ¢ that is
being used when fitting the spline hypersurface to y(¢) (Young 2000; Jarvis et al, 2004; Stauch
& Jarvis 2006). As a result, the spline hypersurface is analogous to a lookup table linking y(7)
to individual values of /, T and ¢ (Stauch & Jarvis 2006). As a result, this approach has
parallels with the data-based differencing approach to this application advocated by Hollinger
& Richardson (2005) and Richardson et al. (2006). However, because the spline hypersurface
is continuous, there is no course grouping of ‘like’ data into discrete bins, thereby avoiding

the sampling issues this causes, but at the cost of having to employ a model.

Noise characterisation

In order to simulate n(¢) and hence estimate the uncertainty in NCE we need to generalize its
characteristics in the form of an appropriate stochastic model. Given the observations of
Hollinger & Richardson (2005) that the probability density of n(¢) is likely to be non-
stationary, this stochastic model needs to account for this type of behaviour. To do this in as
an objective a fashion as possible we have elected to use a nonparametric statistical model (as

opposed to a parametric statistical model) in order to avoid model structure biases.

Because Hollinger & Richardson (2004) identified the dominance of the effects of x(#) on
the variance of n(¢) our analysis will focus on this effect, although this assumption is not a
restriction of the methodology and needs to be evaluated for each annual data set. Having
derived the optimal estimates for e(f) and assuming e(¢) = n(t), e(t) is sorted with respect to the

magnitude of x(¢) . Then discrete local estimates of the non-parametric cumulative probability
of e(x(¢)) in the neighbourhood of differing levels of x(z) are derived using the numerical

method of Weibull (1939) and Kaplan & Meier (1958). For the synthetic data, a square data

window of the width of 0.6 pmol m™s™ within £(#) was used to sub-sample e(%(7)) . The step

size for this moving window was 0.06 pmol m™?s™ since this was found to give robust
estimates of the local cumulative probability distribution, although this should be evaluated
for individual data sets especially in relation to the distribution of missing data. An
approximation of the equivalent continuous cumulative probability is obtained by linear
interpolation of the local discrete cumulative probability. Having estimated the local
continuous cumulative probability distributions we are then able to draw our stochastic

estimate of72(x(¢z)) from this distribution. An illustration of this stochastic model is shown in

Figure III-1 for an example window of -0.75<x <-0.15.
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Figure III-1: An example cumulative probability distribution for the model error e(f) in the range of X() of -

0.75 to -0.15 (grey dots). The solid line is the linearly interpolated continuous spline which is used for further
random draws from this distribution.

NCE estimates

Having characterized x(¢) and n(f) we are now in a position to produce annual time series
which can be integrated to give daily, monthly or annual NCE estimates with their associated
uncertainties using (III-1). Obviously one annual realization of x(¢) and n(f) will only result in
one estimate of NCE. Therefore we need multiple realizations of x(#) and n(¢) within say, a
Monte Carlo (MC) framework, in order to construct the distribution for the NCE estimates.
This MC simulation needs to account for both the stochastic model for n(¢) derived from the
noise characterization and also the uncertainty associated with the optimized node values in
the model for x(7) as reflected in the node value parameter covariance matrix derived from the

weighted nonlinear least-squares optimization.

For each MC run, x(¢)is predicted using /(¢), 7(f) and ¢ and the associated parameter
covariance matrix for the spline node values. x(¢)is then used to determine which cumulative

probability distribution to use when drawing values for n(¢). The i’th estimate of annual NCE

using half hourly sampled data is then given by (III-1).

Note the observations y(f) are only used to condition the models for x(¢) and n(¢) and play
no further role in the estimation of NCE after this. This is because we need multiple
realizations as opposed to the single realization offered by (7). In this study we used 10° MC
realizations because it was found that beyond this further MC realizations did not have a

significant impact on the final distribution of the annual NCE estimates.



III. Characterisation of Uncertainties in Net CO, Flux Observations 37

1000 F ]
800
T 600
- £
= 400
200
=9
-10
10
8
w6
T4
> £
=z 2
@)
£ of
.
-4
4
‘T||_|
w2
¢
c & O
©
e -2
=
_4— -
0 50 100 150 200 250 300 350

t[d]

Figure I11-2: The synthetic data used in the evaluation exercise. The relevant SPA model inputs are incident
radiation, / (a.) and surface temperature, 7 (b.) and output net CO2 flux output y(t) is shown in c.. The simulated
measurement error series #(f) is shown in d. Positive fluxes for / and y(#) denote mass or energy transfer from the
atmosphere to the canopy.
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Evaluation using synthetic and real data

Our synthetic evaluation data set is generated by the soil-plant-atmosphere (SPA) model
(Williams ef al. 1996) calibrated for the Metolius FLUXNET site in Oregon (Ponderosa pine)
for the year 2000 (Law et al. 2001; Anthoni ef al. 2002; see also Williams et al. 2001 for a
test of SPA against ponderosa pine EC data). Following the analysis of Richardson et al.
(2006), we elect to simulate n(¢) as a normally distributed random variable with a variance of
0.2x(¢) and 0.05u(r) where u(¢) is wind speed. Similarly, a white noise series with a constant
variance of two and five percent of the annual mean of /(r) and 7(¢) are added to these two
input series to simulate measurement error. The input and output data used for the
optimization of the model for x(¢) are shown in Figure III-2. For reference, Stauch & Jarvis
(2006) have demonstrated the performance of this three dimensional spline model for several

sample synthetic data sets. In that analysis they focused on an evaluation ofx(z). Here, the

evaluation will focus on the success of the noise characterization, which is in effect the other

side of the same coin.

Clearly, the aim of the methodology is to estimate NCE from real flux data. Therefore we
have chosen six different sites, i.e. four forests, a grassland and a crop site, to demonstrate the
application on (see Table III-1 for a summary). The Hainich site in Germany (Knohl et al.
2003; Anthoni et al. 2004) is a deciduous forest with beech as the dominant species in a
temperate continental climate with a mean annual air temperature of 6.8 °C and an average
annual precipitation of 775 mm. The Hesse site in France (Granier et al. 2000) is a young
beech forest in a temperate oceanic climate with a mean annual air temperature of 9.9 °C and
an average annual precipitation of 975 mm. The Puechabon site in France (Rambal et al.
2003) is an evergreen oak forest in a Mediterranean climate with a mean annual air
temperature of 13.5 °C and an average annual precipitation of 872 mm. The Yatir site in Israel
(Griinzweig et al. 2003) is a pine forest in a semi arid climate with a mean annual air
temperature of 18.2 °C and an average annual precipitation of 280 mm. The Shidler site in
Oklahoma, USA (Suyker & Verma 2001; Suyker ef al. 2003) is a (C4) grassland prairie in a
temperate continental climate with a mean annual air temperature of 15.4 °C and an average
annual precipitation of 835 mm. Finally, the Bondville site in Illinois, USA (Meyers &
Hollinger 2004; Hollinger et al. 2005) is a crop land with maize and soybean in rotation in a
temperate continental climate with a mean annual air temperature of 11.2 °C and an average

annual precipitation of 990 mm. The selected year 1997 is under maize.
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Table III-1: Fluxnet sites used in this analysis with their site specific vegetation cover and climate conditions.

Site (year) Vegetation cover Climate References
Hainich, Germany beech forest temperate, Anthoni et al. (2004); Knohl et
(2001) continental al. (2003)

Hesse, France . .

(2001) young beech forest  temperate, oceanic Granier et al. (2000)

fzu Oegél)a bon, France oak forest Mediterranean Rambal et al. (2003)
é&(l)t(l)r;orest, Isracl pine forest semi arid Grunzweig et al. (2003)
Shidler, Oklahoma rassland prairie temperate, Suyker & Verma (2001);
(1999) & P continental Suyker et al. (2003)
Bondville, Illinois agriculture (corn) temperate, Meyers & Hollinger (2004);
(1999) & continental Hollinger et al. (2005)

II1.3 Results and Discussion

Optimizing the spline model x(¢) against the synthetic SPA output y(¢) captures 98 percent of
the variance in the SPA signal x(¢) (see also Stauch & Jarvis 2006). A comparison of the
properties of the model residual series e(¢) with the synthetic noise n(?) is given in Figures III-
3 and III-4. The grouped probability distribution for e(¢) and n(¢) are shown in Figure III-3a.
Note how the non-stationary variance for the underlying Gaussian distribution results in the
elevated tails for the grouped distribution and hence the appearance of a double exponential
type distribution (Hollinger & Richardson 2005). Figure III-3b shows how accounting for the
flux dependency of the variance transposes back to quasi-Gaussian distributions whose

properties vary as a function of X(¢) as expected. Figure I1I-4 reveals e(¢) and n(f) have similar
properties in terms of mean and standard deviation for any given level of x(¢) other than for
values of x(¢) close to zero (see also Figure I1I-3b). This reflects a small bias in x(¢) resulting
from an inadequate description of diurnal non-stationarity in the light response characteristics
of SPA indicating the need for some increased flexibility in the spline model for x(¢) . It must
be stressed however that this effect is small and has little impact on the final NCE estimates

(see below).
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Figure III-3: a. The en bloc probability distributions for n(¢) (light grey) and the model error proxy e(f) (dark
grey). b. The probability distributions for n(f) (light grey) and the model error proxy e(f) (dark grey) for three

different ranges of X (7), [-2.3 -1.7], [-0.3 0.3] and [4.9 5.5] pmol m? s™".

From Figures I1I-3 and III-4 we see that the variance of e(¢) slightly overestimates the
variance of n(f) over a range of values forx(¢). This is not surprising given the modelled
uncertainties reflect a complex combination of the effects of the input noise processed
through the spline model, the parametric uncertainty inherent inx(¢) as well as any structural
error in the spline model. Also, the small effects of wind speed on 7n(¢) is not accounted for in
the current noise characterization. However, the relatively close correspondence between the

stochastic properties e(f) and n(¢) in Figures III-3 and I11-4 suggest that the characterization of
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Figure III-4: Mean (a.) and standard deviation (b.) of n(f) (light grey) and e(f) (dark grey) as a function
of X(¢) for the synthetic SPA evaluation. Shown are the 95 percent confidence bounds derived from sub-

sampling data with replacement (bootstrapping). A window width of 0.6 pmol m™ s was used here, moved at
increments of 0.06 pmol m™ s in X () (see Methods).

n(t) based on e(?) is valid providing it is acknowledged that this is likely to yield a slight
overestimate of the uncertainty in the associated NCE estimates. This is shown in Figure III-5
which compares the 95 percentile NCE envelopes for the true and estimated cases. Note how
the estimated envelope embraces the true envelope highlighting the lack of significant bias
despite the slight overestimation of x(¢) for fluxes in and around zero. Note also how the NCE
envelope grows slightly faster in the estimated case because of the slight overestimation of
noise variance as discussed above. The small inset figure in Figure III-5 compares the year
end NCE distributions again mirroring the various effects of the model based noise
characterization discussed above. The range of accumulated carbon over the year is estimated

to be 201.7 — 211.8 gC m™ compared to the simulated range of 205.6 — 212.8 gC m™.

