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 ABSTRACT 

The terrestrial biosphere is an important pool of carbon, with its size governed by the 

opposing processes of CO2 uptake through photosynthesis and release through 

respiration. It is therefore critically important to understand and reliably and accurately 

model these processes and predict changes in carbon exchange in response to key 

drivers. Pasture-based livestock production is particularly important for the New 

Zealand’s economy but it is also a main contributor to NZ’s greenhouse gas budget. My 

Ph.D. work used half-hourly eddy-covariance (EC) data, previously collected over 2 

consecutive years from a grazed pasture in the Waikato region. The main aims of this 

study were to assess whether there was any bias in gap-filled eddy covariance 

measurements, to assess whether incomplete capture of cow respiration during 

grazing events could have led to biased observations, and to quantify the resulting 

difference on the net carbon budget of the farm. I approached the work by developing a 

new process-based model, CenW_HH, running at a half-hourly time step, to predict the 

energy and CO2 exchange of grazed pastures. I implemented and evaluated different 

photosynthesis models and upscaling schemes and modelled the energy budget 

separately for the canopy, litter layer, and the soil. CenW_HH was then parameterised 

and validated with the available EC measurements. The paddocks surrounding the EC 

tower were rotationally grazed, which caused heterogeneities in respiratory pulses 

when grazing events were in the flux footprint and subsequent vegetation cover on the 

different paddocks. To deal with that heterogeneity, the model was run independently 

for each individual paddock and a footprint model was used to estimate resultant net 

fluxes at the EC tower. Modelled fluxes agreed well with half-hourly observed fluxes as 

seen by model efficiencies of 0.81 for net ecosystem productivity, 0.75 for gross 

primary production, 0.70 for ecosystem respiration, 0.87 for latent heat flux, 0.76 for 

sensible heat flux, 0.94 for net radiation, and 0.92 for soil temperature. CenW_HH was 

then used to test for any biases in gap-filled data for times without the presence of 

grazing animals, but identified no consistent systematic deviations. Eddy covariance 

measurements often failed to capture carbon losses due to cattle respiration, especially 

when measurements had to rely on gap-filled data. By replacing gap-filled NEP fluxes 

affected by grazing cattle by estimates generated by CenW_HH, the farm carbon 

budget was reduced by 31% and 113% (and turning from a positive into a slight 

negative balance) in 2008 and 2009, respectively.  
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1.1 Climate change and global carbon cycle  

The Earth’s atmosphere contains an indispensable pool of gases that provide 

connectivity allowing the carbon and nitrogen cycles to function. In addition, the 

gases, like carbon dioxide (CO2), nitrous oxide (N2O), and methane (CH4), 

absorb infrared radiation emitted from Earth’s surface and re-emit this radiation 

component toward the surface instead of it being lost into space. This creates 

atmospheric warming known as the greenhouse gas (GHG) effect, which is 

essential to sustain the biosphere’s temperature at a level favourable to sustain 

plant, animal, and human lives. The increase of anthropogenic emissions and 

concentrations of the GHGs CO2, N2O, and CH4 in the atmosphere has a direct 

effect on the radiative budget of the Earth, which tends to stimulate the GHG 

effect, which in turn affects the whole climate and its pattern.  

Even if GHGs are naturally present in the atmosphere, since the industrial 

revolution anthropogenic activities have greatly modified (increased) their 

concentration in the atmosphere. For example, the atmospheric concentration 

of carbon dioxide increased from 280 ppm 150 years ago to about 400 ppm in 

2015 (Fig. 1.1c). Such a high concentration has not been experienced on Earth 

for millennia, and even if its effects on the climatic system are not yet fully 

understood, most climate experts agree that over the next century it could 

become a serious problem and a threat to our way of life. 

Some effects directly related to the augmented concentration of GHGs in the 

atmosphere are already visible, such as the increase of the Earth surface 

temperature (Fig. 1.1a) or the rise of the sea level (Fig. 1.1b). Anthropogenic 

activities responsible for these global climate changes have been identified as 

fossil fuel utilisation, cement production, and gas flaring, which have drastically 

increased since the 1950s. Another source is linked to land use changes and 

land management practices (Fig. 1.1d).  
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Figure 1.1: Graphic showing surface temperature change, sea level rise, global greenhouse gas 

concentrations in the atmosphere and anthropogenic carbon dioxide emissions since 1850. 

Extracted from IPCC (2014). 
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Over the past 150 years human activities have strongly modified CO2 

concentrations in the atmosphere, and in the global carbon cycle. The global 

carbon cycle can be seen as different reservoirs (the atmosphere, the terrestrial 

biosphere, the oceans that contain dissolved organic carbon and living and 

dead biota, the sediments, and the Earth’s crust and mantle that interact with 

other components of the cycle through geological processes) of carbon 

interconnected by fluxes of exchange between them (Fig. 1.2). 

Oceanic and terrestrial ecosystems, by acting as carbon sinks, have buffered 

the increase of GHGs in the atmosphere and as a consequence the rate and 

effects of climate change have been reduced. It has been estimated that they 

have absorbed about 60% of all the anthropogenic carbon released in the 

atmosphere by human activities (IPCC, 2007) through physical, chemical, and 

biological processes acting at different time scale. 

In the early 1990s, carbon sequestration suddenly became a topic of interest in 

science, and politics. The various mechanisms that are responsible for the 

extraction of carbon dioxide from the atmosphere and its sequestration (in soils 

or oceans) for a greater period of time were seen to play a major role in global 

warming mitigation (Powlson et al., 2011). 

Oceans contain 50 times more CO2 than does the atmosphere and offer a huge 

surface of exchange with the atmosphere (70% of the Earth surface); however, 

increased dissolution of atmospheric CO2 in water (oceans and lakes) leads to 

acidification, with many undesirable consequences (Smith et al., 2004). 

Terrestrial ecosystems are expected to be a better choice for long-term carbon 

storage. It was estimated that soils contain at least twice as much carbon as the 

atmosphere and three times as much as is present in vegetation (Kell, 2011). 

Soils are key players in the process of storing (sequestering) carbon and in the 

recycling of organic compounds. The amount of carbon stored in soils result 

mostly from the balance between the input of dead plant material (leaf and root 

litter) and losses from decomposition and mineralization processes 

(heterotrophic respiration). When plants or animals die, the organic materials of 

which they are made are decomposed by soil microorganisms that feed on their 



5 

organic matter and respire back a portion of this carbon to the atmosphere; the 

remaining carbon, instead of being released as carbon dioxide, becomes part of 

the organic component of the soils for times varying from hours to millennia. 

 

Figure 1.2: The global carbon cycle for the 1990s, showing the main annual fluxes in GtC yr–1: 

pre-industrial ‘natural’ fluxes in black and ‘anthropogenic’ fluxes are in red. Extracted from IPCC 

(2007). 

It is estimated that only around 1% of the carbon entering the soil will remain in 

stable fractions for a longer time. Most of the decomposition processes (i.e. soil 

respiration) happen in a layer of soil called the rhizosphere. This is the portion 

of soil in direct contact (a few mm) with plant roots and that contains the highest 

proportion of microbial decomposers (Killham, 1994). 

1.2 Why do we want to store carbon in soil? 

According to Le Quéré et al. (2014), fossil fuel burning, cement production, and 

gas flaring accounted for 92% and land use change (LUC) for 8% of the global 

anthropogenic CO2 emissions in 2013. In fact, cumulative emissions for the 

period 1870–2013 show contributions of about 70% and 30% for fossil fuel 

combustion and LUC respectively. 
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Land-use change and soil degradation are major processes implied in the 

release of CO2 into the atmosphere, and under the Kyoto Protocol most of the 

countries were committed to develop and implement new strategies and policies 

in order to reduce their emissions of GHGs. This can be achieved by developing 

and implementing agricultural and forestry management practices that favour 

the sequestration of carbon in the biomass and in the soil. 

According to Fischer et al. (2007), the mitigation of GHGs emissions are actions 

taken in order to reduce the effects and/or the magnitude of climate change by 

limiting/reducing the amount of GHGs present in the atmosphere. This can be 

done by using techniques that enable the reduction of anthropogenic emissions 

or by increasing the capacities of carbon storage of natural sinks. 

It is thought that carbon sequestration in terrestrial ecosystems is a possible 

way to mitigate the impacts of anthropogenic emissions of carbon dioxide in the 

atmosphere and the resulting climate warming of the Earth (Post et al., 2007; 

Rantakari et al., 2012; Minasny et al., 2017). 

Carbon sequestration has been defined as the process of removing CO2 from 

the atmosphere and storing it in pools with longer residence times. However, 

the size and distribution of these carbon sinks remain uncertain and it is 

understood that every ecosystem type has different behaviour as regards 

greenhouse gas emissions. 

It has been demonstrated that over the last 8,000 years, agriculture has had a 

significant global impact on atmospheric GHG concentrations, and more 

particularly on carbon dioxide and methane (Salinger, 2007). Massive 

deforestation to convert native forests into arable lands has caused large 

disturbances in the global carbon cycle. 

Carbon is present in the soil in complex association with mineral particles and it 

is the nature of this relationship that determines how long the carbon remains in 

the soil (Conant et al., 2011). Plant and soil organism residues enter the soil 

and are mixed with soil particles to form what is called soil organic matter 

(SOM), which is roughly made of 50% of carbon. Most of this organic matter is 

unprotected and mineralized within months but a portion can form aggregates 
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with soil particles and become physically or biochemically protected from 

microbial decomposition for decades to centuries (Conant et al., 2011). 

Research on carbon sequestration in soil falls into three categories: 1) 

monitoring C stocks; 2) experimental manipulations; and 3) numerical 

simulations. The three research categories of soil carbon sequestration are of 

equal importance for a better understanding of the C storage capacities of 

ecosystems (Grace et al., 2006). Human activities, like climate change, land 

use change, and farming practices have a large effect on SOM dynamics and, 

in this context, the storage capacities of C in soils need further investigation 

(Post et al., 2007). 

A better understanding of the impacts of human activities on greenhouse gas 

emissions from productive soils is the key point for mitigating the negative 

effects of global warming and climate change while continuing to provide 

enough food to meet the requirements of the Earth’s increasing population. 

Soils are expected to have a mitigation potential through enhanced C 

sequestration because most cultivated soils (especially under cropping 

systems) have lost carbon in the past and most terrestrial soils have not 

reached their maximum C content. It is expected that even a small C gain in all 

cultivated soils might have a significant effect on the atmospheric CO2 

concentration (Minasny et al., 2017).  

Natural ecosystems, principally forests and grasslands, usually have large 

carbon stocks because of the relatively stable soil environment favourable to 

accumulation of organic matter below the ground with a lower turnover rate. In 

contrast, soils under cropping often hold a lower amount of carbon because of 

frequent cultivation and harvest, and are often considered as sources of carbon. 

In general, agro-ecosystems are strongly impacted by management practices 

including, fertilisation, harvesting, grazing or ploughing (Conant et al., 2001; 

Conant et al., 2007). According to Liu et al. (2003), the conversion of lands from 

a native state to agricultural use leads to a 20–40% reduction in soil organic 

carbon storage, and it is expected that modifying management practices could 
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lead to the sequestration of carbon in the soil and, ultimately, to the reduction of 

a country’s emissions. 

The soil C balance of New Zealand‘s pastoral soils is poorly understood and 

early studies have demonstrated that following the conversion of scrub or low-

producing pasture to improved pasture (mostly for the purpose of dairy farming), 

carbon tends to accumulate in the surface layers of the soil, and that after about 

7–40 years (depending on soil types) a new equilibrium in the C content is 

reached (Jackman, 1964). It is generally accepted that soil C under established 

pasture in New Zealand was at near steady state (Tate et al., 2005). Surface 

soils from 43 sites were resampled after 30–50 years under pastoral farming 

and no systematic change in soil C was found (Tate et al., 1997).  

However, Schipper et al. (2010) showed that the top metre of soils from 31 flat 

to gently rolling sites mostly under dairy farming around New Zealand had lost 

on average 1 t C ha–1 y–1 over the 13–40 years between samplings. The work of 

Schipper et al. (2010) also highlighted the contrasting behaviours of soils from 

flat pasture grazed by dry stock where the amount of carbon remained nearly 

constant and grazed lands in hill country where SOC tended to accumulate at 

an average rate of 500 kg C ha–1 y–1. This study was unable to clearly identify 

the causes responsible for the contrasted carbon behaviours observed.  

Schipper et al., 2014 extended the number of resampled sites to 148 and 

showed that carbon losses were restricted to Allophanic and Gley soils types 

under both dry stock and dairy pastures on flat land areas but no significant 

change in SOC stocks were identified for other soil types 

1.3 Importance of agriculture in NZ’s carbon budget 

About 25% of the ice-free terrestrial surface of the planet is occupied by grazed 

grasslands (Steinfeld et al., 2006) and this land use is often seen as having a 

large potential for long-term carbon storage and an option to mitigate 

greenhouse gas emission from agriculture (Abberton et al., 2010). 
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Pasture occupies nearly 40% (10.7 million hectares) of the total New-Zealand 

land area and 16% (1.7 million hectares) of grassland are used for dairy 

farming. Recent intensification of pastoral agriculture has seen the number of 

dairy cows increase by 50% from about 2.40 million in 1990 to 4.78 million in 

2013 (DairyNZ, 2014). 

Unlike other developed countries, the largest source of GHG emissions in New 

Zealand is the agriculture sector, which represented 46.1% of the total 

emissions in 2012. These emissions are mostly methane, released by grazing 

animals through enteric fermentation and nitrous oxide released from 

agricultural soils (MfE, 2014). 

New Zealand is the largest exporter of dairy products worldwide and its 

economy relies substantially on the dairy industry. In 2014 dairy farming 

contributed to 46% of NZ total primary industry export, which represents 37% of 

the earnings from merchandise exports (DairyNZ, 2014), making it more 

profitable than sheep, beef, and grain farming combined (MfE, 2015). Despite 

being highly important for its economy, dairy farming is also the main contributor 

to New Zealand’s GHG budget (MfE, 2014) and atmospheric and water 

pollution (Thomas et al., 2005). 

The majority of NZ pastoral systems are based on grass/legume mixed swards, 

and, thanks to mild climatic conditions, it is common practice for cattle to graze 

all year round in pastures. When pasture growth rates are insufficient to meet 

feed demand supplementary feeds such as maize and pasture silages, or 

imported palm kernel expeller (PKE) meal are provided for the herd.  

1.4 The use of models to study SOC dynamics 

In ecological studies, models are important to analyse whether the scenarios 

developed to provide a solution to a problem are likely to achieve their goals 

and long-term effects. Data collection is also a prime process that should be 

conducted to parameterise models and to test their accuracy. If a model is 

sufficiently able to reproduce the data collected today or the trends that were 
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experienced in the past, it can be used to test different scenarios, for example, 

to understand the effects of climate change on pasture productivity. 

However, many natural processes are hard to simulate, or are not well 

understood. Because of this complexity, many existing models differ in their 

approaches and formulations (Adams et al., 2004) and they need to be updated 

following the improvement of our knowledge. 

Ecosystem models exist in various forms, with different degrees of complexity, 

time steps, and behaviour of simulations, and follow different theories and 

algorithms (how the natural processes are transcribed into equations). These 

models are usually complex and use different coupled sub-models in order to 

simulate the different parts of the system being investigated. 

Soil organic matter is a key indicator of the quality of soils (Six et al., 2004). 

From an economic perspective, a great deal of OM is usually linked to high 

plant productivity, and, from an environmental point of view, much OM relates to 

improved biodiversity and constitutes a large amount of stored carbon (Robert, 

1997). The sequestration of carbon in soil is primarily driven by two processes: 

primary production (input) and decomposition (output). Measurements of the 

overall amount of C stored in an ecosystem by itself reveal little about the 

carbon behaviour and so modelling has been used as an effective way to 

analyse and predict the short- or long-term effects of land-management 

practices on the levels of C present in the soil. 

Soil organic matter characterisation and turnover are very complex due to soil’s 

intrinsic composition (more than 10,000 chemical compounds) and interactions 

with soil particles and micro-organisms, the modifications caused by climatic 

variables and human activities. 

Models can be classified according to their formulation. At first it is possible to 

make the distinction between empirical and mechanistic modelling approaches. 

While ‘empirical models’ use empirical relationships between variables, 

‘mechanistic models’ (process-oriented models) try to develop algorithms for 

and simulate detailed processes. This last category can be regarded as more 

representative because modellers try to simulate factors influencing the in vivo 
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mechanisms and the values used to parameterise their models are restricted by 

the realistic biophysical background present in the modelled processes. In 

contrast, while the values of the parameters employed in empirical models may 

describe relationships between variables obtained through observation and 

regression analysis, most of the time they do not correspond to biophysical 

processes with inputs, outputs or pools that were physically measureable. 

Process-oriented models are often seen to carry more information and to have 

more restricted behaviour than empirical models. 

The second splitting of the model is into ‘deterministic models’, which have an 

initial condition, set parameters, and operate mechanistically within boundary 

conditions, as opposed to ‘stochastic models’, which allow the variation in inputs 

and the randomness of processes to be considered, and produce a range of 

outputs. At the beginning of ecosystem modelling (in the ’60s) most models 

were deterministic because computational resources were limited and adding 

probabilities consequently slowed down their runs. In the recent past, with the 

increase of computer power, more stochastic approaches have been developed 

in ecosystem modelling and are expected to generate more realism and 

accuracy in the representation and simulation of natural systems. 

At a third level, a distinction can be made based on variable evolution with time. 

In static models, variables remain constants, while in dynamic models variables 

evolve with time. Within this last category, differentiation can be made regarding 

how variables evolved with time and models can be classified into continuous or 

discrete. In continuous models, variable evolution between simulation steps is 

smooth, in contrast to discrete models in which variables change by step and 

are usually limited to integer values. 

Most ecosystem models are mechanistic or semi-mechanistic (partly 

mechanistic and partly empirical), dynamic because they are mainly used to 

study change over time, and deterministic and continuous because most 

changes in variables values are smooth over time. 

In their review, Manzoni and Porporato (2009) highlighted the complexity of 

modelling the processes involved in the fluxes of C and N into and from the soil. 
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They reviewed and classified about 250 different models with different 

modelling approaches, time and spatial scales, and details in the modelled 

processes and complexity. 

The internal structures of models used for the simulation of SOM dynamics are 

usually divided into four classes (Post et al., 2007): 

(1) Process-oriented models (multi-compartments models) 

(2) Organism-oriented models (food-web models) 

(3) Cohort models (continuum in the SOM decomposition) 

(4) Combination of classes (1) and (2) 

Multi-compartment models describe organic matter turnover as the 

consequence of transformations between different compartments with different 

decomposability or biological quality. It is recognised that the different 

constituents of the SOM have different residence times, so most models 

discriminate between (a) an active pool, including fresh plant material and root 

exudates with residence times of approximately 1 year, (b) a slow pool, 

including SOC that is decomposed at intermediate rates, with residence times 

of between 1 and 1000 years, and (c) a passive (inert) pool, including SOC that, 

for physical reasons, has a residence time ranging between 1000 and 10000 

years (Post et al., 2007).  

One of the main problems of multi-compartment SOM models is the comparison 

of the C present in model compartments with measurable SOM fractions, or the 

difficulty of assigning measured SOM fractions according to residence times in 

model compartments. The carbon pools, and flows between them, are largely 

theoretical and were introduced to mimic the heterogeneity of SOM, but their 

existence has not been proved yet. Previous assumptions imply the use of 

empirical relationships in the core of these models. In order to make them more 

mechanistic, it has been argued that their pools should correspond to 

measurable SOM fractions that have a functional role in the soil (Post et al., 

2007; Manzoni & Porporato, 2009). 
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CenW (Kirschbaum, 1999a, 1999b; Kirschbaum & Paul, 2002) is an ecosystem 

process-based model, running at a daily time step that simulates the carbon 

balance of a system over time (up to hundreds of years). The different modules 

combine the principal carbon, energy, nutrient, and water fluxes. The soil 

organic matter module was derived from the CENTURY model (Parton et al., 

1987). Soil organic matter (soil carbon) is divided into three fractions with 

different residence times. CenW was originally designed to study forest 

ecosystems and has been tested over forest and grassland; however, its 

generic structure has allowed the necessary modifications to simulate carbon 

and nitrogen stocks and fluxes for various ecosystems (Kirschbaum et al., 

2015). A more detailed description of the processes simulated and features of 

CenW are given in Chapters 3, 4, 5, and 6. 

In order to monitor changes in soil carbon stocks by classical measurement 

techniques (soil sampling), the changes in SOM have to be in the order of 

several tonnes per hectare (tC ha–1). As change is slow it often requires 

samples to be taken with a substantial interval of time between them. The long 

time interval makes it very challenging to attribute any observed changes in 

carbon stock to a particular change in farm management (Allen et al., 2010). 

Another option is to use eddy covariance measurements because they can 

detect very small changes in the net rate of CO2 exchange between the soil and 

the atmosphere with a very high sampling rate (10–20 Hertz averaged to 30 

minutes). Although this technique does not gives direct information on the soil 

carbon stocks at a given time, it is possible to observe trends (losses or gains) 

in C exchange and the source/sink status of the study site. With its high 

temporal resolution this technique makes it easier to relate particular 

management practices to the behaviour of carbon in the system. EC 

measurements are also very useful to parameterise/constrain mechanistic 

models and have been used in a range of modelling studies (Baldocchi & 

Wilson, 2001; Knorr & Kattge, 2005; Wang et al., 2007; Ingwersen et al., 2011; 

Verbeeck et al., 2011; El-Masri et al., 2013). 
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1.5 Research objectives 

The principal objective of this research study was to develop a new modelling 

tool to study carbon dioxide and water fluxes over a research dairy farm (Scott 

Farm) in the Waikato region of New Zealand. The overall process of creating 

this new ecosystem model has been dictated by the fact that the fluxes 

measured by eddy covariance systems are highly influenced by the presence of 

grazing animals in the footprint of the tower (Kirschbaum et al., 2015; Felber et 

al., 2016) and that gaps in measurement are possibly non-randomly distributed 

but mostly occur under specific climatic conditions (rain events, fog, dew 

formation on the surface or stable atmospheric conditions) that could introduce 

bias in the dataset. 

The new version of the model was developed from CenW 4.1, which runs with a 

daily time step and has been successfully applied by Kirschbaum et al. (2015) 

to this particular farming system. The main challenge for this PhD study has 

been to change the time step of the existing model by incorporating new 

procedures in the source code to make the time step consistent with the short 

measurement sampling interval (typically 30 minute for most EC datasets).  

First, the literature was reviewed to find the most suitable description of carbon 

assimilation (Chapter 3) and surface water and energy budgets (Chapter 4). 

Suitable routines were then written in Delphi XE (Embarcadero, 2010). The 

carbon assimilation and surface water and energy budgets routines for 

simulating photosynthesis and water and energy fluxes were developed and 

tested as stand-alone sub-models before implementation in the complete 

model. Finally, the functioning of the model was tested with these new features 

and the model’s accuracy and reliability compared with measurements made in 

the field. The new model was named CenW-HH. The comparison of CenW-HH 

model simulations with the field observations enabled an improved 

understanding of the influence of large, grazing animals (cows) on the observed 

CO2 concentrations and allowed the correction of the resulting errors of not 

accounting for dairy cows respiration in the annual carbon balance of grazed 

pastures. CenW-HH was also used to fill gaps in data resulting from unsuitable 
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climatic conditions for eddy covariance measurement and to test whether there 

was bias in the dataset when those gaps were filled by a “traditional” gap-filling 

method. 

1.6 Importance of the study 

During this research project, a new modelling tool, CenW_HH, has been 

developed. This new model is based on the CenW model version 4.1, which 

has been already used and validated for forest and pasture ecosystems 

(Kirschbaum et al., 2015). The modifications that were made allow it to run at a 

sub-daily time step and have made it possible to use actual eddy-covariance 

measurements to parameterise and validate it. The model is process-based 

(mechanistic) and is able to simulate the short time response of photosynthesis, 

water, energy, and both heterotrophic and autotrophic respiration rates in 

response to management and changes in climatic conditions. The first focus 

was on the development, testing, and validation of the new version of the model 

(CenW_HH). In this study, the model has only been tested on one dairy farm 

but the structure of the model makes it usable on other dairy farms or other 

farming systems as long as enough information is available to be used as inputs 

(half hourly climate variables, farm management practices,…) and to 

parameterise and validate the runs.  

The overall aim of the study was to compare half-hourly fluxes – principally net 

CO2 flux (NEP) and water vapour flux (LE), observed by an eddy covariance 

system placed over an intensive dairy farm – with their modelled equivalents to 

identify the causes of the possible introduction of bias in the dataset and to 

quantify their effects on the annual carbon budget of the study site. 

1.7 Thesis structure 

Eddy covariance systems have been used worldwide to study carbon, water, 

and energy fluxes over a large range of biome types, with more sites being 

installed on grazed grasslands over the recent years to study soil carbon stocks 

behaviour. However, eddy covariance measurements of the emissions of CO2 
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from grazed pastures cannot take place in wet and still conditions and are 

compromised during grazing events by cow respiration: both events create gaps 

in the observations. The aim of this thesis was to evaluate the quality of the 

eddy covariance technique applied to a grazed dairy pasture with the help of a 

detailed simulation model. Figure 1.3 shows the structure of the dissertation. 

Chapter 1 provides the general introduction and rationales of the study (see 

above) and is not represented on Figure 1.3. Chapter 2 introduces the theory 

and methods used to measure carbon, water, and sensible heat fluxes with 

eddy covariance systems above terrestrial ecosystems, and more attention is 

given to pastures as it is the main focus of the thesis and some insights on 

modelling. Chapter 3 describes some of the most used photosynthesis 

modelling schemes, with their comparisons at the leaf and canopy levels. This 

is to illustrate the changes made to the existing model to run it with a half-hourly 

time step and select the most appropriate photosynthesis algorithm to be used 

to complete the study. Chapter 4 describes new routines, also implemented in 

the newly developed version of CenW, that were chosen to simulate water and 

energy balances. In Chapter 5 the study site is described and information 

presented to run the model and evaluate its performances to simulate carbon, 

water, and energy fluxes measured by the eddy covariance system. The model 

predictions are compared with the observed data and tested for agreement 

during periods when climatic conditions were unsuitable for eddy covariance 

measurement and tries to identify systematic bias in the dataset. In Chapter 6, 

the model is used to study the effects of the presence of grazing cattle within 

the vicinity of the flux tower on systematic half-hourly measurements errors and 

on annual carbon balance of the dairy pasture. Finally, Chapter 7, the general 

conclusion, summarises the main findings of the previous chapters along with 

what could be possible directions for future researches. 
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Figure 1.3: Layout of the thesis. 
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2.1 Introduction 

This section gives a brief general description of the eddy covariance technique 

for measuring fluxes of CO2, heat, and water over terrestrial ecosystems. The 

chapter provides only the information needed for required background 

understanding of the specific study site, the method for calculating fluxes and 

checking the quality of the data from the eddy-covariance (EC) tower, and the 

use of various correction factors applied to the raw measurements. This section 

thus summarises key information from several books and research papers that 

provide a more detailed and in-depth explanation of the various problems to be 

overcome to set up eddy-covariance equipment and derive useful and 

meaningful information about the behaviour and activity of the system under 

study (Burba, 2013; Aubinet et al., 2012). 

According to Baldocchi (2003), the theory establishing the basis of the eddy 

covariance technique was first developed by Reynolds (1894), but it was not 

until the 1930s and the technological development of suitable instruments that 

the first study used the theory in a field campaign to measure momentum 

transfer. The second improvement of the technique came after World War II 

with the development of fast responding hot-wire anemometers, thermometers 

and digital computers (Swinbank, 1951). Measurements of CO2 exchanges over 

vegetation started in the late 1960s and early 1970s with the flux-gradient 

method that was, however, still prone to large errors under some measurement 

conditions because of the lack of fast response anemometers and carbon 

dioxide sensors (Garratt, 1975).  

It took another 10 years (to the 1980s), before the further technological 

developments of sonic anemoters and fast response (10 Hertz) open path 

infrared gas analysers allowed the development of studies of CO2 fluxes over all 

sorts of vegetation types. However, a lack of reliability of the required sensors 

and data logger limitations restricted the use of EC systems to short 

measurement campaigns during the vegetation growing phase. In the early 

1990s, instruments became even more reliable and consumed less energy, 

which enabled scientists to make continuous measurements all year round and 
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for multiple consecutive years. At this stage, the eddy covariance technique was 

used more intensively all around the world. Researchers were able to show that 

the technique has the potential to help answer a broad range of scientific 

questions at local, regional, and global scales. Regional networks started to 

emerge, e.g. AmeriFlux, AsiaFlux, CarboEurope, OzFlux, …, and FLUXNET, a 

global network of various regional networks. FLUXNET was started in 1997 with 

the aim of creating a global standardized database of flux measurements and 

producing annual and daily C budgets through the use of state-of-the-art gap 

filling and flux partitioning methods. 

 

Figure 2.1: Locations of eddy covariance measurement sites included in the FLUXNET network. 

(http://fluxnet.fluxdata.org). 

In 2015, there were 844 registered sites in the FLUXNET network 

(http://fluxnet.fluxdata.org/sites/historical-site-status), of which around 424 were 

actively taking core measurements of CO2, water vapor, and energy fluxes. 

They have been employed over all sorts of vegetation and all around the world 

(Fig. 2.1), and some have been collecting data for more than 20 years. The 

FLUXNET database now contains more than 6,700 site years of eddy 

covariance measurements, with all sampling sites and datasets not yet included 

in this network. 
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The number of study sites using the EC technique increased rapidly all over the 

world since the middle of the 1990s (Fig. 2.2a). The first year-long study was 

conducted by Wofsy et al. (1993), during which net carbon dioxide 

measurements were taken over a central Massachusetts deciduous forest, 

starting in 1990 (Baldocchi, 2003). From the initial stage of the FLUXNET 

initiative, most of the sites were set above forest ecosystems, followed by 

grassland sites, which sharply increased in the mid-2000s, and a smaller 

number of cropland sites (Fig. 2.2b).  

 

Figure 2.2: Summary of tower sites that are (a–b) registered in FLUXNET. “Registered sites” 

represent sites that have been registered in fluxdata.org, FLUXNET-ORNL, AmeriFlux, ICOS, 

AsiaFlux, OzFlux, or ChinaFlux. Sites are grouped by regions (a) and vegetation classification 

(b). Forest: ENF+DBF+EBF+MF, Grassland: GRA, Cropland: CRO+CVM, Wetland: WET, 

Shrub land: OSH+CSH, Savanna: SAV+WSA, Other: BSV+URB+WAT+SNO. (Figure from 

http://fluxnet.fluxdata.org). 

Most of the datasets contain half-hourly averaged fluxes of carbon dioxide, 

water, heat, and the climatic variables observed during each measurement 

periods. This method has been widely used by ecologists as it allows direct and 

long-term measurements of the exchange rates of GHGs between the surface 

and the atmosphere without ongoing disturbances of the study area. 
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The EC technique is a complex but widely used method to measure fluxes over 

a wide variety of ecosystems and is based on the covariance between the 

vertical wind speed and the gas concentration at the measurement height 

(Burba, 2013; Aubinet et al., 2012). This method is now not only used for 

micrometeorology but is also applied in many other research and industrial 

fields such as climate science, GHGs exchange budgets over many different 

surfaces, agricultural sciences, hydrology, precision agriculture, geological 

carbon storage monitoring, industrial regulatory applications (Burba, 2013) or 

even oceanography (Berg et al., 2003; Koopmans and Berg, 2015). The 

technique is also used for the derivation, verification, and parameterisation of 

global climate models (GCM), complex biogeochemical and ecological models, 

and validation of remote sensing estimates from satellites or aircrafts. 

2.2 Eddy covariance measurements 

2.2.1 Theory of flux calculations 

The air flow in the Earth’s atmospheric boundary layer can be seen in the 

horizontal transport of numerous rotating eddies (turbulent vortices of various 

sizes). Each of these eddies has 3D components that can be measured at the 

level of the eddy covariance tower (Fig. 2.3). The turbulence from the lowest 

layers of the atmosphere is responsible of the transport of heat and various 

gases, such as CO2 and water vapour (Kaimal and Finnigan, 1994).  

The height of the tower above the surface is a critical parameter in the design of 

the experimental setting as the probability of having small eddies close to the 

surface is higher than it is further away from it. Under the same conditions, a 

higher tower measures fluxes originating from further afield, so covering a wider 

source area. While this is interesting because fluxes are averaged over a wider 

area, it also adds extra constraints on the site selection by requiring flux 

uniformity over that larger area (Aubinet et al., 2012). 
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Figure 2.3: Schematic representation of the eddy covariance technique. The sensors are placed 

above the surface of interest on a tower, and the measured flux comes from an upwind area. 

The figure has been modified from Burba (2013). 

A flux is by definition the transport of a scalar (matter or energy) per unit of 

surface (m) and time (s). In the case of eddy covariance technique, the flux of 

the considered gas is given by the covariance between its concentration and 

the vertical wind speed (Fig. 2.4).  

 

Figure 2.4: Theory of flux calculation with the eddy covariance technique (modified from Burba 

(2013)). At a given time (time 1), eddy 1 moves the air parcel c1 downward with the speed w1 

and at the next instant (time 2), at the same point, eddy 2 moves the air parcel c2 upward with 

the speed w2. Each air parcel get its proper characteristics, e.g. gas concentration, 

temperature, humidity, etc., and the eddy covariance technique consists in sampling how many 

gas molecules go downward at time 1 and how many go upward at time 2. 
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At one moment (time 1), eddy number 1 moves air parcel c1 downward with the 

speed w1. At the next moment (time 2) at the same point, eddy number 2 

moves air parcel c2 upward with speed w2. Each air parcel has its own 

characteristics, such as gas concentration, temperature, humidity, etc. If we can 

measure these characteristics and the speed of the vertical air movement, we 

can calculate the vertical upward or downward fluxes. 

The basis of making measurements and interpreting them by the eddy 

covariance technique is the conservation equation (Baldocchi et al., 1988; 

Baldocchi, 2003; Finnigan et al., 2003; Aubinet et al., 2012) which can be 

applied to any scalar or vector quantity and which is given by: 

 

 
                               I             II                 III            IV 

(2.1) 

where  represents the time series of the selected variable,  is the dry air 

density,  is the molecular diffusivity of the variable ,  is the wind speed 

vector,  is the strength of the source/sink term, and  and  represent the 

divergence and Laplacian operators respectively. 

Equation 2.1 is instantaneous and only applies to an infinitesimal volume of air 

(Aubinet et al., 2012). The rate of change of the quantity  (I) is caused by 

atmospheric transport (II), molecular diffusivity (III) or its production by a source 

or absorption by a sink. We are normally interested in the source or absorption 

of a quantity (IV), like CO2 or water vapour, and it can be deduced from the sum 

of the other quantified terms (I–III). 

To be applied to calculate fluxes of CO2 or H2O in the atmospheric boundary 

layer, the variable  in this equation need to be replaced by their respective 

mixing ratios and the variables have to be decomposed into their mean and 

fluctuating parts (Reynolds decomposition). As a result, Equation 2.1 becomes: 

 
(2.2) 
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The source term  is the sum of the rate of change of the mixing ratio, 

advection caused by gradient of , and the divergences in eddy fluxes. 

Application of the eddy covariance theory to estimate fluxes exchanges over 

ecosystems, Equation 2.2 needs to be integrated over a control volume as 

presented in Figure 2.5. 

 

Figure 2.5: Schematic representation of the control volume used to integrate the mass 

conservation equation over a vegetated and homogeneous land surface area (from Finnigan et 

al., 2003). 

Integration of Equation 2.2 and its simplifications are well described in Aubinet 

et al. (2012) and are not repeated in the following. 

 

(2.3) 

          A                      B1                               B2                           C         D  

From Equation 2.3, one can see that the total flux (Fs) above a given surface 

consists of the sum of its four main components: 

 (2.4) 

With Ft, the vertical turbulent flux calculated from EC measurements (D), Fa is 

the flux of advection corresponding to the horizontal (B2) or vertical (B1) non-
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turbulent flow (neglected if the measurement area qualifies with homogeneity 

theory), and Fsto is the storage term (A) of the scalar between the soil and the 

measurement height (hm), which can be neglected if turbulences in the 

atmospheric boundary layer are sufficiently developed. Storage is also likely to 

play a more important role in forest than low-stature grassland systems 

principally due to the typically higher location of measurement towers in forest 

systems and the correspondingly larger volume of air within which gases can be 

stored. 

Finally, the instantaneous turbulent vertical flux of a given scalar is expressed 

as the product of the vertical wind speed component (  by the scalar (  at the 

time t: 

 (2.5) 

The time integration over a period of length T gives the averaged turbulent flux, 

which is calculated as the covariance between the vertical wind speed (w) and 

the considered scalar of interest (ρ). This is made by calculating the mean of 

the product of the fluctuations of w and ρ relative to their respective mean over 

the time period considered and using the Reynolds decomposition of time 

dependant variables: 

 
(2.6) 

The basic equation of the “eddy flux” calculation for the CO2 flux in good 

measurement conditions is: 

 (2.7) 

From which it is possible to derive equations for the turbulent fluxes of sensible 

heat (Equation 2.8), latent heat (Equation 2.9) also called evapotranspiration 

and the flux of CO2 (Equation 2.10). 

 (2.8) 
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 (2.9) 

 (2.10) 

Where  is air density, cp the specific heat of the air, Lv the latent heat of 

vaporisation, and w’, T’, q’, s’ are the fluctuations of vertical wind speed, 

temperature, water vapour mixing ratio, and the mixing ratio of any other 

substance of interest, which in this case is CO2. 

Both the period of integration and the sampling rate are important for capturing 

high and low frequency signals in the turbulences (Burba, 2013). The sampling 

frequency should be at least 10 Hz (1 measurement every 100 ms). 

Corrections factors have also to be applied to EC measurements to take 

account of fluctuations in pressure, temperature, and humidity as they could 

have effects on fluxes (Webb et al., 1980) but they will not be further described 

in this study. 

By using this technique, it is possible to use a single-point measurement to get 

the spatial characteristics (from the surface area designated as the flux 

footprint) of the fluxes of H2O, CO2 and CH4 and other gases from above soil 

and water surfaces, plant canopies, and urban or industrial areas. This could 

use mobile stations or a permanent installation as was used to obtain the data 

for the present study. 

In the present work, the EC tower observations covered an overall footprint area 

of 26 individually managed small paddocks. To relate EC measurements to the 

growth and grazer respiration of specific paddocks, it was therefore necessary 

to relate fluxes observed at the tower to the activity on specific paddocks. EC 

data are measurements of fluxes that are representative from a surface source 

located in the upwind direction relative to the tower location and which is called 

the flux footprint. Several footprint models relying on different theories have 

been developed and reviewed by Vesala et al. (2008) and Schmid (2002): 

 Analytical models 

 Lagrangian-stochastic particle dispersion algorithms 

 Large-eddy simulations 
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 Ensemble-averaged closure models 

The last three categories of footprint models listed above are complex and more 

resource intensive than the first one. Vesala et al. (2008) and Schmid (2002) 

pointed out that analytical footprint models can give erroneous results if the 

assumptions made to derive them are violated during their application. 

Nevertheless, analytical footprint algorithms are the most widely used in eddy 

covariance applications as they can be easily implemented to filter and correct 

fluxes or to scale and validate models. Among them, the Kormann and Meixner 

(2001) model is one of the most widely used and the one that has been used in 

this study (for the Scott Farm site). The characteristics of the footprint are 

affected by measurement height, surface roughness, wind direction, and 

atmospheric thermal stability. Since these quantities are known or can be 

computed from the measurements taken every 30 minutes, the footprint area of 

fluxes can be calculated. 

2.2.2 Experimental set up 

Eddy-covariance measurements require two different fast responding sensors:  

 A three dimensional sonic anemometer to measure the three space 

component (u, v and w) of the wind speed and the sonic temperature. 

 An Infrared Gas Analyser (IRGA) to measure the molar concentration of 

a scalar present in the atmosphere. 

These two sensors must be placed close to each other in order to minimise 

reading/screening errors in measurements as it is critically important to match 

eddies with the quantities being moved and that cannot be done unless 

measurement are made at the same time and space. 

Two technologies of IRGA are available but, most of the time, an open-path 

IRGA is preferred because it has the advantage of making the measurements 

directly in the atmosphere close to the sonic anemometer, which makes it 

easier to synchronise the relevant measurements. It also has very low power 

consumption but this can lead to unreliable readings under certain 

meteorological conditions (e.g. rainfall or fog events). The alternative type is a 
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closed system that operates at a distance from the sampling point with air 

drawn in through pipes to the IRGA. This has the advantage of giving better and 

more stable readings under most climatic and turbulence conditions; however, it 

creates a delay between the quantities measured by the two sensors and an 

attenuation of the high frequency signal and measurements need to be 

corrected for that. 

In addition to these two devices, some other conventional/slow response 

meteorological sensors are needed to make the required corrections to flux 

measurements, enable the use of gap filling algorithms, and be used to run 

models. 

There is no one, single methodology to make EC measurements and different 

research groups use different data processing tools and experimental designs 

to answer specific questions (Burba, 2013). 

2.2.3 What do we measure over land ecosystems? 

The most common data available from an EC tower are 30-minute averaged net 

ecosystem exchange (NEE) and evapotranspiration (ET) that is the sum of 

surface evaporation and vegetation transpiration. 

Atmospheric scientists typically use the convention of describing net ecosystem 

exchange with positive values when the flux goes from the ecosystem to the 

atmosphere (such as for respiration) and negative values for fluxes from the 

atmosphere to the ecosystem (such as for photosynthesis). Ecophysiologists, 

however, prefer the opposite convention and describe ecosystem uptake with 

positive values, often designated as the net ecosystem productivity (NEP). This 

terminology is used below, with positive values implying carbon uptake by the 

ecosystem. NEP is considered to be more appropriate for our study where we 

are ultimately interested in net changes in SOM so that, as for gross primary 

production (GPP), a positive sign is related to a carbon gain/accumulation in the 

studied system. 

