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Abstract 

The increase in the carbon dioxide concentration in the atmosphere caused by 

anthropogenic activities, and subsequent global warming since the industrial revolution, 

has required better understanding of the global carbon cycle. Despite the achievements 

which have been made during the past decade, the role of the terrestrial biosphere, 

especially forests, in the global carbon cycle remains unclear. Therefore a great amount of 

effort has been put into the field of simulating carbon and water exchange between forests 

and biosphere. 

We tested several hypotheses which all link the carbon cycling in European forests using 

the Soil-Plant-Atmosphere model (SPA) and eddy covariance measurements from the 

CARBOEUROPE project. Firstly, we ran the model against flux data and obtained the 

optimised set of parameters for ten flux sites at a variety of climatic conditions; The inter-

site model parameters are investigated to test whether the variations in parameters display a 

pattern which can be used in up-scaling of the model application. It was found that 

maximum carboxylation rate (V,) displays a simple linear relationship with latitude (R2  

= 0.72) and the ratio of autotrophic respiration to gross primary production (GPP) remains 

at a constant (0.47). Furthermore, we applied a Bayesian calibration method, which 

quantifies both flux measurement error and parameter priori distribution, to the same ten 

flux sites to tackle the uncertainty of the model outputs. It was found that given the amount 

of data and the associated errors, model parameters and the confidence intervals that are 

related to plant functional type (PFT) can be identified. The third hypothesis we tested is 

that carbon uptake by the ecosystem is enhanced under diffuse radiation. We compared the 

light use efficiency (LUE) under both direct and diffuse regimes for eight contrasting 

ecosystems using both flux data and modelled outputs. Our results show that diffuse 

radiation results in a higher LUE for both forests and grasslands and the response of forests 

to diffuse radiation is even higher. The model produced strikingly similar results to those 

derived from direct observations. Finally, we applied the model to a specific flux site 

experiencing drought to test the hypothesis that soil moisture and precipitation may 

influence the carbon uptake of forests and further have an impact on the carbon cycling. 

vi 



Contents 

INTRODUCTION .................................................................................................... 1 
1.1 DEVELOPING MODELS TO SUMMARIZE FLUX DATA.......................................................................2 
1.2 DATA ASSIMILATION.................................................................................................................... 4 
1.3 EUROPEAN FOREST CARBON SINK ESTIMATION........................................................................... 5 

	

1.4 	THESIS OUTLINE ............................................................................................................................ 7 
1.4.1 Interpreting carbon and water fluxes for ten Euroflux sites using one model (Chapter 2).. 7 
1.4.2 Estimating parameters in a process-based model by applying Bayesian Calibration to eddy 
covariance flux measurements for 10 EUROFLUX sites (Chapter 3) ...........................................8 
1.4.3 The response of eight contrasting ecosystems to direct versus diffuse radiation (Chapter 4) 

........................................................................................................................................9 
1.4.4 The simulated response of a Pinus pinaster forest to drought stress (Chapter 5)............... 10 

INTERPRETING CARBON AND WATER FLUXES FOR TEN EUROFLUX 
SITES USING ONE PROCESS-BASED MODEL.................................................18 

	

2.1 	ABSTRACT ................................  .................................................................................................. 19 
2.2 INTRODUCTION...........................................................................................................................20 

	

2.3 	METHOD AND MATERIAL ...........................................................................................................23 

	

2.3.1 	Sites .................. .................................................................................................................. 23 

	

2.3.2 	Model description..............................................................................................................24 
2.3.3 Initialisation, calibration and driving variables .................................................................26 

2.4 RESULTS.....................................................................................................................................30 
2.4.1 Modelled versus measured NEE comparisons ..................................................................30 

	

2.5 	DISCUSSIONS ..............................................................................................................................34 

ESTIMATING PARAMETERS IN A PROCESS-BASED MODEL BY 
APPLYING BAYESIAN CALIBRATION TO EDDY COVARIANCE FLUX 
MEASUREMENTS FROM TEN EUROFLUX SITES.........................................64 

3.1 ABSTRACT.................................................................................................................................. 65 
3.2 INTRODUCTION...........................................................................................................................66 

	

3.3 	METHOD AND MATERIAL ...........................................................................................................70 

	

3.3.1 	Data...................................................................................................................................70 

	

3.3.2 	Model description .............................................................................................................. 70 

	

3.3.3 	Bayesian calibration ..........................................................................................................72 

	

3.4 	RESULTS .......................................... . ........................................................................................... 75 

	

3.4.1 	Flux data uncertainty.........................................................................................................75 

	

3.4.2 	Parameter posterior distribution ........................................................................................76 
3.4.3 Model predictive uncertainty...............................................................................................78 

	

3.5 	DISCUSSIONS ...............................................................................................................................79 

THE RESPONSE OF EIGHT CONTRASTING ECOSYSTEMS TO DIRECT 
VERSUS DIFFUSE RADIATION.........................................................................101 

4.1 ABSTRACT................................................................................................................................102 

	

4.2 	INTRODUCTION ........................................................................................................ .. ............... 103 
4.3 METHOD AND MATERIAL .........................................................................................................105 

	

4.3.1 	Data ..................................................................................................................... . ........... 105 

	

4.3.2 	Model description............................................................................................................106 
4.4 RESULTS...................................................................................................................................110 

4.4.1 The different response of eight ecosystems to direct and diffuse radiation showed from 
eddy covariance measurements..................................................................................................110 

	

4.4.2 	VPD effect ....................................................................................................................... 110 
4.4.3 Light use efficiency calculated from three different model canopy structures................111 

Vii 



4.4.4 Light Use Efficiency on daily basis.................................................................................112 
4.5 Discussio ...............................................................................................................................113 

5. THE SIMULATED RESPONSE OF A PINUS PINASTER FOREST TO 
DROUGHTSTRESS...............................................................................................135 

5.1 	ABSTRACT ................................................................................................................................136 
5.2 	INTRODUCTION.........................................................................................................................137 
5.3 	METHOD AND MATERIAL .......................................................................................................... 140 

5.3.1 	Site description................................................................................................................140 
5.3.2 	Data ................................................................................................................................. 141 
5.3.3 	Model Description ........................................................................................................... 142 
5.3.4 	Model parameters............................................................................................................142 
5.3.5 	Sensitivity analysis..........................................................................................................144 

5.4 	RESULTS .................. ..................... ............................................................................................ 145 
5.5 	DISCUSSION .............................................................................................................................. 148 

6. GENERAL DISCUSSION..................................................................................174 

	

6.1 	THE MULTI-ROLES OF A PROCESS-BASED MODEL......................................................................175 
6.2 Do PLANTS ABSORB MORE CARBON IN GLOBAL DIMMING' PERIODS OR 'GLOBAL BRIGHTENING' 
PERIODS? .........................................................................................................................................179 

	

6.3 	BIG CHALLENGES ......................................................................................................................180 
6.4 FUTURE WORK..........................................................................................................................183 

6.4.1 Data Assimilation.............................................................................................................183 
6.4.2 From a 'pixel model' to a 'grid model' .............................................................................183 

APPENDICES.......................................................................................................... 193 



Chapter 1 

Introduction 



1.1 Developing models to summarize flux data 

As carbon dioxide is among several important greenhouse gases that absorb infrared 

radiation emitted by the Earth's surface and because of its absorbing ability and rising 

concentration in the atmosphere, the carbon cycle has become an intense research subject 

in environmental science (IPCC 2001). The carbon equilibrium in the atmosphere has been 

disturbed due to anthropogenic carbon emissions since the Industrial Revolution and this 

has caused the additional global warming in modem times. Therefore, most governments 

support the aim stated in the framework Convention on Climate Change: "to achieve 

stabilisation of greenhouse gas concentrations at a level that would prevent dangerous 

anthropogenic interference with the climate system". To meet this goal, understanding and 

quantifying carbon budget is required. There are several related approaches that have been 

used. At the ecosystem scale they involve., measuring carbon fluxes or carbon stocks and 

developing process models. At the regional and global scale, the atmospheric 

concentrations are measured, and by 'inversion', it is possible to infer the magnitude and 

location of sinks (Gurney et al., 2002). In the project CARBOEUROPE, all methods are 

employed. 

Carbon fluxes may be measured directly. A global network of long-term eddy flux stations 

followed from pioneering micrometeorological work at several centres in the world in the 

early 1990s. Today there are over 250 flux sites worldwide, linked together as a global 

network called FLUXNET (Valentini et al., 2000; Baldocchi et al., 2001) to monitor the 

carbon, water and radiation fluxes. Among them, around 25 have been established in 

European forests (and also in other ecosystems), forming a network previously known as 

EUROFLUX and now as CARBOEUROPE. Data obtained from such flux sites are used to 

investigate the diurnal and seasonal variations of surface flux and energy partitioning 

within different types of biomes (Black et al., 1996; Goulden et al., 1996; Valentini et al., 

1996; Falge et al., 2001; Wilson et al., 2002; Wilson et al., 2003; Leuning et al., 2005). 

Each site has a tower ('flux-tower') to expose the sensors to the turbulent airflow a few 

metres above the vegetation canopy, and the sensors provide automatic and continuous 

collection of data at half-hourly intervals (Aubinet et al., 2000). We have learned a great 

deal about how plant functional types respond to weather and soil conditions at canopy 

scales (Baldocchi et al., 2001; Woodward et al., 2004) and which factors control the 

seasonal and interannual variation in exchange of carbon, water and heat between the 
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biosphere and atmosphere (Valentini et al., 2000; Bàldocchi et al., 2001). With the 

establishment of global flux network, we now have a large body of data to interpret 

variations in the biosphere and atmosphere exchanges both at decadal to century and at 

regional to global scales. However, flux towers cannot cover every part of world 

continuously due to geographical and climatological difficulties. In addition, flux data may 

have bias or gaps due to harsh weather or equipment failure. The measurement error is 

another concern that should be taken into account when flux data were used to investigate 

diurnal and seasonal pattern of carbon and water (Aubinet et al., 2000). Thus extrapolation 

and gap-filling of the existing dataset are required, which can be carried out by a modelling 

approach. 

Over the decades, a number of models have been developed to predict the interactions 

between the biosphere and atmosphere in two aspects: i) the impact of changing climate on 

growth and distribution of vegetation (Cramer et al., 2001) and ii) mass and energy transfer 

between the vegetation and atmosphere (Bonan et al., 1992; Foley et al., 1996; Kutzbach et 

al., 1996; Douville et al., 2000; Williams et al., 1996; Betts, 2000; Cox et al., 2000; 

Friedlingstein et al., 2001). The advantage of models over measurements is that they can 

dynamically link all the components in the systems and identify each factor which may 

affect the processes. Eddy covariance measurements have been used to calibrate and 

validate these models; on the other hand, models act as a ,tool for extrapolation and 

integration of flux data at local scales to generate regional and global carbon budgets. 

However, many of these models usually have a great number of parameters and require 

physiological measurements such as biomass, Leaf Area Index (LAI) and soil texture data 

as inputs, many of which may not have been measured at the flux sites. Inter-model 

comparisons have been made among Dynamic Global Vegetation Models (Cramer et al., 

2001; Friedlingstein et al., 2006). However, results, from comparisons among different 

models indicated that the substantially different results may arise from a variety of 

terrestrial ecosystem models, and therefore the uncertainties about the response of 

terrestrial ecosystems to the climate change remains high (Cramer et al., 1999). This is 

partly because of the differences in model schemes, and complex level, as well as their 

different emphasis and input/output timescales. Therefore thoroughly tested or qualified 

models are required to understand and quantify the process of carbon accumulation and 

decomposition at local and regional scales, to determine the factors which influence them, 
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to broaden our knowledge of carbon cycling and to understand yearly variations (Wickland, 

1989). 

1.2 Data Assimilation 

Currently there are two approaches for quantifying the carbon budget at the level of the 

ecosystems - by using process-based models and by measuring carbon flux and stock data 

(Williams et al., 2005). Both methods have advantages and disadvantages. The eddy 

covariance system running from towers with sensors a few metres above canopy can 

measure carbon flux directly and continuously and can sample a footprint of surrounding 

land-cover over an area of 0.1-1.0 square kilometres. However, flux data may have gaps 

and gap-filling methods may introduce bias, which may increase the model output 

uncertainty if used for model forcing and model validation. In addition, some direct 

measurements are difficult to obtain such as the underground biomass (fine root and coarse 

root) and are generally restricted to local plots. On the other hand, a modelling approach 

enables us to extend across large spatial domains and into the future, given-the relevant 

driving variables (Running et al., 1999; White et al., 2000; Rastetter et al., 2003). However, 

process-based models have generally a large number of parameters, which makes the 

models more difficult to apply because of the work required to gather data. Model 

constructions are always based on ecophysiological principles and knowledge of physics 

and chemistry as well as empirical or theoretical relationships and subjective assumptions. 

Sometimes subjective assumptions may be flawed. 

When process-based models are validated against measured values, there are sometimes 

practical and philosophical problems associated with the approach because the model 

parameters generated from the flux measurements are used to validate the model against 

the same set of flux measurements. In order to eliminate the problems, models are often 

parameterised with some subset of the observations and tested against the remaining part of 

data. Such tests are designed to show that the model can effectively describe the observed 

systems by demonstrating a strong correlation or low mean standard error between the 

modelled and measured values. However, this parameterisation approach is inefficient 

since it does not make use of the whole dataset (Williams et al., 2005). 
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A new technique, Data Assimilation, widely used in weather forecasting systems (Lbrenc, 

1986), is now considered as a frontier branch of atmospheric and oceanic sciences (Cosby, 

1984; Eknes and Evensen, 2002). Data assimilation is an analysis technique in which the 

observed information is accumulated into the model state by taking advantage of 

consistency constraints so that observed trends are followed and also physical laws are 

obeyed. Data assimilation enables the model to organize and propagate forward 

information from previous observations (Lorenc, 1995). When new observations are 

available, the model can be adjusted by comparing the outputs to the observations, which 

combines both model information and previous observations. Data assimilation is quite 

new in this field, as discussed by Williams et al. (2005). 

1.3 European Forest Carbon Sink Estimation 

In the early 1990s, it has been pointed out that the amount of carbon dioxide related to 

human activities exceeds the sum of annual increase measured in the atmosphere and that 

the ocean sink is not strong enough to account for the difference. Accordingly, it was 

postulated that there must be some "carbon sink" in the terrestrial system, very likely in 

forests (Broecker et al., 1979) and changes in forest carbon may play an important 

feedback to the current increase in the atmospheric carbon dioxide (Maihi et al., 1999). 

Therefore understanding the biosphere and atmosphere exchange process and quantifying 

the forest carbon budget have become an important issue for evaluating policies to mitigate 

anthropogenic carbon emissions (United Nations Framework Convention on Climate 

Change; IGBP Terrestrial Carbon Working Group 1998). Several forest canopy models 

have been available and been successfully applied to a variety of ecosystems (Baldocchi 

and Harley, 1995; Leuning et al., 1995; Williams et al., 1996; Gu et al., 1999; Woodward et 

al., 2004; Krinner et al., 2005). 

The successful models describe ecological processes at local scales and are applied to 

individual 'point' experimental sites for parameterisation and validation. However, from 

regional scales to global scales, very limited research and data are available. Thus our 

understanding of these interactions at the local scales is well based and relatively complete 

while at the 'higher scales our knowledge is rather poor or even non-existent. Remote 

sensing technology provides a unique opportunity to obtain useful information to global 
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problems. It has proved difficult to apply a local scale model to ecosystems at regional 

scales (Whittaker and Marks, 1975; Jeffers, 1988; Hobbs and Mooney, 1990; Atkinson and 

Tate, 2000). The main reason is, that at the large scales, there are major environmental 

variations and effects of humans (disturbance). In addition, the empirical relationship and 

ecological process in the majority of models are non-linear (i.e. simple multiplication from 

the small scale to the large scale is unlikely to work). In order to progress, we need not only 

to develop models which contain deterministic processes independent of the scale but also 

to use field measurements and remotely sensed data to build up the spatial form, which can 

be achieved by applying the models to geographic units (Ehleringer and Field, 1993). 

Remote sensed data can be used to provide inputs such as long-term meteorological data 

and other NPP-related variables such as standing biomass to drive ecosystem process 

models in each of the geographic units. However, the determination of model parameter 

values for all the units is not straightforward. Only some of these input parameters such as 

LAI and aboveground biomass can be obtained via remotely sensed data. Most important 

parameters which have a great impact on gas exchange process such as photosynthesis and 

soil decomposition are not directly observable from existing satellite sensors. In fact, our 

understanding has been very poor in comparison of the knowledge of physiological 

parameters across sites on how these parameters (such as stomatal conductance and leaf 

water potential) differ among different forests (Medlyn et al., 2005). Therefore further 

effort is required to achieve the linking of parameter variations with the environmental and 

geographical factors. 

Most of the models can be categorized into two groups: pixel models and grid models. Grid 

models can be extended into broad domain and into future, given forcing data and 

parameter values, however, these models generally have more complex - structures, 

computationally expensive and outputs are normally in coarse scales. Compared to grid 

models, pixel models are simpler and much more easily tested. However, in order to 

generate a carbon budget map for a large area such as the whole Europe, grid models are 

required. 
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1.4 Thesis Outline 

The overall objective of the thesis is to use a single process-based model to interpret carbon 

and water dynamics for a range of European forest ecosystems, using data from long-

established flux sites known as EUROFLUX, under a variety of climate conditions. There 

are four main chapters together with general introduction and general discussions. Each 

main chapter has been designed in a scientific paper form: key questions to be answered are 

brought forward, and discussions pertaining to the questions are presented. Initially I test 

the model against multiple flux data across Europe. Then I investigate the model parameter 

uncertainty to see how well constrained the various processes are by time series of flux data. 

Finally, based on the model tests and the parameter distributions, I investigate the model 

process representation in detail, focussing on radiative transfer schemes and drought stress. 

I summarize each of main chapters in turn as follows. 

1.4.1 Interpreting carbon and water fluxes for ten 

Euroflux sites using one model (Chapter 2) 

The second chapter is about fitting a process-based model, called Soil-Plant-Atmosphere 

(SPA), to ten European flux sites. A simple carbon dynamic model, DALEC, is 

incorporated into SPA to simulate the allocation, turnover and respiration components of 

the C cycle. Hereafter we call the resulting model SPA-DALEC. In this chapter, for each 

site we parameterise SPA-DALEC against half hourly eddy covariance carbon and latent 

energy measurements for one whole year and applied the model with the obtained 

parameter set to the following years. The Modelled Net Ecosystem Exchange (NEE) and 

Latent Energy (LE) were compared to flux measurements to test the model performance 

based on goodness-of-fit. Half hourly values were also aggregated into daily and monthly 

basis to investigate diurnal and seasonal patterns. 

Our aims are to use this modelled-measured comparison to i) test SPA-DALEC against ten 

forest flux sites ii) quantify the fifteen key model parameters for each single site and 

compare them across all the sites and to test how they vary with latitude, vegetation type 

and site history; iii) investigate which parameters in the model are most site-sensitive. 
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We found that the SPA-DALEC model was able to simulate well the observed carbon 

dioxide exchange at sites in different climatic zones with different species (all the R2  were 

>0.6, and often > 0.7). In addition, the half hourly measured water fluxes for all the sites 

agreed with those computed by the model (all the R2  were > 0.65). It was found that the 

daily carbon simulation tends to be underestimated across all the sites (the slope was 0.8-

0.9), which can be partly attributed to a well-known measurement error, namely, the 

underestimation of fluxes at night-time. There were variations in some of the model 

parameters because of the contrasting difference in latitude, climatic patterns and tree 

species across the sites. The maximum Rubisco activity (V,) displayed a linearly 

negative relationship with latitude. The ratio of autotrophic respiration to plant GPP 

remained at the fixed value (0.47) except for two sites. 

1.4.2 Estimating parameters in a process-based 

model by applying Bayesian Calibration to eddy 

covariance flux measurements for 10 

EUROFLUX sites (Chapter 3) 

The parameterisation process in Chapter 2 was using a Monte-Carlo approach to generate a 

combination of parameter sets at points linearly arranged between the specified maximum 

and minimum values. The optimised procedure was based on the goodness-of-fit test. 

However, this approach failed to take eddy flux measurement error into account and to 

quantify the model output uncertainty. Therefore a Bayesian method was used in chapter 3 

to re-parameterise the model against the ten flux sites. The priori parameter distribution 

was simplified to be evenly distributed (Van Oijen et al., 2005) in order to alleviate the 

computational burden. 

The aims in this chapter are to investigate i) how a Bayesian approach provides a logical 

method for calibrating forest C dynamics and parameter uncertainty; ii) which factors 

influence model parameter variations among flux sites. 

We found that Bayesian calibration can not only provide the sample of model parameters 

from the posterior distribution of model parameters, but also generate the carbon cycle 

estimates and associated uncertainty. The quality of field measurements on both model 



parameters and model output variables can improve the performance of Bayesian 

calibration. 

1.4.3 The response of eight contrasting ecosystems 

to direct versus diffuse radiation (Chapter 4) 

The aims of this chapter are to i) test the hypothesis that carbon uptake by plant is enhanced 

under diffuse radiation; ii) determine whether the model is able to capture the difference 

under direct versus diffuse radiation. 

It was thought that some of the lack-of-fit of the model output, mentioned above (Chapter 

2), might have been related to variations in the diffuse versus direct solar radiation, and so 

SPA' s ability to simulate these effects was therefore tested. 

A radiation decomposition model was used to separate the direct and diffuse regime on a 

half hourly basis. The light response curve parameters, maximum assimilate rate (Am ) and 

apparent quantum yield (s), were calculated by fitting a non-rectangular hyperbola and 

compared to each other. The SPA-DALEC model, which has been tested against flux data 

at ten sites in both Chapter 2 and Chapter 3, with an embedded radiation transfer scheme, 

was used to see how far it represented the ecosystem response to direct versus diffuse 

radiation. We simulated the net ecosystem exchange under direct and diffuse radiation and 

compared the results to the observations to test the performance of the model. 

The observations showed that diffuse radiation resulted in higher light use efficiency for 

forests and grassland. Forests showed an even larger response to diffuse versus direct 

radiation than grassland, however, papyrus showed no advantage of diffuse radiation. The 

model generated strikingly similar differences under direct and diffuse radiation regime 

compared to the results derived from direct observations. Our study results indicated that 

big leaf models with average illumination (sensu Lloyd and Grace, 1995) may substantially 

overestimate the carbon dioxide exchange. However a simple model with sunlit and shaded 

area and a multilayer model can represent the observed data quite well. It is probably not 

necessary to develop models with the ultimate realism of ray-tracing (Cesscatti, 1997); 



rather models of intermediate complexity such as SPA can adequately represent the 

ecosystem responsiveness to the diffuse and direct radiation. 

1.4.4 The simulated response of a Pinus pinaster 

forest to drought stress (Chapter 5) 

Our specific objectives in this work are to i) run SPA-DALEC and compare the model 

outputs against flux data from a French forest sites experiencing drought stress to test 

whether the model is able to capture carbon and water exchanges of ecosystems under 

stressful conditions; ii) test the hypothesis that both physiological factors-hydraulics and 

rooting depth and environmental factors-Vapour Pressure Deficit (VPD) and soil texture 

play an role in controlling the carbon and energy fluxes of forests in water stress iii) 

investigate how the drought affects ecosystem carbon budget over an eight year period 

including year 2003. 

We found that the predicted carbon and energy fluxes fit the observed data on both half 

hourly and daily basis, which indicates that the SPA-DALEC model is able to capture the 

response of the forest to reduced rainfall. Rooting depth is a strong control on the 

sensitivity of model to drought effect. Our results show that the simulated annual carbon 

budgets are influenced by both high temperature and reduced precipitation. However, some 

other factors, such as change of vegetation characteristics from year to year as a result of a 

'memory' effect, which means that trees are affected by processes occurred inprevious 

years, may also play a role in the estimates of carbon cycles. 
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2.1 Abstract 

In this work, we tested one process-based model, SPA-DALEC, against carbon and water 

flux data at 10 forest sites from the European flux network known as EUROFLUX project. 

The modelled half hourly and aggregated daily net ecosystem exchange (NEE) data were 

compared to the measurements based on the goodness-of-fit test. The predicted NEE were 

generally good and explained most of variability of the carbon fluxes on half hourly basis 

for the sites. The water flux simulations were less satisfactory as it was found that the 

modelled values were systematically overestimated by 20% to 50% compared to the 

measurements. Latent energy was also calculated by' energy balance equation and 

compared to the measurements. The discrepancy between the two calculated values 

indicated that the water flux data measured by eddy covariance system were 

underestimated. It was also noted that the modelled daily carbon flux data were generally 

more than 10% higher than the measured data, which was believed to be an underlying 

measurement problem. The comparisons of model parameters across the sites showed that 

the ratio, of autotrophic respiration to gross primary productivity (GPP) remains more or 

less stable with the value of 0.47; the wood turnover rate varied negatively with the latitude 

and the maximum rate of Rubisco activity (Vcm ) slightly increased according to the 

latitude with the highest correlation coefficient being 0.72. These results highlight the 

possibility of model upscaling from individual 'pixel' sites to the whole European forests. In 

addition to carbon and water dynamics, the other model outputs, leaf area index (LAI) and 

wood increment, were compared to the measurements. It was found that the modelled wood 

increment was in close-to-perfect agreement with the ground observed data with the 

coefficient index (R2) 0.96. 
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2.2 Introduction 

The accumulation of carbon dioxide in the atmosphere proceeds at a much slower rate than 

expected from the rates of deforestation and fossil fuel burning (IPCC, 2001). This can be 

partly attributed to the net carbon uptake by the terrestrial biosphere, which is believed to 

be the result of the combination of an enhanced photosynthesis resulting from the increased 

atmospheric carbon dioxide concentration and the vegetation response to warming in the 

northern hemisphere (Ciais et al., 1995; IPCC, 2001; Nabuurs, 2004). There may be 

additional factors such as the decomposition of nitrogen from industrial sources, and 

changes in rainfall and radiation quality. All these facts may enhance both ecosystem 

carbon accumulation (by photosynthesis) and carbon loss (by respiration). Because net 

carbon uptake of an ecosystem is the difference between Gross Primary Productivity (GPP) 

and ecosystem respiration (RE), a relatively small change in the two large fluxes can have a 

great impact on the role of ecosystems as a sink or source of carbon. There is evidence for a 

large carbon sink in the terrestrial biosphere and a substantial component in Europe 

(Janssens et al., 2005). Terrestrial carbon sequestration greatly mitigates the trend of global 

warming, so that estimation of terrestrial carbon budget and understanding which type of 

vegetation and which factor contributes most to the balance has become an important issue. 