Figure I1I-6 shows the characterization of n(f) from e(#) for our six selected measurement
sites. The mean is mostly insignificantly different to zero at all sites. Significant deviations
from zero are found for low and high positive levels of x (cv Figure I1I-6 b, e, f) indicating

that the pattern of model bias is not systematic across sites. The variance increases with the
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Figure III-5: Cumulative NCE with 95 percent confidence bounds for the synthetic SPA data (dark grey) and
the stochastic model estimate of this (light grey). The inset panel shows the year end distributions for these two.

magnitude of % for all sites as expected’. As an aside, one would expect a higher relative
uncertainty associated with nighttime eddy covariance observations due to low turbulence
conditions (Richardson et al. 2006) or spatial heterogeneity (Oren et al. 2006), but this does

not appear to be born out in the noise characteristics shown in Figure I11-6.

The propagation of the estimated uncertainty into the NCE estimates and the year end NCE
distribution for each site are shown in Figure III-7 and their 95 percent confidence intervals
are given in Table III-2. Not surprisingly, the width of the confidence intervals is different for
each site highlighting the site-specific nature of the noise pattern not least due to the differing
distribution and magnitude of x(¢) across the year. Also shown in Figure III-7 is the single

realization summation of a gap-filled observation series at each site for reference.

S Itis interesting to note that the differences in the variances of e(¢) at different sites might give a valuable insight into the
influence of site specific characteristics such as surface roughness, wind patterns, topography and spatial heterogeneity on
flux uncertainties.
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Figure II1-6: Same as Figure I11-4 for the selected real data examples. a. Hainich, Germany; b. Hesse, France; ¢
Puechabon, France; d. Yatir Forest, Israel; e. Shidler, OK; f. Bonduville, IL.

Table III-2 additionally lists NCE values published by the principle investigators at each
site. Not surprisingly, most NCE estimates lie within the ranges calculated in this study
provided the estimates are based on EC data from the same year. Note that, unlike the other
estimates the NCE estimates for the Puechabon site are based on measurements of the radial

growth increments and allometric relationships (Rambal, personal comm.).
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Table III-2: Estimated annual NCE range expressed as the 95 percent confidence intervals compared to
previously published NCE estimates at these sites. The relative uncertainty is given by the ratio of the
cumulative noise to signal at year end.

Published annual NCE Estimated annual NCE  Rel. uncertainty

Site (year) [gC m?] [gC m?) [%]
Hainich, Germany 490 (2001) [506 535] 5.6
(2001) [Knohl et al 2003] '
Hesse, France 68 (1998); 296 (1999) [543 592] 8.6
(2001) [Granier et al. 2002] .
Puechabon, France 280 (2000-2002) [327 353] 7.8
(2002) [Rambal, unpublished data] '
Yatir Forest, Israel ~ 130-240 (10/2000-09/2001) (160 178] 11.0
(2002) [Griinzweig et al. 2003] '
Shidler, Oklahoma 124 (04/1999-03/2000) (17 142] 193
(1999) [Suyker et al. 2003] '
Bondville, Illinois 532 (1997) (502 544] 8.0
(1997) [Hollinger et al. 2005] .

Clearly, the range of the uncertainty at the end of the flux summation period will heavily
depend on the length of time the summation is performed over, but for the annual NCE
estimates considered here it is interesting to see that, using the data as given, these estimates
are relatively well defined highlighting the value of eddy covariance data for this application.
This is especially true if we consider that the estimated distributions for NCE we have derived
are likely to be more uncertain than in reality given the effects of parametric uncertainty and
model input uncertainty associated with the observations of / and 7. The maximum noise to
signal ratio for the annual forest NCE estimates was just 11.0 percent for the Yatir site and

19.3 percent for the grassland site (see Table II1-2).
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Figure III-7: Same as Figure I1I-5 for the selected real data examples. a. Hainich, Germany; b. Hesse, France; c.
Puechabon, France; d. Yatir Forest, Israel; e. Shidler, OK; f. Bondville, IL. The solid black line in each case is
constructed using a combination of the available data where possible in addition to one realization of the
stochastic model for the gap-filling where required.

II1.4 Conclusions

Eddy covariance flux time series contain a significant stochastic component which we have
referred to as noise. Therefore, even in the absence of missing data, an observed annual flux
data set reflects just one realization of the underlying stochastic process leading to just one
estimate of annual NCE with no information on the uncertainty of this estimate. However, this
data set can be used to characterize the signal and noise components giving rise to these
observations, leading to the generation of the multiple realizations required to construct the

distribution of annual NCE estimates needed to draw inference for carbon inventory studies.
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In this study we have used a data led modelling approach to do this characterization and
subsequent estimation in an attempt to minimize model structure biases. However, we have
seen that because of model error and input uncertainties it is impossible to exactly recreate the
noise component in the observations given the input uncertainties will always be processed
through the core model in a complex way. The only alternative would be to attempt to
minimize input uncertainties in some way (e.g., Kavetski et al. 2002). However, for the
synthetic case we considered here it appears these distortions are not sufficient to abandon
this methodology. Indeed, we would argue that, because of the need to assume a model to
supplement missing data in the first place, a stochastic model based approach such as this is a

logical step when extracting NCE estimates from eddy covariance flux observations.

Finally, the value of the evaluation based on synthetic data is again born out here (Stauch
& Jarvis 2006) and we would argue that such evaluations should become commonplace in

order to demonstrate the efficacy of model-data fusion exercises in this area.
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IV. Objective Disaggregation of Eddy Covariance
Observations to Infer Annual Carbon Uptake and

Release

V.1 Introduction

Understanding the fate of carbon in the terrestrial biosphere is important when speculating on
regional carbon inventories within say the context of the Kyoto protocol (Steffen ef al. 1998).
Regional estimates of the net carbon balance in terrestrial ecosystems can help when
identifying the potential carbon sink strength and its role in compensating for anthropogenic
carbon emissions. At present, carbon accounting methods are based on national carbon stock
estimates along with remote sensing information on changes in vegetation cover and land use
(Steffen et al. 1998). The resulting estimates are prone to considerable uncertainty and an
independent standard evaluation method is required, in particular when the objective is to
establish a reliable carbon trading system (Schulze et al. 2002). The eddy covariance (EC)
technique delivers (near) continuous observations of the net carbon exchange between the
atmosphere and the land surface at the canopy scale. Given the global distribution of EC
measurement sites organised under the umbrella FLUXNET, these data can contribute
substantially when evaluating satellite-based estimates for the terrestrial net carbon exchange,
hence reducing the uncertainties therein (e.g., Hutley et al. 2005; Friend et al. 2006). In
addition, these multi-year time series provide a valuable data source to enhance the
understanding of the underlying dominant physical processes at the canopy level. This aids
the development of more faithful means for extrapolating to ungauged sites and/or changes in

conditions at gauged sites.
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The net carbon balance is composed by carbon uptake via photosynthesis and carbon
release due to plant and soil respiration’. Each component responds differently to variations in
environmental drivers. Prediction relies on characterising these dependencies. Although
satellite data provide information on photosynthetic activity (e.g., Running et al. 1999), global
estimates for the respiratory activity have to rely either on the extrapolation of local soil
carbon inventories and/or on predictions from carbon exchange models (Steffen et al. 1998).
The advent of the EC method has provided a direct measure of the net CO, flux above
canopies, Fy. Therefore, provided a suitable disaggregation methodology is available, these
data can help to derive scale consistent estimates for canopy carbon assimilation, F and

ecosystem respiration, Fi.

Apart from some studies that used additional field observations (e.g., Baldocchi et al.
1987; Williams et al. 1997), most studies have derived partitioned estimates of the two
components within EC CO, flux data by making use of models. Most commonly, a
temperature dependent respiration model is fitted to nighttime EC data to extract Fy (e.g.,
Goulden et al. 1996a; Falge et al. 2002; Morgenstern et al. 2004). Other studies have applied
nonlinear regression of different functional forms for the light response of Fy (e.g., Ruimy et
al. 1995; Gilmanov et al. 2003). Some applications address the change of these relationships
over the season by temporally binning the data (e.g., Falge et al. 2002) or by explicitly
estimating the temporal evolution of selected fitting parameters (Y1 et al. 2004; Reichstein et
al. 2005). Recently, Hagen et al. (2006) pointed to the importance of explicitly addressing

observation noise and parametric uncertainty when inferring flux components from EC data.

Interestingly, a comprehensive evaluation of the success of these partitioning methods has
been notably absent from any analysis, due to the limited availability of suitable observations.
An initial attempt to relate the estimated ecosystem respiration to chamber measurements of
soil respiration was presented in Reichstein et al. (2005) but suffered from the scale mismatch
of the two observation techniques. Unless reliable scale consistent observations become
available, the use of canopy simulation data for model testing appears the only alternative to

gain confidence in flux partitioning schemes (Chapter II, III).

In the following, Fiy observations are disaggregated by making use of a semi-parametric
hypersurface model for Fy as introduced in Chapter II. For this, F is derived from the light

independent signal in the hypersurface. This approach does not rely on prior functional

7 apart from additional non-respiratory losses, e.g., from fire, harvest or transport of dissolved organic carbon
into groundwater.
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assumptions about the underlying carbon exchange processes and explicitly accounts for
continuous seasonality of carbon assimilation and respiration in an ecosystem. First, the
performance of the semi-parametric model to disaggregate Fy is evaluated by using synthetic
EC data derived from several deterministic, process based canopy exchange models.
Following on from this, the hypersurface based estimates of Fi and Fs along with their
associated uncertainties are used to calculate annual carbon uptake and release for eight
FLUXNET sites in order to study their relative contributions to the net carbon budget at these

sites.