Figure 2.6 gives a schematic representation of the different components of the 

measured NEP. In the context of describing the different fluxes of carbon into 

and out of ecosystems, the uptake of carbon dioxide through the process of 
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photosynthesis is typically called GPP of an ecosystem (Ciais et al., 2010). 

Autotrophic respiration (Ra) corresponds to the consumption of photo-

assimilates for the synthesis of new plant tissues and the maintenance of living 

ones. About fifty percent of photo-assimilates coming from photosynthesis is 

typically consumed and lost from the ecosystem in this process (Luyssaert et 

al., 2007b). The difference between the amounts of carbon fixed by 

photosynthesis and that lost by autotrophic respiration is called the net primary 

production (NPP). 

 
Figure 2.6: Diagram of the principal component of CO2 fluxes over a dairy pasture, adapted 

from Gifford (2003) to take account of the respiration rate from grazing cattle. 

The net ecosystem productivity is calculated (see Equation 2.11) as the 

difference between the gross primary production (GPP) and the total ecosystem 

respiration (ER): 
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 (2.11) 

Soil carbon content can change when there is an imbalance between C inputs 

(photosynthesis and feed imports) and C outputs (plant, soil and cattle 

respiration, product exports, methane emission, leaching, and erosion) 

(Amundson 2001). Measurements made using eddy covariance have the 

advantage that they continuously track small carbon fluxes at a high frequency 

and without interfering in the normal functioning of the system (Baldocchi, 

2003). 

From these measurements, CO2-C budgets can be calculated on time scales 

ranging from hours to several years. Most of the other C fluxes can be 

quantified reasonably accurately from farm records (e.g. milk and meat 

production, and imported and exported supplementary feed). Losses of C in 

methane can be reasonably estimated as a fixed fraction of feed intake that can 

be obtained from the literature. Leaching and erosion losses must be specified 

for each study site. And by accounting for all carbon fluxes in or outgoing from 

the farm, a full carbon budget for pastoral systems can be quantified (Mudge et 

al., 2011; Rutledge et al., 2015; Hunt et al., 2016). 

Micrometeorological (EC) techniques measure NEP and heat fluxes over land 

ecosystems, and it is important to note for the work presented in the following 

chapters of this study that GPP and ER cannot be directly measured but must 

be derived from a model based on a site NEP observations (Reichstein et al., 

2005). The Reichstein et al. (2005) gap-filling and flux partitioning procedure is 

described in Chapter 5.2.2. 

2.3 Uses of EC data with ecosystem models 

Eddy covariance technique allows the collection of a large and continuous 

quantity of carbon, water, and energy flux data with no major disturbance of the 

ecosystem after the initial set up of the tower. 

Measures of fluxes over land surfaces have been used in combination with 

models to serve two main objectives: 
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1) Derive direct relationships between ecosystem processes and 

meteorological drivers such as light use efficiency models (Yuan et al., 

2007) 

2) Optimise model parameters and validate model simulations (Medlyn et 

al., 2005; Santaren et al., 2007; Kirschbaum et al., 2015; Collalti et al., 

2016) 

In both cases, the information obtained through eddy covariance measurements 

helped either to derive accurate relationships or to greatly improve the 

simulations of ecosystem models. 

Model/data agreement is affected by the quality of the measured fluxes (Kramer 

et al., 2002) as observations could potentially contain systematic and random 

errors (Wofsy et al., 1993; Aubinet et al., 2000; Wilson et al., 2002) as well as 

uncertainties in gap filled fluxes (Falge et al., 2001). Falge et al. (2001) studied 

the potential effect of errors related to eddy covariance flux measurements, and 

found that the processes included in the model also have to be representative 

of what happens in the studied ecosystem. For example, if the photosynthesis 

routine is not well implemented, and does not include some important limitation 

terms, the agreement between model output and data will be poor. This can 

easily happen in the field if parameter sets or equations are used that are not 

valid for the circumstances (Kramer et al., 2002; Ciais et al., 2013). 

2.4 Description of the CenW 4.1 (daily) model 

This section describes the simulation of some important processes in the CenW 

4.1 model. It includes several processes except the carbon assimilation and 

energy budget procedures, which are each described in detail in subsequent 

dedicated sections. A very brief overview of the model has already been given 

in Chapter 1 of this thesis. 

2.4.1 General overview of the model 

The CenW (carbon, energy, nutrients, and water) model was first designed to 

study Pinus radiata plantations in Australia (Kirschbaum, 1999). The model is 
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mechanistic, runs with a daily time step, and combines important flows of 

carbon, nutrients (nitrogen and/or phosphorus), and water between the 

ecosystem and the external environment (Fig. 2.7). The initial sets of equations 

used in the model were published in Kirschbaum (1999) and Kirschbaum 

(2000). Additional routines were added to the model over the following years, 

and some of the original routines were modified. These modifications have 

continued up to the present day. For example, Kirschbaum and Paul (2002) 

modified the original formulation of the soil-organic matter module to incorporate 

new litter pools. They also modified the controls on nitrogen pools and fluxes 

and re-formulated the temperature and moisture modifiers of SOM 

decomposition rates. The latest changes made to the source code of CenW 

were done in the modelling study of the Scott farm study site, which is a grazed 

dairy pasture described in Chapter 5 of this thesis and which were reported in 

Kirschbaum et al. (2015) 

 

Figure 2.7: General overview of CenW showing the basic structure of the model (extracted from 

Kirschbaum, 1999). 

The model is complex and can be used over several land use types such as 

forests (Kirschbaum et al., 2007; Kirschbaum and Watt, 2011) or grasslands 

(Kirschbaum et al., 2003; Kirschbaum et al., 2015). It can also incorporate 

diverse farming practice options as well as the possibility to modify climatic 
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background conditions on set dates. The current version of the daily model is 

CenW 4.1 and is available in a compiled form from http://www.kirschbaum.id.au/ 

Welcome_Page.htm with a detailed description of the equations used in the 

model and its source code. 

The following presents only details of selected procedures that are relevant for 

the present study. 

2.4.2 Autotrophic and heterotrophic respiration 

 Autotrophic respiration 2.4.2.1

Autotrophic respiration (Ra) represents the respiration of previously fixed carbon 

by plants as part of their internal metabolism. It is generally accepted that only 

30 to 50% of carbon fixed by photosynthesis is embedded by plants building the 

growth of new tissues, with the remainder lost as autotrophic respiration to 

maintain existing tissues, such as leaves, roots, stems and wood and to meet 

the metabolic requirements needed to grow new tissues (Luyssaert et al., 

2007a; Litton et al., 2007). 

In CenW, two options are available to simulate autotrophic respiration: 1) as a 

fixed fraction of the newly fixed carbon is respired; 2) with Ra calculated as the 

sum of growth (Rg) and maintenance respiration (Rm). The first option is more 

empirical and requires fewer parameters, while the second is more mechanistic 

as it splits respiration into its component processes that are differentially 

affected by external and internal factors. 

Growth respiration can be interpreted as the amount of carbon consumed by 

the plant to build new tissues and is calculated as: 

 (2.12) 

Where ‘i’ is a counter to refer to all the different plant organs,  is an 

empirical term used to calculate the amount of C lost in growth respiration per 
unit of new growth, and Gi is the new carbon growth of the different plant 

organs. 
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In the latest version of the model, a new term was added to account for the 

reduction of the growth during periods of water limitation (see Kirschbaum et al., 

2015, for details). 

Maintenance respiration represents the amount of CO2 produced in the 

maintenance of existing plant tissues and is given by Equation 2.13: 

 (2.13) 

where ‘i’ is a counter to refer to all the different plant organs, is an 

empirical term that gives the daily respiration rate per unit of nitrogen at 25°C, 

 is the short-term temperature response that is calculated following 

Equation 2.14, Rb is the base rate of respiration, and Ni represents the nitrogen 

content of each plant component: 

 (2.14) 

where  is the daily mean temperature,  is the temperature for 

maximum respiration rate, ‘a’ is a term used to calculate the absolute rate of the 

function that is set to a value so that the function is normalised to ‘1’ at 25 °C, 

and ‘b’ is a parameter used in combination with  to determine the 

temperature dependency of Rm. 

In addition to the short-term effect of temperature given above, acclimation 

tends to occur in the longer term and can cause the temperature response of 

the respiration rate to become invariant with temperature (Gifford, 1995). To 
account for this modification of Rm, the base respiration rate (Rb) is modified 

according to Equation 2.15: 

 

(2.15) 

where  (days) is the time constant for the acclimation of the temperature 

response of the respiration rate. 
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 Heterotrophic respiration 2.4.2.2

Decomposition of SOM releases CO2 to the atmosphere as soil micro-

organisms feed on soil organic matter. In CenW, heterotrophic respiration is 

modelled following the formulation of the CENTURY model from Parton et al. 

(1987) with further refinements described in Kirschbaum (1999) and 

Kirschbaum and Paul (2002). This soil organic carbon loss represents a flux 

that should be taken into account in the simulation of NEP and is an important 

factor controlling stocks of carbon in the soil. 

Figure 2.8 shows a schematic representation of the carbon and nitrogen pools 

and flows as they are implemented in CenW 4.1. The model uses 4 litter pools 

for above-ground biomass (metabolic, structural, fine wood, and coarse wood), 

three for roots (metabolic, structural, and coarse wood) and three SOM pools 

(active, slow, and resistant), each with their own decomposition rate. CenW also 

uses a multilayer soil profile (users specify the number and depth of layers and 

their physical properties) so that the same scheme presented in Figure 2.8 is 

repeated for each soil layer. 

For the simulation of pasture systems, not all these pools were used as some of 

them are only relevant for forest systems where there is woody material. 

After the senescence of foliage or fine roots, the carbon from plant dead 

material is partitioned between the metabolic and structural pools based on the 

lignin:N ratio of the plant residues (Equation 2.16) according to Parton et al. 

(1987): 

 (2.16) 

Where fm represents the fraction of fresh litter classified as metabolic litter and 

which is a linear function of the respective concentrations of lignin  and 

nitrogen  in the residue. The fraction classified as structural litter (fs) is simply 

given by: fs=1-fm. 



37 

It is assumed that the structural litter pools have a slower decay rate than the 

metabolic ones. All lignin material from residues is transferred to the structural 

pool. 

Microbial decomposition rates of all litter pools in the model are modified by 

multiplicative functions that take into account soil moisture and temperature: 

 (2.17) 

where Dl is the decomposition rate for litter pools, k is a basic rate constant,  

and  are the temperature and moisture modifiers respectively, δ is a constant 

parameter (δ=5) and Ls is the lignin content of the structural litter pools 

(metabolic litter pools do not contain lignin and so the exponential term is not 

used for the metabolic litter pools). 

As we see in Figure 2.8, the model has three soil organic matter pools. 

Metabolic litter is transferred only to the active pool, while structural litter goes in 

the active and slow pools. SOM pools also transfer a fraction of their carbon to 

other pools as they decompose, while another fraction is lost in respiration. The 

flows described above for carbon are also valid for nitrogen and are controlled 

by the calculated carbon fluxes and the C:N ratio of the originating pools or 

fresh litter materials (Kirschbaum and Paul, 2002). 

Heterotrophic respiration is given by the sum of all the CO2 losses from the 

decomposition of organic matter from all transitions and across all soil layers. 

In grazed systems, however, the measured heterotrophic respiratory flux 

originates not only from the decomposition of soil organic matter, but cattle can 

also respire large amounts of CO2 during each grazing event. The grazing 

routine implemented in CenW is described in the following (Section 2.4.3.2); it is 

assumed that 50% of the feed ingested by dairy cows is directly returned to the 

atmosphere through the animals’ respiration and 5% as methane (Kirschbaum 

et al., 2015). 

Also, a new ‘dead foliage’ pool was added in the latest version of the model 

(Kirschbaum et al., 2015). After leaves have died, they either directly fall onto 

the ground surface where they became part of the surface litter pool or they 
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remain standing, from where they decompose standing if the vegetation is wet 

or are transferred to the litter pool after some time or because of cattle 

trampling. Dead leaves account for interception of light and rainfall without 

being physiologically active, i.e. without contributing photosynthetic carbon gain, 

respiratory carbon loss or transpirational water loss. 

 

Figure 2.8: Schematic diagram of the pools and flows of carbon and nitrogen in CenW (adapted 

from Kirschbaum and Paul, 2002). Flows between pools involve transfers of both C and N. 

Transfers between pools are accompanied by respiratory losses of C indicated by short arrows 

not leading to other boxes. There are additional flows involving only N, indicated by ‘N’ on the 

arrows. These are flows to and from the pool of mineral N and direct mycorrhizal N uptake by 

plants. Red arrows and pools are present in the daily and half-hourly models but are not used 

for pastures systems. 

The rate of change in the dead foliage pool (  is given by: 

      if foliage is wet 

                                      if foliage is dry 

(2.18) 
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where Ld is the pool of dead foliage,  is the daily fraction of dead foliage 

returned to the surface,  is the decomposition rate constant for this pool,  is 

the fraction of lignin present in foliage and  is the same function that 

describes the temperature response of organic matter decomposition. 

2.4.3 Farm management options included in the model 

 Fertiliser applications 2.4.3.1

Nitrogen fertiliser is widely used on dairy pastures in New Zealand to maintain 

grass and milk production at high levels. In the model, applied fertiliser is 

assumed not to enter the soil solution immediately, but rather to remain in a dry 

or solid form for some days. The driving variable of fertiliser release is the water 

content of the first layer of soil, and it is assumed that all applied fertiliser is 

deposited on top of the soil. When the soil is wet with a water content exceeding 

half the maximum water content of the first soil layer, fertiliser then gradually 

becomes available for plant uptake or leaching in mineral forms. The model 

makes no distinction between the nitrate ( ) and ammonium ( ) forms. 

The daily release rate of N fertiliser, given in kgN ha–1 d–1, is controlled by a 

parameter in the model. Following fertiliser release, nitrogen is transferred into 

the mineral N pool (Fig. 2.8), from where it is available for plant uptake. 

It is possible to specify the date of fertiliser applications, the amount applied 

during each application, and the percentage lost by volatilisation. Detailed and 

paddock-specific fertiliser application rates were not available for the study site. 

For the model runs made during this study, the same amounts and timings of N 

applications had to be specified for all the different paddocks. 

 Grazing 2.4.3.2

The grazing routines used in CenW 4.1 have been described in Kirschbaum et 

al. (2015). However, as it is an important feature of the model to simulate 

grazed grasslands, important key information is provided below. 

Two options are available to take into account the effect of grazing cattle in the 

simulations: 
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1) Setting the timing and intensity of grazing events according to farm 

records 

2) Using an automatic grazing routine 

The first method can be used if information about grazing events has been 

recorded and is available to run the model (as it was for the runs at Scott Farm 

– see Kirschbaum et al., 2015). The second method can be used to run 

scenarios under changing conditions as users do not need to specify the timing 

of grazing events, and gazing frequency can be automatically adjusted to 

changing feed availability in response to change in any externally imposed 

conditions (Kirschbaum et al., 2017). 

If method 1 is used during every grazing event specified by the user, the model 

assumes that cattle consumed a fixed proportion of above-ground biomass (Pal 

et al., 2012). This proportion is a model parameter that has been fixed to 55% 

both in Kirschbaum et al. (2015) and in this study. If grazing was spread over 

several consecutive days, amounts of feed ingested on individual days were 

adjusted to add to a total of 55% of foliage consumed over the consecutive 

days. We further assumed that if feed is ingested by dairy cows, 50% is lost 

through respiration (Zeeman et al., 2010), 5% is emitted as methane, 18% is 

exported as milk solids (Soussana et al., 2010), and 27% is returned to the 

paddocks as dung and urine. It was also assumed that cows neither gained nor 

lost weight so that weight changes by animals did not have to be included in the 

carbon budget of the paddocks. 

The second method assumed the same partitioning of carbon during grazing 

events. However, instead of specifying the discreet timing of grazing events, 

users have to specify an upper above-ground biomass threshold that starts 

grazing and a lower threshold down to which level the animals graze the 

pasture. 

In both methods to simulate grazing events in the model, the percentages used 

in the partitioning of the ingested carbon can be changed if needed. The values 

given in the text above were used in CenW 4.1 (Kirschbaum et al., 2015, 2017) 
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and were not changed for the half-hourly version of the model (CenW_HH) that 

was developed and used in this study. 

Animals also received extra supplemental feed on the different paddocks, and 

excess available feed was sometimes removed in harvests. These extra gains 

and losses of carbon and nutrients were also specified, when appropriate, to 

complete a full site carbon budget. 
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3.1 Introduction 

To grow and support their metabolic activities, plants fix inorganic carbon (CO2) 

from the atmosphere and transform it into sugars through biochemical reactions 

using solar irradiance as energy: the process of photosynthesis. At a global 

scale, photosynthesis is the principal flux of CO2-C from the atmosphere to 

ecosystems that drives the growth of vegetation (primary carbon). The grazing 

or death of vegetation provides energy to macro-, meso- and micro-fauna and 

flora responsible for biochemical transformations of carbon compounds 

(secondary carbon) in the terrestrial environment  

Accurate simulation of photosynthesis is a key process in the modelling of net 

greenhouse gas emissions, and, more particularly, CO2 flux, because it is the 

main pathway of carbon from the atmosphere to the vegetation and ultimately to 

the soil (Dietze, 2014). Undecomposed primary or secondary carbon 

compounds in standing dead vegetation and soil provide a C pool that can be 

increased to mitigate the rise of atmospheric CO2 concentrations. Carbon and 

water fluxes over agricultural lands are also strongly affected by vegetation 

cover, farming practices and climatic conditions. The need for accurate 

predictions of carbon assimilation rate in response to different plant growth, 

management, and climatic conditions has led to the development of 

photosynthesis models able to deal with all these important factors (Bernacchi 

et al., 2013). 

Currently, CenW version 4.1 (Kirschbaum et al., 2015) is a daily time-step 

ecosystem model that incorporates modules for the simulation of gas exchange 

and growth of vegetation (photosynthesis, stomatal conductance, allocation), a 

SOM module derived from the CENTURY model (Parton et al., 1987), nutrient 

cycling of N and P, a multilayer soil water content (simple bucket) module, and 

farm management routines that include ploughing, fertiliser and irrigation 

application, and a grazing routine. The model has been widely tested on forests 

and to a lesser extent on pastures. However, recently the CenW model has 

been applied with success to a grazed pasture study site (Kirschbaum et al., 

2015) at Scott Farm, Waikato, New Zealand. 
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The overall aim of this chapter is to present and test different leaf 

photosynthesis models and upscaling methods to the canopy level. Such 

detailed models and methods are required as sub-routines in ecosystem 

models if one wants to use half-hourly net ecosystem CO2-C flux measured 

using eddy covariance techniques to validate or parameterise them or to make 

direct comparisons between modelled and observed fluxes. 

The first part of the following study is dedicated to the description of leaf and 

canopy photosynthesis routines and the second part to the comparison of 

modelled and EC-derived GPP using the different models available that were 

implemented in CenW_HH, hereafter the name of the new version of the CenW 

model running at a half hourly time step developed in this thesis. 

3.2 Description of some photosynthesis models 

3.2.1 Modelling plant carbon assimilation rates 

The accurate simulation of carbon assimilation rate is critical for studying the 

long-term behaviour of an ecosystem in response to climatic and plant-

physiological conditions. The carbon assimilation procedure present in CenW 

4.1 gives the daily canopy photosynthesis according to a set of integrated 

formulas. Strong assumptions were embedded in these formulas to allow 

calculation of nonlinear and coupled equations (Sands, 1995b), in which a non-

rectangular hyperbolic curve was used to calculate the daily canopy carbon 

assimilation rate in response to solar radiation. A detailed description of the 

Sands (1995b) photosynthesis model is given in Section 3.2.2, and of light 

response curves using non-rectangular hyperbolic curve in Section 3.2.3.2. 

In order to change the running time step of CenW to allow direct comparisons 

between modelled and measured carbon and water fluxes, different 

formulations of leaf photosynthesis models and canopy integration schemes 

have been tested. Data were collected half hourly with an eddy covariance 

system, over a dairy farm in the Waikato region of New Zealand (see Chapter 5 

for the data/model comparison) for 2 years. Carbon assimilation is an important 

part of the model as it controls the amount of carbon fixed by the vegetation and 
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so its growth. This study of different leaf photosynthesis models and upscaling 

from the leaf level to the canopy scale was made with the overall aim of finding 

a good compromise between accuracy and complexity.  

Over the years, several formulations with different complexity and time 

integration have been used to simulate reliable carbon assimilation rates. 

Detailed reviews and comparisons of various photosynthesis models with a 

complete description of some of the most-widely used ones have already been 

given elsewhere (Zheng et al., 2012; Bernacchi et al., 2013; Wang et al., 2015).  

Zheng et al. (2012) used six popular leaf photosynthesis models, e.g. Non-

rectangular hyperbolic model, Rectangular hyperbolic model, Bassman 

exponential model, Prado exponential model, Binomial regression model, and 

Rectangular hyperbolic correction model, and compared them against gas 

exchange measurements at the leaf and canopy scale by using a simple “big-

leaf” integration scheme. They found that after independent parameterisation of 

light response curves (A/PPFD) of each leaf photosynthesis model, most of 

them were able to achieve good agreement with observations with. However, 

they found different values for parameters that should be thought to be equal 

between model formulation as they are linked to biophysical processes, like the 

maximum rate of photosynthesis (Amax).  

Bernacchi et al. (2013) reviewed the development of the mechanistic 

photosynthesis model of Farquhar et al. (1980) at the leaf and canopy scale and 

highlighted the need for its proper parameterisation as most of the parameters 

are highly temperature dependent. They also highlighted that uncertainties in 

parameter values for different C3 species could lead to significant error in the 

modelled rates of photosynthesis. 

Wang et al. (2015) compared agreements of two photosynthesis models with 

eddy covariance measurements made over an alpine meadow in China. In their 

study, they used a simple, linear light use efficiency (LUE) model and the 

detailed biochemical leaf photosynthesis model from Farquhar et al. (1980) 

upscaled with a “big-leaf” scheme. They found that after individual 

parameterisation of both models on the same dataset, they were able to 
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reproduce observations accurately but with a better fit and predictive power for 

the more detailed mechanistic model from Farquhar et al. (1980). 

As stated above, many different routines to simulate photosynthesis have been 

developed with different levels of complexity. The first model tested was the 

mechanistic biochemical model for leaves of C3 plants that was proposed by 

Farquhar et al. (1980), hereafter called the FvCB model, from the initials of the 

authors of this study. This leaf photosynthesis model was chosen because it 

constitutes the basis of many ecosystem models and has been used in many 

modelling studies over the last 30 years. The FvCB model has been found to be 

a useful tool to study the changes in carbon assimilation rates over a wide 

range of climatic conditions and plant types (trees, crops, pastures). It was 

designed to give the steady-state CO2 assimilation rate at the leaf level and its 

mechanistic basis made it also reliable in long-term studies, including the 

response to anthropogenically induced climate change (Solomon et al., 2007).  

However, in order to make realistic runs the FvCB routine needs a large number 

of parameters to be set properly. Most of these parameters are species and/or 

site dependent and have to be calibrated against photosynthesis response 

curves to light, temperature and plant-physiological conditions. Response 

curves can be measured in the field with a portable infrared gas analyser or 

chambers (although these kinds of measurements were not available for the 

Scott farm study site) or by using parameters from the literature. Strong 

relationships can be found between the nitrogen content of leaves and their 

photosynthetic capacity (Evans, 1989; Kattge et al., 2009; Bernacchi et al., 

2013; Walker et al., 2014), and several formulations have been used to simulate 

the response of photosynthetic capacity to leaf nitrogen content. In intensively 

managed dairy farms, substantial amounts of N fertiliser are applied to pastures 

to maximise plant growth with the overall aim to maintain or increase milk 

production and pastures were not expected to experience severe nutrient 

limitations over a long time period. Also CenW incorporate a detailed nitrogen 

cycling procedure (Chapter 2.4) that was used in the overall simulation of the 

pasture system. 
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Another modelling approach tested here was the use of non-rectangular 

hyperbolic (NRHC) or rectangular hyperbolic curves (RHC). These methods 

have been used in various previous studies, and it was assumed they could 

give an excellent phenomenological description of leaf photosynthesis (Hirose 

and Werger, 1987; Thornley and Cannell, 1997; Thornley, 1998, 2002; Johnson 

et al., 2010; Zheng et al., 2012) with fewer parameters than the FvCB model. 

In order to assess the carbon assimilation rate at the canopy scale it is 

necessary to use integration or upscaling schemes like big leaf, sun/shade 

where contributions of sunlight and shaded leaves are simulated independently 

and summed to get the whole canopy carbon assimilation, or multilayer 

schemes. It is also possible to use integrated equations like the daily Sands 

model (Sands, 1995b) or the 30-minutes Thornley model (Thornley, 2002), 

which are described in detail in the following sections. 

3.2.2 The daily canopy photosynthesis routine: Sands model 

In CenW 4.1, daily canopy net CO2 assimilation rate (Ac) is calculated according 

to Sands (1995) by solving analytically the integral of Equation 3.1 by making 

constraining mathematical assumptions and simplifications listed below: 

 (3.1) 

where Ac is the daily canopy assimilation rate (mol m–2 d–1), A represents the 

instantaneous single leaf photosynthesis (μmol m–2 s–1), x, y and z are the 

coordinates of the leaf in the canopy, and t is the integration interval (day). 

The 5 principal assumptions making these calculations possible are: 

1) The single leaf light response is hyperbolic and the single leaf 

photosynthetic rate (A) is the solution of a non-rectangular hyperbolic 

curve (Equation 3.2): 

 (3.2) 
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where  (μmol PAR m-2 s-1) is the PPFD incident upon the leaf,  is the light 

saturated rate of photosynthesis, α is the quantum efficiency, and θ is a 

curvature parameter. 

It is important to note that the three parameters ( ) of the above 

equation (Equation 3.2) are not constant among C3 plant species and are also 

modified through changes in environmental factors such as solar radiation, 

temperature, nutrient availability and soil and plant water status. It is through 

these variables that both instantaneous and daily canopy photosynthetic rates 

can be modified to respond to local conditions. Among them, solar radiation is 

certainly the most important variable because plants use this energy to 
assimilate CO2 from the atmosphere and transform it into sugars. Amax is 

particularly sensitive to all the variables listed above while  and  are generally 

not modified by microclimatic conditions or water stress but are rather kept 

constant among plant species. 

2) The canopy is horizontally homogeneous but vertically heterogeneous. 

These assumptions allow the simplification of Equation 3.1 because the 

integral becomes independent of two spatial variables and integration is 

only needed over the depth of the canopy, which can be based on using 

the leaf area index accumulated from the top of the stand downwards 

(LAIcum). 

The radiation in the canopy is assumed to follow Beer’s law. In this case, it is 

assumed that the PPFD incident upon an horizontal leaf surface at a depth L in 

the canopy is given by Equation 3.3: 

 (3.3) 

where  (μmol PAR m–2 s-1) is the PPFD above the canopy, kb is the extinction 

coefficient, m is the leaf transmission coefficient and LAIcum is the cumulated leaf 

area index above the considered leaf. 
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3)  is proportional to the ratio of the local PPFD in the canopy and the 

full sun PPFD, which corresponds to the incident PPFD above the 

canopy without attenuation by the leaves in the canopy.  

This is a mathematical consequence of an assumed optimal vertical distribution 

of leaf nitrogen concentration within the canopy. Optimal photosynthesis is 

achieved when leaf nitrogen is distributed vertically in such a way that Amax is 

proportional to local PPFD (Leuning et al., 1995; Sands, 1995a; dePury and 

Farquhar, 1997). The variables α and θ are independent of leaf N concentration 

or their position in the canopy (Sands, 1995a). 

4) The incoming radiation (PPFD) above the canopy is described as a 

sinusoidal function of the time of day (Equation 3.4): 

 
(3.4) 

where Q (MJ m–2 d–1) is the total daily irradiance above the canopy, h (s d–1) is 

day length, γ (μmol PPFD MJ–1) is used to convert total daily irradiance into 

PPFD and t is the time of day in seconds. 

5) Photosynthetic parameters are assumed not to vary diurnally. This 
assumption is used even though it is known that Amax has a strong 

dependence on temperature and, consequently, it should vary with 

diurnal variations of temperature. The Sands model kept Amax constant to 

allow a computationally efficient modelling of daily photosynthesis with a 

single set of equations. To solve the integral (Equation 3.1), Sands made 

the approximation that this parameter does not vary diurnally but is 

modified by mean daily temperature. 

By making these assumptions, Sands was able to derive a set of equations 

from which it is possible to compute daily canopy photosynthesis from single-

leaf photosynthetic parameters and daily incident radiation (Equation 3.5): 
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(3.5) 

where  is the total green leaf area index and g(q,θ) is a complex function 

that allows the assimilation rate to be calculated based on total daily radiation 

and single-leaf photosynthetic parameters, which is expressed as: 

 (3.6) 

where  and  are empirical functions depending only on θ, gr is a single leaf 

rectangular hyperbolic response curve, and gb is a Blackman single leaf 

response curve.  

 (3.7) 

with  are constants given in Sands 

(1995b). 

 (3.8) 

where b is a parameter which is taken equal to 1.38 (Sands, 1995b): 

 

(3.9) 

Sands (1995) used normalised radiation (q), which is derived according to 

Equation 3.10: 

 (3.10) 

with parameters as given above. 
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Sands (1995b) proposed to use a parabolic response to temperature derived 

from field observations: 

 
(3.11) 

where Aopt is the rate of photosynthesis at optimum temperature, T is the 

daylight averaged temperature, Topt is the temperature at which Amax is the 

maximum rate of photosynthesis, and t1/2 is the change in temperature from Topt, 

which reduces Amax to half the optimum. 

In CenW (Kirschbaum, 1994), a more detailed and realistic parameterisation for 
the calculation of Amax is implemented that is related to the FvCB model 

formulations and thereby also includes the effect of changing CO2 

concentrations: 

 (3.12) 

where AVj is the rate of RuBP regeneration or photosynthesis with non-limiting 

CO2 concentration,  is the intercellular CO2 concentration, and Γ* is the CO2 

compensation point without non-photorespiratory respiration. The temperature 

dependence of the maximum rate of photosynthesis is given by a hump function 

(Equation 3.13): 

 

(3.13) 

where Tn and Tx are the minimum and maximum temperatures that allow any 

photosynthesis to occur,  and  are lower and upper temperature 
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bounds that allow optimum photosynthetic rates, and  is mean daily 

temperature. 

The optimum photosynthetic rate ( ) depends on several limiting factors that 

are taken into account in the whole model (Equation 3.14):  

 (3.14) 

Where fd is a temperature damage term, Ax is the highest photosynthetic rate for 

the considered species under optimum conditions,  is a water-stress 

limitation parameter, and  is a leaf nitrogen content limitation parameter. 

In the model, it is assumed that plants can be damaged by either cold (frost) if 

minimum temperatures fall below a threshold value or by heat (scorch) if 

maximum temperatures increase above a threshold. These damages are 

counted cumulatively and parameters determine the temperature sensitivity of 

plants to frost and scorch damage and so, by how much photosynthesis rate is 

inhibited and the time needed for the vegetation to recover after the damage 

they experienced. 

Because the photosynthetic capacity of leaves depends highly on their nitrogen 

content, the maximum rate of photosynthesis is achieved when there is no 

nitrogen shortage (Nlim = 1) and is reduced as the nitrogen content of leaves 

diminishes (Evans and Terashima, 1987; Evans, 1989; Verhoeven et al., 1997). 

These limitation terms are included in the simulations because they have an 

important role to play in reducing assimilation rates under some environmental 

stresses. 

This procedure was described here because it is included in the daily version of 

the model (CenW version 4.1) and had to be modified to allow the new version 

of the model to run with a shorter time interval, identical to eddy covariance 

observations taken half-hourly. In the following, different instantaneous leaf 

photosynthesis routines and upscaling schemes at the canopy scale are 

described and tested. 
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3.2.3 Leaf photosynthesis modelling theory 

 Description of the FvCB model 3.2.3.1

In the early stages of photosynthesis research, researchers identified three 

metabolic pathways that regulate net leaf carbon dioxide fixation and which 

happen concurrently: photosynthesis, PS, which is the uptake of carbon from 

the atmosphere and photorespiration, PR, and non-photorespiratory respiratory 

losses that release carbon to the atmosphere. PS and PR are catalysed by the 

same enzyme in a competitive manner based on the relative concentrations of 

CO2 and oxygen, and the relevant biochemical constants that are themselves 

strong functions of temperature (Farquhar et al., 1980; Von Caemmerer, 2000; 

Bernacchi et al., 2013). The stoichiometry of photorespiration means that for 

two oxygenation reactions of Rubisco only one molecule of CO2 is released. 

The central equation of the model giving the carbon assimilation rate of a leaf 

(Equation 3.15) can therefore be written as: 

 (3.15) 

where Vc (μmol CO2 m–2 s–1) is the rate of carboxylation by Rubisco, Vo (μmol O2 

m–2 s–1) is the rate of oxygenation by Rubisco and Rd (μmol CO2 m–2 s–1) is the 

rate of day respiration. 

Because the carboxylation and oxygenation reactions share the same active 

site on Rubisco, Equation 3.15 can be expressed as: 

 (3.16) 

where Ci is the intercellular concentration of CO2 (μmol mol–1) and the term 

*(μmol mol–1) is the photosynthetic CO2 compensation point in the absence of 

non-photorespiratory respiration, which represents the concentration at which 

photosynthetic carbon uptake is equal to photorespiratory CO2 release, or in 

other words, when the net rate of carbon assimilation equates to the rate of 

non-photorespiratory respiration. 
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For response curves, the intracellular CO2 concentration is set to 270 ppm but 

in the overall CenW_HH model it is calculated iteratively to ensure the coupling 
of photosynthesis and water flux through stomatal conductance. At first Ci is set 

to a fixed value of 0.7 times the atmospheric CO2 concentration (fixed at 380 

ppm) then it is recalculated according to climatic conditions and plant stress 

factors until convergence is achieved (Collatz et al., 1991). Usually, less than 

five iterations are required to achieve convergence. 

In Equation 3.16, the term  represents a convenient simple form to express 

the relative catalytic activity of the competing oxygenation and carboxylation 

reactions at the active site of Rubisco determined by the combined effect of the 

relevant biochemical constants. Together, they determine the amount of CO2 

fixed by photosynthesis and that released by photo-respiration. 

The carboxylation rate (Vc), in Equation 3.16, is limited by three different 

processes: 

1) Rubisco (Wc): assimilation rate is limited by the kinetic properties of 

Rubisco, which generally occurs under high irradiance and high 

temperatures. 

2) RuBP regeneration or transport of electrons across the electron transfer 
chain (Wj): limitation comes from the transport of electrons across the 

electron transfer chain and principally occurs at low radiation levels or 

low temperatures. 
3) The rate of triose phosphate utilization (Wp): it results from a shortage of 

inorganic phosphorus, which leads to a reduction in the available ATP 

involved in the Calvin cycle and a decrease of the assimilation rate 

(Sharkey et al., 1986; Wullschleger, 1993). This limitation generally does 

not occur in cultivated lands as fertility is managed to prevent nutrient 

shortages. Moreover, it mainly plays a role under high radiation levels 

and generally only plays a small role compared with limitations by 

Rubisco kinetics or RuBP regeneration. This rate is often ignored in most 

ecosystem models because it is hard to differentiate TPU-limited from 
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RuBP-limited rates of C assimilation and only few studies published 

temperature functions (Harley et al., 1992; Bernacchi et al. 2013). 

The FvCB model has been well described in literature (Farquhar et al. 1980; 

Collatz et al.1991; Von Caemmerer 2000; Bernacchi et al. 2013), and in the 

following only the main equations of the model are described. The FvCB model 

is implemented in both a standalone version, used to test the response curves 

of leaf photosynthesis to solar radiation, temperature, and intracellular carbon 

dioxide concentration, and in CenW_HH for the full simulation of the stand 

carbon assimilation rate and comparison with EC data. 

Following the original model formulation, Vc is calculated as the minimum of 

these 3 processes (Equation 3.17): 

 (3.17) 

The Rubisco limited rate of photosynthesis (Wc) is calculated according to a 

Michaelis-Menten response function (Equation 3.18) in which increasing the 

limiting substrate (CO2), the amount of enzyme (Rubisco) or decreasing the 

concentration of the competitive inhibitor (O2) can lead to higher reaction rates 

(Bernacchi et al., 2013): 

 (3.18) 

where Vcmax is the maximum rate of carboxylation by Rubisco (μmol CO2 m–2 s–

1), Kc and Ko are Michaelis-Menten constants for CO2 and oxygen, respectively, 

and Oi is the intercellular concentration of O2 (mmol mol–1). 

The second limiting process (Wj, Equation 3.19) is related to the rate in which 

ATP (Adenosine Tri-Phosphate) and NADPH (Nicotinamide Adenine 

Dinucleotide Phosphate Hydrogen) are formed by light reactions from ADP 

(Adenosine Di-Phosphate) and NADP+ (Nicotinamide Adenine Dinucleotide 

Phosphate) and is directly correlated to the rate of linear electron transport (J, 

Equation3.20). Here the formulation proposed by Medlyn et al. (2002a) is used: 
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 (3.19) 

where J is the rate of linear electron transport through the thylakoid membrane 

and the other terms are already defined above. 

The rate of electron transport (J) is calculated from a non-rectangular hyperbolic 

function of photosynthetic photon flux density (Il, μmol m–2 s–1): 

where Jmax is the maximum potential rate of electron transport,  is the quantum 

yield of electron transport and θ a curvature parameter. 

The third limitation process (Wp) was not included in the first publication of the 

model equations by Farquhar et al. (1980) but was later identified and included 

in the FvCB model (Kirschbaum and Farquhar, 1984; Sharkey et al., 1986). This 

limitation is related to the rate of RuBP (ribulose 1.5-bisphosphate) regeneration 

via triose phosphate utilisation (TPU): 

 
(3.21) 

where TPU is the rate of triose phosphate utilisation, which is calculated 

according to Equation 3.22, with specific parameters from Harley et al. (1992). 

As the FvCB model is mechanistic, its parameterisation is critical to obtain 

reliable estimations of leaf carbon assimilation corresponding to various climatic 

and growth conditions. The two central parameters of the FvCB model, Vcmax 

and Jmax, are highly sensitive to temperature and are known to be species 

dependent (Medlyn et al., 2002a). On the other hand, other parameters of the 

model also respond to temperature but because they are linked to intrinsic 

properties of Rubisco, it is commonly admitted that they would remain the same 

among species, which would reduce the number of parameters to be fitted. 

 
(3.20) 
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Many temperature functions and parameter values have been developed over 

the years (Long et al., 1993; Bernacchi et al., 2001, 2003, 2009; Medlyn et al., 

2002a, 2002b; Hikosaka et al., 2006) and the most commonly used are given 

below. Also, Medlyn et al. (2002a) highlighted that modellers should chose 

appropriate temperature response functions with their specific parameters 

values to model photosynthesis. 

The temperature dependence of Kc, Ko, Rd, Vcmax, and TPU are most often 

described by Arrhenius functions (Equation 3.22): 

 
(3.22) 

Where k25 is the parameter value at 25°C and Ea is the activation energy (kJ 

mol–1) that differs for the description of different parameters, R is the universal 

gas constant (8.314 J K–1 mol–1), and T is the temperature in degree Celsius 

(°C). 

The temperature dependence of Jmax and sometimes Vcmax and TPU are given by 

a peaked equation (Equation 3.23), which is also used in this study following 

Medlyn et al. (2002a) who obtained good parameter fits by using this function, 

again with specific parameter values for each of the variables: 

 
(3.23) 

where k25 is the value of the parameter at 25°C, Ea is the activation energy,  is 

an entropy term (Medlyn et al., 2002a), and Ed represents the deactivation 

energy.  

The temperature dependence of the parameters could also be given as a 

function of optimal temperature: 
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(3.24) 

where kopt is the parameter value at the optimum temperature,  is the 

temperature in Kelvin,  and the optimal photosynthesis temperature (Topt) are 

linked following the formulation from Medlyn et al. (2002a) as given in Equation 

3.25: 

 (3.25) 

The values of the different parameters used in the above equations for each of 

the different rates and constants are given in Table 3.2 with the exception of the 

temperature dependence of the CO2 compensation point ( ) which can be 

calculated following Bernacchi et al. (2001) as: 

 
(3.26) 

As  describes an intrinsic enzymatic property of Rubisco, it is not expected to 

vary among C3 plant species (Medlyn et al., 2002a). 

Farquhar et al. (1980) formulated the relationship between the CO2 

compensation point ( ) and Michaelis-Menten coefficients of Rubisco, Kc and 

Ko and the maximum oxygenation rate of Rubisco, Vomax as: 

 (3.27) 

where Vomax = 0.21 Vcmax, is independent of temperature (Badger and Andrews, 

1974). Illustrations of the temperatures’ responses of  according to Equation 

3.26 and 3.27 are given in Figure 3.1a, and of the resulting leaf photosynthesis 

rates in Figure 3.1b. 
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The two functions used to calculate the temperature dependence of the CO2 

compensation point show similar patterns, e.g. a sharp increase of  with 

temperature, but the equation from Bernacchi et al. (2001) also gives higher 

values than the Farquhar et al. (1980) formulation for the whole range of 

temperatures (Fig. 3.1 a). The effects of using one or other of the formulations 

for  on the leaf photosynthesis rate in response to temperature are given in 

Figure 3.1 b. Differences between the two formulations of are present for the 

whole range of temperatures; however, the resulting leaf photosynthesis rates 

modelled with the FvCB model with the different compensation point 

formulations show marked differences only for a narrow range of temperature 
centred around the optimal photosynthesis temperature (25°C). These 

simulations were carried out with the set of parameters given in Table 3.2. 

 

Figure 3.1: (a) Temperatures responses of  according to the formulations of Farquhar et al. 

(1980) and Bernacchi et al. (2001). (b) Temperature responses curves of the FvCB leaf 

photosynthesis model with the two formulations of . 