Of all ecosystems, it is forests that are likely to be the strongest contribution to the sink and 

changes in forest carbon may play an important feedback to the current increase in 

atmospheric carbon dioxide (Lloyd, 1999; Malhi et al., 1999). Therefore a large effort has 

been made towards understanding and monitoring the forest carbon exchange around the 

world (Sellers et al., 1997; Baldocchi et al., 2001; Andreae et al., 2002). One of the notable 

methodologies is the use of eddy covariance technology, which provides consistent 

measurements of long-term carbon and energy exchange between the atmosphere and 

biosphere. There have been over 80 forest flux sites across the world (Baldocchi et al., 

20 00) and around 18 of which have been established in European forests known as part of 

global network called FLUXNET (Valentini et al., 2000; Baldocchi et al., 2001). With the 

establishment of global flux site network with accompanying meteorological and biological 

measurements, we now are able to take advantage of the large body of data to interpret 

mass and energy exchange for different types and sites of forests at stand level (Law et al., 

2002). On the other hand, process-based models, which describe the underlying processes 

between the trees, soil and atmosphere, are being developed to explain the dynamics of 
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forest ecosystems and help elucidate the ecosystem response to environmental changes. 

These models are usually driven by physiological and meteorological data and can be 

parameterised by flux measurements (Papale and Valentini, 2003; Van Oijen et al., 2005). 

However, since the network of flux sites will never cover the ecosystems of the whole 

world continuously, we need to produce up-scaling methods for temporal and spatial 

integration. Therefore models together with eddy covariance data are being used to better 

understand the variations in carbon and energy fluxes at site levels and furthermore to 

generate the prediction of regional and national carbon balance over the long term. Inter-

model comparisons have been made among general circulation models (Sellers et al., 

1997b; Pitman and Henderson-Sellers, 1998; Pitman et al., 1999) and dynamic global 

vegetation models (Cramer et al., 2001; Friedlingstein et al., 2006). 

Forest carbon balance is affected by multiple factors, including environmental factors such 

as incident radiation, temperature and precipitation together with site-specific features, 

such as soil type, site history and nutrient availability as well as tree physiology (Schulze et 

al., 1999, 2000; Law et al., 2001a; Medlyn et al., 2005). It has been pointed out that the 

carbon flux and inter-annual difference in carbon balance at individual sites may reflect site 

disturbance history (Law et al., 2002). Studies on European forests showed that net 

ecosystem exchange (NEE) was linearly related to latitude. Of course a number of factors 

influencing carbon uptake co-vary with latitude (Valentini et al., 2000). Law et al. (2002) 

suggested that an index combining temperature and water balance would be able to better 

explain the forest carbon variation across continents because no such correlation between 

NEE and latitude was found in American forests. Several authors postulated that ecosystem 

respiration rather than GPP is the main determinant of net carbon uptake (Valentini et al., 

2000; Pilegaard et al., 2001; Arain et al., 2002). Although it is known that soil respiration is 

strongly correlated to soil surface temperature on short term, soil carbon efflux is found to 

be more affected by substrate availability in the long run (Davidson and Janssens, 2006). In 

addition, site disturbance such as drainage and ploughing may have an effect on carbon 

flux from soil (Barford et al., 2001; Janssens et al., 2001). All the above factors make the 

modelling of carbon exchange more complex and more challenging for the researchers. 

In this study, we employed a Soil-Vegetation-Atmosphere-Transfer model—SPA 

(Williams et al., 1996) for interpretation of eddy covariance observations for ten European 

flux sites, using extensive ecophysiological data obtained for each site. In testing against 
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the half hourly time-series data from eddy covariance systems, it has previously been found 

that the model was able to explain a large proportion of day-to-day variability in carbon 

and water flux for a variety of ecosystems including temperate deciduous forest (Williams 

et al., 1996), tropical forests (Williams et al., 1998), arctic tundra (Williams et al., 2000) 

and temperate evergreen (Law et al., 2000a). These studies indicated that models with 

relatively simple canopy structure, evenly-distributed leaf area index (LAI) and foliage 

nitrogen within the canopy, plant and soil hydraulic conductance, can represent the fluxes 

seen in hourly and daily carbon and energy exchange in terrestrial ecosystems. The ten 

Euroflux sites we studied in this paper include three types of ecosystems: coniferous forests, 

deciduous forests and mixed forests (both coniferous and deciduous forests) and cover a 

variety of climatic regions: mediterranean, maritime, temperate and boreal zone. 

The SPA model was used in the modified form to simulate Net Ecosystem Exchange (NEE) 

and results were verified against eddy covariance measurements. The process of 

parameterisation enables us to identify the difference in climatic regions, canopy structure, 

and leaf physiology among the sites. There are some practical and philosophical problems 

with the approach because the model parameters generated from the flux measurements 

were used to validate the model against the same set of flux measurements. In order to 

eliminate the problems, we firstly determined most of the parameters from independent 

measurements and literature; secondly, for those parameters which were not available, we 

used one year of flux data to parameterise the model and then applied the model with the 

same set of parameters to the data of the following years for validation. 

Our objective in this work is to test the SPA against multiple flux data for ten forest sites 

with different kind of vegetation and climatic conditions. Our alms are to use this 

comparison to i) test the model against flux data from ten sites under a variety of climate 

conditions; ii) quantify the fifteen key model parameters for each single site and compare 

them across all the sites; iii) investigate how these model parameters vary with latitude and 

temperature. However, there is no respiration component embedded in SPA. Therefore we 

linked the SPA model to a simple carbon dynamics model, DALEC (Williams et al., 2005) 

to work out the respiration terms. We refer to the resulting model as SPA-DALEC. 
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2.3 Method and Material 

2.3.1 Sites 

The eddy flux sites used in this paper were among the forest established as part of a 

European network called Euroflux, which provides long term carbon dioxide and water 

vapour flux measurements for European deciduous and evergreen forests, grassland and 

crops. The general methodology for eddy covariance was described by Aubinet et al. 

(2000). For each site, more than one whole year of continuous flux data was used and 

extreme values, judged to be impossible (nighttime flux exceeding 15 p.mol m 2 	and 

daytime flux lower than -40 pmol m 2  s 1) were removed. Flux data were downloaded from 

hqp://www.fluxnet.oml.gov/fluxnet/Cd-1/web/  start here.html. 

The ten sites and modelled years include eight coniferous forests (Hyytiala, Finland, 1997-

2000; Tharandt, Germany, 1997-2000; Aberfeldy, UK, 1997-2000; Bayreuth, Germany, 

1997-1999; Castelporziano, Italy, 1997-1998; Flakliden, Sweden, 1997-1998, Loobos, 

Netherland, 1997-1998; Bordeaux, France, 1997-1998), one deciduous forests (Sarrebourg, 

France, 1997-2000) and one mixed forest (Vielsaim, Belgium, 1997-1998). The average 

data coverage over the year was more than 80%. A few data have been lost because of 

system failure or hard weather condition. For our study, we did not fill the gaps of dataset 

as this must degrade data quality. The most productive sites were a maritime pine forest in 

Tharandt, Germany and a Sitka spruce forest in Griffin, UK (Figure 1). The two sites 

experience few extreme climatic conditions and in this period they seldom suffer drought. 

The mediterranean site in Italy (Castelporziano) is the most active site as seen from Figure 

2 that there is carbon exchange going on all year around. The least productive site is the 

boreal coniferous forest site in Flakliden, Sweden. It shows that due to the long harsh 

winter no carbon exchange happens until summer and the maximum half hourly NEE rate 

is 20 mo1 m 2  (Figure 1). For the deciduous forest in France (Sarrebourg), as expected, 

carbon exchange starts during budbreak in spring time and ceases suddenly in autumn 

when leaves fall. 

A summary of the site characteristics is in Table 1. The forest flux sites are distributed 

within the northern latitude of 410  to 64°  in the temperate and boreal zone and most of the 

dominant species are coniferous trees; the Sitka spruce forest site in UK has the highest 
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maximum LAI of 8 while the boreal Norway spruce site has the lowest maximum LAI of 2; 

the tree diameter at basal area ranges from 10 to 27 centimetre; the French site, Sarrebourg, 

has the highest tree density (4000 per hectare) and and the Belgium site, Vielsalm, the 

lowest density (200 per hectare); the youngest tree stand is at the Aberfeldy site with a 14 

year old plantation, and the Sarrebourg site in France has the oldest of all with a 140 year 

old plantation (Table 1). There is understorey beneath the main canopy for most of the sites. 

2.3.2 Model description 

SPA is a multiple-layer canopy model which simulates carbon and water exchange between 

the atmosphere and biosphere at fine temporal and spatial scale (Williams et al., 1996). 

The model outputs are gross primary productivity (GPP) and latent energy (LE). Net 

ecosystem exchange (NEE) is the difference between GPP and ecosystem respiration (RE). 

In order to use eddy covariance data to verify model performance, we need work out the 

component of respiratory carbon flux. In the beginning, we used Lloyd and Taylor's 

equation (Lloyd and Taylor, 1994) to calculate soil respiration, which is in the form of 

Arrhenius exponential function of temperature. 

r. 
FRE, night = FRE,Tref et 0 	 }} iTr  T0 TKTO Equation 1 

Where FRETref  stands for soil respiration rate at reference temperature T,, (283.16K); E0  is 

set to 309 K; Tk represents soil or air temperature in K; To is the parameter which is 

determined by fitting the equation to dataset. 

We first verified that the model was able to reproduce the measured CO2  measurement. We 

split up one year of flux data into two parts. We used the first half to calibrate the 

respiration model and second half to verify SPA model. It showed that Lloyd and Taylor's 

equation slightly overestimated carbon flux at night-time compared to eddy covariance 

measurements. 
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We incorporated a simple carbon dynamic model, DALEC (Williams et al., 2005) into SPA. 

In the DALEC model the carbon cycle is represented by simple boxes connected by fluxes. 

Apart from autotrophic respiration which is assumed to be a fixed fraction of daily GPP, 

carbon gained through theprocess of photosynthesis is allocated into three different pools: 

foliage, wood and root, which are donor for litterfall and soil organic matter (SOM). Soil 

respiration consists of two components: carbon loss via mineralization from litterfall and 

breakdown of SOM, which are both temperature dependent. The way that SPA-DALEC 

works is that GPP simulated from SPA will go through the DALEC soil carbon flux 

function boxes and thus soil respiration is calculated simultaneously, which is temperature 

sensitive with a Qio  of 2.0. There are nine parameters altogether in DALEC, some of which 

are not controlled by the environmental factors but could be determined from empirical 

knowledge, whilst the others are dependent on environmental factors and need be 

parameterised. Table 2 shows the brief explanation and possible range of the nine model 

parameters. 

A problem encountered when we incorporated DALEC into SPA is the different time scale 

of the two models. DALEC originally works out soil respiration on daily basis and SPA 

operates half-hourly simulations. We used a simple sinusoidal function to disaggregate 

daily GPP into half hourly rates. The amplitude of the sinusoidal curve is determined by the 

photosynthesis, which occurs at the point of maximum solar radiation. We ran the resulting 

SPA-DALEC model and compared the results to the observed eddy covariance 

measurements. 

We firstly ran the model on half hourly basis for ten Euroflux sites for one whole year. The 

modelled NEE is the subtraction of modelled GPP and modelled ecosystem respiration. We 

then compared the results to the observed data to identify the optimised parameter sets, at 

which goodness-of-fit test showed that model output highly correlates with eddy 

covariance measurements. The slope, correlation coefficients and Root Mean Squared 

Error (RMSE) were used to assess the correctness of the altered parameters in the model. 

Then we continued to run the model for the following years (all of the sites have two years 

or more than two years of measurement so it is very convenient for our model testing) with 

the parameters obtained from previous year to investigate the consistency in the model 

performance when compared to CO2  flux data. 
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2.3.3 Initialisation, calibration and driving variables 

In this section, the inputs which drive the SPA-DALEC model are described. 

2.3.3.1 Climatic data 

For each site, half hourly meteorological data were obtained from the EuroFlux database. 

The meteorological data required by the model include air temperature, photosynthetically 

active radiation (PAR), short-wave radiation, relative humidity (RH), precipitation, 

atmospheric carbon dioxide concentration and wind speed. These data were recorded every 

30 minutes by the weather stations associated with flux tower sites. 

There were different weather types and strong contrasts in climate among the ten sites. The 

differences in annual average temperature and annual precipitation are illustrated in Figure 

2. 

2.3.3.2 Carbon stock data 

The DALEC model requires carbon stock data including foliage, woody stem and coarse 

root, fine root, litterfall and SOM, which have not been generally measured for all the 

Euroflux sites. Even for those sites where these data are available in the supplementary 

files, they are often incomplete. We also obtained the carbon stock data through personal 

communication (for example, for the site Hyytiala in Finland, the data are kindly provided 

by Pasi Kolari from University of Helsinki; SOM is supplied by Marion from Jena for 

Sarrebourgin France). In addition, we used a group of empirical biomass models (Zianis et 

al., 2005), which have been organized and parameterised for a variety of species over 

European forest. The model form of the relationship between tree diameter at breast height 

(DBH) and dry weight is exponential. Allometric functions take the form 

Y = a*Xb 
	

Equation 2 
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However, this non-linear equation makes it difficult for mathematical calculations. 

Therefore it is necessary to make this non-linear equation compatible with linear regression 

analysis by applying to a logarithmic transformation. 

lnY= a+b*(lnX) 
	

Equation 3 

Where Y is the natural logarithm of the biomass Of a tree component; lnX is the natural 

logarithm of tree diameter; a and b are both parameters. 

These empirical models are categorized according to tree species, the climatic regions 

where the trees grow and different component of tree. We first tested these biomass models 

using the measured carbon stock data to see whether models can reproduce the 

measurement and then applied the models to the specific sites where no carbon storage data 

are available. 

2.3.3.3 Biological information 

For all sites, soil water content was measured on a monthly basis for all modelled years. 

The soil clay and sand fraction were deduced from soil type for each site, and used to 

determine soil water fractions using Saxton equation to relate soil water content to soil 

water potential (Saxton et al., 1986). Root biomass was assumed to be maximum at the soil 

surface and decline exponentially with depth of root. It was presumed that surface soil 

temperature equals air temperature and the core soil temperature is the mean annual air 

temperature. Leaf area index (LAI), which is one of the important model inputs of 

phenology, was measured at each site for every 15 days by direct or indirect sampling. 

However, the actual available data in the supplementary files from Euroflux are only the 

maximum value of the whole year for almost all the sites. Therefore phenological 

information was extracted from remote sensing data of Moderate Resolution Imaging 

Spectroradiometer (MODIS) and Advanced Very High Resolution Radiometer (AVHRR). 

The •  MODIS LAI is 1 km global data products updated once every 8 days throughout the 
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whole calendar year. The AVHRR LAI is derived from Normalized Difference Vegetation 

Index (NDVI) on a spatial resolution of 1 degree. However, it is known that MODIS data 

are very noisy (Quaife et al., in press) (Figure 3) and spatial 'resolution for AVHRR data is 

too coarse. We therefore compared two datasets to the measurement from each site to 

determine which is more reliable. Figure 3 showed a typical example of how well the two 

sets of remote sensing data fit. In addition, for some specific sites such as Bordeaux and 

Flakaliden, carbon uptake by the understorey is significant (Medlyn et al., 2005) but not 

recorded by the measurement technique so that slight increase were made to canopy LAI to 

allow the model estimation of this component. 

2.3.3.4 Canopy structure 

Foliage elements (leaves, shoots, etc.) are often clumped together in various groupings, and 

will act as the scattering elements within the canopy. The clumping index of foliage 

elements recognizes this influence. In SPA-DALEC, the foliage clumping factor can be 

adjusted manually in SPA if there is relevant information available. We obtained the 

foliage clumping factor value as 0.7, 0.64, 0.76 for three sites—Griffin, Flakaliden and 

Bordeaux from Medlyn et al. (2005). In the paper, Medlyn et al. described that these values 

were derived from the measurements of shoot projected area ratio. For broad-leaf plants 

with well-separated, randomly-spaced leaves, this clumping index approaches 1, while with 

tightly packed shoots or leaves, this value can approach 0.5 (Chen et al., 1997); we decided 

to take the average value of 0.75 for all the other sites where no canopy structure 

measurements available. 

2.3.3.5 Parameterisation 

There are fifteen key parameters for which we need to set a possible range before we apply 

our model to each of the EUROFLUX sites. The key parameters of photosynthetic model 

of Farquhar et al. (1980) are the maximum rate of Rubisco activity, Vcm, and the potential 

rate of electron transport, Jmax.  The parameters can be deduced from A-Ct  curve, which 

describes the response of photosynthesis to the intercellular CO2. The important parameters 
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for the process of water transportation in soil and plant are root resistance and plant 

conductivity. The fraction of autotrophic respiration to GPP is the parameter we are 

especially interested in because we would like to investigate the hypothesis that the fraction 

is relatively constant among species (Waring et al., 1998). The parameters and their 

possible range are in Table 2. We determined these unknown parameters for SPA model by 

minimizing the RMSE and maximizing the correlation coefficient (R2) and constraining the 

slope (to be around 1) for the simple linear model (y = mx + b) between the observations 

versus predictions. We defined the possible range of the parameters and used a Monte-

Carlo approach to generate the combination of all the parameters at points linearly arranged 

between specified maximum and minimum values. We run the models several thousands of 

times to determine the optimal combinations of parameters which enabled the modelled 

flux data to fit the measured data best in terms of correlation coefficients. 
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2.4 Results 

2.4.1 Modelled versus measured NEE comparisons 

The SPA-DALEC model is able to simulate well the carbon exchange of the sites at 

different climatic zones with different species and capture well the half hourly carbon 

variations for all the sites (Figure 4). Model performance is particularly good for Aberfeldy 

and Bayreuth (with slope of regression line approaching 1 and high correlation coefficient 

index R2  >0.70). At Castelporziano and Loobos the model performed less well, where the 

modelled fluxes seem to be overestimated for Castelporziano and underestimated for 

Loobos. Furthermore, we found there was a uniform phenomenon among all measured 

versus modelled NEE graphs that on the night-time part where fluxes were positive (the 

upper right part of each graph) the data points look very scattered around the regression 

line. This phenomenon is not only seen for SPA-DALEC model; it also appears on other 

model performance tests such as MAESTRA (Wang et al., 2007). 

We aggregated both the measured and modelled half-hourly NEE into a daily basis for all 

the sites and illustrated one example of daily NEE comparison, the Vielsaim site (Figure 

5b). It showed that the model could capture the pattern of carbon variation throughout 

summer and winter. There was not much carbon exchange in January, February and 

December and photosynthetic carbon gain was overshadowed by respiratory carbon loss; 

carbon uptake increased gradually from March to August. However, during March and 

April, modelled NEE did not correlate with the measured very well and we had the 

suspicion that the flux measurements themselves were 'noisy' because data points were 

quite scattered. We also found that the daily carbon simulation tends to be underestimated 

although the model performs very well for the half hourly estimation (the slope was 0.80). 

The other Euroflux 'sites showed a similar pattern. The discrepancy may arise from 

underestimation on plant photosynthesis or overestimation on ecosystem respiration. 

Because day-time flux includes both photosynthetic carbon uptake and respiratory carbon 

loss, we simplified the problem by first looking at the night-time flux, which only consists 

of respiration component and compared modelled night-time respiration to observed flux 

data. It was found that the modelled value always exceeded the measurement, with the 

measured data generally distributing under the upper limit of modelled respiration. It has 
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been noted that on less turbulent nights (u* < 0.2 in s ) fluxes tend to be low, which 

indicates that there is a systematic underestimation by the eddy covariance measurement 

system (Aubinet et al., 2000; Falge et al., 2001; Barr et al., 2002). Medlyn et al. (2005) 

also found that at the three Euroflux sites where they tested MAESTRA model, the 

modelled respiration generally overestimated measured night-time carbon flux. We 

therefore believe the discrepancy between modelled and measured value on daily basis is 

caused by the problem of the under-estimation of night-time flux by eddy covariance 

system. 

Overall, the half hourly measured water fluxes for all the sites agreed with those computed 

by the model (all the R2  above 0.60) (Figure 6). The summary of the comparisons between 

the measured and the modelled NEE and LB is displayed in Table 4. It has been pointed out 

that lack of energy balance closure is the one of the reasons that causes the reduced 

confidence in eddy covariance• measurements of water vapour fluxes (Ham and Heilman, 

2003). Therefore we used the energy conservation equation instead of testing the accuracy 

of flux measurements. 

AE = R - H - g - - Sb 
	 Equation 4 

Where AE  represents latent energy; R is net solar radiation; H refers to sensible heat; g, s, 

and Sb  are soil heat flux density, heat storage in canopy air layer and canopy heat storage 

respectively. All these data were measured by the eddy covariance system and associated 

sensors in W m 2. It has been pointed out that eddy flux measurements across a wide range 

of vegetation types have shown that energy balance closure typically ranges from 0.7 to 

near perfect closure, with overall averages of 0.82 (Aubinet et al., 2000; Twine et al., 2000), 

which suggested that latent energy from eddy covariance method might have been 

underestimated. The results of measured latent heat in comparison to calculated value from 

energy balance relationship are in Table 3. It shows that the modelled values failed entirely 

to fit the measurement in magnitude although the correlation coefficients are high. We also 

found that there was an exception in Bordeaux of France, at which measured latent energy 

data were higher than the calculated. This exception was also embodied in the comparison 

between the measured and the SPA-DALEC modelled values, which indicated that the 
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model performed well in the simulation of heat balance between the canopy and 

atmosphere. 

In addition to the carbon and heat flux simulations, the model also generated leaf biomass 

and wood biomass increments results. In the carbon dynamics model component, the 

variations of all the tree biomass carbon pools demonstrated the increments of foliage, 

wood and roots. Leaf biomass could be converted to leaf area index (LAI) when measured 

specific leaf area data (g m 2) were available. Wood biomass increments and LAI 

measurements were available at each of the sites. Therefore the modelled seasonal LAI 

variations and annual wood biomass increments could be compared to the measurements to 

further test the performance of the model. We demonstrated the comparison in wood 

biomass growth for all the Euroflux sites in Figure 7 and it showed that the model 

predictions were in excellent agreement with the measured data in terms of the high 

correlation coefficient. The reason that the predicted values were systematically lower than 

the measured value was that the modelled wood growth excluded the woody debris. The 

modelled and measured monthly LAI variations for a deciduous-coniferous forest stand at 

Vielsalm were displayed in Figure 8. It could be seen that before May when the budbreak 

happened there was not much foliage on the trees; from June the LAI increased as leaf 

became dense, however, the modelled values seemed to underestimate the ground 

measurements; after peak time, the measured LAI decreased abruptly to the value before 

budbreak while the modelled LAI remained relatively stable. The above discrepancies 

indicated that the lack of phenology module in the DALEC model. 

We parameterised the model and obtained the key parameters for each of the ten Euroflux 

sites. There were variations in some of those parameters because of the contrasting 

difference in latitude, climatic patterns and tree species across the sites. We further 

investigated the factors that may affect the way in which the model parameters vary. Some 

of the parameters remain stable irrespective of site difference, but we postulated that some 

of them would vary with latitude (Figure 9, Figure 10). The maximum Rubisco activity 

(Vcmax) displayed a linearly negative relationship with latitude (Figure 9). However, the 

correlation coefficient was low as it could be seen that there was a site at Flakliden off the 

regression line (Figure 9a). When this abnormal point was removed from the graph, the 

correlation index jumped to a statistically significant value (Figure 9b). A relationship 

between wood turnover rate and latitude (Figure lOa), which was not significant. This is 
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quite understandable as the wood turnover rate is a very slow-changing value and it 

requires long time series of data to detect any pattern of the variations. The ratio of 

autotrophic respiration to plant GPP was found to remain at the fixed value (0.47) except 

for two sites (Figure lOb). A summary of the key model parameters for the ten sites is 

displayed in Table 5. 
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2.5 Discussions 

The number of flux towers measuring mass and heat exchange over forests and other 

ecosystems is growing rapidly and we now have a large amount of data to investigate the 

temporal and spatial variations in carbon and energy fluxes. However, because of the 

differences in tree species and other site features, it is hard to generalise the knowledge 

gained to those areas where no flux data have been collected. In addition, it is not 

straightforward to make comparisons among these different sites to identify the multiple 

factors which may have an effect on the carbon uptake and understand the importance of 

each individual factor in determining NEE and LE fluxes. Therefore, a modelling approach 

is required for the integration of measurements to better understand the interactions 

between the biosphere and atmosphere, and to move towards regional and global 

estimations. 

In this study we applied the process-based SPA-DALEC model to ten flux sites 

representing different climatic zones and vegetation types. The model was first developed 

in 1996 and has been applied to a wide range of ecosystems since then (Williams et al., 

1996). One of the difficulties in running the model is the determination of model parameter 

values. In most other applications, the model was parameterised by individual field 

measurements at local scales and model results were validated by the eddy covariance data. 

However, in our study, these ancillary data were, not always available for all the sites. 

Therefore we chose to parameterise the model using one year of flux data to obtain the key 

model parameters and then to validate the model against the measurements from the 

following year or years for each of the sites. The model runs through the whole calendar 

year containing a variety of climatic conditions, plant phenology and periods of summer 

soil water deficit, the predicted NEE and LE generally showed a high correlation to the 

measured values, which was a good indication of the model reliability in carbon and water 

simulations. In addition to NEE and LE simulations, the wood increment generated from 

the model also show high correlations to the measured data. The fact that the modelled LAT 

does not capture the monthly variation of the measurements ,indicates that the model 

requires embedding information on phenology such as the onset and falling of leaves in 

deciduous forests. In addition, the mechanism on how daily carbon gain is allocated into 

different parts of trees is supposed to be different for coniferous forests and deciduous 

forests. So that the model must be modified to take the above factors into account. It is also 
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found that the behaviour of model is not uniform across all the sites. Fluxes at the Griffin 

site were simulated well throughout the whole three years. At Castelporziano there was a 

high underestimation (by 30%) of half hourly carbon uptake through the year. The errors in 

the other remaining sites were within the range of uncertainty of the eddy covariance 

measurements (Anthoni et al., 1999). Medlyn et al (2005) obtained the similar results by 

applying MAESTRA model to three Euroflux sites (Bordeaux, Flakaliden and Griffin). The 

reason firstly lies in the differences of climate. At Griffin, the weather is mild without harsh 

winter or summer drought. For those boreal sites such as Flakaliden and Hyytiäla long 

periods of low winter temperature restricts photosynthesis (Tanja et al., 2003). However, in 

the model mechanism, thawing of soil is the only factor that triggers the photosynthesis. 

Therefore it is not surprising to notice that the modelled NEE and LE failed to capture the 

trend of mass and energy dynamics well during spring budbreak and wintertime. 