1V.2 Methods and Material

Disaggregation of Fy into carbon assimilation and respiration

Owing to a range of different error sources, EC data are uncertain (e.g., Mahrt 1998) and
therefore, we need a model to first determine the systematic signal of the net CO, flux
measurements prior to any further decomposition. Here, the semi-parametric spline model (in
the following referred to as the spline model) introduced in Chapter II is used to characterise
the relevant response hypersurface and to derive a stochastic model for the EC data set in
question (Chapter II). The resulting hypersurface describes the simultaneous response of Fy to
the major environmental drivers, light, /, temperature, 7, and time, ¢. The shape of the four-
dimensional hypersurface is conditioned directly from the data by estimating the values of
nodes for cubic splines within a weighted least-squares optimisation procedure. As a result,
any environmental condition described by /; and 7; at a particular point in time of the i’th year
can be assigned a value provided this combination lies within the boundary of the
interpolating hypersurface, i.e. within the range of observations used for the optimisation (see

Chapter II).

Given that photosynthesis does not operate in the absence of light, ecosystem respiration
can be characterised from the estimated hypersurface for / = 0. The resulting respiration
component, Fy is therefore a two-dimensional function of temperature and time, the form of
which is determined by the entire set of data as opposed to the derivation of Fr from
nighttime observations alone (e.g., Goulden et al. 1996a). The estimated Fy time series is
deduced from the two-dimensional interpolated surface conditioned on the temperature range
recorded over the year. F is then calculated as the difference between the estimated Fiy flux

derived from the hypersurface and the simulated Fg, i.e.,
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Fy=f{T,Li}+e, =Fy+e, ,
=T 1 (IV-1)
ﬁG :ﬁN _ﬁR’

where e, is the spline model residual series and the hats denote the spline model estimates

for the different carbon flux components. Here, a positive sign denotes a carbon flux into the
ecosystem and a negative sign indicates carbon loss to the atmosphere. Note, that the
disaggregation in (IV-1) is based on the model results alone after having constrained the
hypersurface for Fy with the data. Therefore, provided the signal extraction with the spline
model was successful, observation noise should not obscure the derivation of F and F. The
stochastic integration to annual estimates for carbon uptake, ACU and release, ACR result
instead from a noise characterisation based on the Fy observations following the method
proposed in Chapter III. A nested Monte Carlo simulation framework (N = 10°) accounts for
both, the parametric uncertainty derived from the optimisation of the hypersurface and the
multiple realisation of the characterised noise for the corresponding Fy observation (cv

equation III-1),

ACU (i) = ﬁ:{ﬁc(tai) + ﬁFN (t’i)}

t

' (IV-2)
ACR(i) ==Y’ {ﬁR () +7,, (t,i)}

where 7, denotes the estimate for the observation noise as derived from the model residuals
e, (see Chapter III). Here, the same uncertainty for both components as characterised for the

corresponding Fy value is assumed, thereby doubling the overall variance of the noise
distribution in the sum. One could argue that the observation noise should be partitioned in
some way between the two components, for example according to their relative magnitudes
(see Figure IlI-4). However, this approach requires assumptions on the stationarity of the
relationship between the variance of the uncertainty and the magnitude of Fy and its
transferability to g and F. Clearly, this ambiguity suggests scope for further investigation

and it is currently being subject of further research.
Evaluation with synthetic data and application to FLUXNET sites

To test the performance of this disaggregation method, synthetic data sets of Fiy produced by

three different canopy exchange simulation models for four different vegetation and climate
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Figure IV-1: Simulated carbon exchange flux components at four sites with different vegetation and climate
conditions. Fly is the net CO, flux, F is the gross carbon uptake and F; is ecosystem respiration. a. SPA model
simulations for a temperate coniferous forest site in Oregon, USA. b. BETHY model simulations for a temperate
deciduous forest site in Hainich, Germany. ¢. Model simulations after Leuning et al. (1995) for a hypothetical
tropical forest. d. Model simulations after Leuning et al. (1995) for a hypothetical low productive arctic
ecosystem.

conditions are used (see Chapter III). This way, the estimates for /¢ and F can be evaluated
unambiguously against the known deterministic components from the simulation model
outputs. Figure IV-1 shows Fy, Fg and Fy for one simulation year for (a) a coniferous pine
forest in Oregon produced by the soil plant atmosphere model (SPA; Williams et al. 1996);
(b) a deciduous forest in Germany produced by the biosphere energy transfer and hydrology
model (BETHY; Knorr & Kattge 2005); (c) a low production arctic site produced by the
model in Leuning et al. (1995); and (d) a high production tropic site produced by the model in
Leuning et al. (1995). The sites and data sets are described in more detail in Chapter II and

the references therein.

The performance of the decomposition is evaluated by means of the correlation coefficient,
r, as a measure for how well the variations in the true fluxes are captured. Also, the

cumulative error for the entire year relative to the annual fluxes is calculated to test for the
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Table I'V-1: FLUXNET sites used in this analysis with their site specific vegetation cover and climate conditions.
Tannuar and Py are mean annual air temperature and mean annual precipitation, respectively.

Site (year) Vegetation Tannua [°C] Pannuar [mm] References
Hainich (HA), Germany Knohl et al. (2003); Anthoni
(2001) beech forest 6.8 775 et al. (2004)

Hesse (HE), France young beech .

(2001) forest 9.9 975 Granier et al. (2000)
Puechabon (PU), France oak forest 13.5 872 Rambal et al. (2003)
(2002)

Yatir Forest (YA), Isracl pine forest 18.2 280 Grunzweig et al. (2003)
(2002)

Howland Forest (HO), .

ME (2000) spruce forest 6.6 1040 Hollinger et al. (2004)
University of Michigan mixed

Biological Station (UM), hardwood 6.2 750 Schmid et al. (2003)

MI (2001) forest

Shidler (SH), Oklahoma grassland 15.4 835 Suyker & Verma (2001);
(1999) prairie ’ Suyker et al. (2003)
Bondville (BV), Illinois agriculture 112 990 Meyers & Hollinger (2004);
(1997) (corn) ’ Hollinger et al. (2005)

models’ ability to identify the magnitudes of the two individual components from the net flux.
For comparison, these measures are determined for three alternative partitioning
methodologies commonly used in ecosystem studies based on EC data. The first two methods
assume that ecosystem respiration responds as a parametric function of temperature
(following either Lloyd & Taylor 1994: Falge et al. 2002, or Morgenstern ef al. 2004). These
functions are optimised against nighttime EC data for the entire year. To simulate the Fx
series, this relationship is extrapolated to the range of temperatures occurring during the day.
F; is then calculated from the difference between the measured Fy flux and the estimated Fj
series. A third method estimates canopy photosynthesis from a nonlinear regression of Fiy
against photosynthetically active radiation (PAR) and a constant respiration term (Ruimy et
al. 1995). This function is fitted to data periods of 3 days to account for change in the
relationship and the respiration (Gilmanov et al. 2003). For a more comprehensive
intercomparison of current flux partitioning schemes the reader is referred to Moffat et al.

(2006).

Obviously, the ultimate objective of this disaggregation technique is to deliver reliable

estimates for carbon accumulation and respiration fluxes derived from real observations.
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Figure IV-2: Real data examples for a. Howland Forest and b. Shidler. / is the incident radiation, T is the soil
temperature, Fy is the net CO2 flux measured by the EC system, and F; and F are the estimated carbon
accumulation and respiration flux components using the semi-parametric model.

Eight different FLUXNET sites, six forests, a grassland and a crop site are chosen to apply the

disaggregation method to. This must be seen as a rather provisional representation in

attempting to cover a diverse range of biomes and climate conditions varying from 280 to

1040 mm annual precipitation and from 6.2 to 18.2 °C annual average temperature. Table V-

1 summarises the site characteristics and climate conditions for the considered measurement

sites along with references for detailed descriptions. Figure IV-2 shows /, Ts and Fy for the

Howland Forest site in the year 2000 and the Shidler site in the year 1999 as examples.

1V.3 Results and Discussion

Model performance

The correlation coefficients (») for the two flux components Fz and Fi for the different

synthetic data sets are given in Table IV-2. These results suggest that the spline model

consistently performs well and outperforms the other three flux partitioning methodologies.
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Table IV-2: Correlation coefficients, r for the two estimated true components F; and Fy for the different data
sets and methods. Splines as the method introduced here, L-T denotes the respiration model after Lloyd & Taylor
(1994), Q10 denotes the respiration model with a Qo function, and RH is the model for the assimilation with a
rectangular hyperbola.

SPA BETHY Leuning tropic Leuning arctic

r {Fg} r {Fr} r {Fg} r {Fr} r {Fg} r {Fr} ¥ {Fg} r {Fr}

Splines 0.99 0.97 0.99 0.94 0.99 0.99 0.95 0.98
L-T 0.97 0.91 0.99 0.86 0.99 0.98 0.99 1.0
Q10 0.98 0.90 0.99 0.91 0.99 0.66 0.99 0.88
RH 0.99 0.77 0.99 0.73 0.99 0.54 0.96 0.35

Table IV-3: Relative cumulative error, e for the two estimated true components F; and Fy for the different
data sets and methods. The model notation is the same as in Table IV-1.

SPA BETHY Leuning tropic Leuning arctic

Yepg [%] Zerg [%] Xepg [%] Zerg [%] Yepg [%] Zerg [%] Yepg [%] Zerg [%]

Splines 4.7 7.8 34 4.9 1.3 1.9 1.3 8.5
L-T 6.4 10.85 4.6 6.9 1.2 1.8 2.5 39
Q10 -8.5 -15.3 1.5 2.1 -10.4 -14.3 -3.4 -5.3
RH 43 7.2 2.0 29 0.5 0.8 8.2 12.9

Table V-3 shows the relative cumulative error between the true and the modelled fluxes for
the different data sets and modelling approaches. In general, the spline model identifies the
relative magnitudes for the two components well and in particular, the cumulative error for Fg
is consistently below 5% of the annual sum indicating a minor underestimation of carbon
assimilation. The results for Fr are similarly satisfying despite some systematic
underestimation of the magnitude of the flux especially for the SPA data and the low
production site. Interestingly, the results for the other methods are more inconsistent
suggesting a dependency of the models’ performances on the data set and hence the
underlying process descriptions in the simulation model being used®. This highlights the
benefit of estimating flexible semi-parametric relationships as opposed to fixed parametric

functions for this particular application.

¥ The three simulation models differ in the model formulation for the separate respiration fluxes in that some are
based on a soil carbon content dependent Qo function (e.g., BETHY, Knorr 1997), others are modelled with a
temperature dependent exponential function after Lloyd & Taylor (1998) with an implemented discrete soil
moisture dependence (SPA, Leuning model).
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Figure IV-3: Annual cumulative evolution of the uptake (positive) and release (negative) fluxes for the four
synthetic data sets. The grey envelopes show the propagation of the parametric uncertainty through the
integration. The black line is the deterministic ‘true’ flux from the simulation model. a. SPA; b. BETHY; c.
Leuning et al. (1995) high production; d. Leuning et al. (1995) low production.