It is also possible to implement in the FvCB model the modifications proposed 

by Collatz et al. (1991) in order to smooth the transitions from one limiting rate 

of photosynthesis to another (Equation 3.28). This feature has been 

implemented and used in the standalone and in the new version of the CenW 

ecosystem model: 

 
(3.28) 



60 

where  and  are parameters used for the linking of the curves (Table 3.2); 

Ap is an intermediate rate of assimilation where Ap is co-limited by both Wc and 

Wj. A is the effective assimilation rate. These two quadratic equations are solved 

for their smaller roots to calculate assimilation rates. 

Table 3.1: Summary of temperature dependence parameters for Vcmax and Jmax. Calculations of 

the minimums, maximums, means and standard deviations (Std) are based on the values of the 

parameters given in Table 2 and 3 of Medlyn et al. (2002a) and Table 2 of Kattge and Knorr 

(2007) from which only data corresponding to herbaceous grasses (26 species) were used. 

 Parameters Min Max Mean Std 

(M
ed

ly
n 

et
 a

l.,
 2

00
2a

) 

Vcmax k25 (μmol m−2 s−1) 27.51 101.90 74.03 20.29 

Ea (kJ mol−1) 51.32 116.38 70.19 15.63 

Ed (kJ mol−1) 200 200 200 0 

Topt (°C) 27.56 53.30 39.38 6.14 

Jmax k25 (μmol m−2 s−1) 44.83 217.88 122.16 39.68 

Ea (kJ mol−1) 34.83 108.45 55.61 23.42 

Ed (kJ mol−1) 113.77 200.00 187.52 26.69 

Topt (°C) 19.2 38.48 32.71 5.36 

(K
at

tg
e 

an
d 

Kn
or

r, 
20

07
) Vcmax k25 (μmol m−2 s−1) 38.3 205.20 123.47 57.78 

Ea (kJ mol−1) 45.37 172.84 74.27 25.04 

Ed (kJ mol−1) 200 200 200 0 

Topt (°C) 29.4 41.90 33.00 3.01 

Jmax k25 (μmol m−2 s−1) 76.3 217.90 124.46 39.03 

Ea (kJ mol−1) 39.20 77.17 53.73 14.38 

Ed (kJ mol−1) 200 200 200 0 

Topt (°C) 27.1 38.20 31.55 3.97 

The FvCB model has been, and continues to be, widely used. However, any 

simulation results are strongly dependent on the quality of its parameterisation 

(Bernacchi et al., 2013). Because the response of photosynthesis to climatic 

conditions is non-linear, only a small variation in the values of the model 

parameters can lead to important changes in the shape of the response curves, 



61 

or may even lead to switches between one limiting processes and another (not 

shown here). This is especially true for the response of PS to temperature in 

which activation energies, optimal parameters values and their optimal 

temperatures are different between species and studies (Leuning, 1997; Medlyn 

et al., 2002a). 

Medlyn et al. (2002a) derived and reported the values of the temperature 

dependence parameters for Vcmax and Jmax of 17 deciduous and evergreen tree 

and 2 crop species and showed that a wide range of parameterisations were 

possible. A few years later, Kattge and Knorr (2007) extended the study of the 

temperature responses of the two central parameters of the FvCB model (Vcmax 

and Jmax) to 36 species including herbaceous plants. These data are 

summarised in Table 3.1. 

Table 3.1 reports the minimums, maximums, average, and standard deviations 

of the parameters used in the temperature responses of the two central 

parameters of the FvCB model derived in two studies including a wide range of 

herbaceous species. The first study (Medlyn et al., 2002a) used mostly woody 

species, but in the second, the temperature dependence of parameters of 

grasses (26 species) was reported. Overall, the range of all these parameters is 

wide, highlighting the importance of having site or at least species specific sets 

of parameters. In the following, the values of the parameters available in the 

literature (Wullschleger, 1993; Medlyn et al., 2002a; Bernacchi et al., 2013) are 

used for illustrative purposes. 

Parameters reported in Table 3.2 were chosen to be within the range of 

parameter values found in the literature and which have been reported in Table 

3.1 except for .and  which were directly taken from Collatz et al. (1991) and 

not modified. 

 

 

Table 3.2: Parameters used in this study to test the FvCB leaf photosynthesis algorithm 

Parameters Values Units 
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α 0.3 mol mol–1 

θ 0.9 - 

Vc25 90 μmol m–2 s–1 

Ea_Vc 55.5 kJ mol–1 

Ed_Vc 200 kJ mol–1 

Topt_Vc 30 °C 

J25 1.9 ₓVc25 μmol m–2 s–1 

Ea_J 45 kJ mol–1 

Ed_J 200 kJ mol–1 

Topt_J 35 °C 

TPU25 10.5 μmol m–2 s–1 

Ea_TPU 63.1 kJ mol–1 

Ed_TPU 180.6 kJ mol–1 

Topt_TPU 32 °C 

Kc25 404.9 μmol mol–1 

Ea_Kc 79.430 kJ mol–1 

Ko25 278.4 mmol mol–1 

Ea_Ko 36.380 kJ mol–1 

 0.98 - 

 0.95 - 

Figure 3.2 shows the response curves of the three limiting processes discussed 

above and the resulting net carbon assimilation rate (PS rate) of a single leaf 

plotted in response to variations in intracellular CO2 concentration (a), 

temperature (b), and photosynthetic photon flux density (c). These kinds of 

graphs are usually used to calibrate the model parameters based on leaf 

photosynthesis measurements, which were not available for our study site. 

Instead, a parameter set from the literature was used to check the basic set of 

equations for consistency with the graphs used in Bernacchi et al. (2013). 

Values of the parameters used to obtain the response curves plotted in Figure 

3.2 are reported in Table 3.2. 
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Figure 3.2: Responses curves of photosynthesis rates to intracellular CO2 concentration (a), 

temperature (b) and photosynthetic photon flux density (c). The dashed lines represent the 

different limiting processes of carbon assimilation. Wj is the limitation due to the transport of 

electrons, Wc the Rubisco limited photosynthetic rate and Wp the triose phosphate utilization 

limitation. The resulting carbon assimilation rate is given by the minimum of the three processes 

and “PS rate” includes the smoothing transitions from one limiting process to the other of Collatz 

et al. (1991). When variables are not explicitly modified, temperature is set to 25°C, PPFD to 

1500 μmol m–2 s–1 and Ci to 270 ppm. 
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An important aspect of photosynthesis modelling is the response of the carbon 

assimilation rate to solar radiation (PPFD). As Figure 3.2c shows, under low 

radiation, light reactions forming ATP and NADPH (wj) are limiting PS. As 

leaves receive more radiation, the rate of carbon fixation increases linearly with 

the slope of this line being the quantum yield, which is a parameter representing 

the efficiency of sugars formation by plants in response to absorbed radiation. 

At higher irradiance, there is a switch between the RuBP-limited (wj) and the 

Rubisco-limited (wc) carbon assimilation rates where photosynthesis became 

light saturated and so does not respond to changes in radiation levels anymore. 

Changes in modelled PS rates in response to temperature are plotted on Figure 

3.2 b, according to the model parameterisation used here, at 0 degree Celsius, 

leaves continue to fix CO2 at around 5 μmol m–2 s–1. A temperature of 25 °C, 

corresponds to the optimal temperature for photosynthesis (the temperature 

where the C assimilation rate is maximal), and between 0-25 °C, the amount of 

fixed carbon dioxide, increases nearly steadily to reach its maximum value of 20 

μmol m–2 s–1. For temperatures above 25 °C, there is a slight decrease in 

photosynthesis up to 42 °C where the leaf carbon assimilation rate falls sharply. 

An important aspect that is not included in the model is plant acclimation to its 

growing conditions (Bernacchi et al., 2013). A plant that grows at a given 

temperature will have a certain parameter set, but the same plant acclimated to 

another temperature will give a different temperature response curve and a 

different optimal temperature for maximum carbon assimilation rate (Kattge and 

Knorr, 2007; Smith and Dukes, 2013). This could potentially be problematic and 

limiting for the use of the FvCB model in this study because leaf gas exchange 

measurements are not available for Scott Farm to specifically parameterise the 

model. 

Parameters used in model formulation vary among species, over time, space, 

and with nutrient regimes (Medlyn et al., 2002a; Wullschleger, 1993). This is 

especially true for parameters used to model the response of photosynthesis to 

temperature. Figure 3.2 shows that photosynthetic responses to climatic 

variables are non-linear, and limitations can readily change from one limiting 

process to another with changes in environmental variables. The sensitivity of 
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photosynthesis to the underlying parameters was assessed by changing the 

values of the parameters by +/- 10% one at a time and keeping all other 

parameters fixed to their baseline value (Liang et al., 2016), which are given in 

Table 3.2. 

Figure 3.3 shows the results of the parameter sensitivity analysis for the FvCB 

leaf photosynthesis model. In this case, the change of 10% of the parameters is 

not realistic but informative of the model response to its parameters values. The 

optimal temperature for maximum photosynthesis is sensitive to most of the 

parameter used in the FvCB model (Fig. 3.3a), but the most sensitive 

parameters to affect this variable are those related to the temperature response 

function used the maximum rate of carboxylation (Vc25, Ea_Vc, Ed_Vc, Topt_Vc) and 

those for the Michaelis-Menten parameter Kc (Kc25 and Ea_Kc). The maximum 

rate of photosynthesis (Fig. 3.3b) responds strongly to variations of Vc25 and the 

two Michaelis-Menten parameters (Kc25 and Ko25). A change of 10% of the value 

of Vc25 or Kc25 results in a change of about 8% in the achievable maximum 

photosynthesis rate, with however an increase in Vc25 causing an increase in 

Amax while an increase in Kc25 causing a reduction of Amax. The slope of the light 

response of photosynthesis (Fig. 3.3c) is very sensitive to changes in α, θ and 

shows a weaker response to Kc25, Ko25, Vc25 and J25. Changes of 10% of the 

values of α and θ resulted in a modification of about 7% in the slope of the light 

response of PS but to only about 4% for Kc25 and Ko25 and less to 2% for Vc25 

and J25.  

Overall, while the FvCB leaf PS model is sensitive to all parameters, variables 

Topt, Amax and α are strongly affected by different parameters (Fig. 3.3). The 

most important parameters are α, θ, Vc25, Kc25, Ko25, and Topt_Vc. 
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Figure 3.3: Sensitivity analysis of parameters of the leaf FvCB model for optimal temperature a), 

maximum photosynthesis rate b), and quantum yield which represents the slope of the light 

response curve c). 

Parameter values appear to be very important for the simulation of 

photosynthesis with the FvCB model (Figs 3.2 and 3.3) at the leaf level and 

certainly at the stand scale with important implications for the modelling of GPP 

at Scott Farm and the overall performances of the model to reproduce eddy 

covariance observations. 
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 Non-Rectangular and Rectangular Hyperbolic response curves 3.2.3.2

In contrast to the complex FvCB model, which describes photosynthesis largely 

mechanistically, the photosynthetic light-response curve can also be described 

phenomenologically with a simple rectangular (RHC) or non-rectangular 

hyperbolic curve (NRHC). This is not a mechanistic photosynthesis model, 

rather it describes the response of the leaf carbon assimilation rate to solar 

radiation. The general form of hyperbolic curves is given by Equation 3.29, 

which describes a NRHC, and which can be changed into a RHC simply by 

setting the parameter  to zero: 

 (3.29) 

Equation 3.29 has three parameters: is a curvature parameter, which modifies 

the sharpness of the curve, Amax is the maximum rate of photosynthesis, and  

is the photosynthetic efficiency and represents the initial slope of the 

photosynthetic response curve to light. 

This NRHC equation is the same type of equation used in the FvCB model to 

calculate Wj. Also, as with the FvCB model described before, it is accepted that 

parameters  and  are not constant between C3 plant species and that they 

are not sensitive to climatic conditions. The parameter Amax, which represents 

the maximum rate of carbon assimilation, needs to be modified through species, 

climatic conditions, and leaf nitrogen concentration to make the rate of 

photosynthesis responsive to field conditions. 

The results obtained with NRHC and RHC light response curves (Fig. 3.4) were 

considerably different when the same parameters are used in the two 

equations. For example, Figure 3.4 a shows the light response of the leaf 

photosynthesis rates calculated with NRHC (lines) and RHC (dashes) for 
different values of the maximum rate of photosynthesis (Amax). For the different 

values of Amax, the PS rate modelled by the RHC function is always lower than 

the ones from NRHC. This is also valid for the quantum efficiency (Fig. 3.4b) 

and the curvature parameter (Fig. 3.4c). By changing the values of the 

parameters between the functions it is possible to get very similar results (not 
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shown) but this also highlights the necessity to properly parameterise 

photosynthesis models when different functions are used to simulate this 

process. The shapes of the curves are very similar to those obtained with the 

FvCB model (Fig. 3.2c) and a more formal comparison of these two leaf 

photosynthesis model is given later in this chapter. 

An increase in Amax does not affect the quantum efficiency (slope of the light 

response at low radiation levels) but has a strong effect on the light saturated 

rate of carbon assimilation, which corresponds to the horizontal plateau where 

increases in PPFD do not change PS (above 500 μmol m–2 s–1) and have only a 

slight effect on the radiation level at which this plateau is reached (Fig. 3.4a). 

The quantum efficiency (parameter α) affects the steepness of the light limited 

section of the light response curve and through it the amount of PPFD 

necessary to reach the light saturation (Fig. 3.4b). For α=0.08 μmol mol–1, light 

saturation of PS is reached at a PPFD of about 700 μmol m–2 s–1, when α is 

increased to 0.12 μmol mol–1 the plateau is reached for PPFD ≈500 μmol m–2 s–

1 and if α=0.04 μmol mol–1 it would need 1200 μmol m–2 s–1 to reach light 

saturation. 

The parameter  influences the sharpness of the transition between the light 

limited section of the response curve and the light saturated section (Fig. 3.4c). 

As the value of  diminishes, the transition between the segments of the light 

response curve become smoother and the levels of radiation needed to reach 

the plateau increase. 

The fact that RHC has one less parameter reduced the scope for 

parameterising it to specific data sets. The curves plotted in Figure 3.4 also 

shows us that by varying only the 3 parameters of the NRHC, it is possible to 

describe a wide range of patterns based on variations in temperature, nitrogen 

content and water availability. More details are given later on these important 

limitation terms and their calculations. 
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Figure 3.4: Response of Photosynthesis to light (PPFD) with different values of parameters. 

When parameters are not varying, their values are set to: α=0.08 μmol mol-–1, =0.9 for NRHC 

(solid lines) and 0 for RHC (dotted lines) and Amax=25 μmol m–2 s–1. 
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As for the FvCB model, the temperature response of the parameter Amax, which 

is used in both the NRHC and RHC curves, is a critical aspect of the model, and 

temperatures functions are given below and plotted on Figure 3.5. 

 

Figure 3.5: Three temperature limitation functions used in the Thornley photosynthesis routine 

hump function (line), power function (dash) and peaked function (dots). The parameters used 

are fitted to give similar results because they are species dependant. 

The first function is a hump function similar to the one used in the daily Sands 

model (Equation 3.13) but with a different parameterisation to take account of 

the differences in time steps and the diurnal variability of temperature: 

The second was a power function (Equation 3.29) that comes from Johnson et 

al. (2010). The third equation corresponds to a peaked function, which is similar 

to the one used in the FvCB model to calculate the temperature response of the 

maximum rate of electron transport (Equation 3.23). Parameters of this last 

function also needed to be adjusted because the two models, e.g. NRHC and 

FvCB, do not simulate the same processes. The values of the parameters used 

in the inter-comparison of these temperature limitation functions (Fig. 3.5) are 

given in Table 3.3. 

 
(3.29) 

(Eq. 3.13) 

(Eq. 3.23) 

(Eq. 3.29) 
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Table 3.3: Initial parameter set for the different temperature response functions tested in the 

Thornley leaf photosynthesis algorithm. The last three columns indicate in which functions 

parameters are used 

Parameters units Definition Values 
H

um
p 

(Eq. 3.13) 

Pow
er 

(Eq. 3.29) 

Peaked 
(Eq. 3.23) 

Tmin °C Minimum temperature -9    
Tmax °C Maximum temperature 42    

Topt1 °C 
Lower optimal 
temperature 20    

Top2 °C 
Upper optimal 
temperature 31    

Ea KJ mol-1 
Activation energy of 

Amax 
35    

Ed KJ mol-1 
De-activation energy 

of Amax 
175    

The three temperature limitation functions are very similar between 10 and 40°C 

(Fig. 3.5). The peaked function, with these specific parameters, does not limit 

photosynthesis as strongly as the two other functions for negative temperatures 

and temperatures above 40°C. The hump and power functions totally stop PS 

when the temperature reaches 42°C and the power function is also the most 

limiting for temperature below 10°C. As Figure 3.5 shows, the optimum 

temperature is set to 25.5°C for the peaked and power function and Tlim=1, e.g. 

there is no limitation, between 20 and 31°C for the hump function. 

 Comparison of the FvCB and NRHC leaf photosynthesis models 3.2.3.3

In the above sections, detailed descriptions of some of the most used leaf 

photosynthesis models (FvCB and NRHC) have been presented; in this section, 

a simple comparison of the FvCB and NRHC is made. One year of observed 

solar radiation and temperature at Scott Farm was used to drive the two 

models, no water or nitrogen limitations were applied, and simulations were 

done for a single horizontal leaf from the top of the canopy. For the FvCB 

model, parameters from Table 3.2 were used and parameters of the NRHC leaf 

photosynthesis were adjusted (Table 3.4) to achieve the best agreement 

possible between the two models. In the NRHC model, the temperature 
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limitation is modelled by the peaked function described above with parameters 

from Table 3.4. 

 

Figure 3.6: Scatter plot showing the comparison between the FvCB and NRHC leaf 

photosynthesis models. Simulations were done with the one years (2008) of climatic conditions 

observed at Scott Farm (17520 observations) for a leaf at the top of the canopy with no nitrogen 

or water limitations. 

Figure 3.6 shows the agreement between the two leaf photosynthesis models. 

The dashed line is the 1:1 line, the red line is the linear regression equation of 

the scatter plot of the modelled photosynthesis rates, and dots are all the 

individual 30 minutes assimilation rates from the two models (17,520 points). 

The overall agreement between the FvCB and NRHC models is very good, as 

indicated by the linear regression equation, which has a slope very close to 1 

(1.01),a very small intercept (0.05) and by the coefficient of determination (R2) 

which is equal to 1.00.  

It is important to note that 17,520 points are plotted on Figure 3.6 and that most 

of them are very close or superimposed to the 1:1 line and the small 

mismatches of a few μmol m–2 s–1 between the modelled carbon assimilation 

rates come from small discrepancies in the light responses and temperature 

limitations functions used in the two PS models. 
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Table 3.4: Parameters used in the NRHC leaf photosynthesis model for its comparison with the 

leaf FvCB model 

Parameters Units Definition Value 

α μmol mol–1 Quantum efficiency 0.055 

θ - Curvature parameter 0.95 

Topt °C Optimal temperature 23 

Amax μmol m–2 s–1 
Maximum carbon assimilation under 

no limitation 
21 

Ea KJ mol–1 Activation energy of Amax 35 

Ed KJ mol–1 De-activation energy of Amax 175 

At the leaf level, the FvCB and NRHC photosynthesis models can model very 

similar carbon assimilation rates once parameters are adjusted (Fig. 3.6). 

Now that we have seen that at the leaf level it was possible to get very similar 

carbon assimilation from different models, the next section focuses on upscaling 

schemes from the leaf to the canopy scale. 

3.2.4 Spatial and temporal integration of photosynthesis 

 Integration schemes 3.2.4.1

Photosynthesis is not only important in terms of gas exchange but also for 

biomass growth, as plants need carbon to build new tissues and to maintain 

their metabolic activities. Mechanistic ecosystem models depend critically on 

the scaling of physiological processes at least to the canopy scale.  

Over the years, scientists have developed theories aimed at upscaling 

processes from individual leaves to whole plant or population levels. Below only 

some of the most-widely used canopy integration schemes have been 

described. They have been implemented and tested in the half-hourly version of 

the CenW model (see Fig. 3.7). Several integration options are available in the 

literature, the most commonly of which are: big leaf, sun/shade, multilayers or 
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integrated models. The implementation and testing of these upscaling schemes 

has always been undertaken with the overall aim of finding a good compromise 

between simplicity and accuracy with an acceptable computing time of the 

complete model. 

The big-leaf model assumes that the computation of canopy carbon assimilation 

rate and also other processes can be achieved by integrating the leaves’ 

characteristics at the canopy scale to represent it as a single, horizontally 

extended leaf (Running and Coughlan, 1988; Running and Gower, 1991; 

Amthor, 1994).  

The sun/shade model, which separates the canopy into its sunlit and shaded 

leaf portions, was developed to improve the big-leaf model (dePury and 

Farquhar, 1997; Leuning et al., 1998; Wang and Leuning, 1998). In this 

integration scheme, the total carbon assimilation of the stand is obtained by 

summing the PS rates calculated for each leaf class, e.g. sunlight and shaded 

fractions of leaves in the canopy. 

 

Figure 3.7: Schematic representation of the big leaf, sun/shade and multilayer models. 

In the multilayer model, the rate of canopy photosynthesis is computed by 

summing the contributions of each canopy layer with modifications of the 

leaves’ photosynthetic parameters and forcing variables down the canopy 

profile (Duncan et al., 1967; Caldwell et al., 1986). 

Soil 

Atmosphere 

Big leaf 
model

Sun/shade 
model

Multilayer 
model



75 

More detailed descriptions of the different integration schemes used in this 

study are given in the following sections in order to understand the different 

formulations available in the literature that can be used in CenW_HH, and to 

identify which one gave the best results.  

 Big leaf models 3.2.4.2

As we have seen above, plant photosynthesis critically depends on solar 

radiation and canopy integration schemes need to be used to model the stand 

assimilation rate in response to climate and biological variables. The big-leaf 

model is the simplest form of integration scheme that has been tested in this 

study and instead of integration, some authors’ recommended using the term 

“scaling” (dePury and Farquhar, 1997). The theory behind the big-leaf 

integration was developed after Farquhar (1989) showed that it was possible to 

describe the whole-leaf photosynthesis from the same kind of equation for 

individual chloroplasts across a leaf. Farquhar also showed that the distribution 

of photosynthetic capacity in the canopy is in proportion to the profile of 

absorbed solar radiation and that the shape of the response of photosynthesis 

to PPFD is identical in all layers of vegetation. These observations make it 

possible to treat the entire canopy as if it is only one single leaf. 

According to dePury and Farquhar (1997), irradiance at a given depth in the 

canopy follows Beer’s law and is calculated according to an exponential decay 

function from the top of the canopy by: 

 (3.30) 

Where LAIcum is the cumulative LAI from the top of the canopy, I0 represents the 

incident global solar radiation or PPFD above the vegetation layer,  is the 

canopy reflectance coefficient, and kb is the extinction coefficient. 

The radiation absorbed by the canopy is calculated as: 

 
(3.31) 
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where  represents the radiation intercepted by the canopy and LAItot is the total 

leaf area index (m2 m–2). 

The fraction of the incident radiation intercepted by the canopy depends 

strongly on the extinction coefficient over a wide range of leaf area indices. Only 

at very high leaf area index does radiation absorption become independent of 

the extinction coefficient as most incoming radiation is intercepted by leaves 

whatever the extinction coefficient. At very lower LAIs, however, light 

interception can be nearly proportional to the value of the extinction coefficient. 

 

Figure 3.8: Variations in light interception fraction according to LAI and for some values of kb 

within its typical range [0.2–1]. 

The extinction coefficient represents the efficiency of radiation interception by 

the canopy and depends on the interplay between the sun position and leaf 

angle distribution. Zhang et al. (2014), in a meta-analysis, reported values of 

extinction coefficients for real vegetation canopies of different PFTs (Plant 

Functional Types), ranging on average between 0.18 for lucerne and 0.98 for 

cauliflower crops, with a mean value of 0.5 for 17 grassland species. In 

principle, a high kb indicates that much of the incident radiation is intercepted by 

leaves with only a small fraction of radiation passing through the canopy (Fig. 

3.8) but it also depends of the amount of vegetation and diurnal variations of 

solar radiation and sun/earth geometry. The extinction coefficient can be 

calculated according to Equation 3.32 following the formulation of Sellers et al. 

(1996) and Campbell and Norman (1998) and is the function of the canopy leaf 

angle distribution and solar position at any given time: 
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(3.32) 

where is the leaf inclination angle,  is the solar zenith angle, and 

 is a function of canopy leaf angle distribution  and solar 

elevation angle which is given according to Sellers et al. (1996) as: 

 

with 

 

 

(3.33) 

In this case, represents a parameter calculated according to a function 

characterising the leaf angle distribution and some values have been tabulated 

for the most common leaves distributions. For a random/spherical distribution of 

the leaves orientation , and +1 and –1 for horizontal and vertical leaves 

respectively. However, Sellers et al. (1996) advocate use of Equation 3.33 with 

 if enough information on the structure of the leaves 

arrangements in the canopy is available or else to set the parameter , 

which corresponds to a spherical or random distribution of leaves and 

gives  independent of solar position in the sky. 

Figure 3.9a shows the response of the radiation extinction coefficient to solar 

elevation angle for 7 different leaves angle distributions. An important feature 

shown on this graph is that when the sun elevation angle is less than 35° (e.g. 

when the sun is close to the horizon), it is possible to get values of kb greater 

than 1, especially for erectophile canopies. This is because the extinction of 

light is measured vertically down the canopy profile and horizontal foliage 

intercepts more radiation in this configuration and this effect becomes stronger 

as beam elevation decreases. There is also a switch at about 35° where the 

least efficient radiation absorbers turn into the most efficient ones and at this 

specific sun elevation all distributions have the same value of Kb (e.g. Kb=1). 

For the steepest solar elevation (at solar noon) in our case =80°, planophile 
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canopies absorb more radiation than erectophile ones and the values of kb 

range between 1.02 and 0.27 for these two extreme distribution, respectively, 

and equal 0.5 for a spherical distribution of leaves. 

 

Figure 3.9: a) Relationship between the extinction coefficient (Kb) and the solar elevation angle 

( ) for 7 leaf angle distributions ( ). b) Diurnal variations of the extinction coefficient for 

different leaf angle distributions. Graph is made for Scott Farm location on the 01/01/2008. 

Figure 3.9b shows the simulated diurnal variations for 7 distributions of leaves, 

of the extinction coefficient (Kb) for which, in this particular example, the daily 

variation has been plotted for one typical summer day at the Scott Farm 

location. Calculations of solar/earth geometry variables were performed after 

the implementation in the model of the equations used by the NOAA solar 
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geometry calculator (www.esrl.noaa.gov/gmd/grad/solcalc/calcdetails.html). For 

all leaf angle distributions, the extinction coefficient reaches its minimum at 

solar noon, e.g. when the sun elevation angle is at a maximum. Also, at noon, 

Kb is lower for planar distributions than for vertical leaves because in the first 

case, more radiation is intercepted by the canopy when sun beams are vertical 

(perpendicular to the leaves). It is also noticeable that closer to sunset and 

sunrise, Kb diminishes earlier for erectophile distributions, as in this 

configuration vertical leaves intercept more radiation when beams are coming 

from a direction closer to the horizon, i.e. when the sun is lower in the sky. 

The calculation of the light extinction coefficient depends on solar elevation 

angles and so time of day is important for the simulation of the canopy carbon 

assimilation rate as it is directly related to the amount of solar radiation 

absorbed by the vegetation which drives photosynthesis. 

In the big-leaf upscaling scheme, the canopy photosynthesis rate (Ac) could be 

calculated by using either the FvCB or the NRHC leaf photosynthesis models, 

which were described in the previous sections. In addition to the canopy 

absorbed irradiance (Equation 3.31), it is also necessary to calculate the total 

canopy nitrogen content associated with photosynthesis (Nc) as: 

 
(3.34) 

where  is the leaf nitrogen content of a leaf at the top of the vegetation 

canopy,  is the leaf nitrogen concentration not related to photosynthesis, and 

 is the leaf nitrogen allocation coefficient set to 0.71 in this study. 

It is important to note that, as outlined in dePury & Farquhar (1997), for the big-

leaf model to be used, it is necessary to assume that the photosynthetic 

capacities of leaves are optimally distributed to maximise photosynthesis, which 

in turn, assumes proportionality between absorbed solar radiation and 

photosynthetic capacity profiles. Also, because reallocation of nitrogen and 

photosynthetic capacity take several days to weeks but variations of absorbed 

solar radiation in the canopy are instantaneous, it is impossible for the stand 
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assimilation to be optimal at any given time. This is also the reason why in 

Equations 3.30 and 3.34 two different extinction coefficients are used. 

The canopy photosynthetic capacity (Vc), which is the maximum rate of 

carboxylation at the canopy scale, or the canopy maximum rate of 
photosynthesis (Acm) for the FvCB and NRHC models respectively, are then 

calculated from the canopy nitrogen concentration (Nc) as: 

 

 

(3.35) 

where  and  are parameters linking nitrogen content and 

photosynthetic capacity and maximum rate of photosynthesis in the FvCB and 

NRHC models, respectively. 

Upscaled parameters are then directly passed to the chosen leaf 

photosynthesis model from which the canopy carbon assimilation is then 

directly modelled (dePury and Farquhar, 1997). 

Figure 3.10 shows the diurnal variations of the big-leaf up-scaled canopy 

carbon assimilation rates modelled from FvCB and NRHC leaf photosynthesis 

models for a clear sky day a) and a cloudy day b). Overall, the two-leaf 

photosynthesis up-scaled at the stand scale from the use of the big-leaf scheme 

gives very similar rates of carbon fixation throughout these two climatically 

contrasting days. This is consistent with the comparison at the leaf scale, which 

has been presented above and shows that it is possible to use one or other of 

the leaf photosynthesis models, after their proper parameterisation and achieve 

close agreement in canopy photosynthesis rates. 

It has been shown that this kind of integration can cause large discrepancies 

between measured and simulated fluxes (dePury and Farquhar, 1997; Chen et 

al., 1999). It was also found that aggregating canopy characteristics into one 

single leaf might lead to either an overestimation or an underestimation of the 

carbon assimilation rates, particularly on cloudy days when most of the solar 

radiation absorbed by the canopy correspond to diffuse radiation. Lloyd et al. 

(1995) showed that parameters used in the big-leaf upscaling scheme are not 
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representative of measurable physical or biological quantities but have to be 

fitted for the model to give accurate CO2 assimilation rates at the stand level. 

However, calculations are simple and for daily or longer running steps or for 

spatial modelling studies, this model can give good approximations with few 

calculations and therefore, an efficient model running time.  

 

Figure 3.10: Diurnal variations of the canopy carbon assimilation rates modelled with the big-

leaf integration scheme and the FvCB (black) and NRHC (red) leaf photosynthesis models. 

Graphs are made for Scott Farm location and observed climatic conditions for the 01/01/2008 a) 

and the 08/01/2008 b). 

 Sun/shade models 3.2.4.3

The sun/shade model (dePury and Farquhar, 1997) is a modification of the big-

leaf model in which canopy is divided in two classes of leaves according to their 

light status. This kind of integration is expected to give better results than the 

simple big-leaf model while still having an efficient calculation time (Bodin and 

Franklin, 2012; dePury and Farquhar, 1997). Calculations of the canopy carbon 

assimilation rates are made by separating contributions of the sunlit fraction of 
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leaves receiving direct beam radiation (direct incoming solar radiation) and the 

shaded fraction which receives diffuse radiation. 

The improvement of this method compared with the simple big-leaf model is 

related to the fact that to calculate the overall canopy assimilation rate, the 

characteristics driving the light-related parameters of photosynthesis can take 

different values for each class of leaves and gave a better approximation of the 

photosynthesis rate, which is calculated from non-linear responses functions. It 

is assumed that the photosynthetic capacities of the leaves making the two 

classes (sunlit and shaded) do not vary diurnally but that the proportions of 

sunlit and shaded leaves and the radiation levels vary. The sunlit fraction of the 

canopy, which corresponds to all the leaves exposed to direct solar radiation, is 

calculated as: 

 
(3.36) 

where kb is the light extinction coefficient and LAItot is the total leaf area index 

(m2 m–2). 

The shaded fraction of the canopy is simply given as the difference between the 

total leaf area index and the sunlit fraction of the vegetation layer as 

Lshade=LAItot–Lsun. That makes it possible to calculate the irradiance absorbed by 

shaded and sunlit fractions of leaves constituting the canopy. 

The extinction coefficient for beam radiation is calculated as in the big-leaf 

model, and varies with the time of the day through diurnal changes in the solar 

elevation angle. Changes in the extinction coefficient also change the ratio of 

sunlit and shaded leaves over the course of the day (Fig. 3.6). 

As the sun gets higher in the sky, the ratio of sunlit and shaded leaves changes 

(Fig. 3.11). At sunset and sunrise the contribution of the shaded part of the 

canopy is more important than the sunlit contribution. And around solar noon 

(when the sun is at its apogee), the opposite trend is simulated, with more 

leaves directly exposed to solar radiation. 
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Leaf Area Index (LAI) and leaf angle distribution also play an important role in 

the partitioning of canopy in its sunlit and shaded fractions (Fig. 3.12). 

 

Figure 3.11: Diurnal variation of solar elevation and percentages of sunlit (fsun) and shaded 

(fshade) leaves of the canopy. Graph was made for the 01/01/2008 with Scott Farm coordinates, a 

leaf area index of 5 m2 m–2 and a spherical distribution of leaves angle ( . 

Figure 3.12 shows that the percentages of leaves present in each of the leaf 

classes (sunlit and shaded) for all the distributions follow the same trends in 

response to LAI, i.e. an increase of the sunlit fraction of the canopy as the leaf 

area index increases. Because simulations were done for noon time, the 

percentage of sunlit leaves is more important for horizontal leaves than for 

spherical and vertical distributions whatever the amount of vegetation, so only 

spherical leaf distribution will be commented on below, as the same conclusions 

also apply to other distributions. 

The main insight of the sun/shade upscaling scheme is that both leaf categories 

can be treated independently (dePury and Farquhar, 1997). The radiation 

intercepted by each class, which is very important for calculating the 

photosynthesis response, is updated at each time step, based on the amount of 

vegetation, the distribution of leaf angles, and the position of the sun in the sky. 
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Figure 3.12: Variations of the percentages of sunlit and shaded leaves classes simulated at 

noon for three different leaf angle distributions (spherical, horizontal, and vertical) according to 

leaf area index. 

The irradiance absorbed by the sunlit leaves is made as the sum of direct-

beam, diffuse and scattered-beam components, while shaded leaves receive 

diffuse and scattered-beam radiation (dePury and Farquhar, 1997): 

 (3.37) 

where I0 is the solar radiation of a horizontal plane above the canopy, Id0 and Ib0 

are the diffuse and direct irradiance respectively, and all are given in units of 

photosynthetic photon flux density (μmol m–2 s–1). 

The direct and diffuse radiation levels are calculated as: 

 

 

(3.38) 

where fsun represents the fraction of total radiation that is received as direct 

radiation. It can vary between 0 and 1 when there is only diffuse radiation or 

only direct radiation being absorbed. 
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The fractions of direct and diffuse radiation change diurnally, seasonally, and 

with daily weather patterns, such as cloud cover. To determine the value of fsun, 

it is, therefore, necessary to account for the effect of solar angle as well as 

cloud cover. In practice, the solar position calculator is used to determine how 

much radiation can potentially reach the top of the canopy. Then, it is possible 

to determine the cloudless factor (clf) as: 

 (3.39) 

where  represents the cloudless factor, SRmes and SRsim are measured and 

simulated short wave solar radiation and are given in W m–2, respectively.  

From the cloudless factor it is possible to calculate the fraction of direct 

radiation as: 

 
(3.40) 

If the cloudless factor is less than 0.3 this implies a totally overcast sky and only 

10 % of the radiation is direct, if clf is greater than 0.7 we have a totally clear 

sky with only 15 % of diffuse radiation and a linear relationship between these 

two thresholds. 

Following the formulation of dePury and Farquhar (1997), the total irradiance 
absorbed by the canopy (Ic) equals the sum of the irradiance absorbed by the 

sunlit (Icsun) and shaded (Icshd) parts of the canopy: 

 

(3.41) 

where  is the canopy reflection coefficient, the direct and scattered 

direct PPFD extinction coefficient,  the canopy reflection coefficient 

for diffuse PPFD, and  the diffuse and scattered diffuse PPFD 

extinction coefficient. Parameters values given above are species dependent 
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and to illustrate this section, specific values from dePury and Farquhar (1997) 

for a wheat stand are used. 

The total irradiance absorbed by the sunlit fraction of the canopy is given as: 

 

(3.42) 

where  is the leaf scattering coefficient for PPFD. 

Finally, the total irradiance absorbed by the shaded fraction of the canopy is 

simply given as the difference between Ic and Icsun. 

As expected, when there are no clouds (clear sky conditions), most of the 

radiation arriving at the top of the canopy is in the form of direct beam (Ib0) and 

only a small fraction of diffuse radiation (Id0) is present because the atmospheric 

scattering is small under clear sky conditions. The largest part of irradiance 

absorbed by the canopy is absorbed by sunlit leaves (Fig. 3.13a), whereas on 

an overcast day, radiation above the vegetation is mostly made of diffuse light 

(Fig. 3.13b). The radiation level (I0) at the top of the vegetation for the overcast 

day is about half that observed for the clear sky day. For the 01/01/2008 (clear 
sky conditions), the sunlit fraction of leaves absorbs most of the radiation (Icsun) 

and only a small fraction is used by the shaded leaves (Icshade). In contrast, on 

the 08/08/2008 (overcast conditions) the amounts of radiation absorbed by each 

leaf classes are much closer. 
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Figure 3.13: Diurnal variations of above canopy measured PPFD (I0), direct (beam) and diffuse 

radiation above the vegetation, total irradiance absorbed by the sunlit fraction (Icsun) and for the 

shaded fraction (Icshade) of the canopy for a) a clear sky day (01/01/2008) and b) an overcast day 

(08/01/2008). Simulations were performed for two days close in time to minimise the differences 

in solar radiation caused by changes in the earth/sun geometry. 

By using this integration scheme (sun/shade), it is possible to account for the 

effects of the different incoming radiation levels on the two leaf classes, which 

also have different photosynthetic capacities through differences in the 

distribution of nitrogen concentration in the sunlit and shaded fractions of the 

vegetation canopy. The total stand photosynthesis (Ac) is then calculated by 

summing the carbon assimilation rates of the two leaf classes as: 
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 (3.43) 

where  and  are the rates of photosynthesis modelled for the sunlit 

and shaded fractions of the stand, respectively and  is the respiration of the 

canopy. 

It is possible to use either the detailed FvCB leaf photosynthesis model (dePury 

and Farquhar, 1997; Dai et al., 2004) or the simpler NRHC light response 

curves (Thornley, 2002) with this integration scheme by using the calculated 

absorbed radiation and photosynthetic capacities for the two fractions in the leaf 

photosynthesis models. 

 

Figure 3.14: Diurnal variations of the canopy carbon assimilation rates modelled with the 

sun/shade integration scheme and the FvCB (black) and NRHC (red) leaf photosynthesis 

models. Graphs are made for Scott Farm location and observed climatic conditions for the 

01/01/2008 a) and the 08/01/2008 b). 

In the previous section, the use of the big-leaf upscaling scheme with either the 

FvCB or NRHC leaf PS models has shown that the results were highly 

analogous. Here again, as Figure 3.14 shows, using one or other of the leaf 
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photosynthesis models with the sun/shade integration scheme provides very 

similar canopy carbon assimilation rates. Ac rates plotted on Figure 3.14 are 
calculated from Equation 3.43 in which Acsun and Acshd are calculated according 

to the decomposition of solar radiation absorbed by the sunlit and shaded 

fraction of the canopy for the 2 days of interest (Fig. 3.13). Both the FvCB and 

the NRHC leaf photosynthesis models agree well for clear sky a) and cloudy b) 

days, and respond to changes in climatic conditions. When clouds reduce the 

amount of solar radiation incoming upon leaves, the photosynthetic assimilation 

is also reduced. Having nearly identical carbon assimilation rates at the leaf 

level with these two different PS models is an important feature for the rest of 

the study as either of them can be used to get almost the same amount of 

carbon fixation. 

 Multilayer FvCB and NRHC models 3.2.4.4

Multilayer integration scheme for the upscaling of leaf photosynthesis at the 

vegetation canopy scale would be the most realistic approach, but it was not 

practical to implement it in CenW_HH (see below). This integration scheme was 

not included in the rest of the study and only a brief description is given in this 

section because even if it was not used, it is an interesting option that has been 

increasingly used in modelling studies with the increase of computational power 

(Clark et al., 2011; Bonan et al., 2012). 

Canopy multi-layers models divide the vegetation cover into a given number of 

layers or into a specified LAI thickness. Their main advantage is that they can 

deal more accurately with non-linear responses of photosynthesis to 

physiological and physical drivers. 

The multilayer scheme is usually seen as the most accurate and reliable and is 

often used as reference in model inter-comparisons (Goudriaan, 1986; 

Reynolds et al., 1992; dePury and Farquhar, 1997). However, this scheme is 

more complex than the previous ones and the simulated processes cannot be 

ultimately simulated more accurately, especially if the canopy layers are not 

small enough and if the driving parameters and variables are not used properly 

or given enough detail within the simulation framework. Also, the running time of 
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the model is substantially increased because the assimilation rate of each layer 

of the canopy needs to be simulated independently. In this kind of spatial 

(vertical) integration, only half-hourly, or smaller time steps are commonly used 

as the responses of photosynthesis to meteorological variables (principally light 

and temperature) are non-linear and the parameters are adjusted to take 

account of the leaf conditions at a given point in the canopy and at a given time. 

The vertical discretisation of the canopy is usually done by making layers of 

vegetation with the same LAI, with either the number of vegetation layers or the 

amount of LAI in each layer being fixed. The principal factors that influence the 

rate of photosynthesis between layers are: 

- Light decay in the canopy (usually following an exponential light decay 

function). 