Meanwhile at the Mediterranean site high summer temperature and little rainfall usually 

results in drought, which may affect the soil microbial decomposition. To overcome the 

problem caused by drought, rooting depth can be adjusted to allow the forest to take water 

from deeper soil. The discrepancy between the model output and data at the sites can also 

be attributed to the site history such as land use management and disturbance such as 

ploughing and felling, which is difficult to embody in the model structure. 

It has been found that the energy balance at the earth surface cannot be represented by 

surface experiment and carbon dioxide flux network and there is often an approximately 

20% underestimation of turbulent fluxes (Foken et al., 2006). The reason is mainly 

connected to heterogeneity of land surface and the different balance layer in soil, surface 

and canopy (Culf et al., 2004). Falge et al. (2005), in a study of comparing four energy 

exchange models against eddy flux data, suggested that the measurement errors caused by 

lack of energy balance closure can influence model evaluations. This finding agrees with 

our study results that the simulated latent energy is systematically higher than the data 

among the flux sites, which implies that cautions should be taken when flux data are used 

to test and validate process models 

In addition to carbon uptake, ecosystem respiration is another important component in 

carbon balance to influence net carbon gain. In fact some studies suggest that ecosystem 

respiration is even more important than plant productivity on determination of NEE 

(Valentini et al., 2000; Janssens et al., 2001). There has been debate about soil respiration 
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modelling strategy of temperature driven and photosynthesis dependence (Dewar et al., 

1999; Cannell and Thornley, 2000; Gifford, 2003). The most recent finding is that soil 

respiration depends not only on soil temperature and moisture but also on the supply rate of 

substrate (Davidson and Janssens, 2006). We used a carbon dynamic model DALEC to 

simulate the soil respiration and our results showed that the modelled respiration tended to 

overestimate the flux data on both a half hourly and a daily basis, which results in the 

underestimation of simulated NEE throughout the year among the sites. The finding was 

reinforced by several other studies (Law, et al., 1999; Medlyn et al., 2005). It has been 

pointed out by Aubinet et al.(2001) that the eddy covariance systems underestimate night-

time flux especially at stable conditions. Therefore the disagreement between the modelled 

and measured NEE value does not necessarily indicate model incapability. Rather, it points 

to an underlying (and widely recognised) limitation in making flux measurements. 

It has been indicated that the environmental changes, which have been happening since late 

1960s, are not only induced by human activities but also results from complex interactions 

between human and natural systems (Magnani et al., 2007). Most successful environmental 

models describe ecological process at local scales and are applied to individual 'point' 

experiment sites for parameterisation and validation. However from regional scales to 

global scales, very limited research and data are available. Thus our understanding of these 

interactions at local scales is well based and complete while at the higher scales our 

knowledge is rather poor or even non-existent. Remote sensing technology provides a 

unique opportunity to obtain useful information to global problems. It has proved difficult 

to apply a local scale model for ecosystems at regional scales (Whittaker and Marks, 1975; 

Jeffers, 1988; Hobbs and Mooney, 1990). It is because that the empirical relationship and 

ecological process in the majority of models are non-linear. In order to overcome the 

problem, we need not only develop models which contain deterministic processes 

independent of scales but also to use field measurements and remotely sensed data to build 

up spatial forms, which can be achieved by applying models to geographic units 

(Ehleringer and Field, 1993). Remote sensed data can be used to provide inputs such as 

long-term meteorological data and other NPP-related variables such as standing biomass to 

drive ecosystem process models in each of the geographic units. However, the 

determination of model parameter values for all the units is not straightforward. Only some 

of these input parameters such as LAI and aboveground biomass can be obtained via 

remotely sensed data. Most important parameters which have a great impact on gas 
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exchange process such as photosynthesis and soil decomposition are not directly 

observable from the existing satellite sensors. In fact, our knowledge of how these 

physiological parameters (such as stomatal conductance and leaf water potential) differ 

among different forests has been very poor (Medlyn et al., 2005). Therefore further effort is 

required to achieve the linking of parameter variations with environmental and 

geographical factors. 

In our study we endeavoured to set up a relationship between the model parameters and 

latitude. The results show that the variations of model parameters in the ten flux sites can 

be attributed to three categories: the ratio of autotrophic respiration to GPP remains 

relatively stable; the maximum photosynthetic capacity varies linearly with latitude and all 

the others change in a way that is not easy to describe. It has been found that the ratio of 

plant respiration to gross photosynthesis is conservative over a wide range to vegetation 

types and the value remains within the range of 0.35-0.6. Use of the constant value in 

models has experienced resurgence over the last few years (Gifford, 1994; Gifford, 1995; 

Waring et al., 1998) although new analysis suggests this confidence may be somewhat 

over-optimistic. 

Finally we would like to comment on the plot of measured versus modelled NEE on half 

hourly basis. More seriously, we see evidence of systematic differences between observed 

and modelled fluxes. There are many possible causes of the scatter which all research have 

seen when compare observed and modelled fluxes We thought it possible that some of this 

scatter is the result of the changes in direct:diffuse radiation. In chapter 3, we return to this 

question, showing that SPA does in fact capture much of this phenomenon. The regression 

line should look like a straight line if the modelled value fit the measured data well. 

However all the graphs displayed a 'hammer' shape on the upper part (night-time soil 

respiration) irrespective of high correlations. The phenomenon was also found in other 

model testing against flux data (Wang et al., 2007). We notice there are more extreme 

values and more scattered points within the measurements, which makes the range of data 

larger than the model outputs. The obvious explanation is the nighttime flux measurement 

errors. These can be dealt with by pre-processing of flux data, essentially by removing 

many of the night-time values and replacing them with simulations from a model. Very 

possible, this will be the way forward although currently we do not have a model in which 

we are fully confident. 
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Castelporziano Sarrebourg Bordeaux Flakaliden Bayreuth Tharandt Loobos Aberteldy Vielsalm Hyytiala 

Latitude 41°  45 480  40 440  05 64°  14 50009,  500 58 520 10'  560  37 500 18,  61°  51 

Climate Mediterranean Continental Oceanic Boreal Mountainous Continental Temperate Atlantic Temperate Boreal 

Soil type Sandy Sol brun lessiv Podzolic Till Acidic cambisolRhyolith Sandy Podsolized Distric cambisol Till 

Tree density 1500 stem ha-1  4000 stem ha-1  600 stem ha" 2100 stem ha" 1000 stem ha-1  550 stem ha 1  620 stem ha-1  2500 stem ha-1  200 stem ha-1  2500 stem ha-1  

LAI 3.5 m m 2  6 m2  m 2  5.5 m m 2  2 m2  m 2  5 m m 2  6 m 2  m 2  3 m m 2  8 m2  m 2  4.5 m m 2  3 m m 2  

30 yr 

Pinus sylvestris 

Calluna, vaccinium 
myrtillus 

Tree age 	50 yr 	30 yr 	25 yr 	31 yr 	40 yr 	140 yr 	80 yr 	14 yr 	60-90 yr 

Picea abies 

Tree species Quercus ilex 	Fagus Sylvatica Pinus pinaster Picea abies Picea abies 	Picea abies 	Pinus sylvestris Picea sitchensis and Fagus 
sylvatica 

U nderstorey Evergreen shrub Carpinus betulus Molinia coerulea N/A 	
Deschampia Deschampia Deschmpia Moss, grass, Moss 
flexuosa 	flexuosa 	flexuosa 	bushes 

Wood 
increment 4.5 m3  ha" yr-' N/A 	 18 m3  ha" yr-1  2.6 m3  ha" yr-1  5 m3  ha-1  yr-1  11 .5 m3  ha-1  y(1  6.3 m3  ha-1  yr-1  14 m3  ha-1  y(1  7 m3  ha-1  y(1 	10 m3  ha-1  yr 1  

Period 
modelled 1997-1998 1997-2000 1997-1998 1997-1998 1997-1999 1996-2000 1997-2000 1997-2000 1997-1998 1997-2000 

References Seufert et al. 	Granier et al. 	Berbigier et at. Bergh et al. 	Foken et al. 	 Dolman et al. Clement et al. Aubinet et at. Vesala et al. 

(1997) 	(2000) 	(2001) 	(1999) 	(1999) 	 (1998) 	(2003) 	(1998) 	(1998) 

Table 1. Characteristics of the ten EUROFLUX sites 



Parameter Explanation Unit Value range 

G plant conductivity mmol m 1  s MPa-1  1-20 

!Pjmin  minimal leaf water potential MPa -4 --2 

Rr root resistance MPa s g mmol-1 10-500 

KC rate constant for Vcmax mmol g 1  s 10-50 

Ici rate constant for J a, mmol g 1  20-100 

Cr total root biomass g biomass m 2  ground 100-2000 

P1 Decomposition rate constant No unit 106 -0.01 

p2 Autotrophic respiration as a fraction of GPP No unit 0.2-0.7 

p3 Fraction of NPP allocated to foliage No unit 0.01-0.5 

p4 Fraction of NPP allocated to fine roots No unit 0.01-0.5 

p5 Turnover rate of foliage No unit 2*10-4  -0.02 

p6 Turnover rate of woody matter No unit 2*10 6  -0.02 

p7 Turnover rate of fine roots No unit 2*10 4  -0.02 

p8 Mineralization rate of fresh litter No unit 5*1 0 	-0.5 

Mineralization rate of soil organic matter 
P9 and woody debris No unit 10- 	05 

Table 2. The SPA-DALEC model parameters which are to be determined through the il 
optimisation procedure. 



Site Name Slope R2  RMSE (W m 2) 

Vielsalm, Belgium 1.48 0.62 73.13 

Aberfeldy, UK 1.46 0.41 55.26 

Bayreuth, Germany 1.63 0.42 89.55 

Castelporziano, Italy 1.63 0.62 93.64 

Flakliden, Sweden 1.58 0.51 66.01 

Bordeaux, France 0.63 0.94 85.87 

Hyytiälä, Finland 1.63 0.48 77.84 

Sarrebourg, France 1.33 0.65 78 

Tharandt, Germany 1.25 0.53 67.88 

Loobos, Netherland 1.15 0.52 72.97 

Table 3. The Root Mean Squared Error (RMSE), slope and correlation coefficients of 
the regression line of measured vs. modelled (from energy balance equation) LE at the 

ten flux sites. 
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NEE   LE  

Site Name Slope R2  RMSE Slope R2  RMSE 

Vielsalm, Belgium, 1.03 0.71 3.29 1.26 0.77 49.97 

Aberfeldy, UK 0.95 0.86 2.68 1.56 0.68 32.57 

Bayreuth, Germany 1.04 0.73 3.24 1.17 0.73 45.52 

Castelporziano, Italy 1.12 0.7 4.54 1.35 0.7 52.39 

Flakliden, Sweden 0.96 0.67 2.42 1.26 0.66 32.46 

Bordeaux, France 0.99 0.66 4.19 0.76 0.67 52.82 

Hyy(iälä, Finland 1.03 0.64 2.94' 1.6 0.75 65.08 

Sarrebourg, France 0.98 0.73 4.02 1.1 0.63 63.66 

Tharandt, Germany 0.92 0.76 4.08 0.93 0.6 59.19 

Loobos, Netherland 0.89 0.69 42.35 1.02 0.68 3.04 

Table 4. RMSE, slope and correlation coefficient of the regression line for measured vs. 
modelled NEE and LE for the ten flux sites. 
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Parameter Unit 
Vielsalm 
Belgium 

Aberfeldy 
UK 

Bayreuth 
Germany 

Castelporziano 
Italy 

Flakliden 
Sweden 

Bordeaux 
France 

Hyytiälä 
Finland 

Sarrebourg 
France 

Tharandt 
Germany 

Loobos 
Netherland 

gplant mmol m 1  s1  MPa 1 . 7 7 9 9 10 11 15 5 7 15 

minlwp MPa -2 -2 -2.5 -2.5 -2.5 -2 -2.5 -2 -2.5 -2.5 

rootresist MPa s g mmol-1 400 400 300 300 200 200 200 370 200 200 

kappac mmol g 1  s_i  15 17.5 20 20 20 20 15 11 18 18 

kappaj mmol g 1  s 1  29 35 40 40 40 40 31 20 36 36 

p2 No unit 0.47 0.47 0.47 0.47 0.47 0.4 0.47 0.34 0.47 0.47 

p3 No unit 0.38 0.3 0.31 0.31 0.31 0.3 0.31 0.42 0.3 0.31 

p4 No unit 0.33 0.4 0.43 0.43 0.43 0.4 0.43 0.36 0.37 0.43 

p5 No unit 5.44E-05 1.13E-05 9.38E-06 2.81E-05 2.813E-05 3.80E-05 2.04E-05 2.69E-05 1.64E-05 1.69E-05 

p6 No unit 2.02E-05 1.55E-05 4.31 E-05 2.80E-05 5.17E-05 .1.55E-04 3.50E-05 1.32E-05 3.1 OE-05 1.55E-05 

p7 No unit 5.04-07 1.66E-06 5.96E-07 2.87E-06 2.11E-06 4.30E-07 1.98E-06 3.37E-07 1.13E-06 8.45E-07 

p8 No unit 3.05E-08 5.58E608 1.01 E-07 7.92E-08 1.19E-07 1.59E-07 2.98E-07 6.1 OE-08 1.98E-08 5.95E-08 

Table 5. Values of the key model parameters for the ten Euroflux sites. 
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Figure 1. Net  CO2  flux measured at 13 European forests during the European project EUROFLUX. Each graph presents the annual CO2  flux 
measured over the forest at half-hour intervals; the x-axis is time (one year), the y-axis is the CO2  flux in units of pmo1 CO2  m 2  s 1  where negatives 
means uptake from the atmosphere (occurring in the day, when photosynthesis exceeds respiration) and positive means gains to the atmosphere. The 

sites are 1, Soroe, Denmark (deciduous broadleaved froest); 2, Flakaliden, Sweden (coniferous forest); 3, Norunda, Sweden (mixed coniferous 
forest); 4, Hyytiäla, Finland (coniferous forest); 5. Tharandt, Germany (coniferous forest); 6, Bayreuth, Germany (coniferous forest); 7. Vielsaim, 
Belgium (mixed forest); 8, Castelporziano, Italy (evergreen forest); 9, Sarrebourg, France(deciduous broadleaved forest); 10, Bordeaux, France 

(coniferous plantation); 11, Braschaat, Belgium (coniferous forest); 12, Aberfeldy, United Kingdom (coniferous forest); 13, Loobos, The Netherlands 
(coniferous forest). 
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3.1 Abstract 

We applied a Bayesian calibration method with the simplest Markov Chain Monte Carlo 

(MCMC) simulations to a process-based model for ten Euroflux sites. The procedure starts 

with quantifying the priori distribution of model parameters. Then the flux measurements 

and associated errors, which follow a double exponential distribution, are used to update 

the parameter distribution by Bayesian theorem. This forms the posterior distribution for 

the parameters. The uncertainty of model predictions is generated simultaneously as the 

model runs at each point sampled from the parameter space. The information about the 

posterior distribution of models can be summarized in the form of mean vector and 

variance matrix. 

The ten forest sites include eight coniferous forests, one deciduous forest and one mixed 

(coniferous/deciduous) forests. One of the coniferous sites with good quality of flux data 

displays the best convergence in the posterior distribution of parameters and the 

distribution generated from one month of flux data shows a better narrow peak than 

distribution generated from one year of flux data, which indicate that the quality and time 

series of data and phenological information affect performance of Bayesian approach. 
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3.2 Introduction 

Terrestrial ecosystems are an important component in the global carbon cycle. In this 

respect, forests are pre-eminent, because of the large pools and long-term carbon storage in 

woody biomass and soils (Kramer et al., 2002). Meanwhile about one quarter of carbon 

emissions from human being activity is taken up by terrestrial biosphere (Joos et al., 2003). 

However, it has been argued that this current carbon sink will turn into a carbon source in 

future as warming stimulates autotrophic and heterotrophic respiration (Cox et al., 2000; 

Cramer et al., 2001; Friedlingstein et al., 2003). Therefore accurate assessment of the 

impact of climate change on the terrestrial biosphere, especially forests, and better 

quantification of carbon exchange between the lower atmosphere and land surface are 

urgently required. For two decades terrestrial ecosystem models have been developed for 

better understanding of the underlying carbon assimilation and carbon loss process by 

biomes (Dickinson, 1983; Sellers et al., 1996; McGuire et al., 2001; Prentice et al., 2001). 

These models are tools for explaining the interactions of the atmosphere and biosphere and 

predicting the future carbon balance of ecosystems (Papale and Valentini, 2003; Van Oijen 

et al., 2005). They employ empirical biophysiological mechanics and knowledge of 

chemical and physical relationship to simulate the exchange of carbon, water and heat 

between climate and land surface. They can be applied to predict the dynamics of unknown 

ecosystems after being tested and validated against similar ecosystems, which are already 

known to us. However, one of the weaknesses about these models is that they generally 

require a large number of parameters. Measurements at leaf, plant and canopy level have 

been used to parameterise and test land-surface models (Dickinson, 1983; Sellers et al., 

1996). Problems may arise when models are upscaled from plant levels to canopy or 

ecosystem levels since parameters obtained from one scale are not always suitable to a 

larger scale (Wang et al., 2007). In this case,, rather than tackling the complexity of up-

scaling, we intend to use ecosystem-level measurements for model parameter estimation. 

The eddy covariance technology, which provides long term carbon and water 

measurements, is a unique opportunity to infer the magnitude of model parameters and 

dynamics of seasonal parameter changes (Ba!docchi et al., 2001; Valentini et al., 2001). 

However, one of the problems with this approach is the so called equifinality in parameter 
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sets (Franks et al., 1997; Schulze et al., 2001; Hollinger et al., 2005), which means that 

rather than a single set of parameters being accepted with statistical significance, there is a 

group of sets that can make the model fit the flux data well. In addition, some model 

parameters may vary seasonally while most of the land-surface models generate long time 

series of simulations, which may make it difficult to study the model efficiency. Therefore, 

the quantified flux measurement uncertainty may help to determine the confidence intervals 

of model parameter estimates (Hollinger et al., 2005). 

Significantly different results from comparisons of a variety of terrestrial ecosystem models 

indicated that the uncertainties about the response of terrestrial ecosystems to the climate 

change is high (Cramer et al., 1999). Models can only .represent the current level of 

understanding, and there is still no consensus about many key mechanisms. But putting this 

point aside, some studies have shown that the major uncertainties of predicted atmosphere-

vegetation carbon fluxes were caused by process model parameter uncertainty (Knorr and 

Heimann, 2001a, b). Therefore there has been a growing need for a method that is able to 

quantify the key model parameters and the model output uncertainty. Several authors have 

used maximum likelihood or related method to estimate the unbiased model parameters 

(Schulz et al., 2001; van Wijk and Bouten, 2002; Hollinger et al., 2004). Wang et al.(2007) 

used a nonlinear inversion parameter optimisatión and concluded that up to five model 

parameters were constrained independently by observed data and thus can be estimated 

from eddy covariance measurements of carbon, water, heat. The inversion approach was 

also applied to a simple biosphere model with eddy covariance measurements to identify 

the key model parameters (Aalto et al., 2004; Braswell et al., 2005). Knorr and Kattge 

(2005) used a stochastic inversion technique to determine the posterior distribution density 

of ecosystem model parameters and reduce uncertainty of up to five-parameters. Van Oijen 

et al. (2005) employed Bayesian calibration to a forest model to identify 39 model 

parameters and the associated uncertainty by specifying the priori probability distribution 

of parameters and the uncertainty of eddy covariance measurements. However, the number 

of model parameters that can be estimated from flux data depends on not only the 

measurement quality but also the model optimisation procedure (Wang et al., 2007). if too 

many parameters are estimated, the parameterisation procedure is barely able to produce 

the optimised set since some of the parameters are correlated. Those parameters that can be 
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estimated are usually obtained from the literature and regional measurements. In this paper, 

we examined the posterior density of function (PDF) of 15 parameters. Of these parameters 

some such as plant conductivity and minimal leaf water potential, which we intend to study 

how they vary among different types of biomes and climate, are constrained by the eddy 

covariance measurements. The other parameters are independent of observed data such as 

the fraction of autotrophic respiration to gross primary productivity. For these, we would 

like to test the hypothesis that they are uniform among species. 

In our study we applied a Bayesian method to a forest canopy model SPA-DALEC 

(Williams et al., 1996; Williams et al., 1998; Williams et al., 2005) for ten EUROFLUX 

sites to investigate i) how a Bayesian approach provides a logical method for calibrating a 

flux model with parameter uncertainty; ii) which factors influence model parameter 

variations among flux sites. The main characteristic of Bayesian methodology is to treat 

model input and output in the form of a probability distribution and updating the 

distributions by applying probability theory when new data are available (Sivia 1996). 

However, in terms of the number of sites and amount and time scales of the observational 

data we tested, the calibration procedure is very time-consuming and computationally 

demanding. We used a simplified Bayesian method used by Van Oijen et al. (2005) to help 

alleviate the computational problem. We initialised the parameters that needed to be 

optimised and determined reasonable limits. Furthermore covariance metrics of parameters 

and priori probability distribution of all the parameters were specified. The result is a set of 

model parameters with uncertainty based on priori knowledge or on inversion against 

measurements. 

The procedure of Bayesian calibration is as follows: 

quantify the uncertainty of model parameters in the form of priori probability 

distributions; 

apply Bayesian Theorem to yield the parameter posterior distributions, which is 

focusing on the goodness-of-fit with observed values; 

calibrate the model using eddy covariance measurements with different parameter 

sets taken from the parameter posterior probability distributions. 
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4) provide the posterior parameter probability distributions and correlations among 

those parameters. 



3.3 Method and Material 

3.3.1 Data 

The flux data and associated meteorological variables used in the study were from 

European network known as EUROFLUX (http://www.f  I uxnet. orni .Qov/f I uxnet/Cd-

1/web! start here. html). From the eighteen. European forest sites, ten were selected 

considering the consistency and completeness of the dataset. These sites and the modelled 

years include seven coniferous forests (Hyytiäla, Finland, 1997-2000; Tharandt, Germany, 

1997-2000; Aberfeldy, UK, 1997-2000; Bayreuth, Germany, 1997-1999; Castelporziano, 

Italy, 1997-1998; Flakliden, Sweden, 1997-1998), two deciduous forests (Sarrebourg, 

France, 1997-2000; Soroe, Denmark, 1997-1998) and one mixed forest (Vielsalm, Belgium, 

1997-1998). The summary of basic information for the ten flux sites is given in Table 1. 

The average data coverage over the year was more than 80%. For each site, more than one 

whole year of continuous flux data was used and extreme values, judged to be impossible 

(nighttime flux exceeding 15 p.mol m 2 	and daytime flux lower than —40 p.mol m 2  s') 

were removed. In order to keep data quality, we simply deleted missing data point rather 

than use a gap-filled dataset (Falge et al., 2001). In initial trials, we found that the model 

output suffers from lack of prediction consistency and poor correlation with observations, 

after using gap-filled dataset. It is probably because the method being used in the gap-

filling introduces some error in the data. We also did not use the gap-filled NEE data set for 

model validation as Van Wijk and Bouten (2002) noted that use of gap-filled data would 

increase the correspondence between measured data and model output since models used in 

gap-filled procedure are generally similar in structure and mechanics to the models tested. 

3.3.2 Model description 

We modelled net ecosystem exchange (NEE), which is the difference between ecosystem 

respiration (RE) and gross primary productivity (GPP). Gross primary productivity was 

simulated using a process-based model, SPA, which has been successfully applied to a 
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wide range of ecosystems (Williams et al., 1996; Williams et al., 1998; Williams et al., 

2000). The multilayer canopy model requires a variety of meteorological and 

biophysiological inputs and predicts carbon and water exchange between the vegetation 

and atmosphere at a fine time scale. Ecosystem respiration was modelled using a carbon 

dynamic model, DALEC (Williams et al., 2005), which is based on the assumption that soil 

respiration is controlled by the carbon substrate available to microbial organisms rather 

than temperature in the long term. There are five carbon pools in the model—foliage, 

woody stem and coarse root, fine root, fresh leaf and fine root litterfall and soil organic 

matter (SOM). Daily carbon gain is either expended in plant respiration or goes to foliage, 

woody stem and fine root pools, which on the other hand are the donors of litterfall. Soil 

organic matter is accumulated through transformation of litterfall. Carbon is 'lost' from 

fresh litterfall and SOM via mineralization. Autotrophic respiration is a fixed fraction of 

gross primary productivity (Thornley and Cannell, 2000). Plant carbon allocation and 

litterfall are constant parameters with no environmental influence. Soil transformations are 

temperature sensitive with a Qio  of 2.0. The DALEC model is embedded in the SPA model 

with the output of SPA—GPP—being input of DALEC on daily basis. We ran the resulting 

SPA-DALEC model site by site and compared the results to the observed eddy covariance 

measurements. 

The SPA-DALEC model requires meteorological driving inputs (short wave radiation, 

PAR, temperature, wind speed, precipitation etc), which can be downloaded from the 

EUROFLUX website together with flux data; however the carbon stock data including 

foliage, woody stem and coarse root, fine root, litterfall and soil organic matter (SOM) 

have not generally been measured for all the Euroflux sites. A simple empirical biomass 

model, which has been parameterised across a wide range of tree species among European 

forests (Zianis et al., 2005), was used to estimate the original wood biomass. In addition, 

the carbon pool data were also obtained from published literature, websites and personal 

communication with the relevant investigator. Estimates of LAI as model input and its 

monthly variations were either available from local measurement at each site or derived 

from remote sensed MODIS (http://modis-land.gsfc.nasa.gov/lai.htm)  and AVHRR 

(http://edc.usgs.gov/products/satellite/avhrr.htmi  ) product. This matter has been 

discussed in details in Chapter 2. 
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3.3.3 Bayesian calibration 

3.3.3.1 Previous parameterisation 

In chapter 2 the unknown parameters for SPA-DALEC model were determined by 

maximizing the correlation coefficient (R2) and constraining the slope of regression line (to 

be around 1) for the simple linear model between the model outputs and the observed data. 

This is achieved by defining a possible range of these parameters and using a Monte-Carlo 

approach to generate the combination of all the parameters at points linearly arranged 

between specified maximum and minimum values. Then we run the models several 

thousands of times to determine the optimal combinations of parameters which enabled the 

modelled flux data to fit the measured data best in terms of correlation coefficients. 