Figure IV-3 shows the cumulative sum of F; and Fz when accounting for the parametric
uncertainties associated with the spline model calibration. The ‘true’ integrated fluxes in
black are encompassed by the 95 percent quantiles except for the respiration component in the
SPA data (Figure IV-3a) and the low production data (Figure IV-3d), as already indicated by
the relative cumulative error (Table IV-3). Given the simple form of equation (IV-1), such
model inadequacies are not surprising. For example, equation (IV-1) estimates the sensitivity
of Fy to one temperature 7, whereas in reality, the processes dominating Fg and Fy respond to
different temperatures. F¢ will predominantly be affected by the ambient air temperature
mostly within the canopy, while the soil respiration share in Fy is driven by some superficial
soil temperature diverging from air temperature (see Chapter V). It is interesting to note that,
Fr is systematically underestimated predominantly during the summer daytime, indicating

that the sensitivity of Fy to temperature is not sufficiently accounted for in the 7-¢ surface.

Again, this is not surprising given the summer daytime Fy fluxes will be dominated by
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Figure IV-4: The relationship between annual carbon uptake, ACU and release, ACR for the six sites. BV:
Bondpville site; UM: University of Michigan Biological Station site; HF: Howland Forest site; HA: Hainich site;
SH: Shidler site; HE: Hesse site. YA: Yatir site; PU: Puechabon site. The dotted line is the 1-to-1 line along
which the ecosystem is carbon neutral. The black line is the result of a reduced major axis regression (Sokal &
Rohlf 1995) minimising the Euclidean distance to a straight line through the origin.

assimilatory processes somewhat covering the respiration signal. Also, as already mentioned,
the influence of canopy temperature on F (as opposed to soil temperature) will become
increasingly important with a rising fraction of plant respiration. Finally, the smooth nature of
the cubic splines in the temporal space might result in a slightly lower amplitude of the Fi
flux and hence of the derived F¢ and Fr. However, these inadequacies are small and will most

likely become masked by the observation noise present in real EC data (Chapter III).
Carbon uptake and release for real data examples

The spline model in equation (IV-1) explains the variations in Fyy well for all data sets at the
eight FLUXNET sites (» between 0.9 and 0.95). The derived deterministic estimates for Fz and
Fr at the Howland Forest site and the Shidler site are shown in Figure IV-2 as example
representations of the disaggregation with the spline model. With the characterised
observation noise and the parameter uncertainties associated with the estimated flux
components, it is now possible to analyse the relative contributions of ACU and ACR to the
annual net ecosystem carbon balance following equation (IV-2). In Figure IV-4, ACR is
plotted against ACU for the eight FLUXNET sites. All sites acted as significant net carbon sinks
in the selected year (see also Falge ef al. 2002 for a similar result based on an analysis of EC

data from northern hemispheric ecosystems). Furthermore, these two components appear to
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be strongly positively correlated as indicated by a reduced major axis regression (slope of

1.4 +0.002, 7 = 0.87).

Clearly, given the rather small number of sites, these results have to be interpreted with
care and a substantial expansion of the database is currently underway. However, these
preliminary results provide scope for some interesting speculation. A positive annual net
balance indicates that the ecosystem is acquiring more carbon than is lost due to respiration.
Several reasons could be responsible for this observed trend. Firstly, as discussed briefly in
chapter I, the EC measurements used for the analysis of the carbon balance could suffer from
systematic errors. For example, stable atmospheric conditions occurring particularly at night
prevent the turbulent mixing of the atmospheric boundary layer giving rise to a systematic
underestimation of the EC nighttime fluxes as the surface boundary layer exchange becomes
dominated by diffusion rather than turbulence (e.g., Moncrieff et al. 1996; Aubinet et al.
2000). As a result, on an annual basis, carbon neutral ecosystems might misleadingly appear
as sinks. Secondly, net carbon uptake would be generally expected in forest sites covered with
developing vegetation given they will not have reached equilibrium (Schimel ef al. 2001).
The ecosystems considered here were all fully closed and older than 90 years. As a result, it
would be somewhat surprising if ACU = 1.44ACR for this reason alone. Thirdly, ACU > ACR
could also originate from direct fertilisation effects of increased atmospheric CO;
concentration on the photosynthetic activity (e.g., Ehleringer & Bjorkman 1977). Again
however, although at the leaf level over short periods of time the effect of a 100 ppmv rise in
CO; can be significant, the accommodated response of whole plants over longer intervals is
invariably much less (Drake et al. 1997). However, what CO, fertilisation can induce is
certain indirect effects such as the alleviation of nutrient and water limitations over longer
timeframes (Drake et al. 1997). This, coupled to other global enhancements in productivity
such as through enhanced nitrogen deposition (Schimel 1995) and increases in the diffuse
component of down-welling solar radiation (Roderick et al. 2001) may go some way to
explaining the degree of net accumulation expressed in Figure IV-4. This is supported by
global studies that identified northern-hemispheric ecosystems as net carbon sinks (e.g., Tans
et al. 1990; Keeling et al. 1996). In this context, the sensitivity of ACU and ACR to
environmental conditions will be of particular interest for assessing the role of terrestrial

ecosystems in the global carbon cycle in a changing climate.
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Abstract

Novel nonstationary and nonlinear dynamic time series analysis tools are applied to multiyear
eddy covariance CO, flux and micrometeorological data from the Harvard Forest and
University of Michigan Biological Station field study sites. Firstly, the utility of these tools
for partitioning the gross photosynthesis and bulk respiration signals within these series is
demonstrated when employed within a simple model framework. This same framework offers
a promising new method for gap filling missing CO, flux data. Analysing the dominant
seasonal components extracted from the CO, flux data using these tools, models are inferred
for daily gross photosynthesis and bulk respiration. Despite their simplicity, these models fit
the data well and yet are characterised by well defined parameter estimates when the models
are optimised against calibration data. Predictive validation of the models also demonstrates

faithful forecasts of annual net cumulative CO, fluxes for these sites.
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V.1 Introduction

Through their interactions with the environment, plants modulate surface energy balance,
geochemistry and hydrology, whilst acquiring atmospheric carbon to grow and reproduce.
Concerns over the potential climatic impacts of increasing levels of atmospheric CO, have
focused attention on the significance of the role played by plants in the modulation of land
surface-atmosphere fluxes, especially since the relevant biochemical and physiological
processes of the plant are themselves CO; sensitive (Sellers et al. 1996a). In an attempt to
improve the representation of the control on land surface-atmosphere fluxes exerted by
vegetation, models of the structure, biochemistry and physiology of plant gas exchange have
frequently been incorporated into canopy scale flux schemes (Dickinson et al. 1986; Wang &

Jarvis 1990; Sellers ef al. 1996b; Cox et al. 1998).

Despite attempting to structure these models such that many of the associated model
parameters can be specified a priori, there invariably remains a need for some
parameterisation of the associated process descriptions to accommodate variations in scale,
time and space. As a result, the parameterisation of models is often with reference to site and
scale specific data, such as eddy covariance and associated micrometeorological
measurements (e.g., see Lloyd er al. 1995; Baldocchi & Harley 1995; Cox et al. 1998;
Hollinger et al. 1998). Recent studies have clearly demonstrated that the information content
of such data is not rich enough to support the calibration of many components of current
generation canopy scale flux models (Franks e al.1997; Franks & Beven 1997; Schulz et al.
2001). As a result, much of the model functionality being proposed is not constrained by the
calibration process, rendering predictions from these schemes somewhat uncertain. This
indicates that, to obtain robust descriptions of these systems, the level of complexity of the
models being used needs to be commensurate with the information content of the calibration

data being used.

Recognising the need for an appropriate level of parsimony in canopy model descriptions
Monteith (1995) writes “There are two complementary ways of moving forward — to remove
routines from the complex models that contribute little to their predictive power, or to add
routines to the simple models that will make them more robust.” The obvious question is,
what to omit or what to add? One strategy for tackling this question is to start by specifying a
model of the canopy whereby the model parameters can be estimated unambiguously from
canopy scale observations such as eddy covariance time series. Then, since the model

parameters can be estimated for specified time periods, significant temporal evolution of these
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parameters, as conditioned by the measured time series data, can be used to objectively
identify what additional complexity needs to be introduced to describe the system as
observed. Obviously, changes in properties of the canopy that fall outside the domain of the
observations e.g. defoliation, wind throw or fire, may lead to compromised predictive
performance in such models. Therefore, it is important that the resultant inductive models are

interrogated in order to identify the mechanisms they represent.

The procedure for model identification eluded to here parallels certain aspects of the data-
based mechanistic model identification and estimation methodologies developed by Young
and co-workers (see e.g., Young & Pedegral 1999; Young 1999; Young 2000) for modelling
stochastic, non-stationary and nonlinear dynamic systems. This paper applies one such
methodology known as State Dependent Parameter (SDP) estimation to deriving descriptions
for annual carbon acquisition dynamics in two forest systems as expressed in eddy covariance
time series. The starting point for this analysis is the following generic description for the

canopy net CO; flux, F,
F,=¢&8,-F, (V-1)

where Sy is the incident down-welling solar radiation, F is the canopy-soil respiration rate

and ¢ is the radiation capture and utilisation coefficient.

(V-1) can be viewed as the basis for terrestrial CO, flux modelling, with the differences
between models being defined by the functional relationships assumed to describe € and Fk.
These range from relatively simple descriptions used in resource capture type models (e.g.,
Monteith 1972, 1977; Field et al. 1995) to the relatively complex descriptions used in
photosynthetic bio-physical and biochemical models (e.g., Dickinson et al. 1986; Wang &
Jarvis 1990; Leuning et al. 1995). In this paper the aim will be to extract the functional forms
for € and F} directly from eddy covariance and micrometeorological measurements and assess
the level of complexity in the functional relationships for € and Fy that the observations
support. Initially this will focus on accounting for the seasonal dynamics within cumulative

daily data.

(V-1) is an obvious candidate model structure for SDP estimation and model identification
procedures due to its simple regression-type format and the availability of time series
measurements for Fy and Sy at the canopy scale. As will be seen in this paper, (V-1) in
conjunction with the SDP estimation procedure may provide a useful top-down framework for

both identifying and estimating canopy models from eddy covariance and
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micrometeorological data, which, in conjunction with a priori knowledge of the relevant
canopy processes could yield robust hybrid statistical-mechanistic models for canopy CO,

exchange.