- Sunlit and shaded leaves. It is possible to couple these two integration 

schemes, in this case, as in each layer there is a portion of sun leaves 

and shaded leaves (Clark et al., 2011).  

- Nitrogen distribution within the canopy layers is related to photosynthetic 

enzyme concentrations. Generally, carbon assimilation rate can be 

maximised if photosynthetic enzyme concentrations follow the radiation 

interception curve. 

- Calculation of the photosynthesis for different leaf angle classes for each 

layer of the canopy for very detailed models (Anten and Hirose, 2003; 

Dufrene et al., 2005). 

The choice of not using this scheme has been motivated principally by the fact 

that the running time was an important consideration and constraint because of 

the large number of simulations needed to parameterise the model. dePury and 

Farquhar (1997) have also shown that the simpler sun/shade model they 

developed, and which has been described above, is as accurate as multilayer 

models. 
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 Thornley model 3.2.4.5

The development of this model is based, like the daily Sands model, on four key 

assumptions to allow the integration of the model equations over the whole 

canopy: 

1) The canopy is horizontally uniform. 

2) The light down the canopy follows an exponential decay curve (Equation 

3.3). 

3) The leaf photosynthetic response to light is given by a non-rectangular 

hyperbola (NRHC, Equation 3.2). 

4) The parameter  is proportional to the ratio of the local PPFD in the 

canopy and the full sun PPFD. 

As described in previous sections, the partitioning of the total canopy 

photosynthesis into its sunlit and shaded fractions is useful as it allows the 

values of the parameters to change for each component independently, is 

computationally efficient and gives important differences compared with a 

model that does not make this distinction. These differences are mainly due to 

the non-linearity of the response of leaf photosynthesis to its light environment. 

A difference exists between the sun/shade integration presented above and the 

one used in the model presented by Thornley: in the equations presented in 

Section 3.2.4.3 the radiation absorption takes into account the scattering effect 

on diffuse and direct irradiance, while the Thornley model does not take this 

effect into account.  

A complete and detailed derivation of the equations of this model is given in 

Thornley (2002) and in the following, only the final derived equations have been 

reported. 

The contribution of the sunlit leaves to the total rate of canopy assimilation is 

given by Equation 3.44: 
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(3.44) 

where Psun is the carbon assimilation rate of the sunlit part of the canopy, kb and 

 are the light extinction coefficient and curvature parameter, respectively and 

other terms are calculus intermediates described below. 

The component for shaded leaves is given by Equation 3.45: 

 

(3.45) 

where Pshade is the carbon assimilation rate of the shaded part of the canopy, 

and pmax0 is the maximum carbon assimilation rate under no limitation. 

The different terms in the two previous equations are given by: 

 

(3.46) 

where  is the quantum yield of electron transport and corresponds to the slope 

of the photosynthesis light response curve, Isun0 and Idif0 are the direct incoming 

solar radiation and diffuse radiation at the top of the vegetation layer, 

respectively, and  is the leaf transmittance parameter fixed to 0.1, which is a 

typical value for ryegrass leaves (Thornley, 2002). 

And: 
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(3.47) 

Parameters of the model allowing the carbon assimilation rate of the vegetation 

canopy to change are , , and pmax0, which are similar than those of the NHRC 

photosynthesis routine. 

This model is particularly interesting because it makes the link between the very 

detailed biochemical FvCB model and the model developed by Sands (1995b) 

to calculate canopy daily photosynthesis. The running time of the model using 

already integrated equations over the canopy is faster than a multilayer model 

and sun/shade models. The Thornley model was designed to be nearly as 

accurate as more detailed multilayer models and to give better results than big-

leaf models (Thornley, 2002). 

Here again the response curve of leaf photosynthesis to radiation is not plotted 

because the Thornley (2002) procedure uses a non-rectangular hyperbolic 

function to simulate the carbon assimilation rate in response to irradiance, 

which has been described in Section 3.2.3.2. In the original model description, 

no temperature function was prescribed and so the three options described 

above, i.e. hump (Equation 3.13), peaked (Equation 3.23), and power (Equation 

3.29) functions, were introduced in the model. 

 Comparison of the big-leaf and sun/shade integration schemes 3.2.4.6

In this section, only the standalone versions of the PS models and upscaling 

schemes were used, and no limitation terms and a constant vegetation biomass 

(LAI=4) were used to make the simulations. These strong assumptions make it 

impossible to compare these modelled fluxes with observations, as limitations 

and changes in biomass have an important role in regulating the fixation of 

carbon dioxide. 
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Figure 3.15 shows the inter-comparisons of the canopy carbon assimilation 

rates modelled by using the two tested up-scaling schemes described above, 

big-leaf and sun/shade, with the FvCB a) or NRHC b) leaf photosynthesis 

models. Leaf PS models were run with the same parameters when either the 

big-leaf or the sun/shade canopy integration schemes are used. 

 

Figure 3.15: Scatter plots for the comparison of the big-leaf (BL) and sun/shade (SS) canopy 

integration schemes when the FvCB a) or the NRHC b) leaf photosynthesis models are used. 

Graphs were obtained from the responses of PS models to one year (2008) of climatic 

conditions observed at Scott Farm (17 520 observations). 

The two graphs displayed in Figure 3.15 show very similar patterns, BL and SS 

schemes agree well for photosynthesis rates below 10 μmol m–2 s–1 that were 

achieved for low radiation levels. Divergence occurs at higher photosynthesis 

rates, especially for cloudy days where the solar radiation is mostly diffuse 

radiation. Under those climatic conditions, leaf photosynthesis models with the 

sun/shade integration modelled higher carbon assimilation rates than the PS 

models with the big-leaf integration (Fig. 3.15a and b). Another feature 

highlighted in these graphs is that with the big-leaf scheme it is possible to 

reach higher canopy photosynthesis rates than with the sun/shade scheme: 42 

μmol m–2 s–1 and 32 μmol m–2 s–1 for the two schemes, respectively. This is 

caused by the inadequacy of the assumptions needed in the big-leaf model to 

solve the integral of leaf photosynthesis over the canopy, principally the 

proportionality between photosynthetic capacity and radiation levels in the 
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canopy, the optimality of the nitrogen distribution that is assumed to follow light 

decay in the canopy and the non-linear of photosynthesis to light intensity. 

3.2.5 Limitation factors affecting the maximum rate of 
photosynthesis as implemented in CenW_HH 

 Nutrients 3.2.5.1

Nitrogen and phosphorus are the key nutrients for plants because they are both 

necessary in cellular functions and growth metabolism, and plants use them in 

large quantities to sustain their needs. In natural ecosystems, these two 

elements are often limiting factors of plant growth (Crous et al., 2015). Plants 

grow by absorbing nutrients from the soil but their ability to extract nutrients 

depends on the amount of nutrients present in the soil and on the nature of the 

soil (the combination of sand, silt, clay, and organic matter). Soil texture and 

acidity (pH) further determine the extent to which nutrients are available for 

plant uptake. 

 

Figure 3.16: Nitrogen limitation expressed as a function of leaves’ nitrogen concentration. 

In our system, which consists of a heavily managed dairy pasture, it was 

assumed that nutrient levels were monitored to maximise pasture productivity 

by minimising nutrient limitations. Fertiliser applications therefore followed the 

best practices that farmers can use to maximise pasture production while 

limiting environmental damages. Phosphorus (P) cycling was not included in 

this study as it is very unlikely that plants will experience strong P-limitation on 



96 

Scott Farm (Mudge et al., 2011). However, as carbon and nitrogen are very 

closely linked and impact the whole model, nitrogen cycling was used in 

simulations, but in this chapter, where the focus is on the modelling of 

photosynthesis, only its direct effect on CO2 assimilation is discussed and no 

details are given on the modelling of the nitrogen cycle. This is described in 

Kirschbaum and Paul (2002). 

In the daily Sands model, which is used in the original version of CenW, various 

limitations are described through multiplicative factors, including a nitrogen 

limitation factor, Nlim that varies between 1, when N is not limiting, and 0, when 

the N concentration in leaves is too low to sustain any photosynthesis (Equation 

3.48 and Fig. 3.16). The same limitation term was used in the different half-

hourly photosynthesis models tested in this study to limit Amax, the maximum 

carbon assimilation rate or the maximum rate of carboxylation (Vcmax) for the 

FvCB model: 

(3.48) 

where Nconc is the nitrogen concentration of the leaves, N0 represent a calibrated 

parameter that represents the nitrogen content below which no photosynthesis 
occurs, and Ncrit is the critical N that marks the saturation level of N in plants 

leaves. 

 Temperature 3.2.5.2

In addition to the direct effect of temperature on photosynthetic capacity through 

enzymatic kinematics modification (as described below), the CenW model also 

accounts for the limitation/reduction of the carbon assimilation rate caused by 

extreme temperature damage on leaves. Both cold and hot temperatures can 

potentially damage leaves. In practice, two threshold parameters are used to 

set these lower and upper boundaries and then calculate how damage will 

reduce the carbon assimilation rate. The temperature damage term varies 
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between 0 for extreme damages to the plants and totally stops photosynthesis 

to 1 when plants do not experience any temperature damage. 

Calculations are made daily, even when the model is run at a half-hourly time 

step. At first the procedure assesses by how many degrees the minimum and 

maximum temperatures are beyond the set thresholds, and for each degree that 

exceeds the set thresholds, one damage unit is added to the cumulative count 

of damage units that determine the extent of photosynthesis reduction by 

multiplying the total amount of accumulated damage units by a sensitivity term. 

There is also the possibility for the plants to repair these damages over time, 

which is done by reducing the damage units by the daily repair rate. 

This limitation term is applied to the maximum rate of photosynthesis with no 

limitation (Amax) for the Thornley and NRHC models, as in the original version of 

CenW with the Sands model, and to the maximum rate of carboxylation (Vcmax) 

for the FvCB model. 

 Water 3.2.5.3

In the model, the water limitation term (WaterLimit) is related to root distribution 

and the water content of different soil layers. Water limitation is taken into 

account in the photosynthesis module in two ways. One limitation comes 

through the response of stomatal conductance to water stress. The water 

limitation variable (WaterLimit) is used to modify the parameter of the stomatal 

conductance model. In this study, the routine proposed by Ball et al. (1987), 

hereafter called the BB-model (Equation 3.49), was used because it has been 

successful in several studies (Kim and Lieth, 2003): 

 (3.49) 

where gs is the stomatal conductance to water vapour (mmol H2O m–2 s–1), g0 is 

the residual stomatal conductance, the factor 1.6 is used to account for the 
difference in the molecular diffusion of CO2 and H2O, Anl is the leaf net carbon 

assimilation rate (μmol CO2 m–2 s–1), RH is the relative humidity at the leaf 
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surface, Cs the carbon dioxide concentration at the leaf surface (ppm), and m is 

a parameter that gives the slope of the relationship between gs and Anl RH/Cs. 

For well-watered plants, the slope of the BB stomatal conductance model 

(parameter m) is given as a species-dependent constant. In the model, we allow 

this parameter to vary in response to water stress to describe stomatal closure 

during drought conditions to prevent leaves drying out. If stomatal closure 

precedes reductions in photosynthetic capacity during times of developing water 

stress, it also conveys increased water use efficiency (WUE), the ratio of carbon 

gain to water loss.  

A linear relationship between a stressed (mmin) and non-stressed (mmax) values 

of m and the water limitation term is used (Equation 3.50): 

 (3.50) 

where mmin and mmax are two parameters used to describe photosynthetic 

responses under well-watered and water-limited conditions. 

The time response of plants’ leaves to close their stomata in response to 

changes in solar radiation is not constant between species and also depends of 

the rate of change in radiation levels (Will and Teskey, 1999). An increase of 

PPFD from 200 to 800 μmol m–2 s–1, imposed an equilibration time (time for 

stomatal conductance to reach equilibrium) of 3 minutes for Fagus grandifolia, 

20 minutes for Liriodendron tulipifera, 12 minutes for Acer rubrum and Quercus 

rubra (Woods and Turner, 1971), and also 20 minutes for Pinus taeda 

(Whitehead and Teskey, 1995). Whitehead and Teskey (1995) also reported 

that stomata respond faster to a decrease than to an increase in irradiance. 

It was therefore assumed that over the 30-minute time step of the model 

simulations, leaves have enough time to adjust to new measured climate 

conditions, and that stomatal conductance and leaf temperatures could be 

modelled to have reached a new pseudo equilibrium. 

Severe water stress levels can also decrease the maximum rate of carbon 

assimilation by increasing the mesophyll resistance and by reducing the RuBP 
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carboxylase activity in water-stressed leaves (Kaiser, 1987). This second 

limitation term (WaterLimitPS) was used to apply further reduction to 

photosynthetic capacity when water stress developed (Equation 3.51). 

 

(3.51) 

where  

 

(3.52) 

 

where and are the lower and upper limits of the water 

limitation and is the reduction rate of the leaves photosynthetic capacity 

under extreme water limitation. 

3.2.6 Efficiencies of the different photosynthesis routines to 
simulate GPP once incorporated in the ecosystem model. 

The selected procedures discussed above are used to represent the same 

physical process, i.e. photosynthesis. The procedures use different respective 

response curves and include different processes, even if they also share 

similarities in the representation of some processes. These differences lead to 

some dissimilarities in respective simulated photosynthesis rates under certain 

forcing conditions.  

On one hand, the biochemical model of Farquhar et al. (1980) is very detailed 

and contains much information on the real process of carbon assimilation by 

plants. However, the model contains a large number of parameters for which 

some values are very variable among species and cannot be easily or 

confidently derived unless measurements of leaf photosynthesis response 

curves made in situ are available. On the other hand, the NRHC or RHC and 

Thornley formulations are simpler and require fewer parameters to run, but they 

do not include all the identified processes that regulate leaf carbon assimilation. 
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The new version of CenW (running at a half-hourly time step) will have to run 

over long periods of time to study changes in soil organic carbon stocks under 

different farm management or climate regimes. Under those conditions, it is 

very important to have both a fast running time and accurate simulations of 

carbon fluxes, particularly carbon fixation through photosynthesis and plant 

allocation to soil carbon inputs. 

The previous sections focussed on the different formulations of leaf 

photosynthesis and their integration at the canopy scale. Now that the basic set 

of equations for carbon assimilation sub-models have been selected and have 

been tested for their responses to climatic variables, it becomes possible to 

compare the models’ performances under field conditions. This involves 

comparison with measured photosynthetic rates under measured climatic 

conditions and farm management practices. 

In this part of the study, a model inter-comparison and validation against EC-

derived GPP was carried out to determine if the different rates of 

photosynthesis simulated by these methods are equivalent and which rate gives 

the best results compared with data. 

To achieve this goal, the comparison was made with the different 

photosynthesis routines included in the complete ecosystem model, and 

simulations were compared with observations of photosynthesis and 

evapotranspiration, because in CenW_HH, photosynthesis and 

evapotranspiration are tightly linked through stomatal conductance.  

In order to see how the different photosynthesis modelling routines perform, 

CenW_HH has been parameterised for each of the routines to get the best 

possible goodness of fit based on net ecosystem productivity (NEP) and 

evapotranspiration (LE). Then, for this chapter, which is on photosynthesis 

modelling, model efficiencies between measured and simulated gross primary 

production (GPP) and evapotranspiration (LE) were calculated with the Nash-

Sutcliff criteria (Equation 3.53) and results are given in Table 3.4:  

 
(3.53) 
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where Oi represents an observed variable measured at a given time (i), Si is the 

corresponding modelled variable, and Ō is used for the average of all 

observations. 

NSE can range from −∞ to 1. An efficiency of 1 (NSE = 1) corresponds to a 

perfect match between modelled and observed data. An efficiency of 0 (NSE = 

0) indicates that the model predictions are as accurate as the mean of the 

observed data, whereas an efficiency less than zero (NSE < 0) occurs when the 

observed mean is a better predictor than the model, in other words, when the 

residual variance that is described by the numerator of Equation 3.53 is larger 

than variance of the data (given by the denominator of Equation 3.53). 

Essentially, the closer the model efficiency is to 1, the more accurate the model 

is. Also, NSE is sensitive to extreme values and might yield sub-optimal results 

when the dataset contains large outliers in it. 

Overall, model data agreements for GPP and LE were good for all the 

photosynthetic implementation tested, as indicated by high model efficiencies 

above 0.8. For gross primary production, the highest model efficiency of 0.89 

indicated that the best model/data agreement could be achieved by the 

Thornley routine (Thornley, 2002), followed by both the non-rectangular 

hyperbola (NRH) and FvCB routines with sun/shade (SS) integration (0.87), 

then by NRH BL (non-rectangular hyperbola with big leaf integration) with an 

efficiency of 0.83 and finally by FvCB BL with a NSE of 0.81. 

Models performances evaluated for latent heat showed similar patterns as for 

GPP. Best performance was achieved with the Thornley routine, with a model 

efficiency of 0.85. Again, as for GPP, both leaf photosynthesis routines tested in 

this study with a sun/shade upscaling scheme managed to model LE with the 

same accuracy as indicated by equal model efficiencies of 0.84. The NRH and 

FvCB leaf photosynthesis algorithms up-scaled at the canopy level by using the 

big-leaf (BL) integration scheme had the poorest model/data agreements.  

All canopy photosynthesis routines were tested with the same energy and water 

budget procedures, which are described in Chapter 4, the only differences 

between them being differences in stomatal conductance. In CenW_HH, the 
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canopy stomatal conductance is calculated inside the photosynthesis routines 

and then passed to the energy and water budgeting procedure to principally 

model LE.  

Table 3.5: Comparison of the performances of different models of photosynthesis and 

integration schemes after model parameterisation. The values given in the table are model 

efficiencies (NSE) calculated following the Nash-Sutcliffe criteria for day-time gross primary 

production (LE) and latent heat flux (LE) for Scott Farm over the two years of study 

 Thornley NRH BL NRH SS FvCB BL FvCB SS 

GPP (μmolCO2 m–2 s–1) 0.89 0.83 0.87 0.81 0.87 

LE (W m–2) 0.85 0.81 0.84 0.83 0.84 

Figure 3.17 shows two Taylor diagrams (Taylor, 2001) for gross primary 

production a) and for evapotranspiration b). According to Taylor (2001), these 

plots graphically summarise how well a model can reproduce observations and 

they are particularly useful for comparing the performance of multiple models 

relative to observations. Model/data agreements are quantified by their Pearson 

correlation coefficient, their centred root mean square error and their standard 

deviations which are a measure of the amplitude of their variations. 

By using this kind of diagram, it is possible to summarise three different 

statistics related to the agreement of modelled and observed variables in a two 

dimensional space. Inferring the performances of several models can be done 

directly from the plot of the Taylor diagram because: 

- the best agreeing models/observations will lie nearest to the point 

marked "observed" on the x-axis (high correlation and low RMSE) 

- the closer the models are to the dashed black arc, the more their 

standard deviation is correct and variations are accounted for. 
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Figure 3.17: Normalized Taylor diagrams of gross primary production a) and latent heat fluxes 

b) observed and modelled by CenW_HH for Scott farm. Each coloured point represents the 

results from the model/data comparison with CenW_HH running one or the other of the 

photosynthesis routines (see text for description). Normalization is made by dividing both the 

RMS error and the standard deviation of the simulations by the standard deviation of the 

observations so that the "observed" point is plotted at unit distance from the origin along the x-

axis. 

a) b) 
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We can see in the two diagrams of Figure 3.17 that all points, which individually 

represent the comparison of observations with their modelled counterparts 

using the different photosynthesis routine in CenW_HH (given in legend), are 

grouped in the same area of the plots. This would indicate that GPP and LE are 

reasonably well modelled with all the carbon assimilation procedures used in 

the model. However, on both graphs (Fig. 3.17a and b), the CenW_HH model 

with the Thornley photosynthesis routine (red dots) performed slightly better 

than the other photosynthesis algorithms that were implemented and tested. 

RMSE is minimal and correlation is maximal for both GPP and LE. 

FvCB and NRH with sun/shade integration were very close to Thornley and to 

each other with approximately the same RMSE and correlation, which were just 

slightly better for the FvCB algorithm as it was closer to the dashed arc on both 

graphs. Slightly worse model performances were achieved with the use of the 

big-leaf integration scheme and both NRH and FvCB carbon assimilation 

routines. Even if model performances with the big-leaf up-scaling scheme are 

not as good as for the Thornley or sun/shade models, they are good enough for 

the models to give plausible results, as indicated by the good models 

performances reported in Figure 3.17 and the closeness of all points of the 

graph. 

Figure 3.18 shows the comparisons of modelled data with CenW_HH and the 

Thornley photosynthesis routine, and EC-derived GPP a) and latent heat flux b). 

The dashed lines are the 1:1 lines, which indicate perfect agreement between 

the modelled and observed variables, and the red lines are linear least square 

regression lines with calculated slopes of 1.00 for gross primary production and 

0.89 for latent heat fluxes (Fig. 3.18). This indicates that on average, GPP is 

well modelled with no systematic error but that LE tends to be overestimated by 

11% by CenW_HH. The model efficiency (NSE) indicates that the model could 

explain 89% of the variations in observed carbon and water fluxes. 
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Figure 3.18: Comparisons of modelled and observed GPP a) and LE b). Modelled variables are 

from CenW_HH with the Thornley photosynthesis routine. 

Overall, as CenW_HH with the Thornley photosynthesis algorithm shows the 

best agreement with observed GPP and LE (Table 3.4, Fig. 3.17a and b, and 

Fig. 3.18), it was chosen to be used in the rest of the study. 

3.2.7 Summary and Conclusions 

Throughout this section, different models of photosynthesis and integration 

schemes were used within the CenW model to be run at a half-hourly time step. 

Each version of the model was run with the same climatic conditions and farm 

management practices and re-parametrised with the best fit possible between 

observations and simulations. The completely modified version of the model 

was used to include the various feedbacks and limitations from other 

procedures in a comparison of modelled and observed carbon and water fluxes. 

It is concluded that both models simulate photosynthesis at a half hourly time 

steps with similar results. However, they are not fully equivalent, and even if the 

FvCB is more mechanistic than the NRHC, it is also more difficult to 

parameterise as the parameters are very sensitive to temperature, and it is also 

more difficult to integrate over the canopy. The different formulations of the 

temperature responses functions and the fact that the FvCB uses different 

formulation for the different limiting processes led to substantial differences in 

the modelled carbon assimilations rates. 

EC
-d

er
iv

ed
 G

PP
 



106 

The overall findings were that the complete model (CenW_HH) with the new 

carbon assimilation procedure worked well. Perfect agreement between the 

different photosynthetic implementations was not expected as the different 

formulations used different formulations of the same processes and includes or 

excluded certain other processes. However, there were no major discrepancies 

between the different versions of the model with different photosynthesis 

modelling algorithms. 

At the leaf level, all the photosynthesis routines tested here simulated similar 

leaf photosynthesis rates after adjusting their respective parameters. This was 

observed even though they used very different equations of very different 

complexity, ranging from the very detailed biochemical FvCB photosynthesis 

model to the much simpler NRH curve. Integration from the leaf to the 

vegetation canopy was achieved by using either a simple big-leaf scheme or a 

two-leaf (sun/shade) scheme and it is this step of upscaling the carbon 

assimilation rate that proved to be the cause of most of the discrepancies 

between photosynthesis routines, even after their proper and independent 

parameterisation. 

Finally, as a result from all the comparisons made throughout this chapter, the 

Thornley (Thornley, 2002) algorithm was chosen to be used in all the following 

chapters of this study as it gave the best performances in the GPP.  
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 CHAPTER 4: THE ENERGY AND WATER BUDGETS 
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4.1 Introduction 

The transfer of water and energy between the atmosphere and the earth’s 

surface occurs continuously. Globally, climate and weather patterns are driven 

by the energy received by the surface as solar and atmospheric longwave 

radiation. This energy can be stored by the land and oceans, be returned to the 

atmosphere where it contributes to warm the air, or be used to evaporate water. 

All these energy transfers are important fluxes for the global mean energy 

budget of the Earth’s surface. Solar radiation varies in time (seasonally and 

daily), reflecting the relative positions of the sun and earth and also the 

atmospheric turbidity and cloudiness.  

There are five ways for the surface to dissipate the energy received from the 

sun:  

1) by reflection of some of the incoming solar radiation back to the 

atmosphere (quantified by surface albedo) 

2) by emission of longwave radiation 

3) by heat transfer through conduction (contact) 

4) by convection (movement of air) 

5) by vaporisation of liquid water (latent heat flux). 

Over land, the turbulent mixing of air is responsible for the transport of heat 

(sensible heat) and moisture (latent heat) away from the surfaces, which leads 

to the resulting microclimatic conditions that are observed locally. As wind blows 

over land surfaces, ground, trees, grasses, buildings, and other objects, it 

causes turbulences in the atmospheric boundary layer. Air movement (wind) 

can be seen as the horizontal transport of rotating eddies, each with its own 

temperature, humidity, and momentum, and which transport heat and water in 

both directions between the surface and the atmosphere.  

Energy, water, and carbon fluxes between the soil, the vegetation, and the 

atmosphere are interconnected and complex. Land surface models (LSMs) and 

soil-vegetation-atmosphere-transfer (SVAT) models with different complexity 

levels, spatial and temporal scales and with different physical theories or 
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representation of processes were developed to study these energy and mass 

fluxes over different surfaces and types of vegetation (Anderson et al., 2000; 

Gentine et al., 2007; Ingwersen et al., 2011).  

The mathematical relationships describing energy and water budgets presented 

in this chapter describe the most important land surface processes encountered 

on grazed pastures of New Zealand. Once implemented in CenW_HH, which is 

the newly developed half-hourly version of the CenW model, the model couples 

vegetation dynamics with heat and water transfers for the soil and vegetation 

separately.  

The first part of this chapter consists of a detailed description of the modelling 

scheme implemented in CenW_HH, followed by a report of how the system of 

equations is solved to ensure the closure of the energy budgets of the different 

parts of the system as soil and vegetation are treated individually to obtain 

energy balance. Finally, some typical patterns of soil temperatures over depth 

and time are shown, as temperature is both a measurable indicator and a key 

driver of the energy budget over time and under diverse conditions. 

4.2 Modelling water and energy budgets for terrestrial 

ecosystems 

The general expression of the energy balance at the soil-vegetation-

atmosphere interface is usually written as: 

 (4.1) 

where Rn is the net radiation, H is the sensible heat flux, LE is the latent heat 

flux, G is the soil heat flux, ΔS is the heat storage of the vegetation canopy, and 

P is the energy flux associated with photosynthesis. 

By convention, net radiation is assigned a positive number when directed 

towards the surface, the latent energy flux and sensible heat flux are positive 

towards the atmosphere, and the soil heat flux is positive towards the soil. The 

heat storage of the canopy (ΔS) and the energy flux associated with 
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photosynthesis (P) are usually omitted from the energy balance calculations 

because they are very small compared with the other terms, even on a half-

hourly basis. The simplified equation becomes:  

 (4.2) 

where all fluxes are expressed in W m–2.  

Process-based ecosystem models that simulate the exchanges of water, 

energy, and mass between soil, plant, and atmosphere are used in a wide 

range of applications, and their complexity (like photosynthesis- integration from 

a single leaf to the canopy) varies from the big-leaf scheme that is a simple 

bulk-canopy model (Friend, 1995; Monteith, 1965), the two-sources (soil and 

canopy) in which the contributions from the soil and from the vegetation are 

simulated separately (Shuttleworth and Wallace, 1985; Shuttleworth and 

Gurney, 1990), to detailed multi-layer process modelling of soil-vegetation-

atmosphere interactions (Baldocchi and Wilson, 2001). The choice was made to 

use the two-source scheme proposed by (Shuttleworth and Wallace, 1985; 

Shuttleworth and Gurney, 1990), which is described below with some 

modifications to the original set of equations. In the Shuttleworth and Wallace 

(1985) modelling scheme, hereafter called SW85, temperatures and humidities 

of the soil and vegetation layers are different. Two-sources models, like the 

SW85 models, were originally developed for sparse vegetation covers with a 

large contrast between the temperatures of the soil and vegetation, but they can 

also be considered as a general case of most systems where a layer of 

vegetation overlays the bare soil. 

A multilayer soil temperature and water content profile is implemented instead 

of the original “force-restore” scheme (Bhumralkar, 1975; Noilhan and Planton, 

1989), in which the soil is divided into two layers, e.g. 1) a soil surface layer that 

exchanges with the atmosphere and where there is no water uptake by roots; 

and 2) a deep soil layer that is usually larger, contains the root system, and 

buffers exchanges of the top soil layer with the atmosphere. Having two layers 

allows calculation of water extraction by deep soil roots, calculation of the soil 
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heat flux from a two temperature gradient, giving a better representation of 

water and heat exchanges between the two soil compartments. 

A soil surface litter layer has also been added because it has been proven to 

improve simulations of energy and carbon fluxes in forest ecosystems (Wilson 

et al., 2012). In grassland ecosystems, litter does not usually represent a large 

pool of carbon, but to retain the generic properties of the CenW ecosystem 

model, these new equations were used so that CenW could continue to function 

adequately for different vegetation types even if in this study only a pasture 

system has been modelled. 

4.2.1 Double source energy budget model 

The model presented by Shuttleworth and Wallace (1985) was designed to 

simulate the energy and water budget of the surface by separating the 

contributions of the soil and of the vegetation layer with subscripts s and c, 

respectively. The model simulates the different processes analogous to an 

electric circuit where the fluxes of latent and sensible heat of each component 

of the system are expressed as a difference of potential between two nodes of 

the scheme (temperature or water vapour) divided by a resistance term (Fig. 

4.1). 

The net radiation available above the canopy is partitioned between the soil and 

the canopy such as in Equation 4.3: 

 (4.3) 

A new litter compartment in the soil energy budget routine has also been added 

to the original formulation proposed by Shuttleworth and Wallace (1985) and 

Shuttleworth and Gurney (1990). The original version of the Shuttleworth and 

Wallace (1985) scheme has been used in several modelling studies in which 

most of the processes and fluxes at the soil-vegetation-atmosphere interface 

were integrated and well modelled (LoSeen et al., 1997; Anderson et al., 2000; 

Cammalleri et al., 2010). These studies also used the original version of the 

routine. They did not include the effect of a litter layer in the partitioning of 

energy or water as well as how it affected soil temperature and evaporation 
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rates, which is however important in some biomes and, as Wilson et al. (2012) 

showed in a forest modelling study, improved model performances when 

included.  

 

Figure 4.1: Diagram showing the double source modelling scheme for the simulation of the heat 

and water budgets at the earth-atmosphere interface. The model has been modified from 

Shuttleworth and Wallace (1985) with the inclusion in the scheme of a litter layer (grey) and a 

multilayer soil profile. The left hand side shows the transfer scheme for the sensible heat fluxes 

(H) from the different components of the system; the right hand side shows the transfer scheme 

for the latent heat fluxes (LE). Key: H, Hc, Hs, and Hl are the sensible heat fluxes for the 

system, crop, soil, and litter layer, respectively; LE, LEc, Les, and LEl are the latent heat fluxes 

for the system, crop, soil, and litter layer, respectively; Ta, Tc, Ts, Tl, and To are the 

temperatures for the measurement height, crop, soil, litter layer, and canopy source height, 

respectively; ea and eo are the vapour pressure at the measurement height and canopy source 

height, respectively; e*(Tc), e*(Ts), and e*(Tl) are the saturated vapour pressure at temperatures 

for the crop, soil, and litter layer, respectively; raa is the aerodynamic resistance between the 

canopy source height and the measurement height; rac is the bulk boundary layer resistance; ras 

is the aerodynamic resistance between the soil and the canopy source height; ral is the 

aerodynamic resistance between the litter layer and the canopy source height; rsc and rss are the 

canopy and soil surface resistances, respectively; 

The daily CenW model included a surface litter layer formed through plant litter 

fall. The calculated proportion of soil covered by litter could add a source of 

evaporative flux when wet but prevent evaporation from the soil beneath. Even 

though the amount of litter present on the soil surface in pasture systems is not 

canopy 
source 
height 

measurement height 
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very important, we chose to also include it in the half hourly water and energy 

budget. 

First, since a litter layer was included in the simulation of water fluxes in the 

daily version of CenW, it was also included in the half-hourly version to maintain 

comparability between the versions. Second, if the newly developed version of 

the model should be applied to a system where the amount of litter is important, 

as in forest ecosystems, it should allow ready application of the model with no 

major changes needed for the energy budget procedure.  

While only a few studies have been conducted to understand how residues 

affect water, CO2, and energy exchanges below the vegetation layer, their 

inclusion in the ALEX model improved model simulations of these fluxes 

(Wilson et al., 2012). 

Radiative transfers are not represented in Figure 4.1. However, they are very 

important terms for the proper modelling of water and energy exchanges in the 

soil-vegetation atmosphere continuum and equations used in CenW_HH are 

given in Section 4.2.2. In the model, it is assumed that the vegetation layer is 

semi-transparent and placed above the soil layer, which is opaque. 

The energy budget is written separately for the soil (Equation 4.4), the 

vegetation layer (Equation 4.5), and the litter layer (Equation 4.6) that was 

added to the original model formulation. 

 (4.4) 

 (4.5) 

 (4.6) 

Solving these three simultaneous equations requires the correct calculation of 

their various constituent fluxes that depend on biotic and abiotic conditions. 

The three equations above represent the energy partitioning between the 

different processes occurring in the various compartments of the system. As 

indicated, the energy budgets of the three system components are closed. At 

equilibrium temperature, the net radiation gain of any layer must be balanced by 
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energy losses from latent energy, with positive or negative heat transfer adding 

to the energy balance. Because the canopy and litter layers have very little 

thermal capacities, heat storage in those layers were ignored in the half-hourly 

calculations presented here, but the soil with its much larger heat capacity can 

substantially add to the overall energy balance through storage or release of 

heat. 

Equation 4.4 and Equation 4.5 came from the original formulation of the double 

source model as proposed by Shuttleworth and Wallace (1985). Equation 4.6 

has been added to take account of the energy balance of the surface litter pool 

that had been shown to improve the partitioning of surface energy fluxes of 

forests (Wilson et al., 2012) and crops (Farahani and Ahuja, 1996; Odhiambo 

and Irmak, 2011). According to the formulations of the energy budgets of the 

different components of the system, it is assumed that vegetation and litter 

layers have no heat storage terms and equations are solved iteratively. As seen 

above, the vegetation and litter layer energy budgets rely on the stationarity 

assumption, i.e. net radiation equals the sum of sensible and latent heat fluxes. 

The original model proposed by Shuttleworth and Wallace (1985) only included 

a two-layer soil model for the calculation of the soil temperatures and water 

content called the “force restore modelling scheme”. In CenW_HH, the soil can 

be modelled with up to 20 layers. Their depths and properties are user specified 

so that soil water content and the temperature profiles can be modelled 

separately for each layer. Above-ground vegetation has also been partitioned 

into its live (LAIgreen) and dead (LAIdry) components. This partitioning led to better 

simulations of the different terms of the energy budget because the dead parts 

of the vegetation keep on intercepting solar radiation but do not contribute to 

transpiration and photosynthesis fluxes. 

The application of the Shuttleworth and Wallace (1985) modelling approach 

requires a large number of parameters, and its practical application could be 

hindered by the lack of mechanistic and accurate formulation of the different 

resistances terms (Odhiambo and Irmak, 2011). However, this scheme has 

been successfully used in several modelling studies of evapotranspiration over 

agricultural land covers and has given good estimates of water fluxes (Farahani 
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and Bausch, 1995; Brisson et al., 1998; Anadranistakis et al., 2000; Lund and 

Soegaard, 2003; Kato et al., 2004). In the following sections, the key equations 

used to develop CenW_HH are described. 

4.2.2 Net radiation 

Development of the vegetation stands rely heavily on the interception of 

radiation from the sun, and it is diurnal changes in solar radiation levels that 

drive the diurnal changes of photosynthesis, evapotranspiration, and latent heat 

fluxes exchanged between the surface and the atmosphere. The total solar 

radiation reaching the surface can be sub-divided into its direct beam and 

diffuse components. 

The canopy prevents solar radiation reaching the soil surface according to a 

shielding factor ( ) expressed by Deardorff (1978) or Taconet et al. (1986), as 

given by Equation 4.7 for direct beam solar radiation and Equation 4.8 for 

diffuse and long-wave radiation: 

 
(4.7) 

 (4.8) 

where LAI (m2 m–2) is the total leaf area index of the stand given by the sum of 

LAIgreen and LAIdry, kb is the extinction coefficient for direct beam solar radiation 

that is simulated according to solar position in the sky and leaf angle distribution 
(see Chapter 3), and kl is the extinction coefficient for diffuse and long wave 

radiation that value is fixed to 0.75 (Cammalleri et al., 2010b). Extinction 

coefficients for direct and diffuse radiation are different mainly because diffuse 

radiation is anisotropic, meaning it comes equally from all directions. 

The general expression of net radiation at the SVA interface is expressed 

according to the electromagnetic wavelengths (Equation 4.9) and represents 

the radiative budget of the surface and the available energy responsible for 

conductive and convective fluxes. 
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 (4.9) 

where subscript SW and LW are used to differentiate shortwave and longwave 
radiations respectively and ↓ and ↑ arrows indicate the direction of propagation 

of the radiation components. These terms correspond to: 

 is the global incident solar radiation 

 represents the reflected global solar radiation 

 represents the incident atmospheric radiation 

 is the reflected atmospheric 

radiation and the intrinsic radiation from the surface 

(4.10) 

where Rs is the incoming solar radiation (W m–2) and is an input of the model, 

αsurf is the surface albedo, εa and εsurf are the emissivities of the air and the 

surface respectively,  is the Stephan-Boltzmann constant (5.6705 10–8 W m–2 

K–4), and Ta and Tsurf are the air and surface temperatures in Kelvin. 

For a vegetated surface, usually constituting two imbricated layers, net radiation 

terms at the interface between the surface and the atmosphere can be 

computed according to the formulation proposed by Campbell and Norman 

(1998) according to Equations 4.11 and 4.12 for the soil and the vegetation 

respectively, for these equations no litter layer is used in their derivation. 

At the soil level, the net radiation is calculated according to Campbell and 

Norman (1998) as: 

 (4.11) 

And for the vegetation canopy: 
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 (4.12) 

where αs and αc are the soil and vegetation albedos that are model parameters, 

 is the shielding factor for solar radiation,  is the shielding factor for long 

wave and diffuse radiations, εi are the emissivities of the different constituents 

of the system differentiated by their subscripts, a is used for the air, s for the soil 

and c for the vegetation canopy, and Ti are the various components’ 

temperatures in Kelvin. 

These equations have been modified to incorporate the litter layer in the energy 

partitioning. It has been done by partitioning the radiation in the fraction 

absorbed by the soil and by the litter by calculating the fraction of soil covered 

by dead plant material hereafter called flitt and modifying equations from 

Campbell and Norman (1998) as: 

 (4.13) 

 (4.14) 

And the net radiation at the litter layer level is given by: 

 (4.15) 

where , , and  are the albedos of the vegetation, the soil, and the litter 

layer,  and  are defined above, and  is the emissivity of the residue (litter 

layer), and  represents the long wave radiation of the atmosphere which is 

calculated according to the Equation 4.16. 

 (4.16) 

where  represent the emissivity of the atmosphere and is the function of the 

emissivity of the clear sky and of a cloudiness factor. 
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The emissivity of the atmosphere is given by: 

 (4.18) 

where clf is the cloudiness factor that is defined as the ratio of modelled and 

measured solar radiation. 

The clear sky emissivity is calculated for each time step of the model according 

to the empirical formula proposed by Brutsaert (1984), as described in the study 

of Herrero and Polo (2012), according to air temperature and water vapor 

pressure at saturation at measurement height and for which uncertainty is within 

±5% (Kustas et al., 1989): 

 
(4.17) 

where ea is the absolute humidity of the air at the measurement height. 

4.2.3 Sensible heat flux 

The sensible heat flux (H) corresponds to the process by which heat energy is 

transferred from the Earth’s surface to the atmosphere by conduction and 

convection. For example, when energy is received by a substance or object that 

resulted in a change of its temperature, this change in temperature is called the 

sensible heat flux.  

Total sensible heat flux is the sum of the contributions of the vegetation, litter 

and of the bare soil (Equation 4.19) such as it is calculated at different levels 

according to the nodes as shown on Figure 4.1: 

 
(4.19) 

where H is the sensible heat flux above the vegetation layer and is the sum of 

the contribution of the soil (Hs), canopy (Hc), and the litter layer (Hl). These three 

fluxes are calculated according to Equation 4.20, 4.21, and 4.22, respectively. 

And T0 is the temperature at the canopy source height (see below),  is the air 
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density (1.2 kg m–3), and  is the specific heat capacity of air at constant 

pressure (1012 J kg-1 K–1). 

The three components of the total sensible flux are calculated as: 

 
(4.20) 

 
(4.21) 

 
(4.22) 

where T0 is the temperature of the air at the mean canopy source height, ras is 

the aerodynamic resistance between the ground surface and the source height 
within the canopy (Section 4.2.6.2), rac is the bulk boundary layer resistance to 

heat and water vapour in the canopy (Section 4.2.6.1), and ral is the 

aerodynamic resistance between the litter layer and the source height within the 

canopy (Section 4.2.6.2). 

The sensible heat flux is directly proportional to the difference in temperature 

between the air at a reference height (T0) and the temperature of the studied 

surface (Ts, Tc or Tl), and inversely proportional to a resistance term (ras, rac or 

ral). 

The surface is gaining energy (H<0) when its temperature is colder than the 

temperature of the air at the reference height (T0) and is losing energy (H>0) 

when its temperature is warmer. The sensible heat flux increases as the 

temperature difference increases but is mediated by the resistance terms. As 

the resistance term increases, H becomes smaller for a given temperature 

difference. 