However, this procedure has been criticized for several reasons. Firstly, the use of R2  to 

judge model performance is flawed because it fails to consider the model bias (Mayer and 

Butler, 1993; Mitchell, 1997); secondly to test whether a regression line is close to 1:1 line 

is based on the assumption that the measurements are independent and normal distributed 

(Medlyn et al., 2005), which turns out to be wrong for the eddy covariance data (Hollinger 

and Davidson, 2005). In addition, process-based models generally have a great number of 

parameters and some of the parameters may be poorly defined, thus giving the right answer 

for the wrong reason (Williams et al., 2001a). Furthermore, the observed data always have 

associated uncertainty. When these data were used to drive models, the measurement error 

would be introduced into model outputs and there would be failure to provide a statistically 

sound basis for determining the adequacy of model fit. All these suggest the need to 

develop a technique which takes all the above factors into account. In this work, we employ 

the Bayesian calibration to take account of these problems and demonstrate the improved 

parameter optimisation with associated uncertainty. 
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3.3.3.2 Uncertainty of flux measurements 

The improved method of Hollinger and Richardson (2005) was used to calculate flux data 

errors. The paper notes that the error distribution of simultaneous flux measurements, taken 

from twin flux towers 750m apart, has a double exponential or Laplacian distribution 

function (also called the double exponential distribution). This Laplacian distribution 

function exhibits a closer fit to the actual distribution than the commonly used normal 

distribution (also called the Gaussian distribution). However, it is not practical to set up 

two towers for all the flux sites. The paper notes that measurements taken on consecutive 

days from a single tower can also be used to estimate the uncertainty in a similar way. The 

successive measurements were considered as identical data (when the temperature, wind 

speed and PAR difference not exceeding 30  C, im 	75 pmol m2 1)•  The difference 

between each pair of observations was used to calculate the overall measurement error 

distribution when the above conditions were met, otherwise the data would have to be 

discarded. That the standard deviation of the flux measurement error can be calculated by 

the standard deviation of paired flux measurement difference is based on the assumption 

that both of, the measurements errors contribute equally to the uncertainty. The 

measurement uncertainty is a realization of random numbers with mean 0 and standard 

deviation of flux measurement error. 

3.3.3.3 Model parameters 

There are fifteen unknown key parameters which need to be determined for a possible 

range. The key parameters of the photosynthetic model of Farquhar et al. (1980) are the 

maximum rate of Rubisco activity, 	and the potential rate of electron transport, J,. 

The parameters can be deduced from A-Ct  curves, which describes the response of 

photosynthesis to the intercellular CO2 . The important parameters for the process of water 

transportation from soil to plant are root resistance, Rr  and plant conductivity, G . The 

fraction of autotrophic respiration to GPP is the parameter of special interest because there 

has been a hypothesis that the fraction is relatively constant (Thornley and Cannell, 2000) 

or only varies within a small range among some species (Waring et al., 1998). Among all 
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the parameters, soil decomposition rate, litterfall and SOM mineralization rate are changing 

very slowly, which requires long time-series of data to capture the variations. Following 

literature review and priori knowledge on these parameters, the likely range for each 

parameter was set (Table 2). The Bayesian calibration process starts with the typical values 

assigned to each parameter for each of the European forests. 

3.3.3.4 Bayesian theorem and process 

Bayesian calibration is updating the probability distribution ("PDF") for the parameter 

vector (q) of a model, using a data set (D). Bayesian Theorem is presented in this form: 

P(qID) = P(q) P(Dq) I P(D) 
	

Equation 1 

where P(qID) is the "posterior" updated parameter pdf; P(q) is the "prior" pdf, P(DIq) is the 

"likelihood" of the data as a function of the parameters, and P(D) is a proportionality 

constant, independent of the parameters (the integrated likelihood). 

In Bayesian calibration, treating everything probabilistically is very computationally 

demanding. With little or no knowledge of parameters before calibration, the priori 

distribution of model parameters was assumed to be evenly distributed between the 

mimimal and maximal values (van Oijen et al., 2005). This may not be realistic; however, 

as more new data feed into the model, the priori distribution is becoming less important in 

influencing the posterior distribution, which on the other hand is dominated by data sets. 

The method used here for estimating the posterior PDF is one of the simplest: Markov 

Chain Monte Carlo (MCMC) Random Walk. After defining the boundary of parameters, 

we start running the model with an acceptable parameter set and compare model outputs 

with data to calculate data-likelihood at this point. The simple variance-covariance matrix 

of multivariate distribution was used to determine how far to jump from the current point in 

the chain, and in which direction. The data-likelihood is calculated at the new point and 
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compared to the previous one to test whether the new point is more 'fit' in terms of data. If 

so, the candidate point is accepted. The chain length is set to be 105  times, which is long 

enough for. parameter space search. After the calibration process, the model parameter 

posterior distributions are produced from those accepted parameter values. 

For searching in parameter space, we use the implementations of FLUX21DCL NAG 

Fortran library to generate the matrix of multivariate distribution, which is running on 

Linux operation system with the Intel Fortran Compiler. 

3.4 Results 

3.4.1 Flux data uncertainty 

Considering the chain length of model run and number of flux sites which need to be 

examined, we reduced the model canopy layer from ten to two. The comparisons between 

the outputs of two models show that a two-layer canopy model is able to capture well the 

variations in carbon and energy exchange and alleviate the problem of computational 

burden (Figure 1). 

We use the successive days approach to calculate the uncertainty of the whole three years 

of flux measurement. Frequency analysis indicates that both the latent energy (Figure 2) 

and carbon dioxide (Figure 3) flux measurement error followed a double exponential 

distribution (Laplacian distribution) rather than the Gaussian distribution (Normal 

distribution), with long tails and strong central peaks. Therefore we used the mean of 

absolute deviation rather than the standard deviation to describe the uncertainty measure. 

Figure 2 and Figure 3 clearly show a double exponential distribution that covers 90% of the 

flux measurement error distributions whilst a Gaussian distribution only predicts no more 

than half of the observed values. In addition, a Laplacian distribution produces less error 

estimates compared to normal distribution across the central bins. In order to test the effect 

of environmental factors such as photosynthetically active radiation (PAR) and wind speed, 

the whole data sets are then divided into daytime/nighttime and stable/windy days. It is 

found that the Laplacian distribution fits better the flux error than the Gaussian distribution 
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in all the situations (Figure 4, Figure 5) and none of the flux uncertainties are constant. 

Nighttime (PAR <= 10 j.t mol m 2  s 1) latent energy error is about 30% higher than daytime 

(PAR >= 10 jt mol m2 1)  error although the frequency of error distribution is not much 

different (Figure 4). As for carbon dioxide, the nighttime distribution shape looks less 

'peaky' and more 'smooth' and the error is more than 40% higher compared to the daytime 

error (Figure 4). It can be seen that wind speed exerts a big effect on the latent energy flux 

measurement error estimates, with error at stable days (wind speed <= 3 m s) 50% higher 

than windy days (wind speed > 3 m 1)  (Figure 5). Carbon dioxide flux uncertainty 

displays the similar trend although the magnitude of differences is about 30%. The above 

results support the conclusions that most of the eddy covariance errors are caused by the 

non-turbulent transport at night (Lenschow et al., 1994; Finkelstein and Sims, 2001). 

The analysis flux measurement uncertainty provides information for the Bayesian 

estimation of model parameters. How the flux uncertainty is added into the model 

calibration have a great impact on the parameter estimates and the associated uncertainty. 

In our study, we used the simplest way to represent measurement error, which is the 

realization of random numbers generated by Monte Carlo method with the mean of 0 and 

stand deviation of the absolute deviation mean from flux measurement distribution. 

3.4.2 Parameter posterior distribution 

The model ran for the chain length of 105  and generated the same number of parameter 

samples and model simulations. Figure 6 shows the histogram of posterior distribution for 

the fifteen model parameters. It can be seen that not all the parameters converge to specific 

values but maintain an irregular shape or remain unchanged. The parameter that displays 

the sharp peaks in the distribution is i, the constant rate for J,. However, i, the constant 

rate for V ma,, which is supposed to be highly correlated to i, does not display the similar 

convergent shape. The litterfall decomposition rate and mineralization rate of soil organic 

matter & woody debris remain almost unchanged. The distribution histogram of wiiin 

(minimal leaf water potential), the fraction of autotrophic respiration and root allocation 

rate show peaks and tails although it seems the model is too 'tolerant' to these parameters. 
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As often happens in Monte Carlo simulations, the parameter values come to occupy the 

entire possible range rather than converging on one single 'optimum'. 

Figure 8 shows a fifteen-parameter posterior distribution from model calibration against 

one month instead of one year of flux data. Apparently it displays better 'convergence' to 

some specific values for most of the parameters except Cr  (total fine root biomass) and root 

turnover rate. One of the possible reasons is that parameters such as 	and J, vary 

seasonally whilst the model treats them constant over one year, which can cause mismatch 

between modelled and measured data thus increase the model output uncertainty. However, 

this is not to say we should test model against limited data resources to get better results. In 

this study, a simple evenly distributed priori parameter distribution is assumed as we do not 

have much knowledge of the parameters. Therefore we do not expect the priori distribution 

would exert a great impact on the posterior distribution. Instead the information from 

sufficient data with good quality can help reduce the uncertainty (van Oijen et al., 2005). 

Of the all fifteen model parameters, some are correlated. For example, in the case of root 

resistance and plant conductivity, which control water transportation within plants, 

increasing one value and decreasing the other can produce good results but maybe for the 

wrong reason. Therefore we have removed five of the model parameters and these 

parameters are 11mfl,  C, which we generally estimate from the field measurements; Rr 

which is correlated to G; decomposition rate and mineralization rate of SOM, which are 

very slow-changing rate that one year of flux data is not long enough to detect the 

variations. We re-calibrate the model with 105  of chain length and display the results in 

Figure 8. It can be seen that the posterior distribution of the parameters become more 

'concentrated' (except K and foliage allocation rate so we did not include it in the graph). 

The procedure of Bayesian calibration provides a large sample of parameter values from 

posterior distribution and the sample values can be used not only to estimate the model 

outputs but also to summarize useful information from the parameter vector by calculating 

the mean and the 1/4  and 3/4  values from the distribution. In addition, it is also possible to 

investigate the correlations among all those parameters from the posterior distribution 

(Table 3). Furthermore, the maximum posterior estimate, at which the data likelihood is the 
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highest in the posterior probability, can also be used as a measure of a single 'optimum' for 

other model users (we did not show here). 

3.4.3 Model predictive uncertainty 

Bayesian calibration not only provides the sample of parameters, but also generates the 

complete carbon cycle estimates with uncertainty estimates because at each random walk 

within the parameter space, the model runs and produces the carbon and energy fluxes. We 

display the mean of aggregated daily NEE from lO 5  model runs and predicted 95% 

confidence interval at Aberfeldy in Figure 10. 
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3.5 Discussions 

Over the decades, a number of models have been developed to describe and predict the 

carbon dynamics at different ecosystem scales (Bonan et al., 1992; Foley et al., 1994; 

Kutzbach et al., 1996; Douville et al., Williams et al., 1996; 2000; Betts, 2000; Cox et al., 

2000; Friedlingstein et al., 2001; Krint et al., 2005). However, results from comparisons 

among different models indicated that the substantially different results may arise from a 

variety of terrestrial ecosystem models, and therefore uncertainties about the response of 

terrestrial ecosystems to the climate change remains high (Cramer et al., 1999). Therefore 

we need to establish a systematic framework for calibrating and validating different 

process-based models (Wang et al., 2007). 

The application of these models may be hindered by some factors. Firstly, these models 

may have a large number of parameters, which can only be derived from measurements or 

by knowledge. Such field measurements however are generally incomplete or not available. 

Secondly, parameters which are obtained from measurements at leaf, canopy and 

ecosystem levels may not be applicable at larger scales as in our current understanding 

these parameters are not likely to display a linear relationship with scales (Williams et al., 

1997). Moreover, complex models such as Dynamic Global Vegetation Models (DGVMs) 

generally have different plant functional types (PFTs) (Woodward et al., 2004) and 

parameters associated with PFTs may vary in these models. Continuous eddy covariance 

flux measurements and nonlinear optimisation modelling approach are used to solve the 

above problems. 

In this study we apply a Bayesian calibration to a forest ecosystem model, constrained by 

eddy covariance measurements of carbon and water, flux at ten sites growing in a variety of 

climatic conditions, to develop a full analysis of carbon exchange for some European 

forests. The process involves generation of parameters and their associated error, and 

output of model uncertainty. Our results indicated that Bayesian calibration could be 

applied to process-based models to identify key parameters and associated uncertainty 

using the simplest Markov Chain Monte Carlo (MCMC) algorithm to generate the random 

sample in the joint priori distribution and represent any posterior distribution. During each 
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model run at the randomly generated parameter point, the corresponding sample of model 

outputs is produced. There are some aspects of the Bayesian approach that improve on the 

traditional goodness-of-fit methods (as used in chapter two) although the single parameter 

set that generates the maximum probability from posterior distribution through Bayesian 

calibration is similar to the parameter set that obtained from the traditional method. 

Firstly, Bayesian calibration generates a distribution of parameters and associated 

uncertainty of the parameters with confidence interval whilst traditional methods do not 

provide confidence intervals. Secondly, each random walk in parameter space is not really 

'random' in Bayesian sampling because the next step is based on the signal from whether 

the previous step is accepted or not. So the walk does not go too far from the convergence, 

whilst in traditional method the parameter space is subdivided into accepted or rejected 

regions. Thirdly, goodness-of-fit methods (as used in chapter 2) fail to take into account the 

'role the measurement errors play in determining the optimal candidate points. For example, 

if the data have bias then the parameters that minimize the difference between the data and 

model outputs may be chosen but for the wrong reason. Fourthly, Bayesian calibration can 

generate the uncertainty of model parameters and model predictions simultaneously as the 

model is run at each sampled point in the parameter space, which generates the model 

outputs to calculate the data likelihood. 

However, the Bayesian calibration procedure is very time-consuming because the chain 

length must be long enough to allow the parameter search. For example in our study, it 

normally takes ten days for the model to run i05  times against one year of flux 

measurements and we had ten sites to test. In addition, the number of model parameters 

also has an effect on the running time of the models. In a simple test, we found that about 

10% of time was saved if we reduced the number of parameters from fifteen to ten. 

There are several ways to improve the Bayesian application with process-based models. 

The first aspect is the determination of exact running length required to generate adequate 

summaries of posterior distribution of parameters (which may be less than lOs) (Robert and 

Casella, 1999). In addition, the priori distributions of parameters can be more accurately 

represented rather than the simple evenly distributed if we have enough relevant 

information. Our study results show that the best convergent posterior distribution of 



parameters is generated at Griffin site, at which the quality of flux measurements is very 

good. Some parameters vary over years (such as soil organic matter mineralisation rate) 

and one year of data of course is not enough to detect any noticeable change. Therefore the 

precision and long time series of data on model outputs will improve the Bayesian 

performance. Finally, some important physiological parameters such as rooting depth and 

root biomass can be measured from the fields and thus do not require parameterisation, 

which can reduce the uncertainty of model predictions and alleviate computation burden. 

Therefore construction of a database of such measurements is a high research priority. 

Vegetation characteristics change with a few days or very much over months, which is 

called seasonality. Understanding of the mechanisms that underlies phenology is not very 

advanced and not well modelled. No set of parameters is likely to work over long periods. 

Therefore treating the parameters that describe these characteristics as constant in models 

will result In inaccurate predictions. Our results show that the posterior distribution of 

parameters generated from one month of flux measurements display a narrower peak than 

the distribution generated from one whole year of flux measurements, which can be partly 

explained by phenology. 

In quantifying the flux measurement errors, we found that the error is double exponentially 

distributed rather than the traditional normal distribution for all the ten flux sites. At Griffin, 

60% of error in carbon dioxide flux fall in the range of ± 2.5 j.tmol m 2 	and 10% of 

extreme value is distributed outside of ± 5 jtmol m 2  s 1  almost 85% of error in latent 

energy fall in the range of ± 25 W m 2  and only 5% of extreme value is distributed outside 

±30 W m 2. Both wind speed and PAR exert an impact on the error distribution of CO2  and 

latent energy data with errors on daytime and on windy days are more converged around 

zero than errors on nighttime and on still days. And the errors on all the conditions display 

the laplacian distribution, except for the nighttime CO2, which is highly skewed. 

In this study we demonstrated how the Bayesian approach can be used to identify the key 

model parameters, which is not just to find the optimal parameters that fit the data well 

rather than produce a probability of distribution (van Oijen et al., 2005). The distribution of 

parameters can be summarized in forms of mean vector and used as reference information 

by other modellers to other similar or new ecosystems. However, we still believe in model 



paraméterisation the availability of field measurements is a more efficient way to make the 

model 'get closer to reality'. 
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CastelporzianoSarrebourg Bordeaux Flakaliden Bayreuth Tharandt 	Loobos Aberfeldy Vielsaim Hyytiala 

Latitude 410  45 480  40, 440  05 640  14 500 09'  500  58 	520 10'  56°  37 500  18 610  51 

Climate Mediterranean Continental Oceanic Boreal Mountainous Continental Temperate Atlantic Temperate Boreal 

LAI 3.5 m m 2  6 m2  m 2  5.5 m2  m 2  2 m2  m 2  5 m m 2  6 m 2  m 2 	3 m2  m 2  8 m2  m 2  4.5 m2  m 2  3 m2  m 2  

Tree age 50 yr - 30 yr 25 yr 31 yr 40 yr 140 yr 	80 yr 14 yr 60-90 yr 30 yr 

Tree species Quercus ilex Fagus Sylvatica Pinus pinaster Picea abies Picea abies Picea abies Pin us sylvestris Picea sitchensis Picea abies 	
ItiCa 

Pinus sylvestris 

00 	 Period 
modelled 	1997-1998 	1997-2000 	1997-1998 1997-1998 1997-1999 1996-2000 1997-2000 	1997-2000 	1997-1998 	1996-2000 

References Seufert et al; Granier et al. Berbigier et al. Bergh et al. Foken et al. 	 Dolman et al. Clement et al. Aubinet et al 	Vesala et al. 
(1997) 	(2000) 	(2001) 	(1999) 	(1999) 	 (1998) 	(2003) 	(1998) 	(1998) 

- 	 Table 1. Characteristics of the ten Euroflux sites 



Parameter 	Explanation Unit Value range 

Gp  plant conductivity mmol m-' s" MPa" 1-20 

minimal leaf water potential MPa -4 --2 

Rr  root resitivity MPa s g mmol-1 10-500 

rate constant for Vcmax  mmol g 1  s_i  10-50 

Kj  rate constant for Jmax mmol g 1  s' 20-100 

Cr total root biomass g biomass m 2  ground 100-2000 

P1 Decomposition rate constant No unit 106 -0.01 

p2 Autotrophic respiration as a fraction of GPP No unit 0.2-0.7 

p3 Fraction of NPP allocated to foliage No unit 0.01-0.5 

p4 Fraction of NPP allocated to fine roots No unit 0.01-0.5 

P5 Turnover rate of foliage No unit 2*1 0 	-0.02 

p6 Turnover rate of woody matter No unit 2*106 -0.02 

p7 Turnover rate of fine roots No unit 2*1 0 	-0.02 

P8 Mineralization rate of fresh litter No unit 5*105 -0.5 

Mineralization rate of soil organic matter 
P9 and woody debris No unit 10-6  -0.5 

Table 2 Model parameters which are to be determined through the optimisation 
procedure 



GP  W1 Rr  Kc Ij Cr 1i P2  P3  P4  P5  P6  P7  P8  P9  

G 0.50 0.22 0.22 0.10 0.20 0.28 0.20 0.28 0.36 0.42 0.66 0.44 0.26 0.26 

WI 0.50 0.32 0.26 0.10 0.40 0.22 0.10 0.42 0.47 0.41 0.45 0.24 0.30 0.49 

Rr  0.22 0.32 0.28 0.10 0.41 0.24 infinite 0.14 0.20 0.10 0.10 0.10 0.22 0.14 

R. 0.22 0.26 0.28 infinite 0.24 0.20 0.14 0.17 infinite 0.22 0.41 0.14 0.33 0.26 

K 0.10 0.10 0.10 infinite infinite 0.10 0.14 infinite infinite 0.10 infinite infinite infinite infinite 

Cr  0.20 0.40 0.41 0.24 infinite 0.51 0.14 infinite 0.28 0.46 infinite 0.33 infinite 0.28 

P1  0.28 0.22 0.24 0.20 0.10 0.51 infinite 0.14 0.10 0.75 infinite 0.44 infinite 0.22 

P2  0.20 0.10 infinite 0.14 0.14 0.14 infinite 0.32 infinite 0.14 infinite 0.32 0.77 0.28 

P3  0.28 0.42 0.14 0.17 infinite infinite 0.14 0.32 infinite 0.24 0.10 0.24 0.37 0.17 

P4  0.36 0.47 0.20 infinite infinite 0.28 0.10 infinite infinite 0.24 0.26 0.22 0.17 0.28 

P5  0.42 0.41 0.10 0.22 0.10 0.46 0.75 0.14 0.24 0.24 0.20 0.55 0.22 0.49 

P6  0.66 0.45 0.10 0.41 infinite infinite infinite infinite 0.10 0.26 0.20 0.22 0.17 0.20 

P7  0.44 0.24 0.10 0.14 infinite 0.33 0.44 0.32 0.24 0.22 0.55 0.22 0.47 0.53 

P8  0.26 0.30 0.22 0.33 infinite infinite infinite 0.77 0.37 0.17 0.22 0.17 0.47 0.77 

P9  0.26 0.49 0.14 0.26 infinite 0.28 0.22 0.28 0.17 0.28 0.49 0.20 0.53 0.77 

Table 3 Correlations (R) between the model parameters from parameter posterior distributions at Aberfeldy. 
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4.1 Abstract 

We investigated the response of ecosystem CO2  exchange to direct versus diffuse radiation 

for four contrasting types of ecosystems (coniferous forest, deciduous forest, temperate 

grassland and tropical wetland). More than one whole year of eddy covariance observations 

for eight flux sites were analysed to investigate the difference between clear and cloudy sky 

conditions. A non-rectangular hyperbola model was used to represent the relationship 

between CO2  flux and photosynthetically active radiation (PAR). A Soil-Vegetation-

Atmosphere Transfer model, SPA, was also run for two of the sites and similar analyses 

were made to compare the model's performance with measured eddy covariance results. 

The study shows that the diffuse: global radiation ratio exerts an important impact on 

carbon dioxide exchange of forest and grassland. The apparent quantum yield (e) was more 

than 80% higher under diffuse radiation than under direct radiation for forest and grassland. 

The exception was the tropical sedge Cyperus papyrus L, where there was no significant 

difference. The reason for the difference in response among vegetation types is postulated 

to be canopy structure. Both modelled and observed flux data under direct and diffuse 

regime were further classified according to saturated vapour pressure deficit (VPD) to 

explore the possible influence that high humidity under diffuse conditions might have on 

gas exchange. When compared under conditions of equal VPD, the diffuse sky conditions 

still gave higher light use efficiency. The SPA model with one or ten canopy layers gave 

results that were in acceptable agreement with the observed phenomenon. 
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4.2 Introduction 

It has been reported that over the period 1950-1990, there was a significant reduction in the 

solar radiation reaching the Earth's surface (Stanhill and Cohen, 2001), attributable to the 

increase in aerosols in the atmosphere during the same period. At the same time, it has been 

observed that net carbon uptake by plants is enhanced on days when the diffuse component 

is high (Price and Black, 1990; Hollinger et al., 1994; Rochette et all, 1996; Baldocchi, 

1997; Choudhury, 2000). Thus, change in cloudiness or aerosol content of the atmosphere, 

such as those associated with 'global dimming' can be expected to' influence significantly 

the carbon uptake of ecosystems (Gu et al., 2002; Gu et al., 2003; Misson et al., 2005); 

moreover, simple models of primary productivity that ignore the diffuse component of 

solar irradiance will not correctly predict changes in CO2  uptake as a consequence of 

changes in diffuse radiance (De Pury and Farquhar, 1997). 

There may be three basic reasons for the enhancement of photosynthesis in diffuse light. 

Firstly, the direct unidirectional solar beam irradiates only a fraction of canopy, leaving the 

upper canopy photon-saturated while within the canopy a large number of leaves 

experience very low irradiance. This waste of photons leads to a less efficient 

photosynthetic use of light. In contrast, the multidirectional diffuse light field illuminates a 

higher proportion of foliage surface area and penetrates the canopy more effectively so that 

a more even distribution of light is achieved, leading to a more efficient use of light (Helms, 

1965; Gu et al., 2002; Urban et al., in press). Secondly, there may be a microclimate 

contribution to the direct/diffuse response, for example, because cloudy and hazy days are 

generally associated with high humidity which causes stomata to open more widely and 

thus increases the photosynthetic uptake of carbon. A third aspect may be the difference in 

the spectral composition of light field for photosynthesis. There is a shift to the blue end of 

the spectrum under diffuse conditions, especially at low solar elevation, which may be 

sufficient to cause variations in photosynthesis (Urban et al., in press). 

Models, such as the simple carbon cycle models which are embedded in Global Circulation 

Models (Cox et al., 2000) and Dynamic Vegetation Models (Cramer et al., 2001) generally 

have a very simple treatment of radiation and microclimate, which will not distinguish the 
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response in the direct versus diffuse radiation. The most complex and realistic ray-tracing 

models, on the other hand, are computationally expensive and hard to parameterise. 

In the present paper we evaluate the performance of a Soil-Plant-Atmosphere (SPA) model 

(Williams et al., 1996) of intermediate complexity to see how far it represents the response 

to direct versus diffuse radiation. Most of the reports of a contrasting response to direct 

versus diffuse radiation come from studies on forest canopies, and many of them are for 

coniferous canopies. It is not clear whether there is a response at all for simpler canopies 

such as broadleaved trees 'and grasses. In this paper, we investigate the response of 

contrasting canopies types to direct and diffuse radiation regime, covering deciduous forest, 

coniferous forest, grassland and the sedge Cyperus papyrus L (hereafter called papyrus). 

We then calculate radiation use efficiency under the direct and diffuse regime noted above. 

In order to investigate the possible effect of saturated vapour pressure deficit (hereafter 

called VPD), we further classify direct and diffuse regime into categories according to the 

prevailing VPD. 

12 
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4.3 Method and Material 

4.3.1 Data 

Half-hourly net ecosystem exchange (NEE) of CO2  and meteorology data are taken from 

the Euroflux network of long term carbon dioxide and water vapour fluxes. The stations 

comprise six stations from the Euroflux study and two others. The ecosystems covered in 

this paper are coniferous forests (Hyytiäla, Finland, 1997-2000; Tharandt, Germany, 1997-

2000; Aberfeldy, UK, 1997-2000; Bayreuth, Germany, 1997-1999), deciduous forests 

(Sarrebourg, France, 1997-2000) and mixed forest (Vielsalm, Belgium, 1997-1998), C3 

grassland (Estate Bush, Scotland, 2004-2005) and C4 papyrus (Lake Victoria, Uganda, 

2003). Except for Papyrus data, extreme values (nighttime flux exceeding 15 p.mol m 2  s 1  

and daytime flux lower than —40 !imol m 2  s') were removed from datasets (the Papyrus 

data had relatively little scatter and did not require this treatment). In these eddy covariance 

data sets, diffuse radiation has generally not been measured. However, we use a simple 

solar geometry model to separate direct and diffuse radiation, following the method of Gu 

et al. (2003). 