In similar work, Falge et al. (2002) applied a variant of (V-1) to eddy covariance
measurements of CO, flux to derive time varying estimates for the parameters in predefined
nonlinear descriptions for both € and Fy estimated using a simple nonlinear least squares
window function. The approach adopted here differs significantly from their approach
principally in that the functional forms of € and F do not need to be specified a priori, but
instead can be objectively inferred directly from the observations. An additional benefit of
this approach is that it provides an objective methodology for filling gaps in CO, flux data,
through combining elements of current gap filling methodologies within a coherent, data-led

framework.

V.2 Materials and Methods

Data sources and site descriptions

Two different FLUXNET (Baldocchi ef al. 2001b) deciduous forest sites have been chosen
for the illustration of the model development: Harvard Forest, Massachusetts (HF, 1994-1999,
Barford et al. 2001; Wosfy & Munger 2003) and University of Michigan Biological Station,
Michigan (UMBS, 1999-2001, Schmidt et al. 2003, Curtis 2003). The two sites differ
especially in the mean annual precipitation (1066 mm at HF and 750 mm at UMBS) and the
mean annual temperature (7.8 °C at HF and 6.2 °C at UMBS). The different climatic
conditions are mirrored in the vegetation type. While HF is a temperate deciduous forest site,
the vegetation at UMBS is characterised by an intermediate mix of temperate deciduous and
boreal forest (Curtis et al. 2002). Both forests are of similar age and stage of maturity (70
years at HF, 90 years at UMBS).

State dependent parameter estimation

Young and co-workers (see e.g., Young & Pedegral 1999; Young 1999; Young 2000) have
developed recursive parameter estimation algorithms, based on Kalman filtering and
smoothing techniques. These allow for the evolution of parameters to be estimated directly
from time series data and hence identification of any non-stationary and/or state dependency
of these parameters. In particular, the State Dependent Parameter (SDP) algorithm, which is
able to optimally estimate a broad class of non-stationary and nonlinear dynamic regression

models, is well suited to the current study. This can be seen when expressing (V-1) in an
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equivalent SDP format (see Young 2000).
Fy(t) = 6(x,0).8,(2) + Fp (x,0) + &, (1) (V-2)

Here &(x,t) and ﬁR (x,t) are estimates for the evolution of € and F, &)(?) is the regression
model error series and X is the state(s) on which € and F are assumed to be dependent.

To objectively identify the nature of the functional relationships between the variations in
e, Fr and the relevant measured states of the system, the regression model (V-2) is
implemented such that the incremental variations in €(x,¢) and F »(x,t) are estimated using

the paired measures of Sy and Fy, but with these series sorted with respect to the ascending
magnitude of x, where here x is the measured surface temperature, 7s. Surface temperature

was found to be an appropriate state in this study where the focus is on the seasonal dynamics.

The stochastic evolution of each parameter in (V-2) is assumed to be described by the

following random walk process (Young 1999),

é(x,0) = &(x,t=1)+1,(1) (V-3a)
Fo(x,0) = Fo(x,t 1) +17,(2) (V-3b)

where 77 is a zero mean, white noise sequence allowing for stochastic variability in the
parameters. Although apparently complex at first sight, the assumption that the model
parameters evolve as non-stationary stochastic variables is simply a statistical device to allow
for the estimation of parametric change. It ensures that the recursive parameter estimates at
the t’th sample depend only on the data in the vicinity of this sample in the sorted state space.
In the case of the random walk model (V-3), this weighting effect of the data on the parameter
estimates has a Gaussian-like shape with maximum weight at the t’th sample and declining
weight to either side (see Young & Pedregal, 1999). The 'bandwidth' of this Gaussian window
function is characterised by the Noise Variance Ratio, NVR = 6*(n(1))/o*(&(f)). As a result, a
high value of the NVR means that only data in the immediate vicinity of the t’th sample are
used for the t’th estimate. On the other hand, an NVR of zero ensures that the parameter is
assumed constant across the entire observation interval (i.e., the same as in standard en bloc
regression where all data have equal weighting in the estimation). The former case is
particularly useful in the present context because it results in variations in the parameter
estimates that are conditioned by the time series data being used. Of course, one of the keys to

the employment of (V-2) and (V-3) when estimating the SDPs, is specifying the magnitude of
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the NVRs within the SDP model. Here, the methods of Young (1999) are used where the

required NVRs are optimised via maximum likelihood prediction error decomposition.

Once the non-parametric (graphical) form of the state dependency has been identified from
the observed relationship between &(x,z), F »(x,t) and x, a suitable parametric function can be

specified to describe this form, and the resultant model can be parameterised using standard
optimisation procedures such as nonlinear least squares or maximum likelihood (Young
2000). The selection of the parametric function may also be guided by relevant prior
knowledge of canopy processes and so attempt to guard against spurious predictions made
beyond the domain of the observations. The focus of this study was to derive descriptions for
the seasonal dynamics of two forest systems, therefore, the SDP model identification

procedure was implemented on the cumulative daily data.
Gap filling

A very useful property of the recursive SDP approach to parameter estimation is that missing
values in the output series are readily interpolated in an objective, non-parametric manner,
conditioned only by the properties of the model (V-2) and the available input-output data. As
a result, not only does this approach facilitate the objective model identification, which forms
the central theme to this paper, but also the objective gap filling of the hourly eddy covariance
time series needed to derive the daily cumulative CO, fluxes utilised in this paper. Because
this gap filling procedure is based on the recursive implementation of a Gaussian-like window
function within a Kalman filter-regression framework, it can be viewed as a logical synthesis
and extension of current gap filling methodologies (e.g., Goulden et al. 1996a; Anthoni et al.

1999; Griinwald & Bernhofer 2000; Falge et al. 2001; Pilegaard et al. 2001).

Utilising the SDP estimation procedure described above, &(x,7) and F »(x,t) are estimated

out of temporal order (see the explanation in Young 2000) using hourly values for Sy and Fl,
with the ordering determined by the sorted order of 7s. Because of the sorting out of temporal
order the systematic gaps in the time series become much smaller nonsystematic gaps in the
sorted temperature space. These smaller gaps are readily traversed by a small estimation

window that is able to pass the majority of the systematic variations in Fj(#). The optimised
NVRs for the hourly data are 5 10 for &(T, s.t)and 5 107 for I:“R (Ts,t) . These NVRs are such
that &\(7) are serially uncorrelated, and zero mean, but it is interesting to note that this error

series demonstrates seasonality in its variance (see Figure V-1f). The estimates for Fi(¢)

derived from realising (V-2) are then used to fill in the gaps in the measured Fj(?) series to
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form a continuous time series which is resorted back into temporal order. It must be stressed
that, although 75 is used to determine the sorted order of the SDP estimation, only paired
values of Sy(7) and F(?) are used in the estimation itself. Also, the NVRs used are such that

the gap filling procedure is not constrained by a linear model. Indeed, &(x,7) and ﬁR (x,t) are

free to vary such that &y(¢) are serially uncorrelated, and zero mean.

Example hourly estimates for £(x,7) and F,(x,¢) are shown in Figure V-lc and d, the
latter of which providing the estimates for the daily F, and hence gross canopy

photosynthesis, £, used later in the model identification. Corrections of Fy under quiescent

atmospheric conditions (see Aubinet et al. 2000; Falge et al. 2001) are not considered here.
Instead, the available flux series are treated as accurate, if somewhat uncertain, measures of

the underlying canopy-atmosphere exchange processes.

For the gap filling of the input series (light and temperature; see later), measurement gaps
of three hours or less were filled using a random walk procedure identical to (V-3). For gaps
greater than three hours, values from the Typical Meteorological Year (TMY2) data set
(Renewable Resource Data Center 2003) from the nearest meteorological station were

inserted.

V.3 Results

Model identification
Non-parametric Variations in g(t) and Fr(t)

Figures V-1la and b show a one-year time series of hourly Sy and Fy measured above HF

(1996) along with the associated gap-filled estimates. The estimates of &(x,?), F,(x,r) and
hence F,(r) are shown in Figures V-lc, d and e, respectively. It is worth noting that, here,

estimates of F, are based on all hourly data, as opposed to deriving estimates from the most
uncertain night time fluxes (see e.g., Aubinet ef al. 2000; Griinwald & Bernhofer 2000). As a
result, the SDP estimates of F, are well defined and are used here to define ecosystem
respiration. Close inspection of the estimates of £(x,¢) reveals that, although some within day

variation is observed, this is dominated by the seasonal variations (Figure V-1c). Therefore,
one would anticipate that attempts to estimate any nonlinear relationship between Sy and Fy,
using blocked hourly data, would be prone to significant uncertainties (see e.g., Grilnwald &

Bernhofer 2000), especially as it is unclear to what extent these variations in &(x,7) within
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Figure V-1. Hourly data for HF in 1996. The appended plots on the right are sections of 14 days chosen to
elucidate associated gap filled periods (dashed lines). Panels a and b show the interpolated hourly measurements
of total downwelling solar radiation, Sy, and net CO, flux, Fy. Panels ¢ and d show the temporal evolution of

radiation use, ¢, and bulk respiration, FR , estimated using (1) (NVRs = 5 10 and 5 107 respectively). Panel e
shows the resulting gross photosynthesis, £, estimated as F, — f;, . Panel f shows the error series between the
SDP fit of (1) and the Fy measurements shown in panel b.

any particular day are attributable to light saturation kinetics or other processes. The
underlying causes of the observed seasonal variations in €(x,7) are likely to be complex,
incorporating the effects of the emergence, development and senescence of the vegetative
canopy (Waring et al. 1995). Similarly, from Figure V-1d we observe that the significant

variations in F, are also dominated by seasonality, which likewise aggregates multiple
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sources of variation through its dependency on soil and canopy respiratory CO, sources.
Parameterisations for ¢ and Fg

Because it appears that both € and Fr are dominated by seasonal variations we have elected to
analyse the cumulative daily flux data derived from summing the hourly fluxes. This is likely
to have the additional benefit of linearising the relationship between daily Fy and Sy on

timescales of weeks (Ruimy et al. 1995), hence simplifying the final model formulation.
Figures V-2a/c and b/d demonstrate that the seasonal variations in &(x,#) and ﬁR (x,t) can be
represented as functions of the measured surface temperature, 7s. The use of surface rather
than air temperature provided a superior descriptor for variations in both &(x,¢) and ﬁR (x,1),

which is not surprising in light of the thermal inertia of the system allied to potential lag
effects of plant and soil metabolism (Jones 1983; Linder & Flower-Ellis 1992; Su et al. 1996;
Dewar et al. 1998; Baldocchi et al. 2001a).