4.2.4 Latent heat flux 

The latent heat is by definition the amount of energy that needs to be applied to 

change the state of a substance from liquid to gas (vaporisation) or solid to 

liquid (liquefaction) or directly from solid to gas (sublimation). In the context of 
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this study, the latent heat flux is basically the heat dissipation by evaporation of 

water, when the flux goes from the surface of interest toward the atmosphere. It 

can also play a role in condensation of dew at night, e.g. when the latent heat 

flux is reversed and goes from the atmosphere to the surface 

As for sensible heat fluxes, the total latent heat flux (or evapotranspiration) is 
calculated by summing the contributions of the vegetation canopy (LEc), which 

is made of the sum of the evaporation contribution from the wet fraction of 

leaves and the transpiration from the dry parts, the soil surface layers (LEs), and 

the litter layer (LEl) fluxes: 

 
(4.23) 

where  and  have been described above,  is the psychrometric constant 

(0.66 mbar K–1), e0 is the vapour pressure at the canopy source height 

(Equation 4.30), and ea is the actual vapour pressure of the air at the reference 

height above the canopy and is given by Equation 4.24: 

 
(4.24) 

where Ta is the air temperature measured at reference height above the 

vegetation layer and RH is the atmospheric relative humidity measured at the 

same level. 

 
(4.25) 

where  is the saturated vapour pressure at surface temperature in kPa 

and Tsurf is the surface temperature (°C). 

The different components of the latent heat flux (evapotranspiration) can be 

written as: 
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(4.26) 

 
(4.27) 

 
(4.28) 

where LEcw represents the evaporation of water intercepted by leaves and LEcd 

the transpiration of water through the stomata,  is the fraction of the canopy 

covered by water, e*(Tc), e*(Ts), and e*(Tl) are the saturated vapour pressures at 

vegetation, soil, and litter temperatures, respectively, calculated according to 
Equation 4.25, rss is the soil surface resistance (Equation 4.62), and rsc is the 

bulk stomatal conductance of the canopy (Equation 4.55). 

Evapotranspiration corresponds to the process of vaporisation of liquid water 

and so involves transfers of mass and energy. The evaporation of a small 

amount of water requires a substantial amount of energy for the phase change 

to occur. Evapotranspiration combines evaporation, which is the process where 

liquid water is transformed into vapour, and transpiration, which is a process of 

water loss from plants through stomata. The vapour pressure deficit (VPD) 

between the surface and the air is the principal driver of both evaporation and 

transpiration fluxes, which are controlled by resistances. As the surface 

resistances increase as the surfaces dry, a well-watered site usually has a 

higher latent heat flux than a drier site under similar climatic conditions. 

Evaporation only occurs when a surface is wet and exposed to a drier air, and 

ceases when the surface is dry or the air is saturated with water vapour. 

Transpiration is controlled by the same physical drivers, but is also controlled by 

stomatal conductance (opening of stomata present on leaves). It is assumed 

that when the surfaces of leaves are totally covered by water, the transpiration 

rate is zero. 
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When the values calculated for e*(Tc), e*(Ts) or e*(Tl) are lower than e0, 

conditions are favourable for the formation of dew on the respective surfaces. 

Under these circumstances, it is assumed that dew is deposited on the whole 

surface and the extra amounts of water from dewfall add to water stored in the 

different parts of the ecosystem. In the general description of the Shuttleworth 

and Wallace (1985) model, it is necessary to calculate the temperature and 

vapour pressure at the canopy reference height. Calculations were done by 

applying the Millman’s theorem (or parallel generator theorem), in analogy with 

an electric circuit, to the schematic representing the double-source energy 

balance model (Fig. 4.1). In an electrical analogy, temperatures or the saturated 

vapour pressures would represent currents in the different branches of the 

scheme and fluxes would be potential differences (voltages) between two 

nodes.  

Equations 4.29 and 4.30 describe the original model without a litter layer 

(Shuttleworth and Wallace, 1985; Shuttleworth and Gurney, 1990; LoSeen et 

al., 1997): 

 (4.29) 

and 

 (4.30) 

This was extended by introducing a litter layer (subscript l). From the schematic 

presented in Figure 4.1 and the application of the Millman’s theorem the new 

equations became: 
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 (4.31) 

 (4.32) 

with: 

 

 

All resistances have already been described in the above sections. The node in 

the system corresponding to the canopy source height is purely conceptual and 

has no actual location or equivalent in a real vegetation canopy. However, this 

node is an important feature of the model as it helps the understanding of the 

system and simplifies fluxes calculations and partitioning between the soil and 

the vegetation. 

4.2.5 Soil heat flux 

The soil heat flux is a process of heat conduction that results from a 

temperature gradient and the thermal conductivity of the surface. Heat flux 

usually moves energy into the soil during the day, with a near equal energy flux 

out of the soil during the subsequent night. A small imbalance may remain that 

leads to longer-term seasonal soil warming or cooling.  

As said in the previous paragraphs, the Shuttleworth and Wallace (1985) model 

formulation used the force-restore scheme to simulate soil water and energy 
fluxes. In Shuttleworth and Wallace (1985), the soil surface heat flux (G) is 

calculated according to Equation 4.33, which was also used by Mo and Liu 

(2001) and Cammalleri et al. (2010) among others: 
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 (4.33) 

where k1 is the thermal conductivity of the first surface layer, and Tg1 the 

temperature of the first soil layer corresponding to a depth zg1. 

The daily version of the model (CenW 4.1) already uses a multilayer soil model 

that gave satisfactory results and a good representation of the different 

processes controlling water movements (Kirschbaum et al., 2015) and is also 

important for soil organic carbon dynamics. 

The procedure to calculate soil heat flux and soil temperature profile in 

CenW_HH uses the same multi-layer structure of the daily version but explicitly 

calculates the temperature at each soil depth. At first the thermal capacities, 

conductivities, and diffusivities of the different soil layers are calculated at the 

beginning of each half-hourly simulation periods and for each soil layer based 

on their specific texture, organic matter and water contents. Then the maximum 

time step required to solve the partial derivative equation is calculated based on 

the previously calculated thermal properties. In the next step, the soil heat flux 

between the different soils layers is calculated according to Equation 4.35, in 

which the horizontal fluxes are neglected: 

 (4.35) 

where kT is the soil thermal conductivity (W K–1 m–2) and  is the gradient of 

temperature down the soil profile. Temperatures of the different soil layers are 

then adjusted according to Equation 4.36: 

 (4.36) 

where cs is the soil heat capacity expressed in J m–3 K–1,  is the change in 

temperature with time, and  is the change in soil heat flux with depth. 
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All the calculation steps are repeated until the end of the 30-minute period, with 

adjustment of the soil thermal properties, water content, and temperatures as 

well as all the fluxes and resistance terms used in the modelling scheme. 

4.2.6 Resistances formulations 

As shown in the Figure 4.1, the Shuttleworth and Wallace (1985) model 

involves the calculation of five resistances (see below) to compute the fluxes. 

These resistances are particularly important because they regulate the different 

modelled fluxes between the different constituents of the ecosystem.  

 Resistance rac 4.2.6.1

The resistance rac represents the bulk boundary layer resistance of the 

vegetative elements in the canopy (Shuttleworth and Gurney, 1990) and, like all 

other resistances involved in the modelling scheme presented here, is given in s 
m–1. This resistance is a function of LAI and wind speed. In the following of this 

section different formulation are presented and compared. 

- Norman et al. (1995) parameterised the canopy boundary layer 

resistance as: 

 
(4.37) 

where C’ is a constant set equal to 90 s1/2 m–1 (Norman et al., 1995), s is the 

characteristic dimension of the leaves, and  is the wind velocity at a 

height of  obtained by extrapolation of the exponential wind profile 

inside of the canopy (Equation 4.38) following the formulation of Lafleur and 

Rousse (1990). 

 
(4.38) 

- Shuttleworth and Gurney (1990); LoSeen et al. (1997): 
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This formulation assumes that the energy exchanges only occur by molecular 

diffusion through a laminar layer around the leaves and is derived from the 

formulation previously derived by Choudhury and Monteith (1988) given in 

Equation 4.37 but it assumes an identical decay rate of wind speed and eddy 

diffusivity in the canopy (Shuttleworth and Gurney, 1990). 

 
(4.38) 

where  is the wind speed attenuation constant within the canopy that is 

dimensionless and taken as 2.5. 

- Choudhury and Monteith (1988) 

 
(4.39) 

where  is a constant coefficient.  

In fact, Equations 4.38 and 4.39 are equal when the values of the parameters 

involved in each of them are selected adequately, e.g. . 

- Taconet et al. (1986) 

 
(4.40) 

where β is a parameter used to take into account the contribution of vegetation 

components other than foliage to the calculation of aerodynamic resistance 
(1.1), uac is the wind speed at the top of the vegetation layer and could be 

calculated according to a logarithm (Equation 4.41) or a power (Equation 4.42) 

as: 
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(4.41) 

where u* (m s–1) is the friction velocity which is calculated according to Equation 

4.43, h is the vegetation height, displ the zero plane displacement height, and z0 

is the roughness length of the canopy (m) the last 2 parameters are calculated 

from the vegetation height according to Monteith (1973) as: displ=0.63h and 

z0=0.13h. 

 
(4.42) 

where  is the reference height which is taken as the measurement height 

above the vegetation 

 (4.43) 

and pd (Equation 4.40) is an empirical shelter factor for momentum transfer 

which is given by: 

 
(4.44) 

Figure 4.2 shows the responses of the resistance rac to wind speed a) and to 

LAI b). Only two formulations have been plotted because the equations 

proposed by Choudhury and Monteith (1988), Shuttleworth and Gurney (1990) 

and Norman et al. (1995) give very similar results and are referred to SG 90 on 

Figure 4.2. 

These two formulations give different values for the resistance rac, especially for 

very low amounts of vegetation (LAI<0.5) and for wind velocity below 0.5 m s–1. 

However, the shapes of the curves show similar patterns with high values of rac 

found for low wind speed and amount of vegetation, with a sharp decrease 



128 

observed as these two variables increase, followed by a plateau where 

resistance values decrease only slightly.  

 

Figure 4.2: Responses of the bulk boundary layer resistance of the vegetative elements in the 

canopy (rac) to wind speed (a) and to leaf area index (b). The black line (SG 90) corresponds to 

the formulation of Shuttleworth and Gurney (1990) and the red line (Tac 86) to the equation 

proposed by Taconet et al. (1986). When LAI and wind speed are not varying, constant values 

of 4 m2 m–2 and 3 m s–1 are used. 

The two contrasting formulations of the aerodynamic canopy resistances 

proposed by Taconet et al. (1986) and Shuttleworth and Gurney (1990) have 

been tested in the model (CenW_HH). As the best model/data agreements 

were achieved with the Shuttleworth and Gurney (1990) equation (tests not 

shown here), this formulation was chosen to be used in CenW_HH and in the 

rest of this study. This resistance term also appeared to be particularly 

important in the calculation of the total latent energy of the system as it is used 

to regulate exchanges between the vegetation layer and the atmosphere (Fig. 

4.1). 

Demarty et al. (2002) tested and compared several alternatives for the 

formulation of aerodynamic resistances and found good agreement between all 

of them for the modelling of resistances and fluxes above the surface with, 

however, some discrepancies in the partitioning of the overall fluxes between 

the contribution of the vegetation and the soil. 
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 Resistance ras and ral 4.2.6.2

ras corresponds to the aerodynamic resistance between the ground surface and 

the canopy source height and could be expressed according to different 

formulations, which overall should give very similar results (Demarty et al., 
2002). For the modelling of the resistance ras, the choice was made to use the 

expression as it was originally given in Shuttleworth and Gurney (1990), which 

is calculated as: 

 
(4.45) 

where α is a constant set to 2.5, h is the vegetation height, and Kh is the eddy 

diffusion coefficient that is given by: 

 (4.46) 

In the description of the model, Shuttleworth and Gurney (1990) derived 

Equation 4.45 by integrating the eddy diffusion coefficient (Equation 4.46), 

which is assumed to decrease exponentially through the depth of the canopy, 

between the soil surface (height=0) and  which in this case is set to an 

height of 0.76 multiplied by the vegetation height (h). 

The formulation of Shuttleworth and Gurney (1990) for the calculation of the 

aerodynamic resistance between the soil and the canopy reference height was 

preferred in this study because as Demarty et al. (2002) showed, the different 

formulations available in the literature gave very similar results. 

The aerodynamic resistance over the litter layer (ral) uses the formulation of 

Cammalleri et al. (2010) which corresponds to Equation 4.49. 

 (4.49) 

where  is the wind speed just above the soil surface that is calculated 

according to the attenuation of the wind velocity down the canopy profile as 
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given by Equation 4.37, and a’ and b’ are coefficients that could be 

parameterised.  

In this study, the value of the parameters a’ and b’ are taken as 0.0035 and 

0.011 respectively, according to Wilson et al. (2012), and were not 

reparameterised. 

 Resistance rsc 4.2.6.3

In the original energy budget model formulation, the bulk canopy stomatal 

resistance (rsc) is calculated following the Jarvis (1976) approach as the product 

of a minimum stomatal resistance (rsmin) and time variant factors which are 

always ≥1. These modifiers simulate the response of stomatal resistance to 
climatic conditions that, according to Noilhan and Planton (1989), are f1 for solar 

radiation (RS), f2 for the water stress experienced by plants, f3 for water vapour 

deficit of the atmosphere, and f4 for a temperature stress factor. 

 (4.50) 

and, 

 (4.51) 

 

(4.52) 

 (4.53) 

 (4.54) 

This formulation has been implemented in CenW_HH but has not been used in 

the rest of the study; however, an option in the user interface allows easy 
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selection and use of this stomatal conductance simulation option. Instead, 

stomatal resistance was calculated based on the formulation proposed by Ball 
et al. (1987) that links stomatal conductance to net photosynthesis (An), CO2 

concentration at the leaf surface (Cs) and relative humidity (RH). Leaf stomatal 

conductance is given by Equation 4.55: 

 (4.55) 

where m is the slope of the relationship between gsl and , which represent 

the stomatal sensitivity factor (Harley et al., 1992), and g0 is the residual 

stomatal conductance (when An approaches zero) and is expected to remain 

constant. In contrast, the parameter m is expected to vary in response to the 

amount of soil water available for plant uptake (water stress). The model deals 

with it by varying m linearly between two extreme values as water stress 

develops (Equation 4.56). 

 (4.56) 

where m2 and m1 are the parameters for stressed and unstressed plants, 

respectively, and WaterLimit is the water limitation experienced by plants that is 

recalculated at every time step and depends on soil water contents in the 

different soil layers and on root distribution with depth. 

It is important to note that leaf stomatal conductance is iteratively coupled to the 

photosynthesis routine as described in the section that describes the leaf 

photosynthesis modelling and its upscaling to the canopy scale (Chapter 3). 

The upscaling of leaf stomatal conductance follows the studies of Ding et al. 

(2014) and Zhang et al. (2011) with use of leaf area index. 

 Resistance rss 4.2.6.4

The soil surface resistance (rss) represents an empirical term that is intended to 

account for the resistance of evaporation through soil pores at the soil surface 

and to the directly overlaying air. When the upper-most soil layer is completely 
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wet, soil surface resistance is minimal. According to Sellers et al. (1996), many 

studies found it necessary to include this resistance term in models in order to 

prevent excessive evaporation rates from the soil surface. 

Different formulations are available because in many studies the authors have 

derived their own relationships, which in most cases take into account the soil 

texture, moisture content, and thickness of the soil layers. Some formulations 

found in the literature are given below and showed very different behaviour 

when plotted in response to soil water content when the empirical parameters 

were not adjusted (not shown). In the following equations, Wsat represents the 

soil water content at saturation (%), the first relationship was proposed by Fen 

Shu (1982): 

 
(4.57) 

Camillo and Gurney (1986) derived a linear equation to represent the response 

of the soil surface resistance to soil moisture content according to Equation 

4.58. 

 (4.58) 

where  is the relative soil water content at saturation and SWC the relative 

soil water content observed at any given time in the top soil layer. 

In the formulation proposed by Kondo et al. (1990), the soil surface texture and 

physical properties had a strong effect on the value of the parameters (Equation 

4.60). 

 
(4.59) 

where a and b are parameters which depend of soil properties. Kondo et al. 

(1990) reported the parameter values for sandy soils of a = 8.32 . 105 and b = 

16.6, and a = 2.16 . 102 and b = 10 for loamy soils, respectively. 
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The formulation proposed by Vandegriend and Owe (1994), unlike all other 

formulations presented in this section, does not use the water content at 

saturation but rather the residual soil water content, which corresponds to the 

remaining water at very high extraction pressure, above the wilting point 

extraction pressure. In this case, rss is expressed as: 

 (4.60) 

where Wres is the residual soil water content of the top soil layer. 

In the study of Randall et al. (1996), another formulation was also used 

according to Sellers et al. (1996), which is given by Equation 4.61. 

 (4.61) 

Sellers et al. (1992) also derived a relationship between the soil water content 

and the soil surface resistance used to limit the evaporative fluxes from the top 

soil layers to be used in the SiB2 model (Equation 35 a in Sellers et al. (1992)): 

 (4.62) 

For the purpose of this study, the formulation proposed by Sellers et al. (1992) 

has been used in the model, and parameters A and B from Equation 4.62 were 

adjusted. After CenW_HH parameterisation, the values that gave the best fit of 

the model compared with observations were, in this study, A=8.3 and B=3.85, 

which are very similar to values used in other studies. Sellers et al. (1992) 
reported values of 8.2 and 4.3 for A and B respectively, Kustas et al. (1998) 

used A=8.4 and B=5.9 for simulating water fluxes of a semi-arid watershed in 

Arizona, and Mo and Liu (2001) used the same values as Sellers et al. (1992). 

Overall, the different Equations gave similar relationships between the soil 

surface resistance and soil water content (Fig. 4.3). The trends of these curves 

show that, as expected, the value of the soil surface resistance diminishes as 

the soil water content increases. This is expected because as the soil gets 



134 

dryer, the amount of water in the soil pores spaces is reduced and so the 

resistance should increase to reduce the amount of water that is lost through 

soil evaporation. 

 

Figure 4.3: Soil surface resistance (rss) response to top soil water content (SWC). The 

relationship is given according to Equation 4.62. 

 Resistance raa 4.2.6.5

In this study two methods for the calculation of the aerodynamic resistance 

between the canopy source height and the atmosphere just above the 

vegetation layer (see Fig. 4.1) have been tested and can be used in CenW_HH:  

- The first one, proposed by Mahrt and Ek (1984), has been used in the 

modelling study of LoSeen et al. (1997) and takes into account the 

effects of atmospheric stability on the value of the resistance: 

 (4.63) 

where ua is the wind speed at the measurement height and Cq an exchange 

coefficient that depends on atmospheric stability based on the stability criteria 

given by the value of the Richardson number (  , Equation 4.64): 
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(4.64) 

where g is the acceleration due to gravity (9.81 m s–2), Ta is air temperature at 

the measurement height zref, ua is wind velocity at zref (m), Ts is the soil surface 

temperature, and displ (m) is the zero plane displacement height for the canopy. 

For stable atmospheric conditions (Ri > 0), the exchange coefficient Cq is given 

according to Equation 4.65: 

 

(4.65) 

where z0 is the roughness length of the canopy (m) and K represents the von 

Karman’s constant (0.4). 

In the case of unstable conditions (Ri < 0), Cq is calculated by Equation 4.66. 

 

(4.66) 

with C given as: 

 

(4.67) 

- The second method used to compute the aerodynamic resistance  is 

the method using the formula derived by Shuttleworth and Gurney (1990) 

as given by Equation 4.68, which is very similar to the Equation 4.45 for 

the calculation of the aerodynamic resistance between the soil surface 

and the canopy source height. 
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(4.68) 

where all parameters and variables have already been described above. 

In the rest of the study, only the resistance raa calculated from Equation 4.68 

was used because this formulation gave the best results in the model 

parameterisation and comparison with fluxes measurement (see Chapter 5 for 

the model/data agreement). 

4.3 Implementation in CenW_HH 

4.3.1 Solving equations to close the surface energy balance 

As we have seen, the modelling scheme proposed by Shuttleworth and Wallace 

(1985), described above, was designed to split the contributions from the soil 

and the vegetation layer above it. In all the equations derived to calculate 

fluxes, the temperatures of the different components of the ecosystem need to 

be calculated. Changes in temperatures are usually fast and even with a short 

time step of less than an hour temperature changes can have a significant 

feedback on energy fluxes such as net radiation, sensible heat, and 

evapotranspiration (Sellers et al., 1986). In the development of CenW_HH, two 

different approaches were used to calculate these temperatures with the same 

overall objective of closing the energy budgets at the soil surface (Equation 

4.4), the litter layer (Equation 4.6), which is on top of the soil surface, and the 

vegetation cover (Equation 4.5). 

The first method was used for the vegetation and used the Newton–Raphson 

algorithm (Anderson et al., 2000) to modify the temperature of the canopy (only 

one layer of vegetation is considered in the model) based on measured 

meteorological variables, stored water in the vegetation (intercepted rainfall and 

dew deposition) and the calculation of the fluxes as described in the previous 

sections of this chapter. For the first time step of a model run, vegetation 

temperature was initially set to be equal to air temperature. Energy fluxes were 
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then calculated based on this set of temperatures. If temperatures of any 

component (soil, vegetation and litter layer) were too high, net losses of energy 

would be calculated and the converse if set temperatures were too low. If such 

energy imbalances were found, temperatures would be adjusted and the 

calculations be repeated. 

This procedure is iterative and calculations are only stopped when closure of 

the energy budget is achieved to within a defined precision (99.5 %), or when a 

specified number of iterations are reached (50 in the model). If energy closure 

could not be reached within those 50 iterations, a second method, as described 

below, is used. However, for all runs with CenW_HH for Scott farm, such an 

issue arose only three to five times per year, mostly during drought conditions. 

Under most circumstances, the algorithm usually reaches a solution after less 

than ten iterations. 

The second method consisted of solving the paired differential equations of soil 

surface, litter layer, and vegetation temperatures. This method was used for the 

calculation of temperatures changes of the soil surface and the litter layers and 

of the vegetation canopy when the first method (Newton–Raphson) failed to 

converge on a solution. The use of this routine involves a reduction of the 

calculation time step to ensure the stability of the solution. This is achieved by 

recalculating at each time interval the thermal conductivities of the system 

components, assuming that climatic variables remain constant over the 30 

minutes of the model time step and that the reactions are sufficiently fast so that 

the equilibrium is reached over this time span. 

Thermal conductivities are calculated according to the formulation proposed by 

deVries (1963) as the sum of thermal conductivities of the different compounds 

of the material of interest. 

Changes in soil temperature with depth are simulated in CenW_HH according 

to soil surface fluxes and the redistribution of heat between layers, assuming 

there is no transfer of heat beyond the deepest soil layer of the profile (see 

Equations 4.35 and 4.36). 
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Overall, the implementation of this procedure within the modelling framework 

was complex and time consuming but is functioning well and gave valuable 

results. 

4.3.2 Simulation results and discussion 

The modelled and observed energy and water fluxes are compared in Chapter 

5, and this comparison will not be repeated here. However, as we have seen, 

CenW_HH adjusts vegetation, soil, and litter temperatures based on climatic 

conditions to close the energy balance of the system. Also, as stated in Sellers 

et al. (1986), temperature changes are fast and have important feedback effects 

on other processes and energy fluxes. In this section, therefore, the behaviour 

of simulated temperatures has been studied because they are important 

variables driving the behaviour of the overall model. 

Figure 4.4a shows the diurnal variations of observed air temperature (Tair) and 

solar radiation (SolRad) and the modelled soil temperatures at 25 mm, 200 mm 

and 500 mm depth for the 01/01/2008 at Scott Farm, which was a summer day 

at the start of the observation period. Diurnal soil temperatures changes can be 

described as sinusoidal and it clearly shows that the amplitude of soil 

temperature is lower at depth and that the phase of the function is shifted 

toward the right side of the graph, e.g. maximum and minimum are reached 

later at greater depths. 

The surface of the soil is highly affected by solar radiation (as we can observe 

in Figure 4.4a, the temperature at 25-mm depth falls during night time periods, 

reaching its minimum just before sunrise. As solar radiation increases over the 

course of the day, temperature also increases sharply as it depends on the 

amount of solar radiation received. The temperature reaches its maximum a few 

hours after solar noon, after which it falls again with decreasing solar radiation 

because of the soil thermal inertia.  

Deeper in the soil profile, temperatures are more stable because heat transfer 

occurs through conduction, which reduces the amount of heat reaching the 

deepest soil layers. At 500 mm below the surface the temperature only varies a 

few tenths of a degree Celsius over one day (24 hours), whereas over the same 
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time period, the temperature at 25 mm depth varies between a minimum of 16.5 

°C and a maximum of 29.7 °C. 

 

 

Figure 4.4: a) Diurnal variations of modelled soil temperatures at 25 mm, 200 mm and 500 mm 

depth along with observed (measured) air temperature and solar radiation. b) Modelled diurnal 

changes in soil temperature profile. Simulations and observations are for the 01/01/2008 at 

Scott farm as an illustrative example. 

Figure 4.4b shows the temperatures profiles modelled by CenW_HH. The x-axis 

shows temperatures, and the y-axis shows soil depth (0 is the soil surface) and 

each coloured line represents the soil temperature profile at a given time of the 

day as shown in the figure. As seen in Figure 4.4a, diurnal temperature 

a) 

b) 
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variations are more important for the top soil layers than deeper in the soil. 

Between 12am and 4am (night time period), the top soil (<500 mm) is cooling 

and deepest soil layers (>500 mm) are still continuing to become slightly 

warmer because the previous day’s heat is still slowly being conducted to depth 

in the soil. From sunrise onwards, the temperatures of shallow soil layers 

increase again. At 12pm, the top soil reaches 27.3 °C and more heat is 

transferred through the profile, which increases temperatures of soil layers at 

greater depths. At 4pm, while the first (top) layer of soil has already started to 

cool down (Fig. 4.4a) as less solar radiation is received, the temperature of 

deeper layers continues to increase as heat is transferred downwards. This time 

lag between the timings at which maximum temperatures were observed down 

the soil profile is caused by the soil thermal inertia. By 12am (orange line that 

corresponds to the temperature profile modelled 24 hours after the first plotted 

profile shown in black), the shape of the temperature profile is very similar to the 

one observed the night before (black line) with, however, a slight shift of all 

temperatures toward the right that corresponds to a longer-term general 

temperature increase across all soil layers, indicating that the soil is still 

warming up towards its overall summer maximum temperature. 

Figure 4.5 shows long-term soil temperature variations. Figure 4.5a shows the 

temporal series of modelled soil temperatures at 25 mm and 700 mm over the 2 

years of the study period (see Chapter 5 for more details on the experimental 

site and data). We can see the seasonal variations of modelled soil 

temperatures and once again the differences in variability with depth, which 

have been described above. During droughts (yellow boxes), the temperatures 

of the upper soil layers increased sharply. During the severe drought of 2008, 

the temperature of the 25 mm soil layer could reach temperatures above 50 °C.  

This was principally due to high solar radiation in combination with the absence 

of cooling from transpiration because soil water reserves had been depleted. 

The heat capacity of a dryer soil is also much lower than that of a wet soil, so 

the same energy imbalance can lead to much larger temperature fluctuations. 

Soil temperatures could therefore reach much higher values during drought 
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periods than they could during wet periods with similar solar radiation. With 

cooling from transpiration, soil temperatures did not generally exceed 30 C. 

 

Figure 4.5: Long-term variations of soil temperatures. a) 2 years’ time series of modelled soil 

temperatures for two depths (25 mm grey and 700 mm black), the shaded boxes correspond to 

drought periods. b) Box plots showing the annual variability of soil temperatures at different 

depths. Horizontal bar = median; upper and lower limits of box = 75 and 25 percentiles, 

respectively; upper and lower tails = maximum and minimum values, respectively. 

Figure 4.5 b) shows box plots of modelled soil temperature variations over 2 

years for different depths in the soil (given on the x-axis). The horizontal bars in 

the boxes give the median temperature at depth, the upper and lower sides of 
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the boxes give the 75 and 25 percentiles, respectively and the upper and lower 

tails provide the maximum and minimum values, respectively. 

Changes in soil temperature are also affected by the soil cover, e.g. the amount 

of vegetation absorbing the solar radiation before it reaches the soil surface, the 

soil albedo that causes the reflection of solar radiation at the surface, and the 

soil composition and water content and evaporation as illustrated on Figure 

4.5a, where a drastic increase of temperature is observed during drought 

periods (shaded boxes). In CenW_HH, half-hourly changes of the soil 

temperature profile are simulated and the modelled temperatures in each of the 

soil layers are used to simulate soil organic carbon decomposition in the 

different pools for each soil layers. This is also an important change in the 

model as microbes are considered to be much more active at higher 

temperatures. 

 

Figure 4.6: Time series of half hourly (Tveg) and daily averaged (Tmean) vegetation temperatures 

obtained from the modelling of one paddock at Scott Farm over the 2 years of eddy covariance 

measurement. The shaded boxes correspond to drought periods. 

Vegetation temperature also depends on the upscaling scheme chosen to make 

the runs as stomatal conductance is at first calculated in the PS routines 

described in Chapter 3 and then used in the energy and water budget 
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procedure. If the big leaf scheme is used, the vegetation characteristics are 

chosen in such a way that the whole canopy is represented as a single leaf and 

only one temperature is modelled, which represents the temperature of all the 

leaves. The other upscaling scheme used in this study corresponds to the 

sun/shade model (dePury and Farquhar, 1997) which, as we have seen in 

Chapter 3, separate the contributions of the sunlit and shaded portions of the 

canopy. Also, as we have seen in this chapter, the energy budget and the 

temperature of a surface depends on the solar radiation impinging on it and so, 

if the sun/shade scheme is used, two temperatures are derived for each fraction 

of leaves and averaged according to their relative amount in each class. This is 

a simplification of what would actually happen in the real world as heat transfers 

between those two types of leaves is not taken into account in CenW_HH. 

Diurnal variations of canopy temperature are important (Fig. 4.6) because the 

thermal capacity of leaves is small and so their temperatures could adapt fast to 

changes in climatic conditions (Sellers et al., 1986; LoSeen et al., 1997). 

Temperatures reach high values during drought periods because when water is 

limiting, stomata close, thus limiting or stopping the transpiration flux that under 

non-water limited conditions cools the leaves, and causes substantial increases 

in temperature. 

Figure 4.7 shows the diurnal variations of solar radiation, air temperature, and 

the components of the energy budget, e.g. net radiation (Rn), soil heat flux (G), 

sensible heat flux (H) and evapotranspiration (LE) for 2 given days with 

contrasting water stress. Those 2 days were chosen so that climatic conditions 

experienced on both days were similar (Fig. 4.7a, b), and comparable amounts 

of vegetation were present on the paddock but with plants having access to 

different soil water contents, leading to different water limitation levels. 

The 01/01/2009 corresponds to a summer day with high solar radiation and air 

temperature and with no water limitation (Fig. 4.7a). During night-time, net 

radiation was negative (Rn<0). This is a normal pattern because with no 

incoming solar radiation, the energy balance is essentially given by the loss of 

emitted longwave radiations (which is proportional to the fourth power of the 

absolute temperature). With overall energy loss, the soil heat flux must also be 
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negative (G<0), indicating a gradual soil cooling during the night. The soil 

surface is losing heat mainly through radiative transfer, thus reversing the 

temperature gradients that occur during the day. Sensible and latent heat fluxes 

are close to 0 under observed conditions on those specific nights. The 

26/01/2008 also corresponds to a summer day with high solar radiation and air 

temperature but with plants suffering strong water stress (Fig. 4.7b, d). 

Well-watered Water limited 

  
Figure 4.7: Diurnal variation of solar radiation and air, vegetation and top soil temperatures (a 

and b) and the components of the energy budget, net radiation, soil heat flux, sensible heat flux 

and evapotranspiration (c, d) for 2 summer days. The two plots on the left (a, c) are for the 

01/01/2009, when there was no water limitation (before the summer drought), and the plots on 

the right (b, d) are for the 26/01/2009, in the middle of a summer drought when there was a 

strong limitation by water availability. 

It is clear from the comparison of these 2 days (Fig. 4.7) that the availability of 

soil water is very important both for the surface energy budget and for the 

evolution of surface temperatures. 
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When water is not limiting (01/01/2009), the latent heat flux is about two to three 

times higher than the latent heat flux under water-stressed conditions (Fig. 4.7). 

Under well-watered conditions, the soil and vegetation reach maximum 

temperatures of 26 and 37 °C, respectively. In contrast, when the ecosystem 

experiences water stress, cooling through transpiration is limited, and the 

incoming energy needs to be dissipated through sensible heat (Fig. 4.7d) which 

causes an increase in surfaces temperatures (Fig. 4.7b), with the soil surface 

reaching 40 °C and the vegetation temperature approaching 50 °C. 

These modelling results confirmed the strong influence of water limited 

conditions on the simulations of soil and vegetation temperatures as well as on 

carbon, water and energy fluxes and on vegetation growth and 

photosynthesising capacity. A good representation of the underlying processes 

affected by these conditions and a proper parameterisation of the CenW_HH 

ecosystem model are required to make proper runs (see Chapter 5 for the 

evaluation of the model). 

4.4 Summary and Conclusions 

This chapter presented mathematical relationships describing the energy and 

water budgets and some other modifications implemented in the newly 

developed half-hourly model designated as CenW_HH. 

The Shuttleworth and Wallace (1985) modelling scheme was chosen and 

equations were modified to include a litter pool on top of the soil surface and a 

multilayer soil profile for heat and water transfers. This has made it possible to 

simulate fluxes mechanistically between the different components of the 

ecosystem and the atmosphere. 

The net energy gain of the surface is the sum of absorbed solar (short-wave) 

radiation plus absorbed atmospheric longwave radiation. This energy gain must 

be balanced by the longwave radiation emitted from the surface, which is 

principally controlled by its temperature and losses as latent heat through 

evapotranspiration. Remaining energy imbalances can be dissipated through 

positive or negative sensible heat exchanges with the surrounding air and heat 
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fluxes into or out of the soil. Soils generally heat up during the day, absorbing 

excess energy, and cool during the night, releasing that stored energy again. 

The sensible heat flux corresponds to the transport of heat by convection in the 

atmospheric boundary layer. The sensible heat flux is directly proportional to the 

temperature gradient between a surface and the surrounding air divided by a 

resistance term which depends on surface characteristics and wind speed. 

The latent heat flux, or evapotranspiration, involves a transfer of mass (water 

vapour) and energy between the leaf and soil surface and the atmosphere. A 

considerable amount of energy is required to evaporate water. Calculations of 

latent energy are similar to sensible heat flux calculations except that they 

involve the gradient of vapour pressures instead of temperature. 

Heat conduction is the transfer of heat by direct contact, unlike sensible heat 

flux, which is due to air movement. Heat conductance depends on the thermal 

conductivity of the object and of the gradient of temperature. Because the heat 

capacity of the canopy tends to be very small, the only significant heat 

conductance is the energy flux into or out of the soil. 

The sets of equations derived for the soil, vegetation, and litter energy budgets 

are solved iteratively and/or with the use of a Newton–Raphson algorithm by 

changing the components’ temperatures until the energy balance of the system 

is closed. 

Soil temperature simulations show there is a strong diurnal variability in the 

response of soil surface temperature to radiative forcing. Drought periods cause 

a large increase in temperatures, mostly because evapotranspiration is 

reduced, or even stopped, which limits the dissipation of incoming energy by 

latent heat transfer. Soil layers deeper in the soil profile do not respond as 

strongly as the soil surface to climatic conditions, but longer-term seasonal 

changes are clearly visible. In the half-hourly ecosystem model, this procedure 

is coupled to the soil organic matter dynamics routine, which uses the modelled 

soil temperature and moisture profiles to drive the temperature and moisture 

response functions of SOC decomposition in the different soil layers. 
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Flux partitioning and energy budgets are thus strongly affected by water 

limitation and the temperatures dynamics of the different components of the 

ecosystem. Overall, the energy and water budget procedure as implemented in 

CenW_HH seems to respond properly to the different climatic conditions 

experienced at Scott Farm. Comparison of modelled energy and water fluxes 

and soil temperature with observations is studied in Chapter 5. 
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 CHAPTER 5: CASE STUDY OF A DAIRY FARM IN 
THE WAIKATO REGION OF NEW ZEALAND 
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5.1 Introduction 

The first part of this chapter (Section 5.2) gives a description of the study site 

where carbon balances studies were undertaken using EC measurements and 

the data used to parameterise the CenW_HH model. It also includes a brief 

description of modifications made to the original CenW model except for the 

carbon assimilation and energy budget procedures, which have been described 

in detail in the previous chapters. The second part of this chapter (Section 5.3) 

shows the model’s ability to simulate observations at different temporal scales 

once CenW_HH had been fully parameterised. The last part (Section 5.4) 

compares gap filled and CenW_HH modelled NEP fluxes under climatic 

conditions under which it was impossible to obtain EC measurements. 

5.2 Materials and methods 

5.2.1 Description of the study site 

Detailed descriptions of the experimental set up, measurement, data processing 

and site management have already been published (Mudge et al., 2011; 

Rutledge et al., 2014, 2015), and in the following, only specific details relevant 

for the present study have been repeated.  

The experimental site was established on a DairyNZ experimental dairy farm 

located near Hamilton, Waikato, New Zealand at 37.46 °S 175.22 °E for a total 

duration of 4 years starting in January 2008. The available dataset consists of 

continuous, 30 minute averaged, eddy-covariance measurements of net carbon 

dioxide (NEP) and water vapour (ET) exchange. These data are complemented 

with conventional meteorological data (solar radiation, air temperature, relative 

humidity and wind speed and direction) and measurements of soil moisture and 

temperature at different soil depths.  

There also were daily records of grazing and harvesting events, supplementary 

feeding and other major management interventions occurring on each individual 

paddock during the time span of the study. Over the first year of the study 

(2008), there were also weekly records of total above ground biomass 
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measurements for most of the paddocks based on calibrated visual assessment 

as described in Piggot (1989). Most of the farm and the soil surface and subsoil 

horizons within the flux footprint area are classified as Matangi silt loam which is 

an Orthic Gley Soil (Mudge et al., 2011). 

At the beginning of the study, the grazing species were typical of a New 

Zealand pastoral system with a mixed sward of perennial ryegrass (Lolium 

perenne) and white clover (Trifolium repens) growing on the paddocks of the 

study area. It was assumed that all the paddocks had well established pastures 

at the beginning of the study. The overall farm stocking rate was about 3 cows 

ha–1 and cattle are allowed to graze, in small herds of 9–21 cows, all year round 

on individual 0.5 ha paddocks. Even though herd and paddock sizes were 

smaller than on a typical commercial dairy farm, the stocking rate and 

management practices were similar (Mudge et al., 2011). 

The farm was managed by DairyNZ researchers and the Waikato University 

eddy-covariance measurement team had no control over farm operations. All 

the paddocks received between 150 and 200 kgN ha–1y–1, but there are no 

detailed records of the precise timing of fertiliser applications. In this study, the 

total amount of annual fertiliser applied to the paddocks were split into several 

applications of 35 kgN ha–1 with the assumption that fertiliser was applied to all 

paddocks at the same time. It was assumed that there were no fertiliser 

applications during the summer (December/February) and winter (June/August) 

months but –one application was assumed to be supplied in autumn 

(March/May) and all other applications supplied in spring 

(September/November) which corresponds to the time of the year with climatic 

conditions for maximum nutrient demand for plant growth while minimising 

losses of nitrogen (mainly through volatilisation and leaching). 

As the farm does not have a typical layout but consists of small individually 

grazed paddocks placed around the tower (Fig. 5.1), the model runs needed to 

take this aspect into account. In most cases, grazing events were restricted to a 

single day, but sometimes they were spread across several consecutive days. 

Unfortunately, grazing records only indicated the theoretical presence of cattle 

on the different paddocks on given days but provided no information about the 

time at which cows were moved in and out of particular paddocks. The small 
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herd size and the rotational grazing of individual paddocks led to considerable 

heterogeneity within the flux footprint. However, the respiration of a relatively 

small number of cattle present on the different plots at a given time would not 

have dominated the underlying CO2 fluxes as completely as it would have if one 

big herd had been grazing (Kirschbaum et al., 2015). 

 

Figure 5.1: Scott Farm layout adapted from Mudge (2009). The paddocks coloured in red are 

those that were modelled individually. 

Study of the footprint of EC measurements indicated that around 80% of the flux 

contribution came from 26 paddocks around the tower (red area in Fig. 5.1). 

Outside the farm boundaries, most of the land is also used for pastoral farming 

with the exceptions of a country road, 5 houses and a small area cultivated with 
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corn and ryegrass. Any fluxes coming from outside the farm borders were, 

therefore, thought to be similar to those coming from Scott farm (Mudge et al., 

2011). To account for the fluxes from paddocks further away of the tower than 

the 26 paddocks individually modelled, and for which no information were 

available, an additional generic paddock was used, with grazing not restricted to 

distinct days, but assumed to occur continuously at a low rate. 

The present work used only the 2008 and 2009 data for a well-established 

ryegrass/white clover pasture with the principal aim of the present work being 

the development and testing of an appropriate model and to test possible 

problems with the collection of EC data and standard gap-filling routines in this 

special ecosystem. 

5.2.2 Data processing and data availability 

CO2 flux data were recorded as 30-minute averages of measurements made at 

20 Hz. The availability and reliability of calculated fluxes was checked according 

to different criteria (see below) before being used. This work was carried out by 

the University of Waikato team ahead of this modelling study and detailed 

description of the flux processing has already been reported in Mudge et al. 

(2011), Kirschbaum et al. (2015), and Rutledge et al. (2015), so only the main 

issues relevant to the aims of the present study have been repeated here.  

The quality of gas measurements was assessed in relation of the different 

criteria listed in Table 5.1. 