The forest flux sites tested in the paper are distributed within the northern latitude of 440  to 

62°  in temperate zone and most of the dominant species are pine trees; the tree diameter at 

basal area ranges from 10 to 27 centimetre; the French sites, Sarrebourg, and the Belgium 

site, Vielsalm, have the highest tree density (4000 per hectare) and lowest density (205 per 

hectare); the tree height is from 12 to 30 m and tree age is from 14 to 90 years old (Table 1). 
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4.3.2 Model description 

4.3.2.1 Radiation decomposition model 

Several models that separate direct and diffuse components from measured global radiation 

have been described in the literature (Goudriaan, 1977; Weiss and Norman, 1985; Spitters 

et al., 1986; Alados and Alados-Arboledas, 1999). 

In this paper, the method of partition of direct and diffuse radiation is based on the solar 

model used by Gu et al. (2003). This model includes not only solar zenith angle and clear 

sky index but also environmental factors such as temperature and relative humidity; it 

calculates total diffuse radiation received by a horizontal surface under clear sky, overcast 

sky and mixed sky conditions. Following Gu et al. (2003), we assume that the period when 

the ratio of diffuse radiation to total global radiation is higher than 0.78 is defined as a 

diffuse sky, lower than 0.30 as a clear sky, and between 0.30 and 0.78 as a 'mixed' sky. Gu 

et al. (2003) verified these assumptions by reference to sites where direct and diffuse 

radiation were measured separately, and we have done the same for the cases where diffuse 

radiation has been measured. We showed the evaluation of the diffuse radiation model 

(Figure 1) against three years of diffuse radiation measurements obtained from a coniferous 

forest site in Bayreuth, Germany. 

4.3.2.2 SPA 

The SPA model (Williams et al., 1998) employs a detailed radiative transfer scheme that 

determines time-varying transmittance, reflectance and absorption of radiation by canopy 

layers and soil surface. In this model, the leaf area index (LAI) is vertical distributed 

within the canopy layers and the canopy structure is described by a foliage clumping factor 

and leaf distribution angle, which can be adjusted to any specific site if relevant data are 

available. 
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Incoming solar radiation is split into direct and diffuse components and the ratio of diffuse 

to global radiation is estimated using a simple empirical model for each time step; then 

direct and diffuse light penetrates into the multilayered canopy at different declinations and 

appropriate extinction coefficients and radiation that hit the canopy is either absorbed, 

reflected or transmitted. The SPA model assumes that the diffuse radiation comes from an 

isotropic sky. In addition, each layer of canopy is divided, into sunlit and shaded area, with 

the sunlit area receiving both beam and diffuse light while the shaded area receives only 

diffuse light. 

4.3.2.3 Representing the relationship between NEE and PAR 

To display the relationship between NEE and PAR we need an empirical curve-fitting 

model. The description of photosynthesis tells us that carbon assimilation consists of a 

light-limited phase and a substrate-limited phase. The relationship between photon 

irradiance and ecosystem CO2  exchange is consequently a hyperbolic curve which shows 

coniplete or partial light saturation at an irradiance somewhat less than full sunlight. Two 

forms of hyperbola models, the rectangular hyperbola and the non-rectangular hyperbola, 

have been employed to define the dependence of NEE on photon irradiance. 

However, the rectangular hyperbola does not describe the smoothness of transition between 

the light-limited and light-saturated regime, which is represented empirically in the non-

rectangular hyperbola. 

The non-rectangular hyperbola equation is: 

- (e*Q + Amax) A + * Q* Amax  =0, 	 Equation. 1 

The rectangular hyperbola is: 
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(g*Q + Amax) A - * Q* Amax =0, 	 Equation. 2 

where e [9mol(CO2)  pmoi 1(photon)] is the apparent quantum yield, e is a number between 

0 and 1 determining the curvature of light-response curve [dimensionless], Q is PAR, A is 

the instantaneous rate of CO2  assimilation and Amax is the light-saturated value of A. 

Sometimes a second-order polynomial method has been used to describe the relationship 

(Niyogi et al., 2004). 

The second-order polynomial equation is expressed as:. 

A=a*Q2 + b*Q + c 	 Equation. 3 

where A is instantaneous rate of CO2  assimilation, Q is photosynthetically active radiation 

(PAR), a, b, c are model parameter; as quantum yield (e) is mathematically defined as the 

initial slope of the light response curve which is the value of dA/dE when PAR is zero; thus 

it is easy to deduce that the parameter b represents quantum yield and parameter c equals 

dark respiration (ie the gas exchange in the dark resulting from autotrophic and 

heterotrophic respiration). 
/ 

We analysed the difference in ecosystems response to direct and diffuse radiation regime 

shown in the relationship between PAR and NEE using all three methods. Initially, we 

determined the unknown parameters of non-rectangular hyperbola, rectangular hyperbola 

and second order polynomial models by using an algorithm which searches the best 

combination of parameter set by minimizing the root-mean-square-error (RMSE) of 

predictions versus observations. However, this method does not produce the uncertainty 

associated with the parameters; in addition, it does not take observation errors into account. 

Therefore, we also used maximum likelihood technique (MLT) used by Williams et al. 

(2006) to estimate the unknown model parameters. Maximum likelihood method represents 

obseryation uncertainty and produces multivariate parameter confidence regions. 



We followed the method of Hollinger and Richardson (2005) to calculate the errors 

associated with eddy covariance measurements. The eddy covariance measurement errors 

are in double exponential distribution and generated from nighttime and daytime data 

according to wind speed and global radiation respectively for each month Of the year. A 

Monte-Carlo approach was used to generate parameter regions and a chi-squared test was 

used to determine which of the parameter sets lay within a 95% confidence interval. The 

resulting parameters, parameter uncertainty and correlation coefficients of the non-

rectangular hyperbola, rectangular hyperbola and second order polynomial are displayed in 

Table 2. 

The results indicated that under both direct and diffuse condition, the value of R2  and 

RMSE do not vary much according to which of the three models were fitted to the flux data 

(Table 2). However, the three models predict quite different Amax  and S. For the forest site 

under direct irradiance and for all the three sites under diffuse conditions, the second-order 

polynomial gives a lower value of Amax  than those from the hyperbolic methods. The 

possible reason is that, without the additional parameter to represent curvature, which 

describes the smoothness of transition between light-limited and substrate-limited regimes, 

the rectangular hyperbola and the polynomial suffer from a 'lack of fit'. Therefore, we 

choose the non-rectangular hyperbola as the method to analyse the relationship between 

NEE and PAR in this paper (although all three models show a consistent difference in the 

LUE between diffuse and direct conditions). 
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4.4 Results 

4.4.1 The different response of eight ecosystems to 

direct and diffuse radiation showed from eddy 

covariance measurements 

We take more than one whole year of eddy covariance measurements for each site (except 

Uganda, where we have only 63 days of data) to analyse the ecosystem response to direct 

and diffuse radiation regime. We pipt the NEE against PAR under direct and diffuse 

condition separately and use the non-rectangular hyperbola model to calculate maximum 

assimilation rate (Am ), apparent quantum yield (e) and dark respiration (Rd). 

These parameters for each of the sites are shown in Table 3 and Figure 2. 

Both forests and grassland have different responses to direct and diffuse radiation, with e 

on average 90% under diffuse radiation than under direct radiation. The biggest difference, 

which is e 140% higher respectively, was found in a deciduous forest, Sarrebourg, France. 

We postulated that enhancement in quantum yield by diffuse radiation might be greatest in 

the most dense canopies. We found that except for one deciduous forest (Sarrebourg, 

France) and one mixed forest (Vielsaim, Belgium), there was an indication of a positive 

relationship between LAI and apparent quantum yield efficiency (R2=O.88) (Figure 3). We 

also found that at the same leaf density, the enhancement in quantum yield efficiency by 

diffuse over direct radiation for deciduous forests are higher than that for coniferous forests 

(Figure 3). 

4.4.2 VPD effect 

Direct radiation tends to be associated with high saturated vapour pressure deficit 

(thereafter called VPD) and high temperature. Leaves under such stressful conditions may 
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suffer reduced stomatal conductance which restricts photosynthesis. In order to test for the 

possible effect of VPD, we further classify the data according to the VPD so that we can 

compare responses within the same VPD category. Similar analysis was conducted for each 

of the sites; we only describe the results in detail for one coniferous forest site with the 

biggest range of VPD in Vielsalm, Belgium. 

Figure 4 shows that under the same VPD classification, the apparent quantum yield (c) 

under diffuse radiation is still up to 50% higher than under direct radiation. It also shows 

that the apparent quantum yield starts to decline when VPD reaches 1.5 kPa. The reason 

that direct quantum yield slightly increases with VPD within the range of 1.5 kPa may be 

the temperature effect because we found that average temperature also steadily rises with 

VPD. 

4.4.3 Light use efficiency calculated from three 

different model canopy structures 

Simulations using SPA were run for one coniferous forest site (Aberfeldy, UK) with three 

different canopy structures—one layer with average illumination, one layer with sunlit and 

shaded leaf area and 10 layers with sunlit and shaded leaf area. The foliage clumping factor 

for this site is obtained from Medlyn et al. (2005) and leaf angle distribution is assumed to 

be spherical. The parameterised model was run initially on half hourly basis. The modelled 

gross primary productivity (GPP) and net ecosystem exchange (NEE) data were aggregated 

separately on a daily basis. Daily values of light use efficiency, Cd, were calculated as both 

daily GPP and NEE divided by daily absorbed PAR, and are plotted against average daily 

incident radiation (Figure 5). We found that the big leaf model with average illumination 

overestimated the light use efficiency calculated from GPP and NEE by 60% compared to 

the results of the big leaf model with sunlit and shaded area and the multilayer canopy 

model; it seems that as many as ten-layers may not be required. We also plot the half 

hourly observed NEE against modelled NEE at three different canopy structures to see how 

well those simulation can fit the real data (Figure 6). We found that the multilayer canopy 

model gave the best estimation with a slope of 0.95 and a RMSE of 3.07. 
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4.4.4 Light Use Efficiency on daily basis 

We calculated daily light use efficiency, LUE calculated from eddy covariance 

measurement, as a function of average daily PAR, for the period June to September (not 

always for the same year because of the availability of data) for coniferous forest, mixed 

forest, grassland and wetland. We plot the LUE against average daily PAR for the four sites 

in Figure 7. We also compare the LUE calculated from both observed and simulated NEE 

data for one coniferous forest and one mixed forest to test whether model can capture the 

difference in carbon uptake under diffuse and direct radiation (Figure 8). 

The daily light use efficiency is not constant: it decreases as PAR increases, indicating that 

photosynthesis of the standard canopy saturates with respect to incident PAR in parallel 

with leaf photosynthesis (Medlyn 1998). As a first approximation, the relationship between 

the LUE and PAR in figure 7 could be described by a linear model especially for the 

deciduous site. However, for a given radiation, there is a range of values of light use 

efficiency. This variability can be related to the ratio of direct to diffuse radiation as 

hypothesized by Medlyn (1998). In order to test the hypothesis, we plot the dailylight use 

efficiency against the average daily ratio of diffuse radiation to global radiation (Figure 9) 

and average daily sine value of sun elevation angles for the four flux sites. For forest and 

grassland, Figure 9 shows that light use efficiency increases linearly as diffuse radiation 

ratio goes up (the highest correlation coefficient R2  =0.60 for Vielsam, Belgium); however, 

we found no correlation between LUE and sun elevation angle. 

The time series of daily light use efficiency along with half hourly PAR (Figure 10) shows 

that the light use efficiency is quite variable: the LUE increased more than twice from day 

223 to day 239 although the total daily PAR on the two days remain similar. 
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4.5 Discussion 

Using both CO2  flux measurements and a model simulation, we demonstrated the enhanced 

rates of photosynthesis under diffuse versus direct PAR at seven out of eight sites, covering 

coniferous forest, deciduous forest, grassland and papyrus in a wide variety of climatic 

conditions. 

We found that, firstly, diffuse radiation results in higher light use efficiency for forests and 

grassland. Forests showed a larger response to diffuse versus direct radiation than grassland. 

In contrast, Cyperus papyrus L, a C4 sedge apparently experiences no advantage of diffuse 

over direct radiation. This can be attributed to the unusual canopy structure of papyrus—

most of its photosynthesis is done by more or less horizontal leaves which form an 

'umbrella' structure above a tall vertical stem (which are themselves green and presumably 

somewhat photosynthetic). Another possible explanation is that C4 species show little or no 

light-saturation on a leaf area basis, hence the canopy as a whole is a linear integrator of 

absorbed light. In addition, we also found that at a similar leaf density, the enhancement in 

quantum yield efficiency by diffuse radiation for deciduous forest is higher than that for 

coniferous forest. We postulate that this is due to the difference in canopy structures which 

affect the distribution and penetration of radiation within the canopy. The leaf angle 

distribution of deciduous forests is more horizontal and less clumped than coniferous forest, 

which makes photosynthesis more likely to be affected by solar angle and light propagation 

within canopy. Secondly, we found that vapour pressure deficit (VPD) exerts some impact 

on the response to diffuse versus direct light, but this is an effect of secondary importance. 

Similarly, Urban et al. (in press) showed that redistribution of light in the canopy and 

spectral distribution rather than VPD are important to the carbon uptake efficiency of a 

forest canopy. Our results suggest that within a VPD range (VPD <1.5 kPa), apparent 

quantum yield (c) is relatively stable; while beyond that range, & declines as VPD rises. Our 

results also indicate that VPD has a significant impact on both direct and diffuse 

photosynthesis. At high VPD, the advantage of diffuse radiation over direct radiation 

remains. Thirdly, light use efficiency is not a constant as is often assumed in estimating 

global and regional productivity, following the early pioneering work of Kumar and 

Monteith (1981). Rather, it is negatively correlated to average daily PAR and positively 
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correlated to the ratio of diffuse to direct radiation. The observation that daily LUE differs 

among forest, grassland and wetland, and that it varies from day-to-day according to the 

fraction of diffuse radiation, poses some difficulties when modelling photosynthesis at the 

large scale. Some models may account for this variation by incorporating plant functional 

types with contrasting structure and environmental factors such as temperature and VPD 

(Ahi et al., 2004). However, the input data of radiation needs to be discriminated between 

'diffuse' and 'direct' periods of radiation. We also found that NEE correlated to direct PAR 

poorly compared to diffuse light. This may be because plants encounter both light-stress 

and water-stress when exposed to direct sunshine. These environmental factors have a 

negative effect on photosynthesis and on the opening of stomata respectively. Thus, in the 

summer months, sustained periods of dry, sunny weather may generate large variance in 

the data. 

We used one process-based model, SPA, with a relatively complex radiation transfer 

regime to simulate the net ecosystem exchange under direct and diffuse radiation and 

compared the results to the observed to test the performance of the model. It showed a 

strikingly similar difference in quantum yield under diffuse versus direct radiation from the 

observations. We also modified our model to compare three different canopy structures to 

see how complex the light penetration model needs to be. Our study results indiôated that 

big leaf models with average illumination (sensu Lloyd and Grace, 1995) may substantially 

overestimate the carbon dioxide exchange. However a simple model with sunlit and shaded 

area and a multilayer model can represent the observed data quite well. It is probably, not 

necessary to develop models with the ultimate realism of ray-tracing (Cesscatti, 1997); 

rather models of intermediate complexity such as SPA can adequately represent ecosystem 

responsiveness to the diffuse and direct radiation. Computationally expensive ray-tracing 

models may of course be very useful to investigate the influence of leaf area index, 

planting patterns, and clumping leaves. 

We found that dark respiration is systematically higher under diffuse versus direct radiation 

despite the fact that temperature is often slightly lower due to aerosol and cloud. Soil 

respiration depends not only on soil temperature and soil moisture, but also on availability 

of substrate (Davidson and Janssens, 2006). Therefore, we postulate that .plants produce 

more assimilates under diffuse, radiation, and a larger supply to the roots and the 
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rhizosphere. Thus, autotrophic and heterotrophic respiration may be enhanced during 

periods of several consecutive days when diffuse radiation predominates. 

Finally, we would like to comment on the response of leaf canopies to so- called global 

dimming. From the 1950s to 1990, there was a general decrease in solar radiation at the 

Earth's surface, despite the fact that irradiance at the top of the atmosphere remains 

relatively constant (Farquhar and Roderick, 2003). This global dimming was associated 

with an increase in diffuse fraction of total sunlight brought about by an increase in 

atmospheric content of aerosol particles. Our study suggests that any long term trends and 

interannual variability in cloudiness and aerosol concentrations may play an important role 

in the interannual variability and the long term trends of global photosynthesis, and 

therefore in the long-term dynamics of the global carbon cycle as Gu et al. (2002) also 

suggest. 
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Site Latitude Dominant species DBH Tree density Tree height Tree age Maximum LAI Paper published 

Vielsaim, Belgium 500 18'N 
Picea sa 7 a  13.4 205 29.9 60-90 4.5 Aubinet et al (1998) 

UK 

Fagu

Aberteldy, 56°  37' N Picea sitchensis 10.7 2215 6.66 14 8 Berland et al (1996) 

Bayreuth, Germany 500  09' N Picea abies N/A 1000 19 40 5 Alsheimer et al (1998) 

Tharandt, Germany 500  58' N Picea abies 27 652 28 140 6 Fruhauf et al (1998) 

Hyytiälä, Finland 610  51'N Pinus sylvestris 13 2500 12 36 3 Vesala et al (1998) 

Fagus sylvatica 
Sarrebourg, France 480  40' N (Quercus petraea, 10 4000 13 30 6 Granier et al (2000) 

_____ Ti/ia cordata, Betula)  
Estate Bush, UK 55°  52' N N/A N/A N/A N/A N/A N/A Personal communication 

Lake Victoria, Uganda 000  24' N Cyperus papyrus N/A N/A N/A N/A N/A Personal communication 

Table 1. Basic information of the sites studied in this paper. DBH refers to mean tree diameter at breast height. Unit of DHIB, tree density, 
tree height, tree age and maximum LAT are centimetre, number per hectare, meter, year and m2 m-2 respectively. 
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Mixed forest, Vielsalm, Belgium Grassland, Bush Estate, Scotland Wetland, Lake Victoria, Uganda 

Coefficients 
or direct 
radiation 
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polynomial 
Rectangular 

 hyperbola 

Non- 
rectangular 
hyperbola 

2nd 

polynomial 
Rectangular 
hyperbola 

Non- 
rectangular 

 hyperbola 

2nd 

polynomial 
Rectangular 
hyperbola 

Non- 
rectangular 

 hyperbola 

E 0.011 ±0.001 0.025±0.007 0.020±0.007 0.014±0.001 0.015±0.001 0.014±0.001 0.042±0.002 0.063+0.003 0.030±0.002 

Amax 12.9±0.6 29.1+4.74 25.9±6.2 25.9+1.3 25.8±1.3 25.7+1.3 37.9+1.9 41.3±2.1 38.7+1.9 

R2  0.29 0.29 0.37 0.70 0.70 0.70 0.78 0.78 0.78 

RMSE 4.04 4.04 4.31 4.44 4.44 4.44 4.35 4.39 4.33 

Coefficients 
or diffuse 
radiation  
£ 0.021 ± 0.001 0.043 ± 0.008 0.039 ± 0.008 0.039 ± 0.002 0.054 ± 0.003 0.037 ± 0.002 0.054 ± 0.003 0.070 ± 0.004 0.063 ± 0004 

Amax 25.9+0.9 29.9±5.2 26.3±6.3 15.1 +0.8 42.2±2.1 27.1+1.4 57.7±2.9 96.6±4.8 81.8±4.1 

R2  0.66 0.66 0.44 0.65 0.66 0.66 0.82 0.82 0.82 

RMSE 2.72 2.71 4.16 4.69 4.59 4.59 7.35 5.73 5.73 

Table 2. Coefficients for second-order polynomial, rectangular and non-rectangular hyperbola curve fitted to flux data of one year under 
direct (n>100) and diffuse (n>1000) condition for forest, grassland and wetland. RMSE stands for Root Mean Squared Error, which is the 

average of modelled and measurement difference. Coefficients for variability value are 1 SD of coefficient estimates. £ and Amax are 
described in imol CO2  prnof' photon and jtmol m 2  s1. 



Site Name  Amax c R2  r Curvature RMSE 

Mix Forest Vielsalm, Belgium 
Diffuse 26.3+6.3 0.039 + 0.008 0.44 1.81 +0.62 0.39+ 0.25 4.16 

Direct 25.9+6.2 0.020 ± 0.007 0.37 3.28+1.34 0.39+ 0.26 4.31 

Deciduous Forest Sarrebourg, France Diffuse 

Direct 

30.9+5.7 

27.8+6.6 

0.038 + 0.009 

0.018± 0.006 

0.66 

0.54 

3.69+1.09 

2.56+1.41 

0.51 + 0.29 

0.44+ 0.28 

4.18 

4.78 

Coniferous Forest Aberfeldy, UK 
Diffuse 33.2+4.8 0.052 + 0.006 0.77 5.75+0.71 0.75+ 0.15 3.36 

Direct 29.9+4.9 0.030 ± 0.010 0.45 3.51 +1.69 0.39+ 0.25 5.22 

Coniferous Forest Hyytiala, Finland 
Diffuse 24.5+5.6 0.029 + 0.005 0.60 3.65+0.55 0.38+ 0.26 2.61 

Direct 19.9±6.1 0.016±0.006 0.32 1.42±0.77 0.34± 0.24 3.73 

Coniferous Forest Bayreuth, 
Germany 

Diffuse 27.1 +6.6 0.027 ± 0.008 0.71 4.43+0.98 0.42+ 0.27 2.33 

Direct 16.9±3.9 0.017±0.006 0.41 2.17±1.06 0.34± 0.24 3.33 

Coniferous Forest Tharandt, 
Germany 

Diffuse 32.9+4.9 0.045 ± 0.009 0.65 3.99+0.76 0.51+ 0.25 4.01 

Direct 28.1 +5.5 0.025 ± 0.007 0.35 1.68+0.92 0.41 ± 0.26 5.28 

Grassland 
Bush Estate, Scotland 

Diffuse 27.1 ± 1.4 0.037 ± 0.002 0.66 4.29+0.21 0.42+ 0.27 4.64 

Direct 25.7+1.3 0.014±0.001 0.70 3.10+0.16 0.42± 0.27 4.44 

Wetland 
Kirinya Lake, Uganda 

Diffuse 70.2+3.5 0.033 ± 0.004 0.68 6.4+0.30 0.42+ 0.27 7.23 

Direct 54.8+2.7 0.035 ± 0.002 0.78 8.1 +0.34 0.42+ 0.27 4.33 

Table 3. Coefficients for non-rectangular hyperbola model fitted to NEE data under direct versus diffuse radiation for each of flux sites. 
Coefficient variability are 1SDof coefficients estimates. Amax and c are described in prnol 	and imol CO2  p.moF1  photon. 
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(crosses) calculated from eddy covariance measurements for the period June to 

September for four sites, representing four types of ecosystems. 
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5.1 Abstract 

Extreme weather conditions such as high temperature and drought are likely to happen 

more frequently in future. It has been predicted that temperate forests may turn into a 

carbon sink in future. Thus the investigations on the feedback of ecosystem to the changing 

climate combining measurements and models are required. Existing models that have been 

successfully applied to ecosystems under normal conditions may not continue to make 

accurate predictions for extreme conditions, which make it necessary to evaluate the 

performance of these models in representing the behaviour of ecosystems under stress. We 

tested a process-based model, SPA-DALEC, against eddy covariance measurements from a 

Euroflux sites at Bordeaux, which experiences regular drought stress in summer time. Our 

results showed that the model was able to capture the variations of carbon and water 

exchange on both half hourly and daily basis during summer drought. Vapour pressure 

Deficit (VPD) has little effect on the discrepancies between model outputs and flux data, 

which indicates the forests develop enough deep roots to take water from soil during the 

dry season. We also found that model parameters related to soil hydraulics such as rooting 

depth, root resistance and root biomass affect the model outputs and rooting depth is the 

strong control on the sensitivity of models to drought stress. We conclude field 

measurements with good quality on soil water and root biomass data would enable us to 

make better predictions on responses of ecosystems to drought stress. 
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5.2 Introduction 

The recognition of the importance of terrestrial ecosystems in the global carbon cycle has 

been growing, and understanding processes involved in the interplay between the terrestrial 

biosphere and atmosphere on global and regional scales is vital in analyzing the behaviour 

of ecosystems as a whole (Krinner et al., 2005). The biosphere-atmosphere interactions 

have two complementary aspects: one is the impact of the climate system on the growth 

and distribution of vegetation on the land surface (i.e. the carbon cycle) and the other is the 

response and feedback of vegetation to the atmosphere through surface energy balance (i.e. 

the hydrological cycle). Climatologists are interested in the impacts of terrestrial biosphere 

carbon and energy fluxes on the atmosphere whilst ecologists are more concerned about the 

influences of changing climate on the vegetation. Field measurements have been used for 

analyzing the seasonal and inter-annual variations in mass and energy exchanges on the 

vegetation surface. However, experiment studies are generally scattered and are in 

relatively small temporal and spatial scales that are not enough to make predictions of the 

response of ecosystems for the future. Thus process-based models are essential to bridge 

this gap and synthesize the results of empirical investigations in order to better understand 

the biosphere-atmosphere exchanges at large scales. Furthermore modelling these 

ecosystem exchanges enables us to dynamically link all the different components and 

aspects which affect the whole set of processes that comprise 'the system'. 

Different types of models have been developed to address different research concerns. The 

Soil-Vegetation-Atmosphere transfer models (SVAT5) have been used to simulate the 

fluxes of carbon and energy over vegetation surfaces and to quantify the impact of 

physiological characteristics and distribution of terrestrial vegetations (Henderson-Sellers 

et al., 1996). Several studies have been carried out on the coupling of SVATs to the 

General Circulation Models to describe the feedbacks between climate and vegetation 

changes (Bonan et al., 1992; Foley et al., 1994; Kutzbach et al., 1996; Douville et al., 2000; 

Betts, 2000). However, the surface vegetation models do not simulate the changes that 

occur in vegetation associated with processes such as succession and response to the 

climate change. A variety of Dynamic Global Vegetation Models (DGVMs) (Foley et al., 

1996; Friend et al., 1997; Woodward et al., 1998), combining vegetation dynamics and 
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biogeochemical processes, have been developed to simulate the transient responses of the 

terrestrial ecosystems under rapid climate change and the consequences of climate-induced 

changes in vegetation structure (Cramer et al., 2001). Several studies have been carried out 

on the comparison among different carbon dynamic models forced by the same scenario of 

changes in the climate and the atmospheric CO2  concentration (Cramer et al., 2001; 

Friedlingstein et al., 2006) and these results illustrate the common features of simulated 

response to the climatological scenario. However, due to the difference in modelling 

schemes, complexity levels, as well as their different emphasis and input/output timescales, 

it is not surprising to see some discrepancy in the model results, which indicate that the 

uncertainties about the response of the terrestrial ecosystems to the climate change still 

exist. 