The seasonal temperature dependency of € was parameterised in sympathy with the SDP
relationship shown in Figure V-2a/c using the following smooth transition relationship (e.g.
Granger & Terasvirta 1993; Young et al. 2003):

&= HZHT (V-4)
where k determines the rate of the transition between the lower (zero) and upper (€max) levels
of € and T}, is the temperature at the inflection point where one half of the transition is
experienced and hence, along with 4, determines the temperature switching characteristics of
the canopy between winter and summer. Consistent with the SDP result (Figure V-2a/c), the
lower level of € is set to zero, i.e. no photosynthetic activity at low temperatures. (V-4) can be
viewed as a temperature scalar for € (Field ef al. 1995). The form of this scalar differs from
those used by Field et al. (1995) since significant decreases in ¢ with increasing temperature
were not identified in these particular data. For the two data sets analysed the relationship (V-
4) was found to be relatively stationary across all years, irrespective of whether the canopy
was dormant, emerging, fully expanded or senescing, implying a close correlation between
variations in temperature, leaf area and photosynthetic capacity of the canopy across the
season. This is somewhat fortuitous since it facilitates realisation of € without having to
specify a dynamic state description for, for example, leaf area. However, it was found that the
response of € to Ts was lagged by approximately five days. As a result, 7s was replaced by the

lagged temperature, 77, in (V-4) with the magnitude of the lag being determined in the final
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Figure V-2. The non-parametric relationships between a/c € and b/d F,, and the surface temperature, T, at HF

1994 to 1996 (panels a and b), and at UMBS 1999 to 2001 (panels ¢ and d) on an hourly time step. The
estimates for € and F, are those shown in Figures 1¢ and d respectively.

parametric model optimisation.

The SDP relationship between Ts and £, (x,7) is shown in Figure V-2b/d. This relationship

is typically represented as an Arrhenius function, which may be justified for the UMBS data,
but not for HF where non-stationarity in the data masks any potential nonlinearity, precluding
the parameterisation of this type of function. Therefore, we have chosen a linear

parameterisation so as to be able to compare the sensitivities of respiration to temperature for

the two sites.

Model calibration

So far, we have used non-parametric parameter estimation to identify candidate parametric
models to describe the daily variations in Fg and F as functions of Sy and 75 (and hence T7).

This leads to the following two stage parameter optimisation for ¢ and Fr against three years
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(HF 1994-1996; UMBS 1997-2000) of daily data:

Fo(0) =[ﬁ%}&(r)+§cm (V-5a)
where,

T.(t) = (1-a)Ty(t) +aT.(t ~1) (V-5b)
and,

Fo(t)=aTl,(t)+b+ &, (1) (V-5¢)

Interestingly, one stage optimisation of the full model (V-5) against the daily F)y data is not
possible since the aggregation of the daily F¢ and F within Fy masks the co-variation of ¢
and Fp with temperature. As a result, confident estimation of dependencies of ¢ and F on
temperature is only facilitated by the partitioning of Fy into ¢ and Fz and € and Fy afforded

by the non-parametric procedures employed on the hourly data.

The optimised parameter sets for both the HF and UMBS are given in Table V-1. Here,
Levenberg-Marquardt nonlinear least squares optimisation has been used. Both of the model
error residuals Cg(f) and £p(f) were found to be zero mean with no significant serial
correlation, although some cross-correlation between () and the cumulative residual rainfall
was found (see later). As can be seen in Figure V-1f, the F)(f) time series contains a strong
seasonality in the residual variance, with the larger variance being associated with the summer
measurements. Due to the low pass nature of the SDP estimates for F%, this residual effect is
only present in the Fs series. To make (p(f) constant variance, hence satisfying the
assumptions of maximum likelihood estimation, an appropriate non-constant variance white
noise signal was added to the daily F series to make the model residuals £g(f) constant

variance.
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Table V-1: Results of the model calibration for the two sites, HF 94-96 and UMBS 99-01 (+* of 0.86 and 0.84
for Fiy at HF and UMBS respectively). Figures in brackets are standard deviations. Estimates have been made
using Levenberg-Marquardt nonlinear least squares optimisation of model (4a, b and ¢) against continuous three
year blocks of daily CO, flux data.

Parameters Units HF 94-96 UMBS 99-01
Emar g CMJ! 0.39 (4.66 107) 0.34 (4.45107)
k oC! -1.11 (8.72 10%) -0.70 (5.97 10%)
T °C 11.88 (8.31 107) 11.10 (1.08 107
a - 0.79 (2.27 107 0.87 (9.82 107)
a (slope) gCm?>d'°C’ -0.10 (1.37 10 -0.15 (8.39 10
b (offset) gCm?>d’ -0.85(1.48 107) -0.51 (9.13 107%)

Table V-1 shows that, because the model structures have been identified directly from the
calibration data, the optimisation of the model leads to highly significant estimates of the
model parameters, whilst also explaining the variations in Fy, F and Fx (7 of 0.86, 0.86 and
0.83 respectively for the full three year simulation of HF). The model proved similarly
successful when optimised against three years of UMBS data (see Table V-1; r7* of 0.84, 0.88
and 0.97 for Fy, F'g and Fp respectively). The parameterised models for € (V-4) and Fr (V-5¢)

for both sites are shown in Figure V-3.
Model evaluation

An initial model evaluation was based on predictive validation over the full six-year period
(1994-1999) at the HF site. This provided validation rTZ 0f 0.80, 0.75 and 0.82 to the daily Fy,
Fg and Fj respectively (see Figure V-4a). To test for systematic errors within the model,
forecast against the accumulated net flux were made as shown in Figure V-5a. The forecasting
results presented in Figure V-5a must be viewed as a particularly stringent evaluation of the
model for two reasons. Firstly, the parameter estimates used in the simulation have been
derived from a two stage optimisation against iz and Fy and not the net CO, accumulation
series. Secondly, in integrating the daily flux predictions over six years small systematic
errors will become amplified since the model is realised in a true predictive mode initiated at

t =0 and only driven by the input variables.



V. Identification of a Canopy CO, Flux Model from Observations 71

0.4

0.35¢

| | |
o] (o] B
T T T

=
o

N
F.lgcm?d™]
I

|
[
N
T

|
LN
N

0 5 10 15 20 0 5 10 15 20
T_[°C] T [°C]

Figure V-3. Parameterised functions for &(7;) (panel a) and Fx(7s) (panel b) at HF (dark grey) and UMBS (light
grey). The patches in a indicate the 95 percent uncertainty bounds caused by the propagation of the uncertainties
in the associated parameter estimates, as obtained by a Monte Carlo Simulation (N = 1000). For parameter
values and associated uncertainties see Table V-1.

From Figure V-5a we see that the prediction envelope of the model largely encompasses
that of the observations for the annual net CO, accumulation series (r7° = 0.99). However,
there are notable departures particularly in years 1994, 1997 and 1998. Investigation of the
cause for the departures revealed that these arise from small but significant variations in €max
over the six year period (see Figure V-5b). emax Was then estimated as a non-stationary
parameter within the model framework (V-5a and b) and variations in g, were found to be
significantly cross correlated (peak correlation of 0.6 at a lag of 70 days) with perturbations in
the accumulated residual rainfall (Z(precipitation — evapotranspiration), compare Figures V-
5b and c). Here, perturbations in the accumulated residual rainfall are used as an index of
moisture availability (Wilson 1983). The apparent lag of 70 days between variations in water

balance and &,,x probably reflects dynamic changes in water storage in the system.

The model evaluation also includes inter-comparison between the HF and UMBS
optimised parameter sets given in Table 1. Figure V-3a illustrates that the principle difference
in the description for ¢ is that HF experiences a significantly higher &y, in summer (€pax: HF:
0.39 g C MJ" +4.66 x 107; UMBS: 0.34 g C MJ™' +4.45 x 107) and, hence, higher Fy, allied
to a more marked transition in & with temperature (k: HF: -1.11 °C™" £ 8.72 x 10”%; UMBS: -
0.70°C' +5.79 x 10'2). This is consistent with the fact that, unlike UMBS, HF is
predominately deciduous and hence experiences stronger seasonality in photosynthesis. With

respiration we observe that UMBS experiences greater sensitivity to s (a: HF: -0.10 g C m™
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Figure V-4. Results of the model (4a, b and c) calibration and evaluation for Fyy for HF 1994 to 1999 (panel a, »*
= 0.80) and UMBS 1999 to 2001 (panel b, 7* = 0.84) plotted against the Fy measurements. Note that the

simulated Fly are the sums of the two separately calibrated (and forecasted) fluxes £, and F£,.

d'°C! £ 1.37x107; UMBS: -0.15gCm™>d" °C" £ 8.39 x 10™). Finally, we note that the
temperature lag for HF is slightly smaller than that for UMBS (4.2 + 0.26 and 6.9 + 0.21 days
respectively). This presumably reflects the fact that the greater seasonality at the HF site

requires a less persistent temperature cue.

V.4 Discussion

Simplified models of canopy behaviour trade on fundamental ordering of biological processes
at the organism to community level (Field et al. 1995) as well as the potential linearising
effects associated with temporal and spatial aggregation. For example, nonlinear relationships
observed between incident radiation and leaf photosynthesis can often be subsumed within a
much simpler quasi-linear relationship at the whole plant-canopy level due to the optimal
allocation of photosynthetic apparatus through the depth of the canopy in parallel with the
distribution of light attenuation (Haxeltine & Prentice 1996). Here, the lack of any strong
diurnal patterns in the estimated variations in € would support this observation, and has

focused this work on accounting for the more significant seasonal effects using daily data.

So far, we have extracted a site-specific model structure for canopy scale CO, fluxes
directly from the relevant time series data and have calibrated and provisionally evaluated this
model. Previously, calibration of canopy CO, flux models has tended to focus on short

periods of data where much of the seasonality effects are not observed (e.g., Baldocchi &
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Figure V-5. Forecast of the net carbon accumulation at HF 1994-1999 (panel a). The thick solid line denotes the
measured net carbon accumulation. The grey patch represents the 95 percent uncertainty band obtained by a
Monte Carlo Simulation of (4a, b and c¢) accommodating both the parametric uncertainty given in Table 1 and
the model residual uncertainty (N = 1000). The calibration interval is 1994-1996 whilst the validation interval is
1997-1999. Panel b shows the estimated temporal variation of maximum radiation use &,,, plotted along with the
estimated 95% confidence band. Note the higher uncertainty in the winter estimates as expected. Panel ¢ shows
the accumulated residual rainfall with the mean trend removed. Here, this is used as an index for water
availability as it reflects changes in storage and runoff from the site. Variations in €,,, shown in panel b are
significantly cross-correlated with those in panel ¢ with a peak correlation of 0.6 at a lag of 70 days.