Table 5.1: Criteria used to check the quality of exchange gas measurements as reported in 

Rutledge et al. (2015) 

Causes of data rejection 
Warnings from the IRGA or the sonic anemometer indicate a sensor failure 

Unreliable readings from the LI-7500 (LI-COR Inc., Lincoln, NE, USA) CO2 

analyser as indicated by a deviation of the automated gain control (AGC) signal 

from the ‘baseline’, resulting, for example, from rain or fog 

Fluxes above or below a filtering threshold (|NEE| > 50 μmol m–2 s–1) 

Lack of stationarity in the high frequency CO2 concentration time series 
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indicated by large standard deviation in CO2 density  (>15 mg m–3 during the 

day, and >30 mg m–3 at night) 

Low friction velocity (< 0.11 m s–1) 

Large deviation of calculated fluxes from the mean of computed values for 

corresponding times of day across a 20-day moving windows e.g. when fluxes 

exceeded a threshold number of standard deviations (night-time = 4, daytime = 

3) from the mean flux. 

These necessary data processing routines are used to assess the quality and 

reliability of the measurements by avoiding the inclusion of data that are 

apparently erroneous or at least unreliable. Exclusion of some data generate 

gaps in the dataset, however (Table 5.2).These gaps need to be filled to get 

daily mean carbon fluxes for comparison with modelled fluxes (with the daily 

version of CenW), or to get annual carbon balances at the farm scale. 

Table 5.2: Summary of the availability of NEP data for the two years of the study at Scott Farm. 

The numbers of missing data represent the number of gaps during the period of time 

considered. The percentages of missing data are separated into three categories: ‘Total’ is the 

percentage for the entire set of data, while ‘Night time’ and ‘Daytime’ are the percentages of 

gaps occurring during the night and daylight periods, respectively 

Year Total number of 
missing data 

Percentages of missing data 

Total Night time Daytime 

2008 10585 60.3 81.3 39.1 

2009 10562 60.3 81.4 39.0 

2 year average 10573.5 60.3 81.3 39.0 

On average, about 60% of data were missing in the dataset for the two years of 

the study, mostly during night-time (81.3%), while daytime data could be 

obtained more reliably, with data missing for only 39% of the time. The 

difference in the gaps distribution between daylight and night-time hours is 

typical for EC studies and mainly caused by the smaller fluxes and higher 

atmospheric stability at night time. 
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This implied that any data summed to time periods longer than the initial 30-

minutes measurements periods were highly dependent on the quality of the 

gap-filling techniques that were used. For the present work, the gap-filling and 

flux partitioning used an online procedure (www.bgc-jena.mpg.de/bgi/ 

index.php/ Services/ REddyProcWeb) described in Reichstein et al. (2005) 

whereby the filling of gaps was done according to an improved sliding window 

look-up table that used the co-variation of NEP with meteorological conditions 

and its temporal auto-correlation, e.g. NEP fluxes are looked-up for 

meteorological conditions of a fixed margin in the temporal vicinity of the gap to 

be filled (Moffat et al., 2007; Mudge et al., 2011). The Reichstein et al. (2005) 

routine could then be used to partition NEP fluxes between GPP and ER fluxes. 

For this partitioning phase, only actual measurements with good turbulence 

conditions were used. At first, the routine selected night-time NEP fluxes as in 

this case ER = NEP because at night GPP = 0. The dataset is then split into 

consecutive periods of several days (10 is the default value) and for each of 

them where more than six data points were available and a temperature range 
greater than 5 °C was found, the total ecosystem respiration rates were 

regressed against their corresponding soil temperature to determine the 

parameters of a Lloyd and Taylor (1994) equation type (Equation 5.1). 

 
(5.1) 

where Tref is the reference temperature which was fixed to 10 °C as in Lloyd and 

Taylor (1994), T0 is a regression parameter which was set to –46.02 °C 

according to the original model, E0 is the activation energy regression 

parameter, which was allowed to vary, and ERref is the ecosystem respiration at 

reference temperature, which was calculated within the Reichstein et al. (2005) 

routine. Once all parameters were determined for every half-hour, Equation 5.1 

was then used to calculate both night-time and daytime half-hourly ER fluxes by 

extrapolating night-time respiration in the daylight hours according to the 

corresponding measured soil temperatures. 

Finally, once NEP and ER fluxes were available for every half-hour of the 

measurement period, gross primary production was simply deduced as the 
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difference of net ecosystem productivity and total ecosystem respiration (GPP = 

NEP – ER). 

In the context of the present work, gaps caused by the presence of grazing 

animals within the flux footprint were particularly problematic. In some cases, 

measured NEP fluxes might have been rejected by the filtering procedure 

simply because grazing animals were present within the footprint and respired 

carbon dioxide at high rate. The filtering procedure could have rejected these 

observed values simply because they deviated too much from calculated fluxes 

at corresponding times on other days. Gap-filled values would then have been 

used instead of the missing observations but the gap-filled data would not have 

corresponded to what actually happened at those times. These issues, together 

with their significance for total annual fluxes, are developed more fully in 

Chapter 6 

Even if gap-filling algorithms are deemed reliable, because we don’t have actual 

observations, it is not guaranteed that the conditions, under which gaps 

(missing or filtered out data) occurred, might not be systematically different from 

the conditions with reliable data and that the gap-filled method is not 

systematically wrong under those conditions. The model was parameterised 

only with the best quality effectively measured data because having used gap-

filled fluxes might have led to a slightly different parameter set. More 

importantly, one goal of this thesis was to study the bias added to the dataset 

through the use of gap-filling technique which can only be achieved by running 

a model with the same time step as the sampling rate of the eddy covariance 

system (30 minutes at Scott Farm). 

The selection of the observations to be used in the model parameterisation was 

made according to the criteria: 

- Use only “actual” observations and discard all periods where gap-filled 

data would have to be used. 

- Exclude all periods where fluxes were affected by grazing events 

occurring close to the tower, i.e. on the four paddocks directly 

surrounding the EC tower. 
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This data screening process aimed to use only the best quality and most 

reliable observations to limit errors in the model parameterisation. Removing 

unreliable data created new gaps in the dataset. There were, however, 

sufficiently large numbers of continuous good quality data segments to 

parameterise the CenW_HH model. Effects of having cattle in the footprint of 

the tower on the model data agreements of carbon fluxes were studied in detail 

in Chapter 6 of this study. 

Meteorological measurements made at the study site were used as inputs for 

the model. They comprised global solar radiation, air temperature, relative 

humidity and wind velocity. It has been decided, as part of the model 

development plans, to keep the number of required meteorological inputs to as 

few as possible and to use only the most frequently measured and available 

observations to ensure that the model could be readily used for as many places 

as possible. 

Meteorological measurements started only when EC fluxes started to be 

measured at the study site, but the model was run for four years before the 

studied period to ensure good initial conditions were reached at the beginning of 

the validation period (Kirschbaum et al., 2015). Daily weather data were 

available from a nearby weather station (6.4 km from the EC tower). They were 

corrected for any systematic climatic differences as described in Kirschbaum et 

al. (2015). 30-minute weather records were reconstructed from these daily 

weather data using simple equations (sinusoidal and linear equations) whose 

parameters were derived from observations made at Scott Farm in 2008 and 

2009 and calculations of solar position characteristics modelled for every half 

hours according to Reda and Andreas (2003). 

5.2.3 Other model modifications for half-hourly runs 

The implementations of two central procedures in the model have been 

described in detail in Chapter 3 (carbon assimilation) and Chapter 4 (energy 

and water budgets). These new routines were specifically required to run the 

model at the intended 30 minute time step. However other procedures also 

needed to be adjusted to make proper model runs. In most cases, modifications 

of the model source code were managed with the aim to simulate half hourly 
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fluxes with the same model structure that is used for the daily version of the 

model, but simply with a reduced simulation time step. For many routines, this 

reduction of the simulation time step could be simply implemented by adjusting 

the values of the time dependent parameters to the new running time step. 

The water contents of each soil layer were simulated every 30 minutes driven 

by the energy and water budget procedures to constrain SOM decomposition 

and carbon transfers between pools (with the same decay constants and the 

same interactions between the different pools that are used in the daily version 

of the model). The temperature profile within the different layers in the soil, 

together with their sub-diurnal variations, are now calculated in much greater 

detail than for the daily version of the model as described in Chapter 4. 

The grazing procedure was slightly modified to ensure that biomass was evenly 

removed in the model throughout the day to approximate the grazing animals’ 

continuous respiration and methane release during each half hour time step. 

A few routines, however, could not be adjusted by a simple adjustment of the 

relevant time steps. One of those dealt with the uptake of nitrogen from the soil. 

The daily version of CenW made the simplifying assumption that equated the 

amount of N mineralised each day with that implicitly assumed to be present in 

a pool of mineral N. Appropriate model parameterisation then allowed sensible 

relationships to emerge between daily amounts of N being mineralised and 

quantities leached or taken up by plants.  

However, that simplification could not be maintained when the calculation time 

step itself was allowed to change (such as between half-hourly and daily). It 

thus required an explicit modelling of nitrogen dynamics dependent on 

calculated soil nitrogen concentrations. A new nitrogen pool was therefore 

added to the model to simulate the nitrogen uptake by plants. The new 

formulation involves the calculation of the nitrogen concentrations in soil layers 

which are available for plant uptake and the use of Michaelis-Menten kinetics to 

simulate the nitrogen uptake by plants (York et al., 2016) at any specified time 

step (Equation 4.69). Calculation of plant nitrogen uptake rate depends of the 

amount of roots biomass in each soil layers (in kgC ha–1 per layer) with no 
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separation of available nitrogen into ammonium and nitrate ions. The nitrogen 

uptake per soil layer is calculated according to Equation 4.69. 

 
(4.69) 

Where  is the root nitrogen uptake rate (gN kgC–1 s–1) in the soil layer where C 

is the amount of carbon contained in the roots present in the considered soil 

layer,  is the maximum nitrogen uptake rate (gN kgC–1 s–1),  is the 

Michaelis-Menten constant (gN L-1) which represents the solution concentration 

at ,  is the ion concentration in solution (gN L–1) and  is a 

threshold ion concentration for which the nitrogen uptake ( ) is zero (gN L–1). 

The overall plant nitrogen uptake rate is then calculated by summing over the 

uptake rates from all soil layers. 

5.2.4 Model parameterisation and performances 

 Overview 5.2.4.1

The newly developed version of the CenW model, hereafter called CenW_HH, 

running with a half-hourly time step, and which has been described above, was 

parameterised and validated against EC and ancillary measurements made at 

Scott Farm using data from the first two years of the data acquisition period.  

The optimisation of model parameters was achieved by selecting the set of 

parameters that minimised the residual sum of squares between eddy 

covariance measurements of carbon (NEP) and water vapour (LE) and their 

respective simulated values over the two years of the study period. Only 

actually measured thirty minute fluxes were used in this procedure. Gap-filled 

data were discarded from the original dataset to avoid possibly biasing the 

parameter fitting if systematic errors had been present in the gap-filled data. 

Because the presence of grazing animals within the flux footprint caused large 

negative carbon fluxes, data were also discarded if they corresponded to times 

when any of the 4 paddocks closest to the tower were grazed and within the 

footprint and so have affected, to some extent, carbon fluxes measured by the 

eddy-covariance tower (Kirschbaum et al., 2015). The apparent problems 

introduced through grazing on the inner four paddocks have been studied and 
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described separately and in detail in the next chapter (Chapter 6). Over the two 

years of the study, there were a large number of observations available which 

made it possible to be selective in the data that were used in the fitting routines. 

Originally, the daily version of CenW was run in combination with an Excel 

spreadsheet for the parameter fitting routine. However because of the large size 

of the output file when the half-hourly version was used, a programme was 

written in R to read the output file, appropriately combine the fluxes from the 26 

individually-modelled paddocks with the footprint model and calculate the 

residual sum of squares (see below). 

 Description of the parameter fitting routine 5.2.4.2

The automatic parameter fitting routine used in this study to optimise model 

performances against observations works by minimising the residual sum of 

squared differences between model estimates and measurement of selected 

variables. 

The routine consists of three components: the first part consists of the normal 

CenW_HH calculation routines, the second part is the parameter optimisation 

procedure which is also running inside the CenW_HH ecosystem model and the 

third one is an external program written in R (R Core Team, 2016) that is used 

to calculate the sum of squared differences between observed and modelled 

variables. These routines in the different modules were designed to work 

together to optimise the parameter set (Fig. 5.2). 

The parameter fitting process starts by simultaneously launching CenW_HH 

(Fig. 5.2) and running the R script. The R script reads the “Data files” and waits 

to get access to modelled variables. CenW_HH starts by running with an initial 

set of parameters. The user then selects a set of parameters to optimise and 

specifies a number of running conditions, such as a maximum number of 

iterations and allowable ranges within which selected parameters are allowed to 

be optimised. The model then reads the climate data in the “Weather data” file 

and makes a normal run and once it reaches the end of the running period, it 

writes a first text file containing the modelled variables (“Output Files”) and 

creates an empty second file (“Job Done”) to indicate to the R program that the 

model run has been completed and that the “Output file” is available. 
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The R program then loads the modelled variables and uses the footprint 

information to predict fluxes which should be similar to those measured by the 

EC system. Predicted fluxes are compared to their observed counterparts and 

the residual sum of squares of the differences between model predictions and 

observations are calculated. The value is then written to the “Residuals” text file.  

 

Figure 5.2: Schematic representation of the parameter fitting procedure used to optimise the 

CenW_HH parameters. 
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CenW_HH meanwhile is in waiting mode, but once the Residuals text file has 

been written, CenW_HH accesses it, reads the value written in it and uses it to 

calculate metrics to change the parameters values towards minimising the 

residual sums of squares. These processes are repeated iteratively until an 

optimal parameter set is found and changes of parameters no longer improve 

model simulations or until the maximum number of iterations is reached. When 

the optimal set of selected parameters is achieved, the user can choose either 

to save them in the “Parameter files” or not. 

 Statistical criteria to evaluate model performances 5.2.4.3

Model performances were evaluated by comparing time series of 

measurements with their corresponding simulated values and by calculating 

different statistical indices which gave information on model/data agreement. 

The principal criterion used to assess model/data goodness of fit was the Nash-

Sutcliffe efficiency (NSE) calculated from Equation (5.2). 

 
(5.2) 

Where Oi represents an observed variable measured at time (i), Si is the 

corresponding modelled variable and Ō is used for the average of all 

observations. 

NSE can range from −∞ to 1. An efficiency of 1 (NSE = 1) corresponds to a 

perfect match between modelled and observed data. An efficiency of 0 (NSE = 

0) indicates that the model predictions are as accurate as the mean of the 

observed data, whereas an efficiency less than zero (NSE< 0) occurs when the 

observed mean is a better predictor than the model or, in other words, when the 

residual variance, which is described by the numerator of Equation (5.2), is 

larger than variance of the data (given by the denominator of Equation (5.2)). 

Essentially, the closer the model efficiency is to 1, the more accurate the model 

is. Also, NSE is sensitive to extreme values and might yield sub-optimal results 

when the dataset contains large outliers. 



162 

The second criterion is the root mean square error (RMSE) which measures 

how much error there is between modelled and observed datasets and which 

has been calculated as: 

 

(5.3) 

Where N is the number of data points. 

The calculated RMSE values will have the same units as the selected variables, 

and so, it is not possible to directly compare RMSE values from variables with 

different units. This index has been widely used in modelling studies and small 

values of RMSE indicate better model predictions. 

The mean bias error (MBE) was also used because it indicates the percentage 

of error of modelled data and it was calculated according to Equation (5.4) 

 
(5.4) 

Positive values of MBE indicate a model overestimation with respect to 

measured data, while negative values indicate a model underestimation. 

The goodness of fit was studied graphically from scatter plots of observed 

variables against their modelled counterparts. Linear regression between 

simulations and observations were also used to evaluate model performance. 

The regression provides two pieces of information: 1) the slope of the linear 

least squares regression line, which indicates whether or not there is a bias, 

and 2) the coefficient of determination (R2), which assesses the scatter, or how 

much of the variance between the two variables is explained by the linear 

regression. 

The coefficient of determination is calculated by taking the square of the 

Pearson correlation coefficient (r) which is given by: 
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(5.5) 

The numerator corresponds to the covariance of the two variables and the 

denominator is the product of their standard deviation and so, Equation (5.5) 

gives information about the correlation between model simulations and 

observations. Values of r range between +1 for a perfect increasing linear 

relationship and -1 for a perfect decreasing relationship whereas a value of 0 

indicates no linear relationship between observed and simulated variables. 

Because the coefficient of determination is the square of the Pearson 

correlation coefficient, it takes values between 0 and 1. 

The higher r2 is the more confidence one can have in the derived linear 

equation. Statistically, the coefficient of determination represents the proportion 

of the total variation in the y variable that is explained by the regression 

equation. Even if r and r2 have been widely used for the evaluation of models, 

these metrics are very sensitive to outliers (Legates and McCabe, 1999).  

Overall, all the metrics presented above were used to determine to what extent 

the model simulations were representative of observations. In the model/data 

comparisons presented in the following section, the density of points was also 

used because the large numbers of points in the comparisons (35 040), over 

the 2 years of the study, were overlaying and because of the presence of some 

outliers, not representative of the overall goodness of fit of predicted and 

observed values. 

5.3 Parameterisation and validation of the half hourly 

model 

5.3.1 Effects of using the flux footprint on the modelling of fluxes 

As described in Chapter 2, the eddy covariance technique uses a single point 

measurement above the ground to infer the fluxes coming from an upwind 

surface area. 
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Because of the Scott Farm layout and grazing management, it was not possible 

to simulate the whole farm (or paddocks on the area around the flux tower) as a 

whole because of the heterogeneities in pastures caused by the rotational 

grazing of the small 0.5 ha paddocks of the study site. The 26+1 paddocks 

surrounding the EC set up have been simulated independently based on the 

available information, such as farm grazing records which recorded grazing 

events that took place on each individual paddock on a daily basis as well as 

the amount of supplement feed brought to different paddocks to sustain 

animals’ needs when pasture growth was insufficient. However, just simulating 

the exchange rates of individual paddocks was not sufficient for comparing 

measured and modelled NEP fluxes. It was also necessary to aggregate the 

individually simulated fluxes from the different paddocks into one flux 

comparable to the one effectively measured by the eddy covariance system. 

Two options can be used to fulfil this goal and were tested in the following 

section: the first option is to simply take the average of the fluxes from the 27 

individual paddocks (Equation 5.6) which will be called F1. 

 
(5.6) 

where F1 is the resulting modelled flux and Fluxi is the flux simulated for the ith 

paddock, where i represents the index of each individual paddock. 

The second tested option was to use a footprint model and weight the relative 

contribution of each individual paddock by the approximated source area of 

fluxes effectively measured by the eddy covariance system mounted on the 

tower. This flux is designated here as F2. 

where RFPi is the relative contribution of the ith paddock so that the sum of all 

RFP is equal to 1. 

The second method contains more information on the originating source of the 

overall flux at any given time but it also requires more information to be used in 

the model. Modelling the source area of measured fluxes requires 

 
(5.7) 
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measurements of wind speed and direction for all half hourly periods over the 

time span of the study. As a consequence, the performance of CenW_HH partly 

depends on the accuracy and reliability of the footprint model (in this study, the 

Kormann and Meixner (2001) analytical footprint model). 

It is important to note that the model was parameterised with the use of the 

detailed footprint contribution of each individual paddocks, and that for the 

comparison of the two methods described above, all simulated variables for the 

27 paddocks were exactly the same with the only difference being their spatial 

integration. 

 

Figure 5.3: Direct comparison of modelled NEP a) and LE b) fluxes when the footprint 

information is used (x-axis) or when the modelled fluxes from each individual paddocks were 

averaged (y-axis). 

For the purpose of this study, the complete dataset with 2 years of measured 

and gap-filled data (N=35 040) was used to compare observations and 

modelled fluxes either derived by taking the averaged contribution of all 

paddocks (“averaged fluxes”) or by using the footprint information (“footprint-

weighted fluxes”) according to Equations 5.6 and Equations 5.7, respectively  

Figure 5.3 shows the scatter plots of the direct comparison of the modelled net 

carbon flux a) and evapotranspiration rates b). The x-axis for both graphs 

corresponds to the footprint weighted fluxes and the y-axis to the averaged 

fluxes. Plots are interesting because they directly show the differences related 

to the choice of the spatial integration of fluxes. 

a) b) 
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The net carbon flux (NEP) appears to be more affected by the choice of the 

integration method compared to the latent heat flux (Fig. 5.3) as indicated by 

the points that deviate from the one to one line. In both cases, modelled 

evapotranspiration rates are very similar, which is indicated by the slope of the 

linear regression that is very close to 1 (0.998), an r2 of 0.996 and a model 

efficiency of 0.996 (Table 5.3). NEP proved to be more sensitive to the choice of 

integration with a slope of 0.96 for the linear regression, an r2 of 0.96 which is 

appreciably lower than for LE and a model efficiency of 0.96 (Table 5.3). 

Table 5.3: Summary of statistical criteria used to evaluate the model performances with and 

without using footprint information for net ecosystem productivity (NEP), latent heat flux (LE) 

and sensible heat flux (H) over two years (N=35 040). a and b represent the coefficients of the 

linear regression between modelled and observed fluxes as shown in red on Figure 5.4 and 

which is given as y=ax+b (a is the slope and b is the intercept) 

Graphically, the use of one or the other of these methods to spatially aggregate 

fluxes does not show any noticeable differences for the evapotranspiration flux 

(Fig. 5.4c, d) nor for the sensible heat flux (Fig. 5.4e, f). This is also confirmed 

by the goodness of fit criterion summarised in Table 5.3 which were not 

statistically different for the two tested methods.  

  

Comparison of footprint 
weighted and averaged 

modelled fluxes 

Statistics of the comparison of observations against 
model simulations 

With footprint weighting Average of all paddocks 

NEP LE H NEP LE H NEP LE H 

NSE 0.96 0.99 0.99 0.85 0.85 0.76 0.84 0.85 0.75 

RMSE 1.40 6.13 3.57 3.01 34.31 28.38 3.01 33.92 29.14 

MBE 0.16 -0.67 -0.21 17.10 -23.20 43.00 -16.1 -22.2 44.80 

a 0.97 0.99 0.99 0.99 0.89 0.95 1.03 0.90 0.95 

b -0.14 1.30 0.41 -0.08 20.32 -4.31 0.07 19.32 -4.53 

R2 0.97 0.99 0.99 0.85 0.89 0.77 0.85 0.89 0.76 
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Footprint weighted fluxes Average of all paddocks 

  

Figure 5.4: Effects of using footprint information on model/data agreements. Modelled fluxes 

(NEP, LE and H) presented on the left panels (a, b and c) were obtained by weighting each 

individual paddock contribution by the footprint information and panels on the right (d, e and f) 

were obtained by a simple averaging of the fluxes from all paddocks. The dashed blue line is 

the one to one line and the red line is the linear regression (equations of linear regressions and 

their respective coefficient of determination are given in Table 5.3). 
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However, like the observations made on Figure 5.3, differences were more 

pronounced for the carbon flux (NEP). It can be seen in Figure 5.4b, that most 

of the outlier points are on the left side of the graph on Figure 5.4a and 

correspond to underestimations of the half hourly modelled NEP fluxes, 

compared to observations closer to the one to one line. This tends to show a 

better model/data agreement for the “averaged fluxes” compared to “footprint 

weighted fluxes”, which is, however, not confirmed by the overall model 

performances evaluated over the two years of the study period (Table 5.3). 

The statistics reported in Table 5.3 for the evaluation of the effects of these two 

methods on NEP were very similar with a model efficiency of 0.85 when the 

footprint weighting is used compared to a model efficiency of 0.84 for the 

average of all paddocks. The biggest difference in the statistics used to 

evaluate model performances is found in the MBE; when the footprint 

information is used to aggregate the fluxes from the 27 individual paddocks, 

MBE(NEP) indicated an overestimation of the carbon flux by CenW_HH while the 

opposite was found when the average of the fluxes from all individual paddocks 

was used to simulate what is “seen” by the EC tower e.g. the model 

underestimated the observed half hourly NEP fluxes. 

Not taking into account the footprint information smoothed the response of 

carbon fluxes during grazing events (Fig. 5.5). 

Figure 5.5 shows that over the first night, the blue line was nearly constant, but 

slightly trending upwards because of decreasing night-time temperature causing 

a reduction of the respiration rate. Then from 6 am onwards, NEP drastically 

increases as it follows the daytime photosynthetic carbon uptake, with the few 

minor wiggles in the red line reflecting changes in radiation levels. In contrast, 

the green line slightly exceeded the blue line when the wind blew from a 

direction other than where the cows were grazing, but when the wind blew from 

the grazed paddocks, the net uptake rate was much lower with the weighted 

fluxes than with the averaged fluxes. Then from 16:00 onwards the cows were 

still there, but the wind consistently blew from a different direction, retaining a 

small signal from the grazing animals in the averaged fluxes but not showing up 

in the weighted fluxes. 
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Figure 5.5: Time series of modelled half hourly NEP calculated as the average of all paddocks 

(blue), weighted by the flux footprint model (green) and observed (black dots) and gap-filled (red 

dots) NEP flux for a day where cattle were grazing paddocks within the EC tower footprint 

(17/12/2009). 

Most of the differences between the two methods to spatially integrate 

contributions from different paddocks (Fig. 5.3) related to grazing events 

occurring on the mosaic of small paddocks around the tower (Fig. 5.5). This 

figure shows a time series of half hourly footprint-weighted NEP in green, 

averaged NEP (see definitions above) in blue and observed (black dots) and 

gap-filled (red dots) for the 17/12/2009. On this particular day, dairy cows were 

grazing paddocks within the flux footprint and because of their large respiratory 

losses of carbon, large drops in the net carbon flux seen by the tower were 

simulated by CenW_HH. Also, because the wind direction shifted between two 

measurement intervals, the footprint area moved accordingly and the 

contribution of the grazed paddocks was not constant over time. This is 

illustrated by the black line on Figure 5.5 and observed data. 

Taking the average of all the simulated paddocks tends to cancel out the large 

respiratory losses of carbon from grazing animals (blue line on Fig. 5.5) which 

was also not accounted for in the gap-filled data (red dots on Fig. 5.5). In the 

rest of the study, the choice was made to use the footprint information to 
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spatially aggregate modelled fluxes as it is a more realistic way of accounting 

for the spatial and temporal variations of grazing animals’ respiration. 

Effects of grazing events on model/data agreements are studied in detail in 

Chapter 6 of this study. 

5.3.2 Validation of the model with EC data 

 Half hourly model/data comparison 5.3.2.1

5.3.2.1.1 CO2 fluxes 

The overall aim of this section was to compare results obtained with the 

parameterised version of the CenW_HH model and half hourly observations of 

carbon dioxide fluxes (NEP, GPP and ER) measured by the eddy covariance 

system and gap filled using the Reichstein et al. (2005) flux partitioning 

algorithm over the first two years of the study (2008 and 2009). 

Because the choice was made to use only the best quality measurements for 

the model parameterisation mainly to avoid adding any possible bias in the 

model parameter set, the 35 088 half hours of the measurement periods were 

reduced to 10 362 NEP observations e.g. after removing gap-filled data, and 

data affected by grazing animals in the footprint on the four inner paddocks 

around the EC tower. CenW_HH was explicitly parameterised over these 10 

362 observations of net ecosystem productivity (NEP) as shown in Figure 5.6.  

The slope of the linear regression is very close to one with a small intercept 

close to 0, and an r2 of 0.819. A model efficiency (NSE) of 0.815 (Table 5.4) 

showed that the model was able to explain more than 80% of the variance in 

the data. It confirmed that the model was able to satisfactory simulate NEP 

fluxes measured at the Scott Farm study site.  

The model was however unable to simulate very high rates of net carbon 

assimilation which were measured. In fact, CenW_HH could not model net C 

fluxes (NEP) higher than 20 μmolCO2 m-2 s-1, while observations indicated that 

the NEP flux could reach 30 μmolCO2 m-2 s-1. One possible explanation could 

be related to the fact that the model with the optimised parameter set simulates 

smaller maximum rates of gross carbon assimilation than the data suggest (Fig. 

5.7a) and higher respiratory losses (Fig. 5.7b). Added together, they could have 
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limited modelled NEP, which would not reach the most extreme observed NEP 

values. Model parameters were set so that it was impossible to get unusually 

high values (parameters are bonded to keep a physical meaning and are set for 

the model to simulate the largest proportion of observed data); whereas 

observations are not constrained in that way, and occasionally high true rates 

will have combined with random upward scatter to give unrealistically high 

values. 

 

Figure 5.6: Scatter plots of observed against modelled by CenW_HH net carbon productivity 

(NEP). The dashed line is the 1:1 line, the blue line is the linear regression with the equation 

given on the figure with its r2, N is the number of points on the graph and the colours were used 

to represent the density of points going from green for highest densities to brown for lower 

densities. The observed data exclude gap-filled points and cow-influenced points. 

Also, as we can see from the density of points shown on Figure 5.6, most of the 

modelled and observed net ecosystem productivity agrees very well as they 

appeared to bunch around the one to one line and only a few numbers of points 

are responsible for the apparent large discrepancies at the highest NEP fluxes. 

Components of the measured NEP flux (gross primary production and 

ecosystem respiration) were not used in the parameter optimisation of 

CenW_HH because, as explained above, those fluxes were not directly 

measured but derived from gap filling using  the Reichstein et al. (2005) 
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algorithm. The aim was to avoid the inclusion of any possible systematic errors 

that could have been introduced through the use of gap filling models. 

For the gross primary production (GPP), see Figure 5.7a, the agreement 

between CenW_HH modelled and Reichstein gap filled fluxes is, as for NEP, 

very good with a model efficiency of 0.746, a regression line very close to the 

one to one line and a coefficient of determination close to 0.75 (Table 5.4). As 

with NEP, CenW_HH was constrained to not reproduce the most extreme EC-

derived carbon assimilation rates (GPP above 30 μmol m-2 s-1). Some of these 

extreme observed values would have been due to random noise in the 

observations, and some of the extremely high values are matched by a similar 

number of observations much lower than the 1:1 line. 

CenW_HH tended to slightly overestimate ecosystem respiration (ER) as 

indicated by the slope of the linear regression (0.836). We also observed more 

scatter than that found for GPP and NEP with a coefficient of determination of 

0.728. The model simulated higher respiratory rates than derived by the 

Reichstein et al. (2005) gap-filling algorithm which corresponded to grazing 

events on some paddocks further away and within the footprint of the EC tower 

(see Chapter 6 for a detailed study on the effects of grazing events on model 

data agreement). These discrepancies could be related to the fact that the 

partitioning of observed NEP into GPP and ER is made according to the 

Reichstein et al. (2005) algorithm, which, in contrast to CenW_HH, does not use 

any information about grazing events occurring in the footprint area and so 

could not differentiate the pasture respiration rate (soil + vegetation) on one 

hand from grazing animals respiration on the other hand.  

Overall, most of the points agreed very well as shown by the highest density of 

points around the one to one line which indicated that that the development and 

parameterisation of CenW_HH adequately simulated carbon fluxes observed at 

Scott Farm over the two years of the study period. Achieving such high 

agreement between observed and modelled carbon fluxes was only possible 

through the proper selection of the photosynthesis routine and modification of 

the running time steps of heterotrophic and autotrophic respiration simulation 

procedures and their parameters. 
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Figure 5.7: Scatter plots of EC-derived a) GPP and b) ER. (Both partitioned by the Reichstein et 

al. (2005) algorithm) against CenW_HH modelled GPP and ER. The dashed line is the 1:1 line, 

the blue line is the linear regression with equations given in the figure with their corresponding 

r2, N is the number of points on each graph and the colours were used to represent the density 

of points going from red for highest to black for lowest densities. 

a) 

b) 
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As we have seen in this section, CenW_HH was able to achieve excellent 

agreement with the carbon fluxes observed (NEP) and partitioned (GPP and 

ER) at Scott Farm. There was no identified consistent bias across a wide range 

of values covering periods with diverse weather and soil moisture conditions 

and with pastures in various stages of regrowth after grazing. There remained a 

reasonable amount of scatter around modelled values which was largely 

attributable to random scatter in the observed fluxes and uncertainty in 

partitioned values. Errors in the footprint model would have contributed to 

remaining error by incorrectly attributing modelled fluxes to the wrong 

paddocks. Also, in this analysis, only fluxes affected by the presence of grazing 

animals from the four closest paddocks surrounding the EC tower were 

discarded but the grazing events occurring further away from the tower also 

affected the agreement between modelled and observed carbon fluxes. 

A few specific remaining issues related to some slight underestimation of 

maximum photosynthetic carbon uptake rates and a small number of instances 

where large cattle respiration rates were modelled but not observed. These 

instances probably related to times when cows were not actually present 

despite records indicating that grazing took place, or when the footprint model 

might have incorrectly attributed fluxes to grazed paddocks when observed 

fluxes actually originated from non-grazed paddocks. 

5.3.2.1.2 Evapotranspiration and sensible heat flux 

In the previous section, modelled and observed carbon fluxes were compared. 

As we have seen, eddy covariance measurement systems also measure fluxes 

of sensible heat (H) and evapotranspiration (or latent energy, LE). Like carbon 

fluxes, latent energy and sensible heat fluxes were simulated for every 

individual paddock and weighted with the footprint model to get integrated 

fluxes at the tower that could be compared to observed fluxes, even if they 

appeared to be less sensitive to the choice of spatial integration than carbon 

fluxes (Section 5.3.1). 
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Figure 5.8: Scatter plots of observed against modelled fluxes of a) latent energy, or 

evapotranspiration and b) sensible heat, H. 

a) 

b) 
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Model/data agreement is very good for latent heat flux (Fig. 5.8 a). The model 

could explain about 87% of the variability in observations (NSE=0.869). The 

slope of the linear least square regression line is 0.945 which is reasonably 

close to 1 to warrant that there were no significant systematic differences 

between observed and modelled latent heat fluxes and the coefficient of 

determination of 0.874 (Table 5.4) showing a small scatter. 

This is excellent agreement across a wide range of conditions, across seasonal 

variations, including a major and some minor drought periods, diurnal variations 

with daytime and night time data, including dew formation and shifts across 

different plant states with freshly grazed and fully regrown canopies. It shows 

that the modelling scheme developed and used in this study (see Chapter 4) is 

adequate for the simulation of the evapotranspiration rate measured over an 

intensive dairy farm.  

To achieve such a good agreement between observed and modelled latent heat 

flux, the model needed to properly simulate the interactions between all parts of 

the ecosystem and their seasonal and short term variations driven by vegetation 

dynamics and response to climatic conditions at a sub-daily time step. In 

particular, the model responded quite well to drought conditions when no 

precipitation was received for an extended period and soil water availability for 

plant extraction and utilisation was greatly reduced. This caused stomatal 

closure to prevent ongoing or additional water losses through transpiration. In 

order to fully account for the effects of summer droughts it was also required 

that the photosynthetically active area was reduced otherwise the pattern of 

reduced water extraction during water limited periods could not be modelled 

adequately. This was consistent with the visual observations of senescent 

pasture during drought. In the model, under water limiting condition part of the 

green leaves die and their biomass is transferred to a dead foliage pool. It is 

controlled by the severity of the drought and by a parameter controlling the rate 

of desiccation of the vegetation. 

The simulations of sensible heat flux did not agree with the observations as well 

as for evapotranspiration. Model efficiency for H was 0.762, showing that the 

model could explain about 76% of the variations of the observed H flux. The 

slope of linear regression (0.919) was slightly lower than 1, meaning that the 



177 

model showed a tendency to slightly overestimate the sensible heat flux, and 

the value of the coefficient of determination of the linear correlation was 0.769 

indicating more scatter than for latent heat. 

Overall, results from the model are satisfactory for the simulation of sensible 

heat flux and even better for evapotranspiration as shown by the high model 

efficiencies and r2. These good agreements prove that the new routines 

implemented in CenW_HH to mechanistically model energy and water fluxes, 

coupled to the carbon assimilation procedure through stomatal conductance 

and growth, realistically and appropriately account for the drivers of 

evapotranspiration (soil evaporation and surface evaporation after rain and 

transpiration from the vegetation). Accurate modelling of latent heat flux is 

important over land ecosystems for hydrological and agronomic applications or 

to study the effects of climate and land use change on ecosystems and water 

resources and CenW_HH proved that it could be used adequately to study 

these issues. 

5.3.2.1.3 Net radiation and soil temperature 

Accurately modelling net radiation (RN) is important as it is the key driver of the 

energy budget at the surface. As presented in detail in Chapter 4, RN is the 

difference between short wave radiation received in solar radiation and reflected 

by surfaces that depend on soil and vegetation albedos and incoming and 

outgoing long-wave radiations, which are function of surface temperature and 

emissivities. It also represents the radiative driver of latent energy and sensible 

heat fluxes with surface temperature as an emergent property of the modelled 

ecosystem. Accurate modelling of the soil temperature profile is also important 

in CenW_HH. Not only does it influence the surface energy exchange, but 

modelled temperatures of each soil layer are also an important modifier of the 

soil heterotrophic respiration through organic matter decomposition.  

Unlike fluxes, measured with the EC system, which were studied above, 

observed net radiation and soil temperature are not spatial measurements. 

These two variables were measured locally and depend on local biotic and 

abiotic conditions. Sensors were installed in one of the four closest paddocks 
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from the eddy covariance tower (paddock b22a on Fig. 5.1) and so no spatial 

integration was needed for the comparison with modelled variables.  

In this section, modelled variables were simply retrieved from the simulation of 

this specific paddock and directly compared to observations. The soil 

temperature was measured at 0.05 m depth and compared with the modelled 

temperature of the soil layer corresponding to this depth. 

Figure 5.9 shows the comparisons of modelled (x-axis) versus observed (y-axis) 

net radiation (RN) on panel a) and 5 cm depth soil temperature on panel b). The 

dashed line is the 1:1 line (perfect agreement between model and 

observations). 

The model was able to explain about 94% and 92% of the variance in observed 

net radiation and soil temperature, respectively (Table 5.4) as indicated by the 

model efficiencies. The modelling of net radiation and soil temperature is 

implemented in the energy and water budget procedure which was described in 

Chapter 4. The slope of the least square linear regression line shows that the 

model tends to overestimate net radiation (RN) introducing a systematic error of 

about 10% (Fig. 5.9a). CenW_HH modelled more negative RN during night 

time, when the observations reach zero, CenW_HH seems to model fluxes of 

about -70 W m-2 and most extreme modelled values go up to ~ -150 W m-2 

whereas observations do not seem to exceed -100 W m-2. Because RN was 

measured by a radiometer, systematic errors in measurement are unlikely and 

so, CenW_HH was certainly overestimating night time fluxes by assuming too 

much energy storage caused by errors in the simulation of the emissivities, 

albedos or temperatures of the different parts of the system (soil, litter and 

vegetation). Daytime fluxes (RN > 0) were very close to the one to one line as 

indicated by the density colouring on Figure 5.9a). Night time values would have 

forced the high (35 W m-2) intercept, which, in turn, would have forced the slope 

of less than 1. However, model efficiency and coefficient of determination are 

high and according to the density of points (Fig. 5.9a), there is good agreement 

between modelled and observed net radiation with the large majority of points 

bouncing around the 1:1 line. 
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Figure 5.9: Observed half hourly RN plotted against modelled RN (a) and observed half hourly 5 

cm soil temperature plotted against modelled 5 cm soil temperature (b). On panel a) only best 

quality measurements were selected whereas on panel b) measurements over the total length 

of the study were used. 

a)

b) 
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Soil temperature modelling depends on several factors in the model. At first, it is 

driven by the amount of available energy at the soil level and secondly by the 

amounts of water and organic matter in the different soil layers that affect their 

thermal properties. The slope of the linear regression and coefficient were 0.98 

and 0.93, respectively showing a very good agreement between observation 

and simulation, which is also confirmed by the high model efficiency of 0.92 

(Table 5.4) and the high density of points around the one to one line, indicating 

that the different process included in CenW_HH were adequate for the 

modelling of this system as most of the trends were well reproduced. 

Table 5.4: Summary of half hourly statistics used to evaluate model performances in the 

simulation of fluxes of carbon, water and energy observed at Scott farm over two years of 

measurement. NSE, RMSE, MBE and R2 were defined in the text above and a and b represents 

respectively the slope and intercept of the linear regression line between modelled (x-axis) and 

observed (y-axis) variables. 

Overall, the model does a good job in modelling 30 minute carbon, energy and 

water fluxes as well as net radiation and soil temperature at 5 cm depth when 

compared to observations. The good model/data agreement obtained for the 

simulation of these variables shows that once parameterised, the model is able 

to run properly on this challenging dataset, and that most of the processes are 

correctly included and modelled in CenW_HH. 

 Patterns observed with longer averaging time steps 5.3.2.2

5.3.2.2.1 Daily and weekly model/data agreements 

Unlike for the study of half hourly fluxes presented above, the complete dataset 

(actual observations + gap filled data) was used in this section of the study to 

NEP 
(μmol m-2 s-1) 

GPP 
(μmol m-2 s-1) 

ER 
(μmol m-2 s-1) 

LE 
(W m-2) 

H 
(W m-2) 

RN 
(W m-2) 

Tsoil 
(°C) 

NSE 0.815 0.746 0.700 0.869 0.762 0.938 0.919 
RMSE 3.723 4.433 1.374 38.268 32.681 41.982 1.719 
MBE -0.123 -0.186 -0.013 -5.525 2.241 -28.567 -0.610 
a 1.067 1.038 0.836 0.945 0.919 0.909 0.981 
b -0.198 -0.301 0.930 11.002 0.112 35.001 0.908 
R2 0.819 0.747 0.728 0.874 0.769 0.978 0.928 
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compare data amalgamated into daily and weekly averages. However, the 

same parameterisation of the model was used as in the previous section. That 

means that the model was parameterised based only on comparison with the 

best observations e.g. by removing from the analysis gap-filled data and fluxes 

affected by the presence of grazing animals in the four closest paddocks from 

the EC tower. Half hourly output variables, which were presented in the above 

section, were summed/averaged over 24 hours (from midnight to midnight the 

next day) to obtain daily values. Weekly averaged variables were then derived 

from measurements and simulations obtained over corresponding 7-day 

periods. Units of the fluxes were converted to be more appropriate for a longer 

time scale. The carbon fluxes (NEP, GPP and ER) are now given in kgC ha-1 d-

1, energy fluxes (RN and H) in MJ ha-1 d-1 and water fluxes (LE) in mmH2O d-1. 