Future high temperatures (everywhere) and associated rainfall reductions (in some places 

arising from global warming are expected to have a great impact on the land ecosystem 

carbon sequestration (Cox et al., 2000; Dufresne et al., 2002). In 2003 much of Europe 

experienced particularly high temperatures and drought, and there was a reduction in 

primary productivity and net uptake of carbon (Ciais et al., 2005). However, the fact that 

the impact of changing climate on global carbon cycling remains unclear requires 

understanding and quantification of ecosystem response to extreme conditions. Several 

forest canopy and ecosystem models are now available to simulate mass and energy 

exchange for forests (Baldocchi and Harley, 1995; Leuning et al., 1995; Williams et al., 

1996; Gu et al., 1999). Most of the existing multilayer canopy models employ empirical 

biophysiological mechanism to elucidate the interactions between the biosphere and the 

changing climate system or climate scenario and simulate the exchange of carbon, water 

and heat on the land surface. Since the establishment of long term eddy covariance flux 

data, the parameterisation and validation of these physiologically-based process models 

have been performed by comparing model outputs with the measured flux data at different 

timescales. These models have now reached a stage where they can represent the carbon 

and water balance at different types of ecosystems under a variety of meteorological 

conditions. However, there is no guarantee that they continue to perform well in dealing 

with extreme climate conditions. Since abnormal climate phenomenon such as the 

European heatwave and drought in year 2003 may happen more frequently in future (Schär 
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et al., 2004; Meehl and Tebaldi, 2004), models that are able to capture the carbon and water 

flux variations under extreme conditions become particularly useful in research. 

In this study, we used a Soil-Vegetation-Atmosphere-Transfer model—SPA (Williams et 

al., 1996) to investigate eight years of carbon and water exchange at a specific flux site in 

France, which was one of many to experience drought. The model has been widely used 

before. It has been found that the model could.not only explain the pattern of CO2  fluxes 

for a wide variety of ecosystems including temperate forests, deciduous forests, tropical 

forests and arctic tundra (Williams et al., 1996; Williams et al., 1998; Williams et al., 2000), 

but also  capture the ecosystem response to drought stress at Amazonian rain forests (Fisher 

et al., 2007) and ponderosa pine (Williams et al 2001). There has been uncertainty about 

the mechanism on how stomata closure is controlled in response to drought effect. In SPA, 

the stomatal conductance simulation is based on the isohydric hypothesis that stomata act 

to prevent leaf water potential from dropping below a threshold. Fisher et al. (2006) 

applied SPA to the Amazonian forest and found that the stomatal function embedded in the 

model was able to explain the observed behaviour in the response to an artificially-applied 

drought. A carbon dynamic model called DALEC (Williams et al., 2005) was incorporated 

into SPA to describe the component of respiration and we refer to the resulting model as 

SPA-DALEC. 

Our specific objectives in this work are to i) run SPA-DALEC and compare the model 

outputs against flux data from a French forest site experiencing drought stress to test 

whether the model is able to capture the carbon and water exchanges of the forest under 

stressful conditions; ii) test the hypothesis that both physiological factors-hydraulics and 

rooting depth and environmental factors-Vapour Pressure Deficit (YPD) and soil texture 

play an role in controlling the carbon and energy fluxes of forests in water stress iii) 

investigate how the drought affects ecosystem carbon budgets over an eight year period 

including year 2003. 
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5.3 Method and Material 

5.3.1 Site description 

This flux site (4442'N, 0'46'W, —60 in a.s.l.) is a French contribution to the CarboEurope 

network. It is situated 20 km southwest of Bordeaux in a 16 ha maritime pine stand 

planted in 1970 (Berbigier et al., 2001). This evergreen forest site is dominated by Pinus 

pinaster with an understory of grass. The stand density is about 500 trees per ha (20% of 

the trees have been felled before 1997) and the mean tree height is - 18 in. The soil is a 

freely drained sandy soil with over 60% of sand and 5% of clay, with a low water retention. 

The monthly measurements of soil water content (SWC by volume) show that the 

maximum soil moisture is 25% in December, which is almost identical to the water 

holding capacity of soil (25.2%) calculated by the Saxton equation (Saxton et al., 1986), 

which is based on the soil texture profile (content of sand and clay). This is also an 

indicator that our soil texture parameters are correctly defined. The measured leaf area 

index (LAI) ranged between 2.6 in late winter and 3.1 in early autumn. The forest stand 

was thinned every 5 - 15 years and the one recorded thinning happened in 1996, which 

corresponded to a 15% of LAI reduction. In December 1999 a severe wind storm destroyed 

19.36% of stems, which decreased LAI by - 21%. The average annual air temperature is 

about 13.5°C and annual rainfall is 900 mm. The climate is characterized by a strong 

seasonal contrast in water conditions (Ogee et al., 2003). During summer and autumn this 

site experiences water deficit accompanied by soil drought while rainfall normally exceeds 

evapotranspiration in spring and winter. The water table level rises to the soil surface in 

winter time (1997-1998) but no runoff was observed as the terrain is very flat (Ogée et al., 

2003). The summary of site characteristics is displayed in Table 1 

The understorey mainly consists of Molinia caerulea and the clumps of grass are about 0.7 

in high in summer, partially persisting in winter (Berbigier et al., 2001). Its leaves are green 

only from April to November, with maximum leaf area index of 1.4-2.0 (Loustau and 

Cochard, 1991). All the understorey is destroyed, during forest thinning. It has been 

observed that the carbon uptake by the understorey at this site is significant (Medlyn et al., 

2005) and therefore we slightly increase the canopy LAI by 1.6 from April to November, 
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which is the recorded period of understorey onset. In addition, photosynthetic maximum 

capacity is also increased by 10% to allow for the model estimation of this component 

(Delzon et al., 2005). 

The soil is a sandy and hydromorphic podzol with dark organic matter in the first 60 cm or 

so (Berbigier et al., 2001). A layer of compacted sand lies at a depth about 80 cm. It is 

found that roots barely penetrate below the depth of 80 cm due to the compaction and 

chemical composition of the soil at that layer (Berbigier et al., 2001; Ogée and Brunet, 

2002). The basic information about the site and stand are listed in Table 1. 

5.3.2 Data 

Meteorological records and flux data have been downloaded from the FluxNet 

website. However, due to the instrumentation shutdowns and harsh weather 

conditions, there are generally problems of gaps and poor quality. The usual gap-

filling methods have been used to get the complete half-hourly meteorology (Falge et 

al., 2001). The eight years (1996-2003) of gap-filled half hourly met data files contain 

air temperature, surface pressure, wind speed, rainfall and short wave radiation, which 

can be directly used by SPA model. Photosynthetically active radiation (PAR) was 

estimated from short wave radiation using a simple relationship between them 

(multiply short wave radiation in W m 2  by 2.3 to give PAR in jimol m 2  s 1) 

(Williams et al., 1996). As there is no atmospheric carbon dioxide concentration data 

for the eight years except 1996, we used Mauna Loa CO2  data which are monthly 

mean values derived from situ air samples collected at Mauna Loa Observatory, 

Hawaii. Such an approximation is expected to have little consequence on performance 

of the model. The data files contain Humidity Mixing ratio (r) instead of Vapour 

Pressure Deficit (VPD), so a unit conversion is needed (the detailed equation 

conversion is given in Appendix). 
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5.3.3 Model Description 

SPA is a multiple-layer canopy model which simulates carbon and water exchange between 

the atmosphere and biosphere at fine temporal and spatial scale (Williams qt al., 1996). 

Two of the main model outputs are gross primary productivity (GPP) and latent energy flux 

(LE). Net ecosystem exchange (NEE) is the difference between GPP and ecosystem 

respiration (RE). A carbon dynamic model, DALEC (Williams et al., 2005), was 

incorporated into SPA to estimate the vegetation and soil respiration. In the DALEC model 

the carbon cycle is represented by simple boxes connected by fluxes. Apart from 

autotrophic respiration which is assumed to be a fixed fraction of daily GPP, carbon gained 

through the process of photosynthesis is allocated into three different pools: foliage, wood 

and root, which are donors for litterfall and soil organic matter (SOM). Soil respiration 

consists of two components: carbon loss via mineralization from litterfall and breakdown 

of SOM, which are both temperature dependent. The detailed model description has 

already been discussed in Chapter 2. In SPA the mechanism of CO2  and water vapour 

diffusion through the stomata has been set up to optimize C uptake given hydraulic 

constraints. Water transpires into the atmosphere through a series of hydraulic resistances, 

and consequently there is a tension inside the xylem. The assumption is that when this 

tension drops to a critical threshold, which is minimal leaf water potential, stomata will 

close to prevent the onset of cavitations - i.e. a rupture in the water flow in the xylem. 

5.3.4 Model parameters 

There are several key parameters in the SPA model (Table 2). The traditional 

parameterisation procedure and Bayesian calibration method have already been described 

in chapter 2 and chapter 3 respectively. In this study, some of these parameters-minimal 

leaf water potential, total leaf nitrogen, leaf area index, total fine root biomass and rooting 

depth were derived from the field measurements. Photosynthetic maximum carboxylation 

capacity (V) and maximum electron transport rate (J,) were estimated from Delzon et 
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al. (2005). With no relevant information, the remaining parameters had to be extracted 

from flux data through model calibration. 

In chapter 2, it was found that for the whole modelled year there were some specific days 

that the NEE was underestimated compared to the measurements; however during the 

previOus and subsequent days, the model captured the magnitude of carbon exchange quite 

well. It was also found that the period of model underestimation corresponds to a shortage 

of rainfall, which required an adjustment in the model parameters to improve the model 

performance. Among all these parameters, rooting depth is a particularly important issue 

since field studies rarely attempt to find this limit. The model performance (eddy flux, sap 

flow) may be poor when tested against measured data if rooting depth is set too low 

especially in sites where soil drought occurs. Therefore we have to parameterise the model 

to determine the minimum rooting depth. However, the determination of rooting depth is 

complicated as we also need know the soil depth and then update the spreading of root 

biomass at each root layer. At a minimum the root biomass density in the uppermost layer 

of the soil must be specified. We assume a simple exponential decline in root biomass with 

depth given by 

F= Fmax e 
	

Equation 1 

where F represents total fine root biomass (g m 2), Fmax refers to maximum root biomass 

per unit volume (g m 3), D is rooting depth (m), coefficient, which is linked to the other 

parameters by: 

Dm  

otal = F fedD 
	

Equation 2 
0 

The determination of the coefficient is implemented by a Solver function in the Excel 

spreadsheet. 
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5.3.5 Sensitivity analysis 

In order to check whether the drought stress during summer at this flux site affected 

the model performance, we did a very simple test on soil moisture. We set the soil 

water content to be soil field capacity on each day of the model run and compared the 

predicted half hourly NEE and LB from this 'unstressed model' to the 'stressed 

model' and flux data. In addition, a sensitivity analysis on rooting depth was carried 

out by running the model several times with different rooting depth. Root resistance 

and root biomass, which also affect the water transportation from soil to plant, were 

modified accordingly. Half hourly sap flow data and LE data were compared against 

each other to see how the depth of root influences the model outputs. 
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5.4 Results 

In order to avoid the errors introduced by gap-filled data, we used the actual climate and 

flux data to drive and parameterise the model and run the model with optimized parameters 

on continuous climate forcing to estimate annual carbon budgets. The mean daily gap-filled 

meteorological data (wind speed, PAR, VPD and temperature) used for driving both SPA is 

displayed in Figure 1. It can be seen that 2003 witnessed the highest VPD in summer time 

compared to the other seven years. However both temperature and PAR show no obvious 

intra-annual variations (Figure 1). It was also found that this site suffered a shortage of 

rainfall in years 1998, 2002 and 2003. The maximum average daily VPD in summer for all 

the years exceeds 2 kPa and the highest mean temperature on a daily basis is around 30 °C. 

It was recorded that this site experienced regular drought during summer but 2002 and 

2003 are the most 'severe' drought years with 2002 mainly affected by drought for the 

whole year and 2003 never recovering and being afflicted by the heat wave on top of the 

drought in August. 

In Chapter 2, we used slope and R2  of regression line to represent how well the model fit 

the data. In statistical modeling, the RMSE (defined as the difference between the actual 

observations and the response predicted by the model) is more commonly used to 

determine whether the model does not fit the data or whether the model can be simplified 

by removing terms. Thus we use RMSE as an indicator in present study. In previous 

modelling work (Chapter 2), we presented the results of comparisons between modelled 

and measured NEE and LE for year 1997 at this site. Most of the parameters were obtained 

from optimization procedure and biomass data were estimated from empirical relationship. 

It was found that both NEE and LE on daily basis were underestimated by the model. In 

present study, we reran the model with most of the parameters and biomass data from the 

field measurements. However, the new results showed that the performance of the model 

did not improve much (in terms of R2  and RMSE). The results of time series of both 

modelled and measured half hourly LE and NEE showed that during the growing season 

the model did not capture the magnitude of energy fluxes very well (modelled NEE fits the 

flux data much better though) at those days with high VPD (4.5-5.0 kPa). There are several 

possible reasons. Firstly several authors have noted that night-time CO2  fluxes are 
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systematically underestimated by the eddy flux measurements (Aubinet et al., 2000; Falge 

et al., 2001; Medlyn et al., 2005). It was noted that the modelled ecosystem respiration 

remains above the upper limit of the flux data (Figure 2). Secondly, the comparison 

between measured LE and the calculated LE from energy balance equation indicates the 

underestimation of flux data, which is the only exception among the ten flux sites which 

has been noticed in chapter two. Thirdly, three years of monthly field measurements on 

soil water content (SWC by volume) show that deep soil water (at 80-110 cm) drops to 

below 10% abruptly at August when water deficits usually happen, which indicates the 

roots are still taking water from the soil at that layer. Thus it was suggested that the roots 

stretch deeper. We reset the rooting depth to deeper soil layers to test at which level the 

model is able to represent the behaviour of forests during dry days. 

It was found that both sap flow and LE increases as rooting depth increases and at the depth 

of 2 meters modelled LE captures the peak very well in the middle of day (Figure 3, 4). 

Our result showed that simulated NEE and LE from 'unstressed model' are generally 30% 

higher than the results from 'stressed model' on half hourly basis at the rooting depth of 0.8 

meters (with R2  and RMSE are 0.86 and 3.49 tmol m 2  for NEE and 0.78 and 64.54 W 

m 2  for LE). The comparisons between the measured and 'unstressed model' predicted 

daily NEE and LEE displayed an improvement in the model-data correlation (Figure 5) (in 

the 'stressed model'-data comparison, the R2  and RMSE are 0.64 and 1.95&mol m 2  s 1  for 

NEE and 0.37 and 2.09 W m for LE). However, there was a big reduction in the 

difference between the two results from the 'unstressed' and 'stressed' model when the 

rooting level was adjusted to 2 meters (with R2  and RMSE are 0.98 and 1.53 i.tmol 

for NEE and 0.93 and 35.71 W m 2  for LE), which indicated that rooting depth is an 

important factor that affects the CO2  and energy fluxes. It also can be seen that the 

modelled soil water fits the measured values well at different levels of soil layers (Figure 6). 

We noticed that the soil water drops to minimal values in October, which is the 

consequence of summer drought; the water contents starts increase afterwards as there is 

rainfall percolating in the soil. 

After adjusting the rooting depth, we reran the model. The simulations of NEE and LE 

showed an improved correlation to the flux data (the slope and R2  of regression line for 

NEE are 1.11/0.70 and for LE are 0.96/0.75). We randomly chose a seven day period from 
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May to September and the time series of measured and modelled half hourly NEE and LE 

indicated that the model was able to capture the dynamics of carbon and energy on most of 

the days and thus the model performance was much improved compared to previous 

predictions (Figure 7, 8). However, the nighttime carbon flux seemed to be overestimated 

on some days (day 140, 169, 226, 258, 259). Still we attributed this 'lack of fit' to the 

night-time flux measurement errors. The overall difference between measured and 

modelled NEE values was plotted against temperature and PAR (Figure 9) to investigate 

the effects of environmental factors on model performance. There was not a clear pattern 

between temperature and the NEE residuals although it could be seen that most of the 

residuals concentrated between 5 °C and 15 °C; the largest residuals happened within the 

range of 15 °C and 25 °C. However, it was found that the residual displayed a 'banana' 

shape with PAR, which indicated that model underestimated carbon fluxes under medium 

solar radiation. This pattern was not found in the residual of LE. The comparison between 

predicted daily carbon and latent energy to flux data for year 1997 (Figure 10) and 2000 

(Figure 11) display a good fit to the data. 

The model ran for eight years (from 1996 to 2003) with gap-filled met data and the carbon 

budget for each year is displayed in Table 3. The annual GPP is lowest in 2003, however 

the net carbon gain is slightly higher than 1997, which has the highest ecosystem 

respiration and annual temperature. The stand has the maximum net carbon gain in 1998 

whilst the highest plant production and energy exchange occur in 1996. 
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5.5 Discussion 

Several studies have shown that mean temperature and soil water availability strongly 

affect interannual variations in gross photosynthesis and net carbon balance in the forests 

(Oechel et al., 2000; Wilson and Baldocchi, 2000; Law et al., 2002; Leuning et al., 2005). 

In 2003 Europe experienced a particularly high temperature and drought and it was pointed 

out that there was a reduction in primary productivity and net uptake of carbon (Ciais et al., 

2005). Therefore extreme weather such as the high temperature and drought, which is 

likely to happen more frequently in future (Schär et al., 2004; Meehi and Tebaldi, 2004), 

may turn the forests into carbon sources to the atmosphere (Grace and Rayment, 2000). 

Measurements at ecosystem, regional and global scales combined with modelling 

approaches are required to make accurate predictions on the feedback of ecosystems to the 

changing climate and we focus on the influence of change in the precipitation pattern on 

carbon and energy fluxes in this work. 

In Chapter 2 it was found that the SPA-DALEC model overestimated the carbon and 

energy flux data on half hourly basis at the beginning of modelled years across the ten flux 

sites and it is more evident in the deciduous forests than the coniferous forests, which can 

be partly attributed to the phenology problem. In the growing season, the model was able to 

capture the magnitude of both CO2  flux and LE at almost all the sites. One of the 

exceptions is this maritime pine tree site which is one of many experiencing drought in 

summer. It has been noted that decreasing water potential in the soil and foliage caused by 

reduction in precipitation can affect the carbon assimilation by adjusting stomatal 

conductance (Hinckley et al., 1978a; Epron and Dreyer, 1993; Lowenstein and Pallardy, 

1998), and the responses of plant to drought depend on characteristics such as rooting depth 

and stomatal sensitivity (Abrams 1990; Lowenstein and Pallardy, 1998; Tschaplinski et al., 

1998). In addition, it was found that soil hydraulic properties are a critical factor in 

controlling the rain forest response to drought stress (Williams et al 2001, Fisher et al 

2006). Therefore in the present study, we concentrate on the study of soil-to-plant water 

transport processes. 
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The soil at the Bordeaux site is a podzolic sandy, soil (with 60% of sand) and therefore it is 

not likely to store enough rainfall for the dry season. Thus it is possible for the plants to 

develop deeply and/or widely distributed root systems to adapt to the regular water stress. 

The sensitivity analysis in our study show that changing root biomass and root resistance, 

with rooting depth being constant at 0.8 meter, does not improve the model performance in 

capturing the magnitude of CO2  flux data on dry days. The simulated sap flow and LB 

values increase as roots penetrate deeply (Figure 3, 4) and with rooting depth at 2 meters 

the SPA-DALEC model can capture the peak of energy fluxes (Figure 4), which indicates 

that the rooting depth is a strong control on the sensitivity of model to reduced rainfall. 

With the adjusted rooting depth, the SPA-DALEC model simulates CO2  and LE flux for 

eight consecutive years. Our results show that the model captures the variations of carbon 

and energy fluxes especially the energy fluxes (we only display the results for year 1997 

and 2000 due to the flux data completeness). In addition, the fact that the predicted profile 

of soil moisture agrees well with the measured data suggests that the key processes dealing 

with drought stress lie in the belowground components. The implication of our study is that 

given good information on soil texture, rooting depth and root biomass distribution, it is 

possible to predict the response of the ecosystems to the drought • stress by models such as 

SPA-DALEC, with an embedded detailed scheme on soil-to-plant hydraulic resistance. 

Thus we believe that the field measurements on soil water content and root zone are 

necessary for future study on drought effect. 

The SPA-DALEC model ran for eight years from 1996 to 2003 and results of the annual 

carbon budgets show that plant productions are affected by high temperature and water 

shortage as expected, but not to the extent we expect. The least two productive years are 

1996 and 1997 in terms of net carbon gain caused by the total ecosystem respiration, which 

can be partly explained by the high temperature effect because the annual rainfall is at the 

normal level. The fact that the net ecosystem productivity reaches the maximum value 

indicates that the forests are not impaired by the high temperature of the previous two years. 

The most severe drought years are 2002 and 2003 with less than half of normal annual 

precipitation through the whole year of 2002. The carbon uptake continues to decrease in 

2003, which suggests that the photosynthetic capacity of plants has not recovered from the 

drought effect of 2002. This 'lag effect' has already been noticed that there is a reduction in 
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the tree growth following the drought (Granier et al., 2007). Moreover, there is evidence 

from other flux data that model parameters may change from year to year for the same 

forest, presumably connected with climatological stress being carried over from one year to 

another via the extent of storage carbohydrates (Richardson et al., 2007). Our study 

indicates that in spite of the site history (such as felling, ploughing and storm), the year-to-

year variations in the carbon budgets of this coniferous forest display the impact of 

environmental factors as well as some 'lag effect'. 

Finally, we would like to discuss several aspects that may cause the discrepancies between 

model outputs and measurements. Firstly, the flux data that we test our models against 

usually have gaps. Original flux data have been checked and gap-filled with several 

methods (Falge et al., 2001). Some of the gap-filled data for the EUROFLUX sites were 

updated and expanded as part of the EUROFLUX data collections (Valentini et al., 2003). 

For gaps in climate variables, data from nearby weather stations and scenarios such as 

ECMWF reanalysis were substituted to get the continuous data sets, whilst some vegetation 

models have been employed to fill the gaps in carbon and energy flux data. Therefore 

comparison between the model outputs and actual measurements has become to some 

extent the comparisons between two model performances, which make rigorous model 

validation more difficult. 

Secondly, reduction in both carbon and energy fluxes caused by stomatal closure in 

response to drought can be observed in almost all types of forests (Granier et al., 2007). 

Some model parameters associated with vegetation characteristics change with time and 

may be affected by environmental factors. In addition, it has been pointed out that recurrent 

drought may result in physiological adaptations in the plants that can affect the carbon 

assimilation (Briggs et al., 1986; Teskey et al., 1986; Ni and Pallardy, 1992; Bréda et al., 

2006; Granier et al., 2007). Several studies show that the water stress during the growing 

season has an impact on the canopy photosynthetic capacity in both the coniferous and the 

deciduous forests, which suggests that the temperature adaptation to the photosynthetic 

machinery may not be adequate enough for vegetation models (Wang et al., 2007; Davi et 

al., 2007; Granier et al., 2007). This partly explains the discrepancies between the modelled 

and measured values in our study. However, a similar pattern has not been found in the 

Brazilian tropical rain forest (Meir, personal communication), which indicates that the 
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ecosystems may respond to drought differently with unknown cause. Therefore neither 

short-term flux measurements nor models which make instantaneous simulations are 

adequate to identify the mechanisms through which drought affect the ecosystems. 

Thirdly, it is known that highest values of PAR are nearly always associated with direct 

radiation, and diffuse radiation has relatively low PAR. The carbon uptake of the 

ecosystems is almost always found to be enhanced under the diffuse regime (Chapter 4). 

Those models that do not take this factor into account are very likely to overestimate 

carbon exchange under high radiation and underestimate carbon fluxes under low radiation. 

In Chapter 4 we have proved that the SPA-DALEC model, with an embedded module to 

distinguish direct and diffuse radiation, is able to capture the difference in response of 

widely contrasting ecosystems to the direct and diffuse radiation. It can be seen in Figure 9 

that the majority of residuals distribute around zero temperature and only a small fraction 

occurs at the medium range, which may be caused by the optimized photosynthetic 

temperature. A similar pattern can be found in the plot against PAR showing a model 

underestimation at medium radiation, which can be attributed to the temperature effect. 

We have shown how the SPA-DALEC model can be fitted the flux data from a single year 

and then applied to a longer period, including two successive dry years (2002, 2003), one 

of them (2003) with a heat wave. The fit of the model is tolerably good, but here is scope 

for further improvement. Perhaps the most intractable part of the problem is the tendency 

of vegetation to change its characteristics from year to year as a result of a 'memory' effect 

whereby trees in year n are to some extent influenced by processes occurring previously, in 

year n-i or even n-2. Only long term flux observations, with growth measurements at the 

stand level, can help us to understand these delayed influences. 
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Site Characteristics Value Unit Stand Characteristics Value Unit 

Site name Le Bray Aboveground biomass 14.6 kg m 2  

Country France Wood biomass 14 kg m 2  

Region Aquitaine Standing leaf biomass 0.6 kg m 2  

Latitude 44042' Wood increment 0.82 kg m 2  y(1  

Longitude 0046'W Leaf mass per area 0.0176 g CM-2 

Elevation 61 m Leaf area index 3 mm 
Start of flux measurement 1996 yr Mean canopy height 20.77 m 
Mean annual ternperture 13.2 °C Tree age 33 yr 

Annual precipitation 972 mm Tree density 465 n ha-1 
Ecosystem Forest Photosynthetic max capacity 9.9 pmol m 2  s' 
Forest Type Coniferous Foliage N content 1.18 (% N dry matter) 

Measurement height 41 m Depths of main rooting zone 0.75 m 

Table 1. Characteristics of the Le Bray flux site provided by Danis. 
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Parameter Explanation Value Unit 
LAI Leaf area index 3 m2 m 2  

TotN Total nitrogen 4.14 g m 2  

Minimal leaf water potential -2 Mpa 

Cr Total root biomass 1500 g m 2  

Rr  Root resistance 450 Mpa s g mmol 1  
Gp  Plant conductivity 5 mmol m 1  s' Mpa-1  
R1  Rooting depth 2 m 

Vcmax Maximum carbonxylate capacity 45.6 IJmol m 2  s' 

Jmax Maximum electron transport rate 96.6 Pmol m 2  s 2  

p1 Decomposition rate constant 0.00018 
p2 Autotrophic respiration as a fraction of GPP 0.4 

p3 Fraction of NPP allocated to foliage 0.3 
p4 Fraction of NPP allocated to fine roots 0.4 
p5 Turnover rate of foliage 3.80E-05 

p6 Turnover rate of woody matter 1.55E-04 
p7 Turnover rate of fine roots 4.30E-07 
p8 Mineralization rate of fresh litter 3.98E-08 
P9 Mineralization rate of soil organic matter and woody debris 1.38E-10 

Table 2fValues of key model parameters at Bordeaux site. 