Harley 1995; Cox et al. 1998; although see Aber ef al. 1996). Although this may prove
attractive when demonstrating the efficacy of a selected model representation, until robust
representations for how the model parameters change over a season can be specified, practical
implementation of these models to describe other time periods, even at the same site, prove
impracticable. Here, despite retaining a credible, if somewhat simplistic, representation of the
short-term response of Fy to light, the dominant seasonality effects are explicitly handled
through treating them as functions of 7s. As a result, the calibrated model is able to capture a
significant proportion of the annual variability in Fg, Fr and hence Fy. Also, because the
model is well defined in relation to the calibration data, the associated parameters can be

estimated with a known degree of certainty, and genuine probabilistic forecasts can be
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generated as seen in Figure V-5a.

The observation that (V-4) captures variations in € that must, in principle, be dependent on
variations in both leaf area and intrinsic photosynthetic capacity is interesting. Much of our
initial research with this data focused on attempting to disaggregate these two components of
¢ with only limited success (Stauch 2002), hence the alternative approach is adopted here.
One would anticipate that any fortuitous correlations between temperature, leaf area and
photosynthetic capacity would only operate during the emergent phase of canopy
development (Goudriaan & Monteith 1990) and that, as a result, a pronounced hysteresis
could be observed in the relationship between Ts and € during senescence. The fact that this is
not observed for these data would suggest that both the development and senescence of leaf
area and photosynthetic capacity are coordinated and strongly related to variations in
temperature (Berry & Raison 1981; Sparks & Menzel 2002). This could be explored by
disaggregating ¢ into its light interception and photosynthetic capacity components using, for
example, remote sensing information on the fraction of absorbed radiation (Waring et al.

1995).

It is a common observation at the leaf scale that Fyy falls when temperature exceeds a
certain level, and this is a ubiquitous feature of most detailed canopy CO, flux models that is
not included in (V-4). The fact that this is not observed in Figure V-2a/c may be due to the
temperatures having not reached a level where this effect is observable. The response of the
canopy being lagged behind surface temperature highlights the dynamic nature of the
transduction of temperature signals by these canopies because one would assume that soil-
surface temperature already reflects the thermal equilibrium of the canopy-soil system. Such
lag effects would suggest that the temperature regulation of leaf development and
photosynthetic metabolism involves some form of filtering mechanism (e.g., Berry & Raison
1981; Baldocchi et al. 2001a), presumably to remove any unwanted stochastic cues from the

environment, hence guarding against the vagaries of the weather.
The annual CO; fluxes at both sites are somewhat similar (}" 7, : HF (n=6): 928.10 g C a’
+ 8.61; UMBS (n=3): 917.95 g C a' + 57.06; > k0 HF (n=6): -657.84 g C al + 52.08;

UMBS (n=3): -663.98 g C a’ + 8.00). Therefore, the differences in the estimated parameter
values represent the differences in how photosynthetic and respiratory activity is distributed
over the season. Presumably, this distribution is itself a reflection of the composition of the
canopy and its adaptation to the local climatology, hydrology and nutrient availability.

Identifying these higher level controls may offer an opportunity to develop the current model
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beyond its somewhat restricted site specific form.

Obviously one needs to be cautious when using correlations like the ones shown in Figure
V-2 to make more general predictions and it is important to understand the connections
between these simple representations and the underlying canopy processes they represent if
we wish to extend these models to different conditions. For example, it is clear from Figure
V-5b and c that drought episodes are capable of affecting the relationship between Ts and ¢
and should be accommodated into the model structure to improve its predictive properties
(Field et al. 1995). However, although we endorse the view that an understanding of the
underlying processes is important for constructing robust predictions, we also stress the
importance of the uncertainties associated with temporal and spatial scaling of processes
descriptions (Beven et al. 2000) and, therefore, the need to also adopt an inductive model
building paradigm that places appropriate emphasis on the observations at the scale of
interest. The approach advocated here should not be viewed as purely black box exercise, but
instead may be both data-based and mechanistic (Young 2000) through providing an
opportunity to include process understanding but only to a level commensurate with the

information content of the available data at that scale.

V.5 Conclusions

The proliferation of flux tower sites worldwide has resulted in the collection of large
quantities of flux and associated micrometeorological times series data sets. Due to the
seasonal nature of the behaviour of plant canopies, these data are often characterised by
nonstationary and nonlinear dynamics. This, allied to the inherently uncertain nature of the
measurements, results in data that can prove difficult to analyse, especially when it is

punctuated by significant measurement gaps.

The novel nonstationary and nonlinear dynamic time series tools applied here appear well
suited to both the objective interpolation of missing data and also the signal extraction needed
for model formulation. Not surprisingly, the dominant modes of the behaviour of the canopy
scale carbon fluxes identified here are clearly related to light and temperature, as it is in
process based counterparts to this model. However, in focusing only on the seasonal
functionality it is not surprising that the identified model resembles resource capture models
such as CASA (Field et al. 1995). This does not appear to distract from either the ability to
parameterise this model, or its predictive power. Indeed, one could argue that this model has

distinct advantages over its process-based counterparts in both cases. The generality of these
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descriptions obviously needs to be investigated using flux data from a more diverse range of

sites.

Even if ones preference is for more complex model formulations, the SDP interpolation
over measurement gaps should be viewed as a significant advance over current gap filling
practice given that it maximises the retention of information in the interpolated data
conditioned only on the available data. However, it seems entirely reasonable to propose that
gap filling and model derivation should be closely related as illustrated here, especially if the
objective of any such modelling exercise is to provide a robust predictive framework for

annual net carbon accumulation.
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VI. Discussion and Conclusions

This work set out to derive a modelling methodology that attempts to explore the
information content of EC net CO,; flux time series. In the previous chapters, the potential of
this methodology to answer the research questions raised in Chapter I has been explored. In
the following, the results of the separate studies shall be integrated into four somewhat
overarching subjects to discuss them in a broader context. First, the capacity of the data-led
modelling approach to serve as a multiple purposes tool for analysing noisy time series is
discussed. Second, the way the data-led model can address limitations in the observations is
examined with particular emphasis on data augmentation where data augmentation
summarises; replacing missing data, the characterisation of observation noise and the
subsequent probabilistic flux integration. Third, the potential of the data-led model to
disaggregate the net CO, flux into carbon assimilation and respiration is elaborated. Finally,
opportunities to derive canopy process understanding from the data with this modelling

approach are discussed opening up interesting scope for further research.

VI.1 The data-led modelling approach: potentials and limitations

This thesis presented a modelling methodology that objectively approaches EC data in order
to ensure the conservation of the information content for mechanistic interpretation. It is
explicitly designed for signal extraction from noisy observation series based on a simplified
model structures and minimal prior assumptions. The corresponding model development must
be seen as an iterative learning procedure, adding constraints to the model structures
incrementally when required. The tight interaction of system understanding and data
interrogation leaves enough opportunity to adjust the model structures to the available
information in the data as opposed to being committed to a prior assumed fixed parametric
structure for the dependencies in question. On the other hand, both modelling techniques
applied here allow for a substantial level of control over the nature of the investigated
relationships, e.g., by the choice of the number and location of nodes when optimising
multidimensional splines or, by the selection of the noise variance ratio, NVR when estimating
time or state dependent parameters. As a result, this procedure allows for objective model

building being in sympathy with the observations held at the particular scale of interest. In
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this way, prediction uncertainties that inevitably arise when having to constrain a model with

observations remain traceable and can ultimately be quantified for e.g., model assessment.

However, such data-led modelling approaches unavoidably suffer from limitations. In line
with their development, the derived models are largely only valid within the range of
environmental conditions observed, rendering their extrapolation to conditions outside that
range somewhat uncertain. Provided the identified relationships are smooth and there is
evidence that they can be assumed smooth beyond the observed range, inference can be drawn
from these models when employed with care. Obviously, as discussed in Chapter II, the
success of this modelling approach will substantially depend on the quality of the data the
model development is based upon. The performance of the derived model will therefore suffer
from poorly sampled conditions or missing data for potentially important system behaviour.
The database used here for model derivation is normally characterised by a dense sampling of
current environmental conditions. Additionally, the EC measurement technique is subject to a

comprehensive quality control overseen by a large scientific community.

Processes in an ecosystem occur continuously and the diverse factors controlling them
naturally operate simultaneously in space and time. As a result, one dimensional data analyses
of the response of a system to a selected driver will be disrupted by concurrent effects of other
drivers. In Chapter II it was demonstrated that the multiple effects of dominant factors can be
objectively extracted from EC data. The estimation of smoothing splines was shown to be
particularly suitable for signal extraction because of its interpolating and multidimensional
nature. In contrast, binning the relevant environmental data into classes of discrete sizes (e.g.,
Falge et al. 2001; Hollinger et al. 2004) will most likely leave dynamic behaviour within the

classes being lost for further analyses.

A particular novelty of the data-led CO, exchange modelling approach applied here is the
explicit consideration of time as a driver. So far, any dynamic in identified relationships such
as the response of canopy photosynthesis to light has only been addressed by allowing
selected parameters within prescribed model structures to change (Falge ef al. 2002; Yi et al.
2004; Gove & Hollinger 2006). In contrast, the hypersurface approach presented in Chapter II
acknowledges a more complex evolution of the dependencies with time whilst providing
scope to subsequently infer parametric descriptions. Similarly, the SDP approach applied in
Chapter V enabled the investigation of the response of CO, assimilation to drivers other than

light.
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As it is demonstrated particularly in Chapter V, such data based analyses initially resulted
in restricted site specific models. A test of their general applicability obviously requires an
extensive evaluation on a multiplicity of observation series. However, given the large data set
available through FLUXNET we are in a good position to meet this demand. It should be
noted that an expansion of the data base used might even elucidate additional controls being

important when intending to generalise model structures.

A particular strength of the semi-parametric spline model is its ability to serve more than
one application. Estimating the hypersurface from EC observations provides (i) the
disaggregation into a systematic signal and a residual series for noise characterisation, (ii)
consistent gap-filled estimates allowing for series aggregation to a coarser temporal
resolution, (ii1) stochastic estimates for ecosystem carbon assimilation, respiration and net
exchange components from net flux observations and (iv) a diagnostic tool to objectively
study ecosystem functioning and ultimately derive parametric process descriptions on the

community level.

Although a detailed comparison is beyond the scope of this thesis, it is interesting to note
that both techniques presented here for the hybrid stochastic-mechanistic model derivation
produce very similar results when applied to the same model identification problem (e.g., the
model structure in Chapter V). This can be viewed as an evaluation of the model structure
confirmed by two independent methods showing the data to unambiguously reveal the same

systematic behaviour.