Statistics used to evaluate the ability of the model to reproduce daily 

observations have been reported in Table 5.5 and Figure 5.10 shows the 

scatter plots between CenW_HH modelled (x-axis) and observed (y-axis) of 

GPP a), ER b), NEP c), LE d), RN e) and Tsoil f). On each panel, daily and 

weekly averaged fluxes were plotted with small black circles and red up-arrows, 

respectively. 

Daily and weekly model/data agreements of GPP are very good as shown on 

Figure 5.10a) where most of the points lie around the one to one line and as 

indicated by the good statistics reported in Table 5.5. Slopes of the daily and 

weekly regression lines were very close to 1 and large coefficients of 

determination and model efficiencies confirmed that modelled photosynthesis 

rates agreed very well with Reichstein “gap filled” GPP and so, it was not 

possible to identify any significant systematic differences between the two 

modelled carbon assimilation rates.  

The daily ER agreement (Fig. 5.10b) appeared to be weaker but this is 

explained by the fact that CenW_HH modelled much higher respiratory fluxes 

during grazing events than what the data (observed and gap-filled fluxes) 

suggested. However, grazing animals’ respiration is not accounted for in the 

Reichstein gap-filling algorithm and so high carbon efflux values would have 

been missed in the data. Weekly averaging fluxes improved the agreement 

between CenW_HH ecosystem respiration estimates and data because with 
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fluctuations of the flux footprint and the rotational grazing of the different 

paddocks, large respiratory losses from grazing animals were averaged out. 

Except for differences caused by the large respiratory fluxes due to the 

presence of grazing animals within the flux footprint that affected only a small 

number of days, most of the daily ER fluxes showed a very good agreement as 

they lie around the one to one line with not much scatter.  

Daily NEP agreement was found to be weaker than for GPP and ER (Fig. 

5.10c). Large disagreements were found when the presence of grazing animals 

affected data and simulated fluxes. In those circumstances, daily averaged 

CenW_HH fluxes were very negative but daily NEP data were positive as 

respiratory C losses from grazing animals were not accounted for. However 

fluxes highly affected by the presence of grazing cattle represent only a minority 

of days and the large majority of points presented better agreements.  

Figure 5.10d) shows the scatter plot of daily and weekly modelled LE against 

observed LE fluxes. Coefficients of determination were high (above 0.9) also, 

CenW_HH appeared to slightly but systematically overestimate LE (points 

above the one to one line) which was not reflected in half-hourly fluxes (Fig. 

5.8a). CenW_HH also modelled more negative daily fluxes while data were 

always positive or very close to zero. This could be explained by CenW_HH 

modelling dew formation during wet and steady nights, where half-hourly LE 

fluxes were negative followed by days with heavy cloud cover so that there is 

not even enough energy to evaporate the night’s dew while the gap-filling 

procedure does not include such detailed feature and uses available information 

from times with good climatic for the eddy-covariance technique to be used and 

which not reflect the specific conditions at the study site. 

Daily and weekly net radiations (Fig. 5.10e) were above the one to one line, 

indicating that daily and weekly RN fluxes modelled by CenW_HH were lower 

than observations. This is caused by the fact that modelled night time RN was 

systematically more negative than observations as shown on Figure 5.9a) and 

even if daytime fluxes agreed well, summing over daily and weekly periods 

reduced the inferred fluxes and the agreement. 

 



183 

 CenW_HH modelled variables  

O
bs

er
ve

d 
va

ri
ab

le
s 

  

  

  
Figure 5.10: Comparisons of daily (black circles) and weekly (red up arrows) averaged 

CenW_HH modelled variables and EC observed variables. GPP a), ER b), NEP c), LE d), RN e) 

and Tsoil f). 

Figure 5.10d) shows the comparison of modelled and observed daily and 

weekly soil temperature (Tsoil) at 5 cm depth. Both daily and weekly averages 

a) b) 

d) c) 

f) e) 

GPP ER 

NEP 
LE 

RN Tsoil 
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showed very good agreements with no identifiable systematic differences and 

increasing the averaging period reduced the scatter, improving the fit between 

observed and modelled soil temperature and the evaluation statistics. 

Slopes of linear regressions were above 0.8 for all the variables except for daily 

NEP which had a slope of 0.786 signalling that CenW_HH was modelling daily 

NEP flux about 20% higher than observations. To derive daily and weekly fluxes 

from half-hourly observations, it was necessary to use gap-filled data and so, 

any lack of agreement could be due to measurement problems, and certainly 

could be related to problems in the gap-filling routine. CenW_HH should be a 

better predictor than the Reichstein et al. (2005) gap filling algorithm principally 

because grazing animals respiration has been included in a more physically 

realistic way. 

Table 5.5: Daily and weekly model efficiencies (NSE), linear regression equation (lm) and 

coefficient of determination (r2). For the linear regression equations, the x-axis was used for 

modelled and the y-axis for observed variables 

 NSE lm r2 

 Daily Weekly Daily Weekly Daily Weekly 

GPP 0.794 0.851   0.797 0.853 

ER 0.673 0.832   0.707 0.838 

NEP 0.445 0.514   0.477 0.521 

LE 0.724 0.705   0.908 0.949 

RN 0.887 0.884   0.971 0.979 

Tsoil 0.938 0.953   0.945 0.958 

Usually, increasing the averaging time window e.g. going from daily to weekly 

fluxes, improved the model/data agreement because increasing the time 

averaging period cancels out the scatter in observations which is not 

reproducible by the model. 

For all the variables studied but NEP, the model was able to explain more than 

80% of the variability found in observations (Table 5.5). The lowest coefficient of 

determination was found for NEP with daily and weekly values of only about 

0.5. This might have been caused by the inclusion of gap filled data or NEP 
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fluxes observations affected by the presence of grazing animals which can 

potentially causes large discrepancies between model estimates and 

observations (see Section 5.7 and Chapter 6). 

Compared to results reported for Scott Farm using the daily version of the 

model (CenW version 4.1) model/data agreement for daily fluxes obtained in 

this study are slightly lower for NEP and LE. For these two fluxes, Kirschbaum 

et al. (2015) reported model efficiencies of 0.56 and 0.54 for daily and weekly 

NEP respectively while in this study model efficiencies were only of 0.445 and 

0.514. These large differences could be explained by the fact that in 

Kirschbaum et al. (2005) days where fluxes were affected by the presence of 

cattle within the four closest paddocks from the tower were discarded from the 

analysis but not in this study. Lowest model efficiencies were also found for 

daily and weekly evapotranspiration rates with daily and weekly NSE (model 

efficiency) of 0.724 and 0.705 respectively in this study compared to 0.91 and 

0.96 in Kirschbaum et al. (2015). Model efficiencies calculated in Kirschbaum et 

al. (2015) for evapotranspiration fluxes were impressively high. Half-hourly 

model efficiencies were much higher (0.87) as reported in Table 5.4, however 

this could have been boosted by the large diurnal variation, which disappears 

when one integrates values to longer-term means. Also, CenW_HH forces the 

energy balance to be closed at each time step of the model runs (half-hourly) 

and allow dew deposition (mainly during night time periods) both affecting 

modelled latent heat fluxes. 

5.3.2.2.2 Modelled and observed monthly carbon fluxes 

Figure 5.11 shows modelled and observed monthly carbon fluxes from Scott 

Farm that have been calculated as the sum of half-hourly modelled and 

observed fluxes. Similar to daily fluxes in the above section, monthly fluxes 

were calculated by including gap-filled data and fluxes affected by the presence 

of grazing animals within the vicinity of the tower were not removed from the 

analysis. 
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Figure 5.11: Monthly observed and modelled carbon fluxes, GPP a), ER b) and NEP c). 

Observed data are shown with black bars and modelled data with grey bars. 

In summer 2008, a very severe drought strongly affected C fluxes from January 

to 14 April when drought was broken with substantial rainfall (83 mm over two 

days). This drought was qualified as a 1 in 100 year event (Mudge et al., 2011). 

GPP was sharply reduced as the soil dried out while respiration was less 

affected by these water limited conditions, and therefore the site lost carbon to 

the atmosphere. Other studies (Ciais et al., 2005; Ammann et al., 2007; 

Schwalm et al., 2010) also found that water limitations had a stronger effect on 

GPP (plant photosynthesis) than on respiration rates.  

a) 

b) 

c) 
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CenW_HH, as a process based model, simulates ecosystem respiration as the 

sum of plant autotrophic and soil heterotrophic respiration rates driven by 

biophysical factors and respiration from grazing animals based on grazing event 

records and amount of ingested vegetation. In contrast, the Reichstein et al. 

(2005) gap filling algorithm modelled ER as a function of soil temperature 

derived from actual night time NEP observations over a moving time window. 

The latter could not differentiate plant, soil and grazing animal respiration rates. 

GPP simulations reproduced the observed patterns over 2 years (Fig. 5.11a), 

including the depression over the initial drought period, followed by the recovery 

after the rains resumed. Rates remained subdued over the winter months 

because of low temperature and radiation levels. Photosynthesis rates then 

increased with the onset of warmer conditions to reach maximal values in 

summer before they were reduced again by a minor summer drought in 

February 2009. Rates remained subdued after that because of reducing 

temperature and radiation through the autumn months. The winter and spring 

pattern in 2009 was similar to that in 2008, but did not reached the same high 

values because of lower temperatures. CenW_HH largely followed these 

trends, thus indicating an appropriate dependence on internal factors such as 

leaf area and extent of nutrient limitation, bioclimatic factors and the response to 

drought conditions. 

CenW_HH ecosystem respiration simulations largely followed the variations in 

the observed data and predicted the absolute magnitude of respiratory change 

over the study period (Fig. 5.11b). Unlike the Reichstein model that is 

“governed” by being reparameterised every fortnight, CenW is parameterised 

only at the beginning of the run and then runs without any feedbacks from 

observations as to whether results are reasonable. Daily rainfall record input 

into CenW_HH allowed the model to simulate the drought effect on GPP and 

NEP with remarkable accuracy. 

In CenW_HH, NEP fluxes were not directly modelled but resulted from the 

difference between GPP and ER. Over the two years studied here, modelled 

NEP flux followed very similar patterns to those shown in observations. The 

model reproduced the general trends in the observations particularly well 

including the net carbon losses over the summer 2008 drought period but not 
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that of the small drought in 2009. This could be due to the fact that in 2009 the 

drought was less pronounced than in 2008 and the model with its 

parameterisation could not deal with both drought periods without causing big 

discrepancies in one period or the other. 

During the 2008 drought period, CenW_HH tended to simulate higher 

respiration rates than the observations suggested (Fig. 5.11b) and modelled 

GPP was also higher than the observed one (Fig. 5.11a). Both modelled and 

observed NEP fluxes were negative during the extended drought period 

indicating a net loss of carbon from the ecosystem to the atmosphere, 

CenW_HH slightly overestimated the carbon losses compared to observations 

(Fig. 5.11c). This dry summer was followed by a typical wet winter with lower 

solar radiation and temperatures during which both carbon assimilation and 

respiration rates remained quite low, and the site became a small sink for CO2 

until the beginning of August 2008. Modelled and observed fluxes agreed well 

over this period. With the onset of warmer weather after August 2008, GPP and 

ER increased steadily until the beginning of November. CenW_HH reproduced 

the observed GPP very accurately over these three months but showed a 

tendency to underestimate ER which is even clearer when looking at NEP 

fluxes (Fig. 5.11c). As a result, over this period, the model indicated that Scott 

Farm was a weaker CO2 sink than reflected in the observations.  

From November 2008 until February 2009, carbon assimilation and respiration 

rates were nearly constant and at their maximum because of good climatic 

conditions and no drought periods. Between mid-January to mid-February, 

water limitations started to develop but they were not as strong as in the 2008 

drought. The pasture on some paddocks within the EC footprint were also 

sprayed with herbicide and were re-sown (Mudge et al., 2011), reducing the 

amount of photosynthesising biomass present on these paddocks. These 

conditions affected both GPP and ER, but it reduced modelled ER to a greater 

extent than was apparent in the observations (Fig. 5.11b). Good agreement 

between modelled and observed carbon fluxes in the 2008 drought, confirming 

the good sensitivity of the model to water limited conditions. Agreements were 

poorer in the 2009 drought because CenW_HH was not re-parameterised just 

to fit the 2009 observations measured over the drought period which was 
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shorter and not as strong as in the first year. It was also possible that after 

pasture renewal, the model underestimated the amounts of standing root 

biomass or its rate of decomposition. Once roots are dead, CenW_HH assumes 

that they start to decompose at a prescribed rate, but it is possible that they 

decomposed even faster than modelled, maybe because their lignin content is 

lower or nitrogen concentration higher than modelled. No ancillary 

measurements were available to further support what might have happened on 

those specific plots. 

In March 2009, NEP model/data agreement was poor; observations showed 

that paddocks were losing a small amount of C as indicated by the slightly 

negative NEP while CenW_HH modelled NEP was positive (Fig. 5.11c). For this 

month, both modelled and observed ER fluxes were of the same magnitude 

(Fig. 5.11b) and the observed discrepancy mostly came from the carbon 

assimilation rate, which was higher for the model than for the measurements 

(Fig. 5.11a). Until July 2009, Scott Farm was a sink of CO2 but then both NEP 

rates (modelled and observed) indicated that the site became a net source of 

CO2 to the atmosphere (Fig. 5.11c). According to Mudge et al. (2011), this was 

likely due to colder than usual winter climatic conditions and grazing 

management practices which reduced the carbon assimilation rate. From then 

and until the end of 2009, the site remained a net sink of carbon and over this 

period, CenW_HH showed a tendency to slightly overestimate GPP and ER. 

Overall, monthly carbon fluxes showed that the two years were quite different in 

terms of carbon fluxes dynamics (Fig. 5.11). Generally, modelled and observed 

fluxes agreed well with the biggest discrepancies observed during drought 

periods. The CenW_HH model managed to reproduce the variations in 

observed monthly carbon fluxes dynamics. 

5.3.2.2.3 Annual and cumulative carbon fluxes 

Figure 5.12 shows the annual cumulative modelled (lines) and observed 

(dashed lines) carbon fluxes GPP a), ER b) and NEP c) for the two years of the 

study. For this graph, both the trends and signs of cumulative fluxes are 

important as positive values indicate that the study site acted as a sink of 

carbon and negative values shows that it was a source of carbon to the 
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atmosphere. Positive trends indicate that more carbon is fixed over a particular 

period (removed from the atmosphere) and negative trends signal net carbon 

losses.  

 
Figure 5.12: Cumulative observed and modelled a) gross primary production (GPP), b) 

ecosystem respiration (ER) and c) net ecosystem productivity (NEP) for 2008 (black) and 2009 

(orange). Dashed lines are used for observations and continuous lines for modelled carbon 

fluxes. 

A striking aspect of the cumulative carbon fluxes (Fig. 5.12) are the large 

differences between years. 
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Figure 5.12 highlighted that modelled and observed ER and GPP largely 

followed similar patterns, e.g. 1) a sharp increase over summer unless there is 

drought, 2) more moderate increases over winter and 3) sharper increases over 

spring and into summer. Patterns for modelled and observed are very similar, 

except for a few periods, with the lines running parallel for most of the other 

times. Modelled and observed cumulative NEP also showed very similar trends 

as lines on Figure 5.12 c) were mostly parallel. However, short periods of 

discrepancies caused offsets, like a short period of underestimating gains in 

spring 2008 caused an overall underestimate of 2008 carbon gain, and in 2009, 

it was mainly the Feb-Mar period, where the reduced down-turn was not 

sufficiently replicated by the model, that caused most of the discrepancy that 

was carried through until the end of 2009. 

In CenW_HH, functional connections between variables, such as the fact that 

ER depends on GPP, with most of ER coming from recently fixed GPP through 

autotrophic (maintenance + growth respiration). For example, an overestimate 

of GPP, in the first year (Fig. 5.12a), inevitably leads to an overestimate in ER. 

Because they are linked through a conservation of (C) mass, such a  

discrepancy cannot be overcome by adjusting any parameters of the model. 

As we have seen in the previous sections, a severe drought at the beginning of 

2008 (until mid-April) caused large losses of carbon to the atmosphere. At the 

beginning of the drought, in January 2008, CenW_HH overestimated GPP while 

ER was consistent with observations, and as a result, the cumulative difference 

in NEP reached ~ 300 kgC ha-1 by the end of this month. From there and until 

the return of substantial rainfall in mid-April 2008 which marked the end of the 

period with water limited conditions, cumulative curves (Fig. 5.12) show that 

both modelled GPP and ER were higher than their EC derived counterparts 

(upward trend) which led to a reduction of the cumulative error in NEP that is 

almost zero in mid-April. From May and until the end of 2008, the study site 

acted as a net carbon sink as indicated by the steady upward trend of both 

modelled and observed cumulative NEP fluxes. 

During the whole first year (2008), cumulative NEP flux dynamics (Fig. 5.12a) 

were very similar which indicated that the model was able to properly account 

for most of the processes and their responses to climatic conditions involved in 
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driving the observed behaviour of the NEP fluxes. CenW_HH overestimated 

NEP fluxes in November as indicated by the deviation of the two curves at this 

time. At the end of 2008, there was a difference of 400 kgC ha-1 between 

modelled (black line) and observed (dashed black line) cumulative NEP curves. 

In summer 2009, as in 2008, the study site experienced water limited 

conditions, which is not unusual in the Waikato. However, this drought period 

was not as long and severe than in the previous year which has been qualified 

as a 1 in 100 year drought and which was followed by a cooler than usual winter 

that strongly affected carbon fluxes (Mudge et al., 2011). Water limitations 

started slightly later than in 2008 as indicated by the orange dashed line on 

Figure 5.12a) and which lasted only until about late March, thus for around 7 

weeks. Over this period, observed cumulative NEP flux (orange dashed line) 

showed that Scott Farm was a net source of CO2 whereas, over the same time 

period, modelled cumulative NEP flux (orange line) indicated that the pasture 

was approximately CO2 neutral and that paddocks started to gain carbon 

sooner than observations suggested. At the end of the seven weeks, the two 

curves had already strongly deviated with a difference of 600 kgC ha-1. From 

there, the modelled and observed cumulative NEP are similar  but the offset 

remains with the two curves following the same pattern so that by  the end of 

2009, CenW_HH has overestimated the net carbon flux by 967 kgC ha-1, mostly 

due to the offset caused by the drought. 

Overall, the cumulative NEP fluxes for the two years of the study show very 

different patterns (Fig. 5.12) mostly caused by the large carbon losses occurring 

during the severe drought in 2008 that was not present in 2009. Also, modelled 

and observed cumulative GPP, ER and NEP followed, most of the time, very 

similar trends. 

Now that it has been shown that the carbon fluxes modelled with the 

parameterised version of the CenW_HH model agreed well with Scott Farm 

observations, in the next section of this chapter, the model/data agreement has 

been tested with gap filled observations under different climatic conditions. 
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5.4 Comparison of NEP estimates from the Reichstein 

et al. (2005) gap filling algorithm and the CenW_HH 

model. 

5.4.1 Introduction 

The previous chapters have demonstrated that EC data have a great potential 

for the study of GHG emissions from pastoral systems in New Zealand. 

However, the parameterisation of mechanistic ecosystem models to simulate 

observations requires the availability of detailed management records (grazing 

events, harvests, cultivation or fertiliser applications). They need to be 

comprehensive and detailed enough to match the time step of the model to 

provide critical information about management events that can have over-riding 

effects on ecosystem carbon fluxes. The accuracy and reliability of mechanistic 

models like CenW_HH is closely related to the quality of the data used to 

parameterise it. 

A great advantage of eddy covariance measurement systems is that 

environmental input data and resultant gas exchange rates are taken 

continuously over long time periods (multiple years). These observations thus 

provide information over diverse and representative climatic and land 

management conditions. Regional and global networks like OzFlux or 

FLUXNET (see Chapter 2), largely developed over the past three decades, are 

in charge of homogenising datasets, and building up databases of EC 

measurements of water, gas (CO2, CH4 or N2O) and energy exchanges 

between surface and the atmosphere made over different land cover types 

(forest, grasslands, crops, etc.). These quality controlled data sets are then 

made available to the research community for further analysis. They are of 

particular interest for global change studies, for example, where the upscaling of 

local measurements to regional, continental and global scales is important for 

improving models, and for our general understanding of the carbon cycle and its 

effects on the climate. 
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However, in such long time series there are inevitably missing values caused by 

instrument failure or maintenance operations and unsuitable climatic conditions 

for EC measurement such as precipitation, fog, dew deposition, or inappropriate 

turbulence conditions. Those gaps in the dataset are potentially problematic for 

researchers and are not avoidable. A critical and indispensable step for the 

temporal integration of CO2 fluxes and other quantities to daily or longer scales 

is the filling of those missing values through the “gap filling” process (Falge et 

al., 2001b). 

 

Figure 5.13: Time series of half-hourly net carbon productivity (NEP) over 7 days in 2008 a) and 

2009 b). Blue dots are used for actual observations, red dots for Reichstein gap-filled data and 

the black line for CenW_HH modelled fluxes. 
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Several gap filling methods exist and can be used by researchers to generate 

complete time series of EC measurement (Falge et al., 2001a; Moffat et al., 

2007). However, there are several sources of uncertainties in annual carbon 

budgets of land surfaces related to the distribution and size of those gaps and 

there is no general consensus on the best procedure to be used on every study 

site. 

Figure 5.13 shows time series of observed, gap-filled and CenW_HH modelled 

NEP fluxes over a 7 day period in December 2008 (Fig. 5.13a) and the same 

period in 2009 (Fig. 5.13b). It highlights the strong day to day and inter-annual 

temporal variations of the NEP flux. Most of half-hourly observed and gap-filled 

data agreed well with CenW_HH estimates. The big majority of the night time 

fluxes over these two time periods were gap-filled (red dots). Trends in the 

observed NEP time series were reasonably well reproduced by CenW_HH. 

Ecosystem respirations rates agreed well and showed the same patterns e.g. 

higher respiration at the beginning of the night followed by a reduction 

throughout the night driven by the decline of the temperature. No grazing events 

happened over the week in 2009 and fluxes agreed well, in contrast of 2008 

where a grazing event was recorded in the footprint on the 10th of December. 

For this day, CenW_HH modelled higher respiration rate affecting both nigh-

time and daytime fluxes that, in this case, were gap-filled. The Reichstein et al. 

(2005) gap-filling algorithm did not have information nor took into account the 

respiratory losses from grazing animals in the footprint area. Accordingly the 

resulting gap-filled fluxes were higher than those modelled by the more complex 

CenW_HH model that specifically used the grazing records and footprint 

information. 

Falge et al. (2001b) reported that the number of gaps in a selection of eddy 

covariance sites ranged between 10% and 60%, with an average of 35% of 

missing data for typical years. Our study site (Scott Farm), had an average of 

60.3% of gaps (Table 5.2) which placed it on the upper limit of the data 

coverage reported in previous studies and made the construction of annual 

carbon budgets highly dependent on the accuracy and reliability of gap filled 

flux values. At Scott farm, more than 81% of the gaps occurred during night 

time (Table 5.2) and were mostly due to site characteristics such as low wind 
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velocity and turbulence during night time hours as well as high humidity rate 

that caused the formation of dew which affected sensors readings. 

Also, because the number of gaps in EC data time series is generally important, 

gap filling methods received substantial attention and it is important that they 

contribute little bias to annual sums of net ecosystem fluxes (Moffat et al., 2007; 

Carvalhais et al., 2009). However, it was shown by Kirschbaum et al. (2007) 

that gaps are typically not randomly distributed, as may be the case with gaps 

associated with rainfall events. If there are no observations under these 

particular kinds of conditions, there would be no good basis for a simple gap-

filling routine to fill the gaps. The routine could only be guided by observations 

under conditions that are different from those for which the missing numbers are 

to be provided, and that could potentially lead to biases in the gap-filling 

procedure (Kirschbaum et al., 2007). 

In this section, the newly developed version of the CenW model running at a 

half-hourly time step (CenW_HH) was used, after its parameterisation with best-

quality measurements (see above), to compare its simulated results with the 

much simpler, but widely used gap filling algorithm (Reichstein et al., 2005). The 

overall aim was to identify and quantify any systematic errors or biases in 

carbon fluxes estimates under some specific climatic conditions that may lead 

to gaps in eddy covariance measurements. 

The Reichstein et al. (2005) gap-filling and partitioning algorithm is essentially a 

fitting tool to incrementally fit a very simple model to the data one step at a time. 

So, it has no parameters for generic plant responses to temperature, water 

stress, nitrogen concentration or anything else. It just looks at the fluxes over a 

short time interval and fits parameters to describe the information over that time 

interval. Its strength is its frequent re-parameterisation and thus an adjustment 

to emerging system responses to changing environmental conditions. Its 

weakness is the limited amount of information it uses. Its total reliance on 

observations before and after the gap that needs to fill becomes a problem if the 

conditions during the gap are very different from the conditions before and after 

the gap. This is a major problem when grazing occurs, but could be less 

problematic with other changes such as short periods of precipitation. 
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CenW is a fundamentally different model. Its parameterisation is equally 

sensitive to the observations over the whole two year period, and it relies on the 

correct incorporation of physiological processes to model the changing 

exchange rates over time. But its reliance on the use of physiological processes 

then also gives it a better ability to extrapolate fluxes into periods for which no 

observations are available, and the explicit incorporation of extraneous 

information, such as grazing times, gives it a better opportunity to model fluxes 

during these events. 

5.4.2 Materials and methods 

The parameterised CenW_HH ecosystem model (see above) was used in this 

part of the study. It was run at a half-hourly time step to match the sampling 

interval of the eddy covariance system to allow a direct comparison between 

half hourly estimates of NEP from CenW_HH and those from the simpler and 

widely used Reichstein et al. (2005) gap filling algorithm. 

From the Scott Farm dataset described above, only periods with missing carbon 

fluxes and without grazing events in the four closest paddocks surrounding the 

flux tower were specifically selected. Chapter 6 gives a detailed analysis of 

periods when grazing on the inner paddocks played an important role. As 

described before (Table 5.2), over the 2-year study period, approximately 60% 

of data were missing, which represented 21 147 individual data points out of a 

total of 35 088 observations periods. When acquisition periods affected by 

grazing animals were excluded from the analysis (see Chapter 6 for more 

details), the total number of gap filled observations was reduced to 18 376 still 

constituting about 87% of all gap filled data. 

Different factors caused gaps in the dataset. Equipment maintenance or failure 

was responsible for only 1% (N = 350) of the missing observations (Mudge et 

al., 2011). Some specific meteorological conditions are not suitable for making 

measurements with the EC technique. At Scott Farm, an open path IRGA was 

used and during rain, frost and fog, water drops between or on the open path 

windows can affect IRGA readings as indicated by the automatic gain control 

(AGC) signal. Periods affected by these conditions were very prevalent at Scott 

Farm and affected readings at 49% (N = 17 193) of all half hourly periods 
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(Mudge et al., 2011). These periods were further classified as being linked 

either to rainfall or fog or dew based on rainfall readings at the time. 

Low turbulence conditions, usually characterised by the friction velocity (u*) and 

mostly related to night time conditions are also not suitable for good quality flux 

measurements (Papale et al., 2006) and are usually filtered out by applying a u* 

threshold. With a u* threshold set to 0.11 m s-1, Mudge et al. (2011) found that 

low turbulence conditions affected 37% (N = 12 983) of all half hourly sampling 

periods. These gaps are particularly important as they can lead to systematic 

underestimation of nocturnal respiratory fluxes under low turbulence conditions 

and can strongly influence the sink/source status of the ecosystem (Moncrieff et 

al., 1996; van Gorsel et al., 2007, 2008). Overall, gaps from the three different 

sources overlapped 28.4% of the time (Mudge et al., 2011).  

When multiple causes of gaps overlapped, the corresponding data taken during 

this time periods were excluded from the following analysis. The aim was to use 

only data gaps where the cause of data rejection could be clearly identified. 

Gaps due to instrument failure were not specifically analysed in this study 

because in this case, sensors dysfunctions were not related to any particular 

climatic conditions that might have biased the dataset through the gap filling 

method and only represented a very small proportion of the total number of 

gaps encountered in the dataset. 

5.4.3 Results and discussion 

Figure 5.14 shows the comparison of half-hourly modelled by CenW_HH and 

gap-filled by the Reichstein et al. (2005) algorithm NEP fluxes obtained under 

different climatic conditions. When all net carbon fluxes from the two models are 

compared (Fig. 5.14a), the agreement between them is very good as indicated 

by the r2 of 0.89 and the slope of the linear least square regression line of 0.99. 

This is also confirmed by the statistics reported in Table 5.6. The 18 376 points 

corresponding to all half-hourly gap filled data compared to their CenW_HH 

estimates gave a model efficiency of 0.88, a RMSE of 1.96 μmol m-2 s-1 and a 

MBE of 0.45. 

NEP gaps due to low turbulence conditions (u* < 0.11 m s-1), filled by the 

Reichstein et al. (2005) algorithm and modelled by the CenW_HH model also 
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agreed well (Fig. 5.14b). Most of these gaps occurred at night time as indicated 

by the highest density of negative points shown on Figure 5.14b). Under these 

climatic conditions, CenW_HH tended to simulate slightly lower positive flux 

values and some higher night time fluxes (more negative). This could be due to 

the explicit grazing from even the outer paddocks missing from the Reichstein 

gap-filled data, leading to negative intercepts and underestimates of night-time 

fluxes in Reichstein gap filled data. Also, under stable conditions the footprint 

model is not as reliable as in more developed turbulence conditions which also 

could have added bias by indicating that fluxes originated from the wrong 

surface area. 

 

Figure 5.14: Comparisons of Reichstein gap filled (y axis) and CenW_HH modelled (x axis) NEP 

fluxes under different climatic conditions: a) all gap filled fluxes, b) u*<0.11 m s-1, c) rainfall, and 

d) fog or dew deposition. All fluxes are given in units of μmol m-2 s-1. 

a) b) 

c) d) 
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Rainfall caused 1511 gaps in half-hourly NEP measurement periods in the Scott 

Farm dataset. Agreement between those gap filled fluxes and simulations from 

the CenW_HH model was also very good (Fig. 5.14c; Table 5.6), with a slope 

for the linear regression between the two modelled NEP estimates of 0.96, a 

coefficient of determination of 0.87, a model efficiency of 0.86 and a mean bias 

error of 0.55 which indicates slightly higher NEP estimates by CenW_HH than 

by the Reichstein model. However the value of MBE is small and it is not 

possible to identify any significant systematic bias between CenW_HH and 

Reichstein modelled NEP fluxes under rainy conditions. 

Table 5.6: Summary of half hourly statistics used to evaluate Reichstein/CenW_HH agreements 

in the simulation of net fluxes of carbon at Scott farm over two years of measurement. NSE, 

RMSE, MBE and r2 were defined in the text above, N is the number of data points in each 

categories and a is the slope of the least square regression line. 

 N a r2 NSE RMSE MBE 

All GF 18376 0.99 0.89 0.88 1.96 0.45 

Rain 1511 0.95 0.87 0.86 1.85 0.55 

Fog 1810 1.06 0.90 0.87 2.02 0.35 

U* 5908 0.98 0.82 0.81 1.85 0.49 

The last climatic condition selected to be studied in this section is referred to 

“dew and fog” and corresponds to measurement periods where the IRGA 

readings have been affected by the presence of water (indicated by the AGC 

signal from the IRGA) but when the rain gauge did not recorded any rainfall 

water. A total of 1810 half hourly measurements were affected by that condition 

(Fig. 5.14d; Table 5.6). As for other climatic conditions discussed above, 

CenW_HH simulations and Reichstein gap filled data agree very well under 

foggy conditions with an r2 of 0.90, a slope 1.06, indicating that CenW_HH 

tended to simulate slightly higher NEPs under these weather conditions, and a 

NSE of 0.87 and a RMSE of 1.85. Differences between the two were attributed 

to the fact that CenW_HH specifically modelled NEP fluxes under those climatic 

conditions while the Reichstein algorithm extrapolated from non-dewey 

conditions to those with dew that were not representative of what actually 

happened. 
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Overall, there was close agreement between half-hourly Reichstein gap filled 

and CenW_HH modelled NEP fluxes whatever the climatic conditions 

responsible of the gap in the dataset with model efficiencies (NSE) of 0.81 for 

low turbulence conditions, 0.86 for rainfall and 0.87 for fog or dew and with a 

maximum value of 0.88 for all gap filled data (Table 5.6). With the results 

obtained in this section, it was not possible to identify any climatic conditions 

responsible for adding significant bias in the dataset during the gap filling of 

missing NEP data. CenW_HH relies on physiological modelling to simulate 

fluxes, but it is also handicapped by a lack of high quality, relevant observations 

to be parameterised accordingly to these specific conditions. Also, any 

explanation for the small differences in fluxes and bias are of only limited 

relevance with slopes of linear regressions that are not significantly different 

from 1 and the small number points involved. 

5.5 Summary and conclusion 

This section focussed on the evaluation of the newly developed version of the 

CenW ecosystem model running at a half hourly time step (CenW_HH, which 

has been described in detail in Chapters 3 and 4). The model was compared 

against eddy covariance observations made in 2008 and 2009 at Scott Farm 

(an intensive dairy farm in the Waikato). 

Using the footprint information (including adjacent paddocks and grazing 

events) had a strong effect on carbon fluxes (Fig. 5.3a, 5.4a and d and Table 

5.3) as it accounted for the respiratory losses from grazing animals within the 

sampling area of the EC tower and the state of vegetation after grazing events 

but has only a slight effect on water fluxes (Fig. 5.3b, 5.4b and e and Table 5.3). 

Half hourly model data agreement: 

After its parameterisation, the modelled fluxes were compared with the 

underlying observations, using only actual observation and excluding poor-

quality data (i.e. gap-filled data) and observations affected by the presence of 

grazing animals within the vicinity of the EC tower. 
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Model efficiencies were high for half hourly carbon fluxes, with values of NSE of 

0.81, 0.75 and 0.70 for NEP, GPP and ER, respectively, showing a very good 

agreement between modelled and observed C fluxes. Good agreements were 

also found for latent and sensible heat fluxes, net radiation and soil temperature 

with model efficiencies of 0.87, 0.76, 0.94 and 0.92, respectively, showing that 

CenW_HH was able to predict the great majority of the fluxes and their temporal 

variability reasonably well (Table 5.4).  

Very high rates of net carbon assimilation were not simulated by the model (Fig. 

5.6 and 5.7) as CenW_HH used an optimised parameter set constrained to 

smaller maximum rates of carbon assimilation and higher respiratory losses 

than the data suggested, which when added together could have limited the 

model to reach the most extreme observed NEP values. Grazing events on 

some paddocks further away and within the footprint of the EC tower caused 

CenW_HH to model some higher respiratory rates than those derived by the 

Reichstein et al. (2005) algorithm. These discrepancies could be explained by 

the fact that the partitioning of NEP into GPP and ER from the Reichstein et al. 

(2005) algorithm, in contrast to CenW_HH, does not use any information about 

grazing events occurring in the footprint area and so could not differentiate the 

pasture respiration rate (soil + vegetation) on one hand from grazing animals 

respiration on the other hand. Remaining errors were probably related to times 

when cows were not actually present despite records indicating that grazing 

took place, or when the footprint model might have incorrectly attributed fluxes 

to grazed paddocks when observed fluxes actually originated from non-grazed 

paddocks. Overall, achieving such high agreements between observed and 

modelled carbon fluxes was only possible through the way in which the 

photosynthesis routine and the heterotrophic and autotrophic respiration were 

coded and parametrised to match the shorter time steps. 

The excellent agreement for LE and H (Fig. 5.8 and Table 5.4) span across a 

wide range of conditions driven by seasonal variations, including a major and 

some minor drought periods, diurnal variations with daytime and night time 

data, including dew formation and shifts across different plant states with freshly 

grazed and fully regrown canopies. Also, to achieve such a good agreement 

between observed and modelled latent heat flux, the model needed to properly 



203 

include interactions between all part of the ecosystem and their seasonal and 

short term variations driven by vegetation dynamics and response to climatic 

conditions at a sub-daily time step. In particular, the model responded quite well 

to drought conditions when no precipitation was received for an extended period 

and soil water availability for plant extraction and utilisation was greatly 

reduced. This caused stomatal closure to prevent ongoing or additional water 

losses through transpiration and in order to fully account for the effects of 

summer droughts it was also required that the photosynthetically active area 

was reduced otherwise the pattern of reduced water extraction during water 

limited periods could not be modelled adequately. Overall, it showed that the 

energy and water modelling scheme developed and used in this study is 

adequate for the simulation of evapotranspiration and sensible heat rates 

measured over the intensive dairy farm.  

Daily and weekly agreements: 

Increasing the averaging time window e.g. going from daily to weekly fluxes, 

improved the model/data agreement because increasing the time averaging 

period cancelled out the scatter in observations which were not predicted by the 

model. To derive daily and weekly fluxes from half-hourly observations, it was 

compulsory to use gap-filled data and so, the lack of agreement could be due to 

model or measurement problems, and certainly could be related to problems in 

the gap-filling routine. Also, in principle CenW_HH should be a better predictor 

than the Reichstein et al. (2005) gap filling algorithm principally because grazing 

animals’ respiration has been included in a more physically realistic way. 

Apparently, daily and weekly summed carbon and water fluxes were less well 

modelled than those obtained with the daily version of the CenW model as 

reported in Kirschbaum et al. (2015) as indicated by the lowest model 

efficiencies calculated in this study (Table 5.5). However, in Kirschbaum et al. 

(2015), fluxes affected by the presence of grazing animals within the EC 

footprint were discarded from the analysis which is not the case in this study. As 

those fluxes were large outliers, the goodness of fit would have been reduced. 

Monthly carbon fluxes agreements: 
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On a monthly time scale, modelled fluxes agree well with observations except 

during the 2008 drought where ER and GPP were overestimated by CenW_HH, 

and in February 2009 where ERCenW_HH was about 600 kgC ha-1 lower than 

ERobservation. Overall, monthly carbon fluxes showed that the two years were 

quite different in terms of carbon flux dynamics and that generally, modelled 

and observed fluxes agreed well (Fig. 5.11). The biggest discrepancies were 

observed during drought periods but overall the CenW_HH model managed to 

predict well the trends in observed monthly carbon fluxes dynamics. 

Annual carbon fluxes agreements: 

Modelled and observed ER and GPP largely followed similar patterns (Fig. 

5.12): 

-  sharp increases over summer unless there is drought 

-  more moderate increases over winter  

-  sharper increases over spring and into summer. 

However, short periods of discrepancies in GPP and ER caused offsets, like a 

short period of carbon gain was underestimated in spring 2008, which caused 

an overall underestimation of 2008 carbon gain. In 2009, it was mainly the Feb-

Mar period, where the reduced down-turn was not accurately predicted by the 

model, this caused most of the discrepancy that was carried through until the 

end of 2009. 

In the process based CenW_HH model, variables are intrinsically linked, such 

as the fact that ER depends on GPP, with most of ER coming from recently 

fixed GPP through autotrophic (maintenance + growth) respiration. Hence, an 

overestimate of GPP, in the first year, almost inevitably must lead to an 

overestimate in ER. As carbon fluxes are linked through a conservation of (C) 

mass, that discrepancy cannot be overcome by adjusting any parameters of the 

model. 

Overall, annual model/data agreement of carbon fluxes different for the two 

years of the study. In 2008, the annual net ecosystem productivity was 

underestimated by 397 kgC ha-1 by CenW_HH but overestimated by about 

1000 kgC ha-1 in 2009. Overall, CenW_HH was able to accurately simulate 

carbon and water fluxes observed half hourly with however a difference of about 



205 

600 kgC ha-1 between modelled and observed NEP fluxes at the end of the two 

years. 

Modelled vs gap-filled net ecosystem productivity: 

Finally, CenW_HH was used with the aim to test the reliability of the Reichstein 

et al. (2002) gap filling algorithm under different climatic conditions that are 

unsuitable for eddy covariance data acquisition and which caused gaps in the 

dataset. This included removing data affected by the presence of grazing 

animals on the four inner paddocks and within the footprint of the EC tower. 

Three categories of NEP gaps were evaluated against model simulations based 

on the observed climate at Scott farm.  

All half hourly gap filled NEP fluxes agree well with their CenW_HH modelled 

counterparts as indicated by the high model efficiency of 0.88, which is higher 

than the reported model efficiency reported for all actual observations (Fig. 5.14 

and Table 5.6). This could be explained by the fact that the gap-filling model is 

essentially a smooth line fitted through observations, as a consequence, it 

should give much the same values as the observation minus the scatter in the 

observations although plus any systematic deviations between observations 

and the Reichstein model. Under all selected climatic conditions, model/data 

(gap filled only) agreement was also very good as indicated by model 

efficiencies always higher than 0.8. 

Gaps caused by low turbulence conditions (u*<0.11 m s-1) were modelled by 

CenW_HH with a NSE of 0.81 (Fig. 5.14 and Table 5.6). Most of these gaps 

occurred at night time and the model tended to simulate slightly lower positive 

flux values and some higher night time fluxes. This could be due to the explicit 

grazing from even the outer paddocks missing from the Reichstein gap-filled 

data, leading to negative intercepts and underestimates of night-time fluxes in 

Reichstein and to problems with the footprint model. 

CenW_HH modelled gaps due to rainfall with a NSE of 0.86 and gaps from 

foggy conditions with a model efficiency of 0.87 (Fig. 5.14 and Table 5.6). 

Differences between modelled and gap-filled fluxes were attributed to the fact 

that CenW_HH specifically modelled NEP under those climatic conditions while 
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the Reichstein algorithm extrapolated from “good” climatic conditions to those 

causing gaps that were not representative of what actually happened. 

Overall agreements between Reichstein et al. (2002) algorithm and CenW_HH 

were quite good and there were only small systematic biases when fluxes 

affected by the presence of grazing were removed from the analysis. 
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6.1 Introduction 

Land use and associated management practices can strongly affect ecosystem 

nutrient, carbon, and water cycling through changes in plant photosynthesis, 

respiration, and energy partitioning. Grazing, the most important farm 

management practice for managed grassland ecosystems in New Zealand, also 

has important effects on carbon fluxes and the energy balance of pasture 

systems under intensive dairying. Knowledge of the responses of carbon fluxes 

to grazing is essential for developing sustainable management plans, coping 

with consequences of climate change, mitigating its effects and maintaining or 

improving soil carbon stocks. 