Year Summer 
temp 
(° C) 

Annual 
temp 
(° C) 

Summer 
PPT 
mm 

Annual 
PPT 
mm 

Annual 
GPP 

gC m 2  y(1  

Annual 
NEP 

gC m 2  yr 1  

Annual 
RE 

gC m 2  y(1  

Annual 
LE 

MJ m 2  y(1  
1996 20.3 13.1 256 1043 2556 696 1860 1638 
1997 21.7 14.9 263 998 2297 774 1523 1430 
1998 19.4 13.2 113 847 2413 962 1451 1405 
1999 20.1 13.6 181 1080 2403 935 1468 1408 
2000 19.7 13.7 175 1004 2425 942 1483 1221 
2001 20.2 13.4 145 1115 2390 927 1463 1427 
2002 18.7 13.8 80 438 2308 862 1446 1340 
2003 22.9 14.2 65 876 2181 786 1395 1362 

Table 3 Annual carbon and latent exchange as well as annual mean temperature and annual rainfall for year 
1996 to 2003 at Bordeaux. 
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Figure 1. Mean daily gap-filled meteorological data (VPD, temperature, rainfall, PAR) 
from top to down) at Bordeaux from 1996 to 2003. 
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Environmental change on a global scale became a matter of public concern in the 1960s 

(Grace, 2004). It was found that the accumulation of carbon dioxide in the atmosphere 

proceeds at a much slower rate than expected emissions from the known rates of 

deforestation and fossil fuel burning (IPCC, 2001). Not all of the emissions appeared in the 

atmosphere. It was presumed that the remaining carbon was absorbed by terrestrial 

ecosystems (Broeker et al., 1979). Since 1990 integrated research on the carbon cycle has 

been centred on the search for the 'missing sink'. There are several related approaches that 

have been used to infer the magnitude and location of sinks. At the ecosystem scale they 

involve, measuring carbon fluxes or carbon stocks and developing process models. At the 

regional and global scale, the atmospheric concentrations are measured (Gurney et al., 

2002). In the project CARBOEUROPE, all methods are employed. There is evidence for a 

large carbon sink in the terrestrial biosphere and a substantial component in Europe 

(Janssens et al., 2005). Of all ecosystems, it is forests that are likely to be the strongest 

contribution to the sink (Lloyd, 1999; Maihi et al., 1999). However, it has been pointed out 

that carbon sink provided by forest will weaken as warming proceeds and in the long run 

may eventually become a source of carbon to the atmosphere (Cox et al., 2000; Grace and 

Rayment, 2000). Therefore in future we require more robust methods combining both 

measurements and modelling. 

6.1 The multi-roles of a process-based model 

In this study, we focussed on ten forest sites at which vegetation types, meteorological 

conditions and site history differ, for which eddy covariance measurements of CO2  and 

latent energy fluxes were available. An environmental process model, SPA-DALEC 

(Williams et al., 1996; Williams et al., 2005), was applied to the ten sites to analyse mass 

and energy flux and to identify the differences in the factors which affect both the carbon 

and water exchange. Generally speaking, the model is able to explain and reproduce 

seasonal and annual NEE and LE for all the ten sites irrespective of site variations. The 

correlation between modelled and measured soil respiration rate were found to be different 

across the sites. This can be accounted for partly by climatic conditions and soil types and 
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partly the site history. Even though the forests are diverse, it is interesting and encouraging 

to see that some key model parameters display a simple linear trend against latitude among 

the sites. 

It is certainly true that we are still learning how to use process models, and the work 

reported in this thesis has highlighted several challenges. Firstly, in our approach, almost 

all the key model parameters have to be obtained from optimisation procedures against flux 

measurements where model outputs with such parameters are compared to flux 

measurements, which is the so called inversion modelling. In fact, some of these 

parameters such as rooting depth and minimal leaf water potential are only related to leaf or 

canopy physiology. On such circumstances, a good correlation of measured and modelled 

values does not necessary indicate that we 'get the right answer for the right reason'. 

Therefore it is more desirable for those parameters to be investigated and constrained from 

the field measurements. However, this kind of data is generally not available or incomplete 

across the flux sites which are being tested. This is because it is time consuming to obtain, 

as of ten much sampling is required. Construction of a database of ecological parameters 

for different ecosystems at both leaf, canopy and soil level will undoubtedly make model 

implementation easier. 

In the subsequent work, a Bayesian calibration method has been used to identify the model 

parameters. Compared to the previous optimisation procedure, Bayesian approach 

generates a group of acceptable parameters rather than single best one and thus the 

uncertainty of the parameters can be easily quantified. This is very useful for the 

determination of parameters for plant functional types (PFTs) in model upscaling. In 

addition, the model can be running forward with these convergent sets of parameters to 

work out the uncertainty of model outputs. One disadvantage of Bayesian method is the 

computational burden because the chain length (usually i05  times) must be long enough to 

allow the model search in parameter space. Under these circumstances, the field 

measurements that can be used to infer some ecological parameters such as minimal leaf 

water potential and biomass would help to alleviate the burden. For example, if the number 

of parameters that need to be optimised is reduced from 15 to 10, it is found that around 

1.0% of computation time can be saved. 
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Secondly, photosynthesis and respiration are two key components in the global carbon 

cycling and their control determines the net ecosystem exchange (NEE). Therefore 

uncertainty in modelling the two processes may result in inaccurate estimation of carbon 

uptake capacity of ecosystems. Most of vegetation models employ the photosynthetic 

model of Farquhar et al. (1980) whilst there have been a variety of soil respiration 

modelling methods presented (Lloyd and Taylor, 1994; Medlyn et al., 2005). From this 

point of view, uncertainty of NEE mostly lies in the outputs of respiration models. It has 

been pointed out that in the long term soil carbon efflux is more affected by the substrate 

availability rather than by the temperature (Davidson and Janssens, 2006). Therefore 

simple temperature-dependent respiration models built on nighttime flux data even when 

measurement conditions are optimal may not be able to capture the long time series of soil 

carbon variations. The respiration model we used here takes both substrate (fresh litterfall 

and Soil Organic Matter) and temperature (with a Q10 of 2) into account. However, our 

model results show that when half hourly values are aggregated into a daily basis there is a 

systematic underestimation by the model. It has been noted that on less turbulent nights 

( u* <0.2 in s-i) fluxes measured by the eddy covariance system tend to be too low 

(Aubinet et al., 2000; Falge et al., 2001; Barr et al., 2002). Corrections have been made by 

discarding such data and then gapfilling with data derived from higher turbulence (Goulden 

et al., 1996; Lee, 1998; Baldocchi et al., 2000). In this procedure, soil temperature is still 

viewed as the most important factor. Although we can attribute the lack of fit' to nighttime 

flux measurement errors, it would still be essential to compare the model output with some 

other forms of field measurements such as soil chamber data. Some chamber measurements 

have usually been made at the flux sites, which enable us to test respiration components of 

the model. However, time and location where chamber measurements are collected may 

not be identical with that of flux measurements, and that will always make the comparison 

more complex. Moreover, soil respiration data is prone to error also, for example, the error 

that arises because the chamber pressure is a few Pascal's different from the ambient 

pressure (Fang and Moncrieff, 1996). 

Thirdly, models which do not incorporate phenological information prove to be insufficient 

in capturing the trend of carbon and energy dynamics in the long term. For example, in our 

study, it is found  that the period when the model performs less well are always the 
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beginning and end of modelled years, especially at deciduous forest sites. Some of the 

phenology phenomenon can be measured from the field, like Leaf Area Index (LAI) on 

monthly basis. But this alone would not be enough to represent the onset and falling of 

leaves. Moreover, Tanja et al. (2003) noted that for those boreal sites such as Flakaliden 

and Hyytiala long periods of low winter temperature restricts photosynthesis. In addition 

photosynthetic parameters (such as 	and J,) were found to decrease rapidly below a 

temperature threshold even in temperate forests (Medlyn et al., 2005). Therefore the model 

mechanism for describing all the above processes requires modification for better 

performance. One of model outputs is leaf biomass, which can be converted to LAI given 

specific leaf area data (m2  g'). That the comparison between the modelled and measured 

LAI does not display a good fit indicates that carbon allocation, the key parameter in 

determining the accumulation of leaf biomass, varies not only seasonally but also among 

species. For example, it is possible to construct two subroutines to describe carbon 

allocation for (a) coniferous and (b) deciduous forests, as a choice in the SPA model and 

make the signal of forest type recognisable by the model before running. Our study results 

also showed year-to-year variations in model fitting flux measurements. For one year, 

model outputs display a good correlation with data but it is not sometimes the case for the 

following year. One possible reason is that environmental variation is the direct factor that 

influences the inter-annual variations in carbon exchange (Richardson et al., 2007). This 

might happen, for instance, if conditions in the autumn of one year restricted the amount of 

photosynthetic products to the stored over the winter and used in the spring to develop new 

canopy. 

Finally, we would like to comment on the data we used for our modelling work. 

Measurements from eddy covariance systems generally have gaps. The use of non gap-

filled data has both advantages and disadvantages. The advantage is the exclusion of 

uncertainty from gap-filled methods into the model outputs and the disadvantage is. that we 

may lose some important information in the missing days; for example, modelled carbon 

dioxide and latent energy exchange was lower than the actual measurements on dry days 

but after rain days the model was able to capture the magnitude very well. This indicates 

that some parameters which fit the data well under normal conditions need modification for 
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stress conditions. In general, it may be that we have an incomplete understanding of how 

the plant responds to stress in its various forms. 

Extreme conditions such as high/low temperature and drought are expected to have a great 

impact on terrestrial carbon sequestration (Cox et al., 2000; Dufresne et al., 2002). In order 

to investigate the influence of extremes and to evaluate the model performance in stress 

conditions, we applied SPA-DALEC to a specific site, which was one of many to 

experience drought. The results show that the model was indeed able to explain the 

observed behaviour in response to the drought. We do not however know how ecosystems 

respond to successive years of drought. Such phenomena, that have been unknown or rare 

in former times, do occur in scenarios of climate change. 

6.2 Do plants absorb more carbon in 'global 

dimming' periods or 'global brightening' 

periods? 

It has been reported that over the period 1950-1990, there was a significant reduction in the 

solar radiation reaching the Earth's surface (Stanhill and Cohen, 2001), attributable to the 

increase in aerosols in the atmosphere during the same period. This is the so-called 'global 

dimming' and now we are entering the 'global brightening' period. The 'global dimming 

phenomenon is associated with the increase in the component of diffuse radiation and 

'global-brightening' is the opposite. Therefore it is important to study the impact of this shift 

on carbon uptake of plants and further the global carbon cycling. 

Several studies show that carbon uptake by plant is enhanced on the period when there is 

more diffuse radiation (Price and Black, 1990; Hollinger et al., 1994; Rochette et al., 1996; 

Baldocchi, 1997; Choudhury, 2000). In order to test the hypothesis, we investigated the 

response of eight contrasting ecosystem to direct versus diffuse radiation using both eddy 

covariance measurements and modelling outputs and found that both forests and grassland 
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display an enhanced carbon uptake. Our study suggests that any long term trends and inter-

annual variability in cloudiness and aerosol concentrations may play an important role in 

the inter-annual variability and the long term trends of global photosynthesis, and therefore 

in the long-term dynamics of the global carbon cycle. The second goal of this study was to 

evaluate the SPA model configured as an intermediate complex scheme in dealing with 

solar radiation. The results demonstrate that the model is able to simulate well the 

difference in ecosystem response to direct and to diffuse radiation. Therefore those most 

complex and realistic ray-tracing models (Cesscatti, 1997) that are computationally 

expensive and hard to parameterise may not necessarily be required. 

There are some points in this work that we would like to comment on further. Firstly, the 

radiation decomposition model we used to calculate direct and diffuse radiation is 

completely built on the empirical relationship of solar radiation and 

geographical/environmental factors (Gu et al., 2003). It would be preferable of course to 

use the actual measured direct and diffuse radiation data instead. More recently, most flux 

towers have installed the instrumentation for this, but when the work of chapter 3 started, it 

is decided to use the earlier data sets as they were complete in all other respects. Secondly, 

light use efficiency (LUE) was first thought to be more or less constant and remote sensing' 

people have used this constant to estimate Gross Plant Productivity (GPP) (Grace et al., 

2007). However, photosynthetic LUE has been long been known to decline in the high 

range of PPFD as photosynthesis becomes light-saturated in C3  plants, which has been 

suggested by our study. Considerable work has been done to study the relationship between 

photosynthetic LUE and the small shifts in leaf reflectance that occur when leaves are light 

saturated (Nichol et al., 2001). This special shifts, measurable as the photochemical 

reflectance index (PRI) can be detected from flux towers and from satellites, and they will 

in the future be used as additional information to constrain our models. 

6.3 Big challenges 

Most of the successful environmental models have been developed to elucidate ecological 

processes on local and regional scales and can be applied to individual experimental sites 



for validation. In order to get a global picture of carbon and energy flux phenomenon, we 

are facing some technical challenges. 

Firstly, these models generally require a number of atmospheric variables (such as air 

temperature, solar radiation and precipitation) as inputs. Although these data can be 

obtained from model simulations (such as Global Circulation Model and Weather 

Generator) and data re-analysis (such as ECM"WF), the retrieval and coverage of these data 

are still limited. Secondly, in our current understanding model parameters are not likely to 

display a simple linear relationship when models are applied from one scale to another, 

which makes the up-scaling more difficult (Atkinson and Tate, 2000). There are several 

possible reasons: parameters vary not only spatially but also temporally and thus models 

that treat these parameters as constant may introduce a large uncertainty into model outputs 

especially when these models are used to generate simulations for a larger scale or for 

future scenarios; models must take plant functional type (PFT) related parameters into 

account if there are more than one type of vegetation in the modelled area as these 

parameters change with landscape features. Thirdly, ecosystem processes operate over a 

wide range of time scales from seconds (such as photosynthesis and respiration) to decades 

(soil organic matter mineralization). Thus several years of flux data are barely adequate to 

capture the variations of those parameters that are related to slow-changing processes. 

Finally, influences of human activities (such as land use change and fire) have become 

more important at the large scale (Magnani et al., 2007). Vegetation models without this 

component will lead to inaccurate estimation of global carbon cycling. Terrestrial carbon 

balance is affected by a variety of environmental factors (such as radiation, precipitation 

and temperature) and site-specific features (such as site disturbance) as well as vegetation 

physiology (Schulze et al., 1999; Schulze et al., 2000; Law et al., 2001a; Medlyn et al., 

2005). However, on large scales, surprisingly simple relationships were found from flux 

measurements between Net Ecosystem Productivity (NEP) and latitude (Valentiñi et al., 

2000) in European flux sites; and mean temperature (Grace et al., 2004; Magnani et al., 

2007) across a number of flux sites of chronosequence including European forests, tropical 

rain forests and Siberian forests. Undoubtedly the application of the above results will 

make our life simple. However, there, is some hidden information behind many of the 

relationships. For example, the latitude is, actually a combined representation of 
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environmental factors and vegetations species. Moreover, the results that have been 

reported from a similar network of station in the United States did not show the similar 

latitudinal trend (Law et al., 2002). Therefore for modelling researchers, it is still a huge 

task to build up models which embed deterministic processes independent of scales. 

Remote sensing technology has been demonstrated to be a unique opportunity to overcome 

some of the above problems. Remotely sensed data can be used to provide not only long-

term driving variables but also NPP-related variables (such as Leaf Area Index and biomass) 

for environmental models. Moreover, land cover map produced from satellite sensors is an 

essential tool for Dynamic Global Vegetation Models (DGVM) in the objective definition 

and classification of biomes (Woodward et al., 2004). Photochemical reflectance index 

(PRI) from leaf reflectance measurements can used to infer the more important variable of 

Light Use Efficiency (LUE) (Nichol et al., 2001). Both PRI and LUE are expected to show 

strong seasonal, as well as some diurnal, variation in both PRI and LUE, associated with 

the effect on low temperature on the light-harvesting complex. Such processes haven't been 

completely incorporated into models of photosynthesis, which can partly explain the 

mismatch between model outputs and measurements in stress conditions (such as drought 

and cold). In future, for global application of models, for example the SPA model, it is 

possible to incorporate this information into the photosynthetic module, which is expected 

to improve the model performance. 

However, most important parameters, which have a great impact on gas exchange process 

such as photosynthesis and soil decomposition, are not directly observable from existing 

satellite sensors. In. fact, our knowledge of how these parameters vary among different 

types of forests has been very poor (Medlyn et al., 2005). Moreover, it is more difficult to 

determine these parameters for mixed land covers than for consistent land covers. The way 

to resolve the problem is to introduce plant functional types (PFTs) into models to reduce 

the complexity of plant diversity in ecological functions to a few key plant types. The 

biomes are not considered as uniform but mixed with individual species or plant functional 

types that have measurable physiology and distribution. Representing biomes as patches of 

PFTs is a common approach that can link climate and vegetation dynamic models (Bonan 

et al., 2002). 
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6.4 Future Work 

6.4.1 Data Assimilation 

There are several ways to quantify terrestrial carbon dynamics. They involve measurements 

of carbon stock or carbon fluxes and developing process-based models at ecosystem scales. 

Larger scale estimates of carbon sinks can be obtained from measuring atmospheric carbon 

concentration over a region or over the whole world. However, neither measurement 

methods nor modelling approaches are adequate to enable us to make accurate calculations. 

For example, data may be of poor quality or unsystematic temporally and spatially that can 

not be used to make predictions for future. On the other hand, models are often built on our 

current understanding of the underlying ecophysiological processes that are subjective. In 

addition, process-based models generally have a large number of parameters than need to 

be derived from the field measurements. In this thesis, we extracted useful information on 

model parameters by constraining the model using a subset of eddy flux measurements and 

further made assessment of the model against the remaining data sets. In order to improve 

the synthesis of model with observations, we need use data assimilation technique (DA), 

which allow the full interactions between data and models (Braswell et al., 2005; Raupach 

et al., 2005; Williams et al., 2005) to make more precise predictions of carbon cycles. 

6.4.2 From a 'pixel model' to a 'grid model' 

We used a process-based model, SPA-DALEC, to simulate carbon dioxide fluxes on 

canopy surface at ten individual European forest sites. In order to estimate carbon uptake 

capacity for the whole European forest area, we need upgrade the 'pixel' model to a 'grid' 

model (Figure 1). With the aid of remote sensing technology, the area and vegetation type 

of each pixel determined by the land cover map. Leaf physiology and biomass distribution 

have been standardised in the modelled area, which means each pixel is considered as a 

combination of different types of plant. The above information then can be recognised by 
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the model and key physiological parameters, which can be inferred from previous 

parameterisation with respect to different ecosystem processes, will be assigned to each 

type in the model. With the similar strategy, the model can be implemented for the global 

scale. The process of upgrading a ' pixel model' to a 'grid model' is as followed: 

The program should start with the first cell, the area size of which depends on spatial 

resolution of remote sensing data. The meteorological driving variables can be obtained 

from either remote sensing or simulations by Global Circulation Models. The 

meteorological data are used to run the SPA model. By calling SPA as a subroutine, carbon 

dioxide exchange between the vegetation and atmosphere on the first cell will be generated. 

These procedures will be repeated until to the last cell. Model outputs will be processed, 

integrated, analysed and compared to other data sources. 



Flow chart of how a 'pixel' model converts to a 'grid' model 
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Appendices 

Some useful websites used in the thesis)  

The EUROFLUX website from which one can freely download meteorological, 

biological and flux data for 18 European forest sites: 

ht!p://www.fluxnet.ornl.gov/fluxnet/Cd-1/web/  start here.html 

Other websites about fLUXNET: 

http://www.fluxnet.ornl.gov/fluxnet/pardefs.cfm  

http:!/www.daac.ornl.gov/ 

http:lldaac.ornl.gov/FLUXNET/fluxnet.html 

http://gaia.agraria.unitus.it/database!  

A global network of flux sites: 

http://www.fluxnet.ornl.gov!fluxnetlindex.cfm 

Two websites from which one can freely download the Leaf Area Index (LAI) and 
other vegetation and climate data 

http://cybele.bu.edu/modismisr/  

http:/!edc.usgs.gov!products/satellite!avhrr.html 

A very useful website for users of the UNIX operation system, developed by the 

University of Edinburgh. 

http:!/unixhelp.ed.ac.uk/ 
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The list of equations used in the thesis: 

Representing the relationship between biomass and tree 
diamter 

As biomass data are difficult to get from the field measurements, we used a group of 

empirical relationships (Zianis et al., 2005) to make estimations on biomass, which 

have been organized and parameterised for a variety of species through European 

forest. The model form of the relationship between tree diameter at breast height 

(DBH) and dry weight is exponential. Allometric functions take the form 

V = a*Xb 	 - 	Equation 1 

However, this non-linear equation makes it difficult for mathematical calculations. 

Therefore it is necessary to make this non-linear equation compatible with linear regression 

analysis by applying to a logarithmic transformation. 

lnY= a+b*(lnX) 
	

Equation 2 

Where V is the natural logarithm of the biomass of a tree component; lnX is the 

natural logarithm of tree diameter; a and b are both parameters. 

Representing the relationship between NEE and PAR 

Three equations were used to describe the relationship between NEE and PAR and 

they are non-rectangular hyperbola, rectangular hyperbola and second order 

polynomial equations. 

The non-rectangular hyperbola equation is: 

- (g*Q + Amax) A +8* Q* Amax =0, 	 Equation 3 
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The rectangular hyperbola is: 

(g*Q + Am) A - * Q* Amax  =0, 	 Equation 4 

where c [9111ol(CO2)  j.tmor1(photon)J is the apparent quantum yield, 9 is a number 

between 0 and 1 determining the curvature of light-response curve [dimensionless], Q 

is PAR, A is the instantaneous rate of CO2  assimilation and Amax is the light-saturated 

value of A. 

The second-order polynomial equation (Niyogi et al., 2004) is expressed as: 

A=a*Q2+ b*Q + c 	 Equation 5 

where A is instantaneous rate of CO2  assimilation, Q is photosynthetically active 

radiation (PAR), a, b, c are model parameter; as quantum yield (6) is mathematically 

defined as the initial slope of the light response curve which is the value of dA/dE 

when PAR is zero; thus it is easy to deduce that the parameter b represents quantum 

yield and parameter c equals dark respiration (ie the gas exchange in the dark 

resulting from autotrophic and heterotrophic respiration). 

3. Calculating VPD 

The humidity Mixing ratio (r) is defined as the mass of water vapour per mass of dry 

air with which it has been mixed (g kg-1). By definition, the mixing ratio can be 

expressed as: 

PV 

Pd 
Equation 6 

where Pv  is density of water vapour in air and Pd  IS the dry air density. 
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After using the Gas Law, the equation above can be re-arranged to give: 

M e = L______ 
Md  (p—e) 

Equation 7 

where M and Md are the mean molecular weight of water vapour and dry air; e is 

partial water vapour pressure and p is air pressure. 

Since the mean molecular weights of water vapour and air are 18 and 29 respectively and e 

<<p, then partial water vapour can be calculated by: 

e 
1M -----v-+1 
r Md  

Equation 8 

Finally the saturated water vapour pressure (es) can be expressed as a function of the 

air temperature in Celcius (°C), and the air pressure (P) (Buck, 1981). 

es 	
1240.97 

	

1= [1.0007 +3.46x10P]x0.61121ex 17.502T 
	

Equation 9 
+Tj 

Thus VPD can be calculated as 

VPD = e - e 	 Equation 10 

If the relative humidity (RH) data is available, VPD can also be calculated as: 

VPD (1_RH)*[1.0007+3.46 x 1O 6 P]x O.6ll2lexp
1240.97 

_17.502T 1 
+ T 1J 

Figure 1 shows that the two equations generate almost identical results. 

4. Other equations 
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Estimate atmospheric pressure (Pa) at given altitude: 

atmos_pres=1e5  *exp(..O.O6*altitude*O.001) 	 Equation 11 

Calculate soil porosity (percentage) given soil texture (clay and sand content) (Saxton 

et al., 1986): 

porosity= H + J*sand + K*LOG1o t 
	

Equation 12 

porosity, sand and clay are all in percentage; H, J and K are parameters and their 

values are 0.332, -7.25 1e 4  and 0.1276 respectively. 
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The abbreviations used in the thesis 

GPP: Gross Primary Productivity 

NEP: Net Ecosystem Productivity 

NEE: Net ecosystem Exchange 

LE: Latent Energy 

RE: Ecosystem Respiration or soil respiration 

IPCC: Intergovernmental Panel on Climate Change 

VPD: Vapour Pressure Deficit 

SOM: Soil Organic Matter 

SWC: Soil Water Content (by volume) 

PAR: Photosynthetically Active Radiation 

PRI: Photochemical Reflectance Index 

PFTs: Plant Functional Types 

DGVM: Dynamic Global Vegetation Models 

GCM: Global Circulation Models 

SVAT: Soil Vegetation Atmosphere Transfer 

RMSE: Root Mean Squared Error: 

MLT: Maximum Likelihood Technique 

RH: Relative Humidity 

DBH: Diameter at Breast Height 

LAI: Leaf Area Index 

NDVI: Normalized Difference Vegetation Index 

LUE: Light Use Efficiency 

WG: Weather Generator 

ECMWF: European Centre for Medium range Weather Forecasting 

AVHRR: Advanced Very High Resolution Radiometer 

MODIS: Moderate Resolution Imaging Spectroradiometer 

MCMC: Markov Chain Monte Carlo 

PDF: Posterior Density of Function 
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The symbols used in the thesis: 

Maximum RuBP saturated rate of carboxylation (jtmol m 2  s') 

J,: Light saturated rate of potential rate of electron transport (pmol m 2  s 1 ) 

Qio: The difference between the respiration rate over a 10 degree (in Celsius) interval 

FRETref: Soil respiration rate at reference temperature (100C) 

E0: Activation energy (kJ/mol) 

T. Soil or air temperature (°C) 

R2: Correlation coefficient 

u: Friction velocity (m 1),  used to describe the turbulence 

2E: Latent energy (W m 2) 

R: Net solar radiation (W m 2) 

H. Sensible heat (W m 2) 

g: Soil heat flux density (W m 2) 

sa: Heat storage in canopy air layer (W m 2) 

Sb: Canopy heat storage (W m 2) 

e: Apparent quantum yield 4tmol(CO2) jtmoF1(photon)] 

0: Curvature of light response curve (between 0 and 1) 

Q: Photosynthetially active radiation (jtmo1 m2 s) 

A: Instantaneous rate of CO2  assimilation (pmol m2 1)  

Amax: light-saturated value of instantaneous rate of CO2  assimilation (pmol m2 1)  

Rd: Dark respiration (i.tmol  m2 1)  

r: Humidity mixing ratio 

Pv: Density of water vapour in air (g m3 ) 

Pd: Density of dry air (g m) 

M: Mean molecular weight of water vapour 

Md: Mean molecular weight of dry air 

e: Partial water vapour pressure (KPa) 

p: Air pressure (KPa) 

e5: Saturated water vapour pressure (KPa) 

fc: Carbon dioxide flux (tmol m2 1)  

rd: Diffuse radiation (pmol m 2  

ws: Wind speed (m s') 
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ppt: Precipitation (mm) 

Co: Atmospheric carbon dioxide concentration (tmoIJmo1) 

T11min Minimal leaf water potential (MPa) 

G: Canopy hydraulic conductivity (mmol s 1  rn_i  MPa 1 ) 

ic: Catalytic rate coefficient, determined from A/Ci curve data (tmol g 1  s) 

Ic: Electron transport rate coefficient, determined from AICi curve data (imol g1 1) 

N: Leaf nitrogen content (g m2) 
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Some selected codes used in the thesis: 

1. Codes on Bayesian Calibration 

This script generates random numbers from multivariate normal distribution for 

model parameters, which are used as inputs in the SPA model. 