It has to be stressed again that the use of synthetic data for rigorous model testing as a
routine part of the model development exercise should receive further attention in canopy
exchange modelling. In the particular applications presented here (Chapters II, III, IV), this
approach proved indispensable as the different components of EC data are only known in this

situation thereby facilitating rigorous evaluation.

V1.2 Data augmentation

The previous chapters highlight the substantial value of EC observations for carbon exchange
studies and address only a small subsample of their possible applications. However, we have
seen that we have to be aware of their stochastic properties when making use of these time
series. As EC data represent the sum of two or more unknown components, additional
information is by necessity required to determine those components. This work demonstrates
that a suitable model can help to overcome this problem and hence to broaden the range of

data applications whilst keeping track of the associated uncertainties.
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The importance of explicitly addressing observation noise has been somewhat overlooked,
although a few methods for noise extraction have been proposed recently (Hollinger et al.
2004; Hollinger & Richardson 2005; Richardson et al. 2006). These purely data-based
approaches highlight the importance of the choice of an appropriate objective function when
using these data for parameter optimisation. However, they suffer from coarse stationarity
assumptions (Richardson et al. 2006) or limited applicability (Hollinger & Richardson 2005).
The approach being advocated here (Chapter III) results in estimates of both the deterministic
series as a representation of Fy and a semi-parametric characterisation of the stochastic
properties of the uncertainty in the Fyy observations. Clearly, this model-based characterisation
will suffer from uncertainties due to model error and the propagation of input noise. However,
as demonstrated in Chapter III, these errors appear to be small compared to the estimated
observation noise. It is important to appreciate that this procedure is not restricted to the
spline model used in Chapter III. The characterisation of the noise component can rather be
based on any model provided no significant systematic signal is left in the model residuals.
Therefore, if the spline model proved inappropriate for a particular site, alternative model

structures could be applied for the estimation of Fiy followed by a noise characterisation.

A characterisation of the observation noise is relevant when replacing missing data. For
example, a complete series is required when inferring temporal integrals needed in model
derivation, testing and evaluation studies. Given that the observations include one realisation
of an unknown random variable, simply replacing missing data in the measurements with a
deterministic model (e.g., Goulden ef al. 1996a; Aubinet et al. 2000; Falge et al. 2001; Law et
al. 2002; Reichstein et al. 2005) will result in a statistically inconsistent series. The derived
semi-parametric model in Chapter II delivers a data-led estimate for the systematic Fyy while
the semi-parametric distributions from the model residuals (Chapter III) provide a means to

produce a ‘best’ estimate for a statically consistent gap-filled time series.

As presented in Chapter III, a full noise characterisation allows us to derive probabilistic
temporal (annual) flux integrals based on the estimate of the underlying deterministic flux
component and the associated error distributions. In contrast, the straightforward integration
of the (half-) hourly noisy measurements to deterministic temporal aggregates (e.g., Lee et al.
1999; Aubinet et al. 2002; Griffis ef al. 2003) will give a false impression of accuracy whilst
running the risk of significant error propagation. The significant uncertainties due to spatial
variation in the turbulent fluxes however (Oren et al. 2006) highlight the scope for further
research on the representativeness of EC observations for classified biomes (Hargrove et al.

2003), in particular when extrapolating the derived values to give regional estimates.
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V1.3 Disaggregation of the net flux

The modelling approach introduced in this work facilitates the disaggregation of the EC net
CO; flux time series into several components. As discussed above, the decomposition of the
observations into a systematic signal and a stochastic component is crucial for any further use
of these time series despite this having been somewhat overseen in the past. In contrast, the
determination of an assimilation component and an estimate for ecosystem respiration from
EC data has received a lot of attention, motivated by the demand for these quantities in
regional to global ecosystem models and terrestrial carbon inventories. The methodologies
applied so far primarily suffer from the oversimplification of the models used for flux
disaggregation (Reichstein ef al. 2005). Similarly, the assumption of a stationary temperature
response of ecosystem respiration extrapolating from conditions in the absence of light to the
daytime regime has surely to be questioned. Interestingly, the stochastic noise component in
EC observations has not been consistently addressed in such studies. The approach presented
in this work successfully addresses some of these limitations. Firstly, the semi-parametric
model is constrained by all available data avoiding a somewhat truncated data analysis. The
resulting hypersurface is then used to derive a light-independent seasonal response to
temperature that is referred to as ‘ecosystem respiration’. Secondly, the multidimensional
nature of the spline model implicitly allows the components to evolve with several drivers
simultaneously and, hence, includes the required additional complexity. Thirdly, given the
characterised EC observation noise from Chapter III and the parameter covariance structure
from the model optimisation, observation and parameter uncertainty can be traced throughout
the disaggregation. The decomposed fluxes Fz and Fr may serve further disaggregation,
signal extraction and model derivation, testing and evaluation (see next section).
Alternatively, probabilistic flux integrals can be inferred from these quantities as is required
for carbon budget studies and/or cross-site analyses (see Chapter III and IV). It will be
interesting to compare the disaggregation scheme introduced in this study particularly with
other nonparametric approaches such as artificial neural networks (Papale & Valentini 2004;

Braswell et al. 2005). Such an intercomparison is currently underway (Moffat et al. 2006).

V1.4 Opportunities for inferences on canopy behaviour and parametric models

The semi-parametric hypersurfaces are unique in their multidimensional representation of the
variations in the carbon exchange fluxes (e.g., Fi, Fg, Fr). Given that experiments on the
canopy level in controlled environments inevitably accompany substantial financial

investment, such set ups are rare and the data availability is limited as a result (e.g., Ellsworth
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et al. 1995; Osmond et al. 2004). Therefore, the semi-parametric modelling approach offers a
readily available (cheap) alternative for a diagnostic analysis of the responses of carbon fluxes

to separate drivers based on EC data, provided these signals can be extracted from the data.

Figure VI-1 shows the derived Fy surface and the remaining F; hypersurface for the SPA
simulation data set (see Chapters II-1V) that could provide a basis for further characterisation
of the flux components. Obviously, a comprehensive analysis is beyond the scope of this
thesis, but it is worthwhile pointing out scope for further investigation. It has to be noted
again that these studies will only prove beneficial when initially working with an entirely
known system, i.e. synthetic data from a simulation model. One obvious objective would be
to explore the separate dependencies to light, temperature or time under fixed environmental
conditions. Here, all the complexity and interaction implemented in the simulation model is
unlikely to be uncovered by the simple spline model structure. Therefore, the investigation
should focus on specific aspects of canopy carbon exchange. For instance, the Fg
hypersurface in Figure VI-1a allows for the identification of the temporal evolution of the
light response curve at different temperature levels. It would be interesting to investigate how
this dynamic might be related to downregulations of photosynthesis due to environmental
factors, e.g., as represented in production efficiency models (e.g., Potter e al. 1993; Runyon
et al. 1994). Another aspect of interest related to this could be the investigation of the
temperature optimum of photosynthesis at light saturation as deduced from the Fg
hypersurface. Here, the temporal evolution of this value could provide information on
possible downregulations due to limiting environmental conditions or the plasticity of this
property in response to shifts in the background meteorological conditions (Berry &
Bjorkman 1980). Obviously, this is only a small subsample of a wide range of research

questions the hypersurfaces invite.
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Figure VI-1: Gross photosynthetic uptake, F; as a function of light, temperature and time (a) and ecosystem
respiration, F as a function of temperature and time (b) derived from the SPA synthetic data. The simulated
‘true’ components are added as grey dots.

The success of the multidimensional spline model to explain the variations in Fy during the
day and over the year endorses the three driving forces, light, temperature and time as being
major regulating factors in many ecosystems. However, owing to the flexible nature of the
splines, other controls might be confronted. Provided all variations in the response to incident
radiation and temperature have been accounted for in the light and temperature dimension of
the hypersurface, the variations in Fy in the temporal space will reflect a conglomeration of
the effects of all other environmental drivers. For example, the semi-parametric spline model
as implemented here does not explicitly account for the effects of water limitations over and
above that of the climatic mean. As a result, any medium term effects of dry periods will be
projected onto the estimated phenological evolution of the canopy. Such model inadequacies
might become obvious when analysing the residuals similar to those shown in Chapter V for
LUE,,,. when allowed to vary over time. Water limited sites have not been a particular focus
of this study and the estimation of the splines from such data might suggest choosing different
environmental drivers. Such changes of drivers could be readily incorporated into the spline
framework and tested for appropriate data providing relevant measures of the drivers were

available for the sites in question.

As has been demonstrated in Chapter V, semi- and nonparametric modelling techniques
provide a promising framework for exploring the derivation of simple parametric model
structures to explain the variations in ecosystem exchange data. While the nature of the
modelling approach ensures the data support during the model derivation, the physical
interpretation of the semi- or nonparametric relationships demands some considerable
comprehension of the system. Fortunately, understanding of plant scale processes including

resource use efficiency provide a valuable source to draw from. Therefore, this approach to
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model derivation can be seen as complementary to both purely process based modelling and
simple ‘top down’ approaches, as they are commonly applied when assimilating remote
sensing information. The tight coupling between CO, uptake and water loss through stomatal
control for instance could be explored in a similar way while also making use of some
products of this work as already indicated by the correlation of LUE,,, and the index for

water availability shown in Chapter V.

As we have seen, temporal aggregation of the observations is likely to result in simpler
model structures. The daily model for the net CO, flux in Chapter V for instance, could be
reduced to two dimensions compared to the three dimensional hypersurface based on hourly
data (Chapters II, III, IV). On the other hand, valuable information might get lost due during
data aggregation (van Wijk & Bouten 2002). This dilemma highlights the importance of
defining research question(s) prior to any model development (Goldenfeld & Kadanoff 1999).

The data being used for the analysis can then be chosen appropriately.

Given the data availability for FLUXNET sites in a range of vegetation and climate
conditions, the generality of the derived model structures can be extensively tested in order to
assess the predictive performance. Obviously, for a rigorous test of the temperature dependent
light-use efficiency model presented in Chapter V, the available resources on different biomes
were not exhausted. It is, therefore, appealing to evaluate the model for more EC tower
locations and subsequently to relate the differences in the derived parameters to biome
information and site characteristics. Such relationships might then pave the way for
regionalised models for the CO, exchange between the vegetated surface and the atmosphere

derived from EC observations.

Finally, it is worthwhile noting that, in line with the iterative model building philosophy
used here, the semi-parametric modelling approach provides the framework to include more
process information. This could be afforded by replacing selected parts of the spline model
with particular parametric structures. In this way, physical process understanding would be
linked with information in the data progressively, leading to full parametric models

commensurate with the observations at the scale of interest.
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