PROGRAM BC—SPA 
USE BC 
IMPLICIT NONE 

!RUIZHANG 
!APRIL,27,2006 
!CODE TO GENERATE MULTIVARIATE NORMAL DISTRIBUTION RANDOM NUMBER IS FROM 
WWW.NETLIB.ORG  

REAL,ALLOCATABLE,SAVE::chol(:) 
INTEGER, PARAMETER:: variable= 15, chainlength=50 
REAL vcov(variable,variable),vcov_temp(variable,variable),pVal(variable), candidateVal(variable) 
INTEGER i, j, t, m, n,nunique, h,initial,nw 
INTEGER nAccepted(variable) 
REAL RAN, nAcceptedPmean(variable), meanP 
REAL pMin(variable), pMax(variable),psetMAP(variable), scratch(variable), logPriori0,1ogMAP 
REAL pChain(chainlength, variable) 
REAL PrioriO(variable),Priori(variable),Priorj 1 
REAL pi, logLO, logLi, logL_temp, R2—temp, slope—temp, RMSE_temp, logalpha 

!pMin=(/1., -4., 10., 10,20., 100., le-6,0.2, 0.01,0.01,le-6,le-6,le-7,Ie-9,le-11I)! original lower bound 
!pMax=(/20.,-2., 500.,50., 100.,2000.,le-4,0.7, 0.5, 0.5, le-4,le-4,le-5,le-7,le-91) ! original upper bound 
!pVal=(/7., -2.5,400.,17.5,37., 700., le-5,0.47,0.3,0.4, le-5,le-5,le-6,le-8,le-10/)! 
!ALL THE DALEC PARAMETERS MULTIPLE BY A FACTOR TO MAKE THE RANGE START FROM l 
pMin=(/l., 2., 1., 1., 1., 1., 1., 2., 1., 1., 1., 	1., 1., 1., 1.1) 
pMax=(/20., 4., 50,5., 5., 20., 100., 7., 50., 50,100., 100., 100., 100.,100./) 

!pMin=(Il., 2., L, L, 1., 1.1) 
!pMax=(/20., 4., 50,5., 5., 20.,) 

pVal=(/11., 2., 20.,2.8, 2.5, 4.5, 36., 4.7, 30., 40,38., 15., 43., 15.9, 13.8/) 	!Bordeaux 
!pVal=(/15., 2.5, 20.,l.8, 1.8, 4.5, 36., 4.7, 31., 43.,20.4, 35., 19.8,30.5,51.9/) !Hyytiala 
!pVal=(I15., 2.5, 20.,1.8, 1.8, 4.5, 9.17,4.7, 31., 43,16.9, 15.5, 8.45, 59.5, 51.9/) !Loobos 
!pVal=(I 5., 2., 20,2.2, 1.6, 6., 9.17,4.7, 50., 20.,56.5, 25.9, 4.37,79.,45./) !Sarrebourgh 
!pVal=(/ 7., 2.5, 20.,l.8, 1.8, 5., 15.3, 4.7, 30.,37.,16.4, 31., 11.3,19.8,8.65/) !Tharandt 
!pVal=(/10., 2.5, 20., 2., 2., 4.5,60.,4.7,31.,43.,28.1,51.7,21.,50.,17.3/) 	!Flakaliden 
!pVal=(/ 9., 2.5, 30., 2., 2., 6., 45.8, 4.7, 31., 43., 28., 28., 28., 79., 13.8,) 	!Castelporizano 
!pVal=(/9., 2.5, 30., 1.5, 1.5, 2.1, 11.8, 4.7, 31.,43., 56.3,51.7, 8.58,38., 13.8,) 	!Bayreuth 
!pVal=(/7., 2., 40.,1.15, 1.75,7.0, 9.17,4.7,31.,43.,50., 50., 16.6, 55.8,40.6/) 	!Aberfeldy 
!pVal=(/7., 2., 40., 1.5, 1.5,10.,9.17,4.7,38.,33.,54.4,20.2,50.4,30.5,34.6/) 	!Vielsalm 

initial=10 
vcov=0. 
scratch=0. 
pi=3.1416 
nw=variable*(variable+3)/2+1 
pChain=O 
pChain(1 ,:)=pVal 

ALLOCATE(chol(nw)) 
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OPEN(UMT=10,FILE=M:\Gelman\1\output.txt',STATUS'upjcjiown') 
OPEN(UNIT=20,FILE='M:\Gelman\I\pset.csv', STATUS='unknown') 
OPEN(UNIT=30,FILE='M:\Gelman\l\logerror.txt ,STATUs=unknown') 
WLUTE(30,*) 'likelihood, R2, slope, RMSE' 

DO i=1,vari able 	 ! Calculate the diagnal value of variance-covariance matrix 
DO j=1 ,variable 

IF (i==j) THEN 
vcov(ij)=((pMax(i)pMin(i))*0.001)**2 

ENDIF 
ENDDO 

ENDDO 

CALL UNIFORM_DISTRIBUTION(Priori0,pVal,pMax,pMjn,variable) CALCULATE PRIORI 
DISTRIBUTION--UNIFORM DISTRIBUTION 

PrioriO=LOG(PrioriO) 
logPriorio=SUM(Priorio) 

gplant=pVal(1); 
minlwp=pVal(2)*( 1.); 
rootresist=pVal(3)* 10.; 
kappac=pVal(4)*10.; 
kappaj=pVal(5)*20.;  
rootbiomass=pVal(6)*100.; 
decom=pVal(7)*le6; 
fracra=pVal(8)*1e 1; 
allofo1i=pVal(9)*le2; 
alloroot=pVal(10)* le-2; 
fluxfoli=pVal(1 1)*1e6; 
fluxroot=pVa1(12)*1e6; 
fluxwood=pVaI(1 3)*1e7; 
minelitt=pVal(14)*1e9; 
minesom=pVal(15)*1e1 1; 

CALL MAIN SPAO 	! call SPA model to calculate likelihood of the parameters 
!logLO=logsumerror/counts ! average of likelihood 
logLO=logsumerror 
logL_temp=logLO 
R2_temp=R2 
slope' temp=slopes 
RMSE_temp=RMSE 
WRITE(30,'(4(F10.5,","))') logL_temp, R2—temp, slope—temp, RMSE_temp 
psetMAP=pVal 
1ogMAP=logPrioriO+logLO ! posterior distribution of parameters 

vcov_temp=vcov 

DO n=2, chainlength !LOOP begins 
logsumerror=0. 
WRITE(*,*)n  
CALL setgmn(pVal,vcov,variable,chol) 

vcov =vcov_temp 
CALL genmn(chol,candidateVal,scratch,variable) 

CALL UNIIFORM_DISTRIBUTION(Priori,candidateVal,pMax,pMin,vanable) 
Priori l=PRODUCT(Priori) 

IF (Prioril .GT. 0.) THEN CHANGE ALL THE PARAMETERS BACK INTO THEIR ORIGINAL 
MAGNITUDE 

gplant=candidateVal(1); 
min1wp=candidateVal(2)*( 1.); 
rootresist=candidateval(3)*10.; 
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kappac=candidateVal(4)*10.; 
kappaj=candidateVal(5)*20.; 
rootbiomass=candidateVal(6)*100.; 
decom=candidateVaI(7)*1e6; 
fracra=candidateVal(8)* le- 1; 
a11ofoli=candidateVaI(9)*1e2;. 
a11oroot=candidateVal(10)*1e2; 
fluxfoli=candidateVal(1 1)*  le-6; 
fluxroot=canclidateVal(l 2)*1 e-6; 
fluxwood=candidateVal(13)*1e7; 
minelitt=candidateVal(14)*1e9; 
nhinesom=candidateVal(15)*1e 11; 

CALL MAIN _SPA() 
!logLl =logsumerror/counts 

logLl=logsumerror 
logalpha=LOG(Priori l)+logLl-(logPrioriO+logLo) ! compare difference between likelihood of previous and 

current parameters 

IF(LOG(RAN(initia1)).LT.logapha) THEN 
pVal=candidateVal 
logPrioriO=LOG(Prioril) 
logLO=logLI 
logL_temp=logLl 
R2_temp=R2 
slope_temp=slopes 
RMSE_temp=RMSE 

IF ((logPrioriO+logLO).GT.1ogMAP) THEN to get the maximum likelihood 
logMAP=(logPrioriO+logLO) 
psetMAP=pVal 
ENDIF 

ENDIF 

ENDIF 

WRITE(30,'(4(F15.5,,'))) logL_temp, R2 temp, slope_temp, RtvISE_temp 

pChain(n,:)=pVal 

WRITE(10,(15(FI0.6,','))) pChain(n,:) 

ENDDO 

DO i=1,variable 
!CALL unique(pChain(:, i), nunique, meanP) 

!nAccepted(i)=nunique 
!nAcceptedPmean(i)=meanP 

!ENDDO 

!WRITE(*,*) nAccepted 
!WRITE(*,*) nAcceptedPmean 
!I need move this part into the main program 

WRITE(20,'(15(F1O.6,',)))psetMAP 

DEALLOCATE(chol) 

END 
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SUBROUTINE UNIFORM_DISTRIBUTION(logPriori,Val,pMaxi,pMini,variables) 
IMPLICIT NONE 

INTEGER i,variables 
REAL logPriori(variables), pMaxi(variables), pMini(variables), Val(variables) 

DO i=1,variabfes 
IF ((Val(i) .LE. pMaxi(i)) .AND. (VaI(i) GE. pMini(i))) THEN parameters are assumed to be uniform 

distributed 
logPriori(i)= 1/(pMaxi(i)-pMini(i)) 

ELSE 
logPriori(i)=O. 

ENDIF 
ENDDO 

RETURN 
END 

SUBROUTINE UNIQUE (value, in, mean) 
IMPLICIT NONE 

THIS SUBROUTINE IS TO FIND ALL THE REPEATED VALUES IN AN ARRAY AND RETURN THE 
UNIQUE VALES 

RUI ZHANG 
FEB, 21,2006 

INTEGER, PARAMETER::wp=kind(I .ODO) 
INTEGER i,j,m 
INTEGER chainlength 
PARAMETER (chainlength=1e4) 
REAL mean 
REAL value(chainlength) 
REAL,ALLOCATABLE, DIMENSION(:):: blank 
ALLOCATE (blank(chainlength)) 

blank=(/(-99.0,i=1 ,chainlength)/) 

DO i = 1 ,chainlength 
DO j = 1, chainlength 

IF (blank(j) == -99.0) THEN ! stop by spotting -99.0 
blank(j) = value(i) 

EXIT 
ENDIF 
IF (blank(j) == value(i)) EXIT ! step out of loop if it finds an equal value 

ENDDO 
ENDDO 

DO i=1,chainlength 
IF (blank(i)==-99.0) EXIT 

ENDDO 
m--i-1 
mean=sum(blank(1 :m))/m 

WRITE(11,(F10.6,',')) value 

DEALLOCATE (blank) 

RETURN 

END 



!******************************************************************************* 
SUBROUTINE setgmn(meanv,covm,p,parm) 

IMPLICIT NONE 

INTEGER p 
!Array Arguments.. 
REAL covm(p,p),meanv(p),parm(p* (p+3)12+1) 

Local Scalars.. 
INTEGER i,icount,info,j 

!External Subroutines.. 
EXTERNAL spofa 

Executable Statements.. 
!TEST THE INPUT 

IF (NOT. (p.LE.0)) GO TO 10 
WRITE (*,*) 'P nonpositive in SETGMN 
WRITE (*,*) 'Value of P: ,p 
STOP? nonpositive in SETGMN 

10 parm(1)=p 

PUT P AND MEANV INTO PARM 

DOi=2,p+ I 
parm(i) = meanv(i-1) 

ENDDO 

!Cholesky decomposition to find A s.t. trans(A)*(A) = COVM 

CALL spofa(covm,p,p,info) 
IF (.NOT. (info.NE.0)) GO TO 30 
WRITE (*,*) 'COVM not positive definite in SETGMN' 
STOP ' COVM not positive definite in SETGMN' 

30 icount = p + 1 

LOAD THE UPPER LEVEL OF COVARIANCE MATRIX INTO PARM 
!1:1 	-P 
!2:P+l 	-MEANV 

P+2: P*(P+3)12 + 1 - Cholesky decomposition of COVM 
REAL PARM(P'(P+3)I2 + 1) 
NUMBER OF UPPER HALF OF MATRIX IS P*(P+1)/2=P*(P+3)I2+1(P+1)THE  FIRST(P+1) VALUE ARE 

P AND MEANV 

DO i = l,p 
DO  =i,p 

icount = icount + 1 
parm(icount) = covm(i,j) 

ENDDO 
ENDDO 
RETURN 

END 

SUBROUTINE genmn(parm,x,work,p) 
IMPLICIT NONE 

REAL ae 
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INTEGER i,icount,j,p,pw 
REAL parm(p*(p+3)/2+1 ),work(p),x(p) 

REAL snorm 
EXTERNAL snorm 

Generate P independent normal deviates - WORK - N(0,1) 
DOi= 1,p 

work(i) = snorm() 
ENDDO 

DOi= I,p 
icount =0 
ae = 0.0 
DOj = l,i 

icount = icount +j - 1 
ae = ae + parm(i+ 01)*picount+p+1)*work(j) 

ENDDO 
x(i) = ae + parm(i+l) 

ENDDO 

RETURN 

END 

!***************************************************************************************** 
REAL FUNCTION snorm() 

IMPLICIT NONE 

REAL a(32),d(31),t(31),h(31) 
INTEGER i,initial 
REAL s,u,ustar,aa,w,y,tt 
DATA initiall10/ 

DATA a/0.0,.3917609E-1,.7841241E-1,.1 177699,.1573 107,.1970991,& 
.2372021,.2776904,.3186394,.3601299,.4022501,.4450965,& 
.4887764,.5334097,.5791322,.6260990,.6744898,.7245144,& 
.7764218,.8305109,.8871466,.9467818,1.009990,1.077516,& 
1.150349,1.229859,1.318011,1.417797,l.534121,1.675940,& 
1.862732,2.153875/ 

DATA d/5*0.0,.2636843,.2425085,.2255674,.21 16342,. 1 999243,& 
.1899108,.1812252,.1736014,.1668419,.1607967,.1553497,& 
.1504094,.1459026,.1417700,.1379632,.1344418,.1311722,& 
.1281260,.1252791,.1226109,.1201036,.1177417,.1155119,& 
.1134023,.1114027,.1095039/ 

DATA tJ.7673828E-3,.2306870E-2,.38606 18E-2,.5438454E-2, & 
.7050699E-2,.8708396E-2,.1042357E-1,.1220953E-1,.1408125E-1,& 
.1605579E-1,.1815290E-1,.2039573E-1,.2281177E-125434O7E-1,& 
.2830296E-1 ,.3 146822E-1 ,.3499233E-1 ,.3895483E-1 ,.4345878E- 1 ,& 
.4864035E-1,.5468334E-1,.6184222E-1,.7047983E-1_8113195E-1,& 
.9462444E-1,.1123001,.1364980,.1716886,.2276241,.3304980,& 
.5847031/ 

DATA hI.3920617E-1,.3932705E-1,.3950999E-1,.3975703E-1,& 
.4007093E-1,.4045533E-1,.4091481E-1,.4145507E-1,.4208311E-1,& 
.4280748E- 1 ,.4363863E-1 ,.4458932E-1 ,.4567523E-1 ,.469 1571E-1 ,& 
.4833487E-1,.4996298E-1,.5183859E-1,.5401138E-1,.5654656E-1,& 
.59531 30E-1 ,.6308489E-1 ,.6737503E-1 ,.7264544E-1 ,.7926471E-1 ,& 
.8781922E-1,.9930398E-1,.1155599,.1404344,.1836142,.2790016,& 
.7010474/ 

10 u = RAN(initial) 
s=0.0 
IF (u.GT.0.5) s = 1.0 
u=u +u - S 
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20 u =32.0*u  
= int(u) 

IF (i.EQ.32) i = 31 
IF (i.EQ.0) GO TO 100 

!START CENTER 

30 ustar = u - float(i) 
aa = a(i) 

40 IF (ustar.LE.t(i)) GO TO 60 
w = (ustar_t(i))*h(i) 

EXIT (BOTH CASES) 

50y=aa+w 
snorm = y 
IF (s.EQ. 1.0) snorm = -y 
RETURN 

CENTER CONTINUED 

60 u = RAN(initial) 
w = u (a(i+1)-aa) 
tt = (0.5*w+aa)*w  
GO TO 80 

70 tt = u 
ustar = RAN(initial) 

80 IF (ustar.GT.tt) GO TO 50 
90 u = RAN(initial) 

IF (ustar.GE.u) GO TO 70 
ustar = RAN(initial) 
GO TO 40 

START TALL 

lOOi=6 
aa=a(32) 
GO TO 120 

110 aa = aa + d(i) 
i=i+1 

120 u = u + u 
IF (u.LT.1.0) GO TO 110 

130u=u-l.0 

140 IF (i.LE.31) THEN 
W = u*d(i) 

ELSE 
w=0.05 
ENDIF 

tt=(0.5*w+aa)*w  
GOTO 160 

!******************************** 

150 ft = u 
160 ustar = RAN(initial) 

IF (ustar.GT.tt) GO TO 50 
170 u = RAN(initial) 

IF (ustar.GE.u) GO TO 150 
u = RAN(initial) 
GOTO 140 
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END 

SUBROUTINE spofa(a,lda,n,info) 
IMPLICIT NONE 

INTEGER lda,n,info 
REAL a(lda, 1) 
REAL sdot,t 
REAL S 

INTEGER jjmI,k 

DOj=1,n 
info=j 
s=0. 
jml=j- I 
IF (jml.LT.1) GO TO 20 
DO k=1,jml 

t=a(k,j)-sdot(k-1 ,a(1 ,k), 1 ,a(1 ,j),1) 
t=t/a(k,k) 
a(k,j)=t 
s=s+t*t 

ENDDO 
20 CONTINUE 

s=a(j,j)-s 
IF (s.LE.0.) GO TO 40 
a(j,j)=sqrt(s) 

ENDDO 
info=0 

40 CONTINUE 
RETURN 

END 

!*************************************************************************************** 

REAL FUNCTION sdot(n,sx,incx,sy,incy) 
IMPLICIT NONE 

REAL sx(1),sy(1),stemp 
INTEGER i,incx,incy,ix,iy,m,mpl ,n 

stemp=0. 
sdot=0. 
IF(n.LE.0) RETURN 
IF(incx.EQ. 1 AND. incy.EQ. 1) GO TO 20 
ix=1 
iy=1 
IF (incx.LT.0) ix=(n+1)*incx+1 
IF (incy.LT.0) iy=(n+1)*incy+1 

DO i=1,n 
stemp=stemp+sx(ix)*sy(iy) 
ix=ix+incx 
iy=iy+incy 

ENDDO 
sdot=stemp 
RETURN 

20 m=mod(n,5) 
IF(m.EQ.0) GO 1040 
DO i=1,m 

stemp=stemp+sx(i)*sy(i) 

mm 



ENDDO 
IF (n.LT.5) GO TO 60 

4Ompl=m+1 
DO i=mpl ,n,5 

stemp=stemp+sx(i)*sy(i)+sx(i+1)*sy(j+1)+sx(j+2)*sy(j-i-2)+sx(j+3)*sy(j+3)+sx(j+4)*sy(j+4) 
ENDDO 

60 sdot=stemp 
RETURN 

END 



2. Radiation decomposition Model 

The script below generates diffuse radiation following the method of Gu et al. (2003). 

PROGRAM DIFFUSE 

IMPLICIT NONE 

THIS PROGRAM IS TO CALCULATE THE DIFFUSE SOLAR RADIATION 

EQUATION FROM GU ET AL 2003 

RUI ZHANG 2006.1.11 

REAL temp, RH, MRd, VPD,PPT, PAR, NEE, WS, ncertain, lcertain,LE 

REAL sun, lat, xhour, dec, Td 

REAL dayd, global, Sf, Se,PARf 

REAL So, pi, Eo, LRV, e 

REAL Kt,Kf,epsilon, delta 

INTEGER steps, I, J, 

CHARACTER*30 HEADER 

So= 1360 	Unit Wm-2 solar constant 

steps=48 

pi=3.1415 

Eo=0.611 !kPa 

LRV=5423 ! Kelvin 

e=2.718 

!lat=48.67 ! France, Sarrebourgh 

!lat=61.85 ! Finland, Hyytiala 

!lat=41.75 ! Italy, Castelporziano 

!lat=50. 15 ! Germany, Bayreuth 

!lat=56.62 ! UK, Aberfeldy 

!lat=50.3 Belguim, Viesaim 

!lat=55.5 ! Denmark, Soroe 

!lat=44.08 ! France, Bordeaux 

!lat=50.97 ! Germany, Tharandt 

!lat=52. 17 ! Netherland, Loobos 

!lat=-1.72 Caxivana, Brazil 

!lat=64.23 ! Sweden, Flaldiden 

lat=5 5.86 Estate Bush, UK, Grassland 

!lat=46. 11 Malga Arpaco,Italy, Grassland 
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!lat=5 1.98 	Cork, Ireland Grassland 

!lat=0.4 	Uganda, wetland, Papyrus 

OPEN (UNTT=1 1, FILE='G:'PHD\Euro_flux\Diffuse_Direct\paper sites\Grassland\UK_Bush\complete 

dataset\Hollinger.csv, STATUS=OLD) 

OPEN (UNIT=12, FILE='G:\PHD\Euro_flux\Diffuse_Direct\paper  sites\Grassland\UK_Bush\complete 

dataset\diffuse.csv', STATUS='UNKNOWN) 

READ (11, *) HEADER 

!WRITE(12, *) 

'WRITE(12, *) 	 & 

lat=lat*pi/1 80 

DO J=1,731 

t=0 

DO 1=1, steps 

!READ(1 1, ) dayd, global, temp, RH, MRd MRd refers to measured diffuse radiation 

READ(1 1, K)  dayd, global, temp, RH, VPD, PPT, PAR, WS, NEE,ncertain,LE, icertain 	If there is 

no diffuse measurement 

t=t+1 

IF ((globall=-9999).AND.(templ=-9999).AND.(RHI=-9999)) THEN 

xhour_pi/180.*(t0.5*steps)*(360./steps) ! time difference between current time and noon 

dec=23.4*(piI1 80)*cos((360.*(dayd+10.)1365.)*pi/180.) !sun declination in degree 

sun=cos(lat)*cos(xhour)*cos(dec)+sin(lat)*sin(dec) cosine of zenith angle or sine 

of sun elevation 

IF (sun.GT.0) THEN 	If sun has risen, then calculate total diffuse solar radiation 

Se=so *sun  *(1 +0.033*cos(360*daydI365)) 

Kt=globallSe 

IF ((Kt.GE.0) .AND. (Kt.LE.0.3)) THEN 

Sf=Se*Kt*(10.232*Kt+0.0239*sun6.82*1e 

4*temp+00195*RH*1e2) 

ELSE IF ((Kt.GT.0.3) AND. (Kt.LE.0.78)) THEN 

Sf=Se*Kt*(1 .329-1.7 16*Kt+0.267*sun 3.57*1e 3 *temp+0 106*RH*1e2) 
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ELSE IF (kt.GE.0.78) THEN 

Sf=Se*Kt*(0.426*Kt0.256*sun+3.49*1e 

3*temp+00734*RH*1e2) 

ENDIF 

Kf=SfISe 

Td=1/(temp+237. 15)-(LOG(RH)ILOG(e))ILRV 

Td=1/Td 

Td=Td-273.15 	 !calculate dew point temperature 

IF ((global==0) .OR. (Sf=0)) THEN 

PARf=0. 

ELSE IF ((Sf.LT.global) AND. (Sf.GT.0)) THEN 

epsilon=((1 +(global- 

Sf)/(Sf*sun)+1.041 *acos(sun)**3))/(1+1  .041  *acos(sun)**3)  !sky clearness 

delta=Sf/Se 	 !sky brightness 

PARf=Sf*(2.282 

0.78*delta+0.067*(LOG(epsilon)ILOG(e))+0.007*Td) 

ELSE 

PARf=-9999 

ENDIF 

ENDIF 

IF ((((Kt.GE.0) .AND. (Kt.LE.0.3)) .AND. (KfLE. Kt)) .OR. & 

(((Kt.GT.0.3) .AND. (Kt.LE.0.78)) .AND. 

((Kf.LE.(0.97*Kt)) .AND.(Kf.GE.(0. 1 *Kt))))  .OR. & 

((Kt.GE.0.78) .AND. (Kf.GE.(0.1*Kt))))  THEN 

!WRITE(12, (8(F10.3,',"))') dayd, global, MRd, Sf,PARf,Se, Kt, KS 

WRITE(12,'(16(F10.3,','))) dayd, global, Sf,PARf, Se, Kt, Kf, 

temp,VPD,PPT, WS, PAR, NEE, ncertain, LE, icertain 

ENDIF 

ENDIF 

ENDDO 

ENDDO 

END PROGRAM 
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Figure 1. Comparisons between two ways of calculating VPD for year 1997 at 
Bordeaux site. The x axis represents the calculations from Relative Humidity and the 
y axis is calculated from Humidity mixing ratio. 
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