Historically grazed pastures received much less attention than other biomes 

from eddy covariance researchers but the number of flux measurement sites 

has increased over the recent years (see Chapter 2.1). Soussana et al. (2010) 

hypothesised that grazed pasture ecosystems might have a great potential for 

carbon storage and be an option for mitigating part of the GHG budget of the 

agricultural sector. However, the findings of the recent modelling study by 

Kirschbaum et al. (2017), which tested several scenarios to increase soil carbon 

storage under dairying, did not identify such potential mostly because of trade-

offs between milk production and transfer of carbon to the soil. 

Most EC studies (e.g. Allard et al.,2007) carried out over pastoral ecosystems 

were conducted without the presence of grazing animals and did not try to 

differentiate cows respiration rate from the base rate of respiration of the soil 

and the vegetation, hereafter called “pasture respiration”.1 

Jerome et al. (2014) was the first study to report on the effects of grazing 

animals on pasture net ecosystem exchange (NEE) measurements from eddy 

covariance. They showed that the presence of livestock in the flux footprint has 

several effects on fluxes measured by eddy covariance techniques. The direct 

effect on data, which is the one we are interested in, is the respiratory losses of 

                                            
1 Pasture respiration=sum of soil heterotrophic respiration and above and below ground plant 
autotrophic respiration rates. This is different from ER because it does not include cattle 
respiration. 
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carbon occurring during grazing events, where cows eat the standing vegetation 

and respire around 50% of it. The second effect (which is not studied here) is 

the reduction of the above-ground amount of photosynthesising vegetation that 

follows the grazing event and so reduces the subsequent stand carbon 

assimilation rate. 

In another recent study, the presence of dairy cows within the footprint area was 

also recognised to be important in terms of CO2 flux estimates (Kirschbaum et 

al., 2015). It was also acknowledged that capturing carbon dioxide losses from 

dairy cows with eddy covariance instruments depends heavily on the footprint of 

the tower (mostly driven by wind speed and direction and tower and vegetation 

height) and the location of grazing animals at any given time. CO2 fluxes 

measured during cattle grazing events tend to occur at higher rates than natural 

carbon losses from pasture respiration, and therefore if grazing fluxes are 

missed or discarded due to filtering procedures it could lead to bias in CO2 flux 

estimates (Kirschbaum et al., 2015). This last study has also stressed that 

careful thought needs to be given to the best approach to account for animal 

respiration under different grazing systems, with coupled EC measurements 

and modelling being one promising option to explore further (Kirschbaum et al., 

2015).  

The overall aim of this section was to better understand the direct effects of 

grazing dairy cow respiration both on half- hourly EC measurements and on 

annual estimates of NEP and NECB (net ecosystem carbon balance). 

Annual NEP is not sufficient to determine the carbon sink/source status of the 

farm (study area) but all other carbon transfers (e.g. pasture utilised, milk and 

meat removed and dung and urine distribution) need to be accounted for in 

order to determine a proper NECB of highly managed pasture systems 

(Skinner, 2008). Studies of managed temperate grasslands’ carbon balances 

have found contrasting results. It was reported that the ecosystem could either 

act as a carbon sink (Allard et al., 2007; Mudge et al., 2011; Rutledge et al., 

2015), a source (Skinner, 2008) or be carbon neutral (Prescher et al., 2010). 

NEP is a very important term in the calculation of NECB and is the result of the 

difference between two large carbon fluxes, e.g. carbon assimilation (GPP) and 
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ecosystem respiration (ER). Bias in one of these two fluxes could lead to a shift 

in the carbon balance of the studied ecosystem from being a sink of carbon to a 

source of carbon (Felber et al., 2016). 

Felber et al. (2016) used two different ways of processing EC data to study the 

effect of cow respiration on annual and shorter time scale NEP fluxes. This 

study may well be the first – and only – publication that looked particularly at 

how to deal with the presence of grazing animals in the footprint of the tower 

and their effect on carbon flux measurement, processing, gap filling, and 

partitioning. One of their key findings was that traditional gap filling and 

partitioning algorithms gave reliable results at annual time step but for shorter 

time scale (daily, monthly), uncertainties were more important mostly because 

of the severe variability of the presence of cows in the footprint, which cancel 

out for longer periods because of the combination of rotational grazing and 

footprint distribution (Felber et al., 2016). 

In the following study, the effects of cow respiration on eddy covariance 

measurements of carbon flux were studied to find if the incomplete capture of 

cow respiration during grazing events could have biased the dataset and to 

what extent it affected the carbon budget of the studied dairy farm. 

This effect could have influence at different levels and could make it harder for 

modellers either to achieve good model performances or to rely on model 

parameters and, even more importantly, might lead to an overestimation of 

annual carbon budgets of intensively managed grasslands. 

6.2 Materials and methods 

6.2.1 Study site and management practices 

Data used in this chapter were measured in 2008 and 2009 at Scott Farm, a 

DairyNZ experimental dairy farm located in the Waikato region of New Zealand. 

The study site, available data, and other relevant information have already been 

described in the sections 5.1 and 5.2 of this thesis and only some important 

and/or additional information are repeated below. 
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The farm layout (Fig. 5.1) is not typical for New Zealand dairy farms as it 

consists of a mosaic of small 0.5-ha paddocks, as shown on the schematic 

representation of Scott Farm in Figure 6.1. The farm map and EC tower location 

schematic panels proved to be very useful to analyse the responses of both 

modelled and observed fluxes measured by the EC system. The location of the 

eddy covariance tower is indicated by the green circle, and each cell represents 

one of the 26 paddocks around the tower, which were simulated individually 

(the generic paddock used for flux coming from outside farm boundaries is not 

shown). 

Schematic panels (Fig. 6.1) were used to display information at time steps 

ranging from 30 minutes to an average of 2 years, depending on what kind of 

analysis was performed. Such figures proved to be particularly useful in this 

section because they display the originating surface area of the measured flux 

and show whether or not fluxes were affected by cattle respiration and to what 

extent. Shading (clear through yellow to red) was used to represent the intensity 

of the emissions contribution.  

Figure 6.1a shows the 2-year averaged relative contribution of individual 

paddocks to the overall measured CO2 fluxes, derived from the half hourly 

Kormann and Meixner (2001) footprint algorithm. Numbers represent the 2-year 

averaged relative contribution of the paddocks (e.g. they represent the average 

source area of the measured fluxes over the time span of the study given in %). 

That means, for example, that on average, 14.24% of fluxes measured at the 

tower originated from the paddock located just to the top left of the tower. About 

77.4% of the fluxes should come from the 26 paddocks shown on Figure 6.1, 

the remaining percentage originating from paddocks further away from the 

tower and outside the study site boundaries. The figure also shows that around 

50% of the fluxes came from the 4 inner paddocks and the contribution of the 

others ranged between 0.5 and 3.2%, showing the importance of the 4 inner 

paddocks to the overall flux seen by the EC system. 

Figure 6.1b shows the maximum half-hourly contribution of each individual 

paddock to the overall measured fluxes over the 2 years of the study. The 

maximum contributions were found for the four closest paddocks to the EC 
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tower with values ranging from 89.6 to 96.5% while the contributions from other 

paddocks were much lower, ranging from a minimum of 4.5% to a maximum of 

33.8%. 

Figure 6.1a and 6.1b clearly indicate that the contribution of the four inner 

paddocks, to the overall measured fluxes was very important compared with the 

contribution of paddocks further away from the tower. 

Figure 6.1: Schematic representation of Scott Farm. Each cell represent a 0.5-ha paddock, the 

green circle indicates the position of the EC tower and the black circled area determines the 4 

inner paddocks around the tower. a) Shows the average relative contribution of each paddock 

over 2 years; b) shows each paddock’s maximum half-hourly contribution to the observed flux 

over 2 years; and c) shows the number of days paddocks were grazed over 2 years. The 

colours scale from white for the lowest values to red for the highest. 

Figure 6.1c presents the number of days paddocks were grazed by cattle over 

the two years of measurements made at Scott Farm. Daily records of grazing 

events were used to run the model, to account for the total number of grazing 

events recorded to have occurred on each individual paddocks. Over the 2 

years of the experiment, the grazing management of each small 0.5-ha paddock 

was very different (Figure 6.1c). The presence of grazing cattle on the different 

paddocks was very uneven and, according to grazing records, ranged from 11 

days for the “less grazed paddock” to 76 days for the paddock with the most 

recorded grazing days.  

Grazing events that sometimes spread over several consecutive days were 

assumed to result from a smaller herd grazing. Grazing restricted to single days 

was assumed to result from a larger herd consuming all available standing 

vegetation in a single day, with commensurately larger respiration flux. 
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Footprint analysis indicated that the paddocks’ relative contribution to the 

observed fluxes was very variable at daily and shorter time scales, which was 

mostly driven by shifts in wind speed and direction (not shown). For most half-

hourly sampling intervals, only some of the paddocks contributed to the 

observed fluxes; the others made no contribution at all. 

Farm grazing management records combined with the paddocks relative 

contribution have shown that dairy cows were present in at least one of the 4 

inner paddocks during 192 days over the total 731 days of the study, which is 

about 26% of the total measurement period. When combined with the flux 

footprint, it appears that animals grazing on the 4 inner paddocks affected 

measurements during about 14% of all half hourly periods; 18% in 2008 and 

10% in 2009. This highlighted the importance of the footprint information 

combining the records of animals’ positions because the drop from 26% to 14% 

was entirely due to grazing events not being captured by the EC tower due to 

wind coming from another direction than across the grazed paddocks. 

6.2.2 Modelling approach 

Model runs used the newly developed version of the CenW model (CenW_HH) 

running at a half-hourly time step, which is the same as the time step of 

measured EC data. The details of the model have been described in Chapters 3 

and 4, with the best set of parameters resulting from the parameterisation and 

validation part of the study described in Chapter 5.3. CenW_HH has been used 

because it explicitly simulates grazing animals’ respiratory losses of carbon and 

can be used to illustrate the differences between simulated, measured and gap 

filled NEP fluxes.  

The model was run independently for each individual paddock according to their 

specific management practices, e.g. daily records of grazing events and 

harvests and with meteorological inputs measured at the EC tower, which 

included solar radiation, air temperature, relative humidity, rainfall, and wind 

speed. 

Modelled fluxes resulting from CenW_HH runs for each of the 27 individual 

paddocks were then weighted by their corresponding half-hourly paddock 
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relative contribution as described above from the footprint analysis in order to 

retrieve those fluxes that should have been measured at the tower. 

6.2.3 NEP data and NECB calculation 

NEP data from the eddy covariance tower had been filtered, corrected, gap-

filled, and partitioned beforehand by the University of Waikato team using state 

of the art procedures (Mudge et al., 2011; Rutledge et al., 2015). Gap filling and 

flux partitioning algorithms used in this study were described by Reichstein et al. 

(2005). At first, the gap-filling algorithm was used to fill gaps in the dataset 

caused by the processing of the raw data or instrument failure (see section 5.2). 

The procedure works by using both the covariation of the fluxes with 

meteorological variables and the auto-correlation of fluxes (Reichstein et al., 

2005). Practically, the algorithm uses a look-up table built over a centred, time-

varying moving window and uses the average of actual fluxes measured under 

similar climatic conditions (solar radiation, temperature, and vapour pressure 

deficit) to calculate the missing values. The size of the window starts at 7 days 

and can reach 140 days if not enough data have been measured under similar 

conditions over the shorter time window. See the original Reichstein et al. 

(2005) publication for more detailed information about the gap-filling algorithm. 

Once all gaps in the dataset have been filled, the flux partitioning routine 

separates the net ecosystem productivity (NEP) into its two components: 

ecosystem respiration (ER) and gross primary production (GPP). This is done 

by first deriving from measurements a short-term temperature sensitivity term 

that is used in a Lloyd and Taylor equation (Lloyd and Taylor, 1994) to 

extrapolate ER from night-time measurements to the daytime. 

The Reichstein et al. (2005) gap filling method has been widely used to process 

eddy covariance data (Fluxnet) and was shown to give reliable estimates of 

NEP if the vegetation cover is homogenous (Stoy et al., 2006; Moffat et al., 

2007). However with the special layout of the dairy farm studied here, which 

consists of a mosaic of small paddocks rotationally grazed by small herds and 

managed independently, the ability of this algorithm to give reliable fluxes might 

have been affected by the originating footprint area of the observed flux and 
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cows position. This is principally caused by the fact that these routines (gap 

filling and partitioning) were not designed to take account of the presence of 

grazing animals within the flux footprint and their large respiration fluxes; these 

are not linked to bioclimatic drivers but only to farm management decisions. 

NEP is a very important term in the calculation of the farm carbon budget and 

incorrect estimates of this term in the calculation of the net ecosystem carbon 

balance (NECB) could lead to very different results on the carbon balance of the 

system, which could either be carbon neutral (NECB = 0), a source, e.g. loosing 

carbon to the atmosphere (NECB < 0), or a sink of carbon (NECB > 0). The 

latter is the most beneficial because in this last condition the C02 is removed 

from the atmosphere. 

The NECB was calculated by using a modified equation from Chapin et al. 

(2006) as it was used in Rutledge et al. (2015). 

Where NEP is the net ecosystem production,  is the C content of the feed 

imported from outside boundaries,  is the amount of C contained in 

effluent applied to paddocks,  represents the carbon exported as milk or 

meat products,  is the C exported from the farm as silage,  is the 

amount of C lost to the atmosphere through enteric fermentation (CH4) from 

cows and deposited dung,  is the C lost from dung deposited on farm 

races and in the milking shed,  represents the carbon dioxide lost through 

respiration by cows while in the milking shed and  is the loss of dissolved 

organic and inorganic carbon through water drainage. 

In this section, the same terminology was used for all the terms described 

above as in Rutledge et al. (2015). More explicitly, all the terms at the right of 

NEP in Equation 6.1 were referred to as “non-CO2-C fluxes” and when used, 

their values will come directly from Rutledge et al. (2015) and were not 

recalculated specifically for the purposes of this study. 

 
(6.1) 
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6.2.4 Selection of period of interest 

In order to better understand how grazing would affect short-term (half-hourly) 

carbon flux and to quantify its effects on cumulative annual NEP and NECB, 

periods when cow respiration should have affected NEP fluxes measured by EC 

were specifically selected. The selection of these fluxes is based on farm 

records to determine which paddocks were grazed by cows on particular days, 

and on the flux footprint analysis (Kormann and Meixner, 2001) which gave the 

relative contribution of each individual paddock to the overall flux for every half-

hour during the time span of the study (2 years starting in 2008).  

Because of the unusual farm layout and grazing management practices 

implemented at Scott Farm, flux measurement periods affected by the presence 

of grazing animals in the footprint would have concerned a large proportion of 

the dataset (38%). Also, a large number of those selected points (affected by 

cattle respiration) were likely to account for only a few percent of the overall flux 

at the tower location, making it hard to distinguish any signal from the 

background variability of the carbon flux. 

Instead, the choice was made to restrict the study to grazing events recorded 

on the four inner paddocks around the EC tower and when the relative 

paddocks contribution indicated that part of the measured flux should originate 

from one of them. This choice seemed to be valid for the purpose of the study 

as these 4 paddocks were well representative of the grazing regime used on the 

farm (Fig. 6.1c) and were also contributing the most to the observed flux (Fig. 

6.1a, b). 

The “weighted cattle respiration” used in the graphs shown below corresponds 

to these conditions and is calculated according to Equation 6.2. 

where i is the index of one of the four inner paddocks considered,  is 

the relative contribution of the ith paddock to the overall flux based on the 

 
(6.2) 
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footprint analysis and  is the modelled cattle respiration rate 

occurring during the grazing event on paddock number i. 

6.3 Results and discussion 

6.3.1 Analysis of half hourly NEP fluxes during grazing events. 

The selection of periods where C flux was affected by cattle respiration was 

done by using the combination of farm management records (to get the position 

of animals on the farm on a given day) and the footprint model (to select periods 

where cows were in the footprint) as described in the section 6.2.4. This 

selection process revealed that 4331 measurement periods (half hours) should 

have been affected by the carbon flux from cattle respiration on the four inner 

paddocks. 

Figure 6.2 and most of the figures used to illustrate this chapter are similar and 

illustrate how cattle respiration during grazing events in the four paddocks 

directly surrounding the EC tower affects the model/data agreement. Plotting 

information in this way provides important insights because it directly shows the 

differences between modelled and observed NEP fluxes (errors between model 

and observations) as a function of the supposed influence of grazing cattle, 

which is given by the modelled cattle respiration rates on each individual 

paddock weighted by the paddock contribution to the overall flux from footprint 

information.  

On the y-axis the differences between observed and modelled NEP fluxes have 

been calculated and plotted against, on the x-axis, cattle’s respiration rates from 

the 4 paddocks surrounding the EC tower. These fluxes were individually 

modelled according to the grazing routine implemented in CenW_HH and 

weighted by the relative contribution of each individual paddocks from the 

footprint analysis in order to retrieve the flux actually measured by the EC 

system. 
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Figure 6.2: Effects of cattle respiration on the difference between modelled and observed half 

hourly NEP fluxes over two years. Y-axis gives the bias between modelled (CenW_HH) and 

observed NEP fluxes during grazing events as a function of the grazing animals’ respiratory 

fluxes from the four closest paddocks to the tower for two years of measurements (Equation 

6.2). The analysis used only periods when cattle were present in the flux footprint and on one of 

the four inner paddocks. Observed data include both actually measured and gap-filled data, and 

modelled cattle respiration was calculated from the modelled flux from each paddock multiplied 

by each paddock’s relative contribution to the flux observed at the tower. 

We can see from Figure 6.2 that the discrepancies between modelled and 

observed NEP fluxes increased as a quasi-linear function of grazing cattle 

respiration on the inner paddocks. If there had been no problems in the data 

capture and processing, the differences between modelled and observed NEP 

fluxes should have been independent from cattle respiration on the inner 

paddocks. The fitted regression line had a slope close to –1, which indicated 

that fluxes originating from cattle respiration from the inner paddocks were 

completely missed from the fluxes observed at the tower, which explained about 

36% of the variance of NEP differences between model and data. It seems 

unequivocal from this relationship (Fig. 6.2) that the presence of grazing cattle 
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within the footprint of the EC tower had a strong effect on the model/data 

agreement. To test its significance, a two-tailed Students t-test was used to test 

the null hypothesis. e.g. there is no difference in model/data agreement 

between a subsample containing NEP fluxes affected by cattle and another one 

made of the rest of the dataset. The test was highly significant (p<0.001) and 

the Null hypothesis was rejected. 

The hypothesis that the agreement between observed and gap filled NEP fluxes 

was affected by the presence of grazing cattle appears to be valid. Because of 

the strong relationship found in Figure 6.2, the importance of these missed 

carbon fluxes should have an important impact on annual NEP and NECB and 

was tested in the following. 

Once this relationship had been found, it became necessary to understand why 

such a strong relationship existed and what was controlling it. First, the sub-

dataset of fluxes affected by the presence of dairy cows shown on Figure 6.2 

was separated by year (Fig. 6.3).  

 

Figure 6.3: Effects of cattle respiration on half hourly differences between modelled and 

observed NEP fluxes for two consecutive years (2008=black and 2009=red). 
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In Figure 6.3 we can see that the weighted contribution of cattle respiration was 

often much higher in 2009 than in 2008. In 2008, the relationship between 

modelled and NEP data differences and the weighted cattle respiration was 

weaker than for 2009, as indicated by the slopes of the linear relationships. 

Also, because of the very low r2 in 2008 (0.08) it was not possible to get any 

certainty in this derived relationship. In contrast, in 2009, when there was more 

intensive grazing, a stronger relationship was found that tends to confirm that 

the presence of dairy cattle in the flux footprint affected EC measurements.  

By looking at the overall effect of the presence of grazing animals within the 

footprint of the flux measurement described by Figure 6.2, a relationship was 

found, and by separating the NEP differences by years it was shown that 

observations taken during 2009 (red dots on Figure 6.3) controlled much of the 

two year relationship. The linear regression for 2009, with a slope of –1 

indicates a strong relationship between the differences in modelled and 

observed NEP fluxes and the presence of grazing cattle within the footprint. 

With a coefficient of determination of 0.58, the relationship appears to be more 

significant than was found for 2008. 

 

Figure 6.4: Half-hourly modelled cattle respiration rates from the 4 paddocks directly 

surrounding the EC tower at Scott Farm for 2008 and 2009. The different colours are used to 

represent the animal respiration rate for each of the four individual paddocks directly 

surrounding the EC tower. 

The dissimilarities between the two years (Fig. 6.3) could be well explained by 

differences in grazing regimes between the two years (Fig. 6.4 and Rutledge et 
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al., 2015). Over approximately the first three quarters of the study, grazing 

events on the various paddocks were mostly spread over several consecutive 

days and involved lower stocking densities. In contrast, for the last quarter of 

the study period, from August 2009, most grazing events were constrained to 

single days because larger herds were used for grazing on each individual 

paddock. As we can see from Figure 6.4, this change in grazing management 

caused cattle respiration rates from each of the paddocks to be larger (about 

twice) and so gives a higher relative contribution of dairy cows’ respiration to 

NEP fluxes and a smaller number of time periods affected by the presence of 

livestock in the footprint of the tower (2684 in 2008 and 1647 in 2009 as seen in 

Figure 6.3). 

When larger herds were grazing the same surface area over a shorter time 

period, the cattle respiratory rate from each paddock would be expected to be 

higher. Under such conditions, the measured NEP flux was then more likely to 

reach the flux rejection threshold used in the processing of EC data (see section 

5.2), which would have added non-random gaps in the dataset to cause the 

non-capture of large carbon losses. These gaps were non-randomly distributed 

in the dataset because they corresponded to specific conditions, e.g. grazing 

events. 

By looking separately at how grazing animals’ respiration affects the differences 

between modelled and observed net ecosystem productivity fluxes for 2 years 

with contrasting grazing management (Fig. 6.3), it became clear that the 

discrepancies between modelled and observed fluxes increased with grazing 

intensity. 

6.3.2 Effect of dairy cattle respiration on the difference between 
modelled, observed and gap filled fluxes during night time 

In this section, no separation between years was used; the data plotted on 

Figure 6.5 corresponded to a subset of the total measurement period where 

cows were present in one of the four paddocks directly surrounding the EC 

tower and in its footprint. Here, only the 2603 data points corresponding to 

night-time periods (PPFD<10 μmol m–2 s–1) were selected out of the 4331 data 
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points shown on Figure 6.2. As shown in Figure 6.5, the 306 actual 

measurements were plotted on panel a) and the 2297 gap filled ones on panel 

b). There are many more points in the gap filled data set than observed ones, 

which is normal, because of the high percentage of gaps in the dataset during 

night time (81.3 % see Table 5.2 in Paragraph 5.2). However, it was not obvious 

why there were many more gap-filled data than observed ones. First, night time 

climatic conditions are usually more stable than during daytime and so 

unfavourable for EC measurements. Second, even if climatic conditions were 

adequate for measurement, during nights, there is no carbon assimilation 

(positive fluxes) but only pasture respiration (negative flux) and when adding the 

large respiration from animals to the base rate, it was more likely to be rejected 

by the fluxes quality control procedures described in section 5.2 and in Rutledge 

et al. (2015). 

Both of the graphs presented in Figure 6.5 depict a strong influence of cattle 

respiration on the differences between modelled and observed NEP. The slope 

of the linear regression is very close to –1 in both cases but the coefficient of 

determination for the relationship concerning gap-filled data is about twice the 

R2 of the actual observations, 0.68 and 0.37 respectively.  

Actual observations (Fig. 6.5 a) were measured almost exclusively during times 

when the “weighted cattle respiration” was very low, e.g. less than or equal to 5 

μmol m–2 s–1, with only three observations measured when cattle respiration 

was higher. These three points also presented the worst model/data agreement 

corresponding to an overestimation of the modelled ecosystem respiration rate 

in this particular case. Gap-filled data (Fig. 6.5 b) correspond to periods of 

measurement that were more strongly affected by the respiration rate of grazing 

cattle with values of “weighted cattle respiration” up to 25 μmol m–2 s–1 and 

more points above 5 μmol m–2 s–1 compared with observations. 

During nights, NEP fluxes represent ER (negative flux) because there is no 

carbon assimilation through photosynthesis. The negative slope of the 

relationship between the difference (simulation – observation) of net ecosystem 

productivity and the weighted cattle respiration tends to indicate that both gap 

filled and real fluxes were systematically underestimated during grazing events. 
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Figure 6.5: Effects of cattle respiration on half-hourly differences between modelled and 

observed NEP fluxes during night time (PPFD<10 μmol m–2 s–1) for the 2 years of the study with 

a separation between real observations (a) and gap filled observations (b). 

In fact, getting such a relationship makes sense for gap-filled NEP data, mainly 

because gap-filling procedures do not account for all the grazing events in the 

footprint and their large respiratory losses of carbon. Observed NEP fluxes 

affected by large cattle respiratory flux might have been excluded from the 

original dataset when the flux quality control procedures used two of the 

criterion as indicated in Rutledge et al. (2015). These criteria included: (1) flux 

values exceeding a threshold number of standard deviations (night-time=4, 

daytime=3) from the mean flux computed for the appropriate time of the day 

over a 20-day moving windows and (2) out-of-range flux values (|NEP| > 50 

μmol m–2 s–1). This could, to some extent, help explain the high number of gaps 

in the final dataset. Those gaps were then filled according to “modelled” values 

calculated from the Reichstein et al. (2005) gap-filling and fluxes-partitioning 

algorithm. This procedure uses actual observations, e.g. mostly C flux 

measurements slightly or not affected by cattle respiration, to fill gaps caused 

by the rejection of large carbon fluxes made of the contributions of the pasture 

and grazing cattle respiration rates. However, unlike pasture respiration, cattle 

respiration is not driven by bioclimatic factors and so it is not possible for the 

gap-filling procedure, which is based on a look up table of observed fluxes 

measured under similar climatic conditions, to be used. 

a) b) 
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To a smaller extent, this also resulted from the large number of night-time gaps 

in the dataset and size of the averaging windows used to fill the gaps by the 

Reichstein et al. (2005) algorithm, which could spread over conditions where no 

grazers have affected the ecosystem respiration rate (Felber et al., 2016). 

In contrast, finding an equally strong relationship for the data measured during 

night time (Fig. 6.5 a) was, at first, surprising. All these observations were not 

used to parameterise the model because they were classified as affected by 

grazing animals’ respiration and excluded from the parameterisation set. 

However, because these were real measurements and the parameterised 

version of CenW had been used to simulate NEP, the hypothesis was that both 

modelled and observed data should have correctly captured at least some of 

the cattle respiration and if so, the relationship between the model/data 

difference and cattle respiration should have been absent, or at least weaker 

than for the gap filled data. Actual data were therefore studied in more detail in 

section 6.3.4, after daytime flux patterns are considered in section 6.3.3. 

From this study of the difference between half-hourly carbon fluxes measured 

and modelled during grazing events at night time, it is clear that grazing 

management and how the EC data are processed are important factors to 

consider. Traditional gap-filling procedures, like the Reichstein et al. (2005) 

algorithm used in this study, do not include information about the presence of 

dairy cows within the footprint and, as shown in Figure 6.5a, the discrepancies 

between modelled and observed NEP are important and systematic under this 

circumstances. Not taking into account cattle respiration to fill gaps in the 

dataset could cause an overestimation of the ecosystem respiration rate and 

bias the dataset. 

6.3.3 Effect of grazing cattle respiration on the difference of 
modelled, observed and gap filled fluxes during daytime 

Figure 6.6 shows a subset of the total measurement period where cows were 

present in one of the four paddocks directly surrounding the EC tower and in its 

footprint. In this case, 2319 data corresponding to daytime periods (PPFD≥10 

μmol m–2 s–1) were selected for analysis out of the 4331 shown in Figure 6.2. 
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Over the 2319 selected periods spreading over 2 years of data acquisition, 

1312 were real measurements and have been plotted on Figure 6.6a, and 1007 

involved gaps that have been filled and were displayed on Figure 6.6b. The 

numbers/quantity of observed and gap-filled NEP data were more even during 

daytime than night time, primarily because there is a smaller percentage of 

gaps (39.0 % see Table 5.2 in section 5.2). 

In the case of daytime conditions, NEP is the resulting flux from the difference 

between carbon assimilation rate through photosynthesis and the sum of all 

respiratory losses (soil + vegetation + grazing animals). 

For the same analysis for night-time conditions (Chapter 6.3.2) there was a 

strong relationship between the difference of modelled and observed NEP 

fluxes and cattle respiration for both measured (Fig. 6.6a) and gap-filled (Fig. 

6.6b) observations. The linear regressions had similar slopes of about –1 for 

both of the sub-datasets, once again indicating a very strong relationship 

between model/data errors and cattle respiration. The coefficient of 

determination is lower for actual observations (0.19) than for the gap-filled data 

(0.46), which indicates that there is more scatter around the linear regression 

line due to normal random variations in modelled and observed NEP fluxes 

(caused by both modelling and measurement errors) and that the relationship is 

not as strong for actual measurement as it is for gap-filled observations.  

With a r2 of 0.19, the relationship regarding daytime model/observations 

differences during grazing events (Fig. 6.6a) is not reliable. It is also interesting 

to notice that the “Weighted cattle respiration” flux for observations is slightly 

lower than for gap filled values certainly because large respiratory fluxes from 

grazing cattle were more likely to be rejected by the quality control procedures 

for flux and were not accounted for by smaller gap filled fluxes. This is illustrated 

by larger discrepancies between model estimates and data when grazing 

elevated the contribution from cattle respiration (Fig. 6.6b).  

The relationship between the differences of modelled and gap-filled daytime 

NEP and the weighted cattle respiration shows that the incomplete capture of 

this extra carbon loss in gap-filled data caused an increasing discrepancy 
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between modelled and observed data, and this would have biased the dataset 

and leads to an overestimation of NEP during daytime periods (inferring more 

photosynthesis and less respiration). 

 

Figure 6.6: Effects of cattle respiration on half-hourly differences between modelled and 

observed NEP fluxes during day time (PPFD>10 μmol m–2 s–1) for the 2 years of the study with 

a separation between real observations (a) and gap filled observations (b). 

Actual observations (night-Section 6.3.2 and daytime Section 6.3.3) had not 

been expected to give the stronger relationship with modelled data. The data 

are studied in more detail below (see section 6.3.4). 

6.3.4 Re-analysis of actual observation/model agreement affected 
by the presence of livestock 

As discussed in the previous sections of this chapter, it makes sense to get a 

slope of –1 for gap filled data (Figs. 6.5b, 6.6b) because the Reichstein et al. 

(2005) gap filling and flux partitioning algorithm used in the study did not use 

any information about the large contribution and presence of respiring cattle to 

provide the missing flux values. This caused an underestimation of the carbon 

respiratory losses when grazing events occurred in the flux footprint. Also, the 

bias that it could have added to the dataset might have been accentuated by 

the fact that measurement periods affected to a large extent by the large flux 

coming from the respiration of grazing animals were likely to be systemically 

removed from the dataset by the quality control procedures. 

a) b) 
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It was even more surprising to get a linear relationship with a slope of –1 for 

actual observations (Figs. 6.5a, 6.6a) because, as they were actually measured 

by the EC system and not rejected by the flux quality checks, they should have 

contained some contribution of animals’ respiratory losses of carbon which 

should have been reproduced by the model. However, having such a strong 

relationship could indicate either 1) an error in the originating area of the flux 

(no contribution from grazed paddocks) in this case the model simulates 

correctly all fluxes from each individual paddocks but the footprint used for the 

spatial integration was not correct, 2) a too large modelled animal respiration 

rate that could have reduced the modelled NEP flux but which was not as 

strong in the field, and 3) erroneous or not precise enough records of grazing 

events occurring on the different paddocks. 

We focussed this part of the study on actual NEP measurements made during 

data acquisition periods which should have been affected by the presence of 

dairy cows during night time (Fig. 6.10a) and during daytime (Fig. 6.10b), which 

were based on the same data subsets as the ones shown in sections 6.3.2 and 

6.3.3. The overall aim was to identify the possible causes leading to such an 

unexpected relationship between NEP differences and the weighted cattle 

respiration rate for actual observations. 

We specifically selected points that were likely to drive the relationship between 

model/data agreement and the large contribution from cattle respiration on the 

four inner paddocks. This was done by ranking the points presented on the 

scatter plots of Figures 6.5a and 6.6a based on the combination of two criteria: 

1) periods with the largest divergence of modelled and observed NEP fluxes, 

and 2) points with the largest contribution from grazing cattle. 

As Figure 6.7 shows, excluding points from the sub-datasets has a strong effect 

on the coefficients of the linear regression (slope and R2) for both night time 

(Fig. 6.7a) and daytime (Fig. 6.7b) conditions. The general trends, for night time 

periods, for the slope of the linear regression and for its corresponding 

coefficient of determination are a reduction from around –1 to –0.3 and from 

0.35 to less than 0.03 respectively. The same trends are also observed for 
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daytime conditions with slopes reducing from –1 to –0.4 and r2 from 0.2 to less 

than 0.03. 

 

Figure 6.7: Effects of removing the points with the largest divergence between modelled and 

observed NEP fluxes with the largest contribution from grazed paddocks on the slope (line) and 

R2 coefficients of the linear regressions for night time (a) and daytime (b). 

A threshold corresponding to the exclusion of the 40 points with the higher 

ranks based on the conditions given above (shown in green in Fig. 6.10) was 

arbitrary chosen as it allowed a significant reduction of the values of the 

regression parameters while keeping a significant number of observations in the 

study. The temporal analysis of the repartitioning of these 80 points (40 for night 

time and 40 for daytime measurement conditions) showed that all the points 

coloured in green have the largest differences between observed NEP fluxes 
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and CenW_HH simulations. Most of them corresponded to periods of 

consecutive hours on given days spread over the 2 years of the study period. 

For illustrative purpose, points measured on the 18/12/2009 were selected to be 

studied in detail in the following. 

Figure 6.8, which is presented below, shows the time series of half-hourly 

observed, gap-filled and modelled NEP fluxes for 5 consecutive days in 

December 2009 (14–18 December) with their corresponding daily averaged 

paddock contribution and the daily records of cows’ positions. This period was 

selected to illustrate the study and get a better understanding of measurement 

conditions encountered at the farm and their effects on carbon fluxes. During 

these 5 days, most of night time fluxes were missing, as were the gap-filled (red 

dots) fluxes. In contrast, most of daytime conditions were favourable to eddy 

covariance measurements and most of the fluxes were actual observations (Fig. 

6.8). On 14 December 2009, no grazing events were recorded in the 26 

paddocks and most of the C flux originated from the closest paddocks to the 

tower. As we can observe, both NEP fluxes modelled, observed, and gap filled, 

agreed very well. 

On the second day (15 December), cows were brought in to graze a paddock 

outside the four inner ones. Over this day, the contribution of the grazed 

paddock to the overall measured NEP flux was low, e.g. only a small fraction of 

the C flux originating from the grazed paddock is effectively measured by the 

EC system, and here again, the model/data agreement was very good. 

On the third day (16 December), grazing animals were moved to the next 

paddock, also not one of the four inner paddocks, to be grazed. This time period 

corresponded to the intensive grazing management where paddocks were 

grazed with larger herds and for shorter time. The footprint indicated a very 

small contribution from the grazed paddock and again there was very good 

agreement between CenW simulations and both observed and gap-filled NEP 

fluxes. 
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On the fourth day (17 December), 3 paddocks out of 26 were grazed, including 

a significant representation of one the four just surrounding the tower. Data for 

this day illustrate well the conditions highlighted by the analysis in this chapter, 

e.g. measured NEP flux influenced by the presence of grazing cattle on the 

inner paddock. The footprint analysis shows there were some shifts in the wind 

direction during the day, as illustrated by the nearly equal relative contribution of 

the four inner paddocks. The overall model/data agreement is very good under 

these sampling conditions. It shows some periods indicating that both model 

and observations agreed well and were able to capture the reduction of NEP 

due to the extra respiratory flux from cattle. At times the footprint indicated a 

substantial contribution from the grazed paddock, which was captured by the 

model (decreases in modelled NEP) but was not in the data as they 

corresponded to gap-filled observations. 

On the fifth and last day of this period (18 December), grazing records indicated 

that all three herds were moved to other paddocks, always within the 

boundaries of the 26 paddocks around the tower determining the study area. 

Over that day, there should have been a large contribution from the grazed 

paddock to the measured NEP flux as indicated by the footprint and grazing 

records. However, actual observations gave no indications of any significant 

grazing cattle respiratory fluxes, and large discrepancies between modelled and 

observed NEP occurred, e.g. large differences between modelled and observed 

(blue dots) NEP. 

To further understand the causes for such large discrepancies between the 

model and the data, this last day was studied in more detail in the following (Fig. 

6.9). During the first 4 days, there was good agreement between the model 

simulations and observations of the carbon flux with or without the presence of 

grazing animals within the footprint before, but on the last day of the selected 

period, there were large discrepancies. 

Figure 6.9a shows in detail observed (blue dots), gap-filled (red dots) and 

modelled (black line) NEP fluxes obtained for 18 December 2009, the small 

scheme on the top right gave the position of the cows, which was recorded for 

this day, and different background colours were used to differentiate six periods 
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(P1 – P6) where measurement conditions were different. In addition, Figure 

6.9b shows the averaged relative paddocks contribution to the measured NEP 

flux for those six periods. The average is made over the time span of the period 

of interest. 

The first period (P1) corresponds to a night time (NEP=ER) period where the 

wind was mostly blowing from the other side of the grazed paddocks. This 

caused the non-capture of the grazing event in measurements, therefore gap-

filled data were introduced and model simulations agree with the gap-filled data 

in this period. Some wind shift during the period caused a reduction of the 

modelled NEP as indicated by the sudden drops in the modelled flux, which 

were not seen in the observation because data have been gap filled and, as 

discussed previously, the Reichstein et al. (2005) gap-filling procedure cannot 

deal with fluxes from grazing animals. 

P2 was an early morning period that went from 6 am (sunrise) to 7.30 am. All 

measurement corresponded to gap-filled fluxes with the wind, as for P1, coming 

from the direction of un-grazed paddocks and so the respiration of the cows 

would have affected neither data nor simulations – again, gap-filled and 

modelled NEP fluxes agree well. In the very stable atmospheric conditions that 

were not favourable for EC measurements there are also some missing 

footprint observations, which were replaced by the average contribution of all 

the 27 paddocks. 

P3 was more problematic and the one in which we are more particularly 

interested in this section of the study. This time period corresponds to daytime 

conditions and all data were actual observations. A complete shift in the wind 

direction occurred compared with the previous period (P2) and over the entire 

period, therefore more than half the measured NEP flux should have come from 

the grazed inner paddock (Fig. 6.9b). However, there were large discrepancies 

between modelled and observed carbon fluxes, with observations indicating 

fluxes about 20 μmol m–2 s–1 higher than the modelled fluxes. These data points 

were some that differed most from modelled fluxes over the 2 years and after 

model parameterisation. 
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           P1      P2   P3  P4    P5      P6 

 

      P1          P2          P3 

 

      P4          P5         P6 

 
Figure 6.9: a) Observed (blue dots), gap-filled (red dots) and modelled (black line) NEP for 

different periods of the day (18/12/2009), the recorded cows position (top right insert), and six 

periods with different measurements conditions described in the text. b) Modelled footprint 

contribution of the surface area to the measured fluxes averaged over the time span of the 

different periods. 
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Different reasons could potentially explain these differences between modelled 

and observed NEP data: 1) errors in the footprint model, which is, however, 

unlikely because the estimate of the footprint area worked fine for the previous 

days; 2) errors in CenW simulations, which is also unlikely to have badly 

modelled cattle respiration by such a significant amount; 3) errors in NEP data, 

which are also not likely in this case because all NEP fluxes correspond to 

actual observations that passed the quality checks and as indicated by the 

excellent agreement found on preceding days; 4) insufficient information in the 

grazing records. This last reason appears to be the most valid explanation as 

even if the recorded paddock was effectively grazed no information was 

available on the precise timing of cattle movement on the farm or on the number 

of dairy cows in each of the small herds grazing the different paddocks. 

P4 consisted of only a single half-hour observation, which was also measured 

during daytime with a very similar footprint distribution to P3 (Fig. 6.9b) but in 

this case the model/data agreement was very good, which indicated that cows 

were, at this time, effectively grazing the recorded paddock as indicated by the 

close to zero NEP flux and the important respiratory flux modelled by 

CenW_HH (not shown). The most valid explanation for the large variance 

between modelled and observed values is that this measurement corresponded 

to the actual timing at which the cows were moved onto the paddock recorded 

as being grazed on that day. 

The next period (P5) consisted in measurement taken in the afternoon and until 

sunset. Data acquisition conditions were good and the contribution from the 

grazed paddock was the largest for this day, with more than 58%. However, 

measurements did not pass the quality check procedures and data were 

excluded from observations and were gap-filled. For this period, the most 

convincing hypothesis was that cows were grazing the recorded paddock and 

that the measured flux was largely affected by the animals’ respiration, which 

caused the rejection of the data. The modelled/gap-filled NEP differences were 

important because while the CenW_HH takes into account the respiration from 

grazing animals, the Reichstein et al. (2005) gap-filling algorithm does not, 

which caused an overestimation of the carbon assimilation by the ecosystem. 
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P6 (the last period) was a night time period and all measurements were gap-

filled. During the first hours of the night, the footprint indicated that the carbon 

flux was coming from the grazed paddocks and again the model/data 

agreement was poor. Later, the wind direction shifted and most of the flux came 

from un-grazed paddocks, which reduced the differences between modelled 

and gap filled carbon flux. 

The detailed analysis of the data for these periods increased the understanding 

of the conditions responsible for the largest discrepancies between modelled 

and observed NEP fluxes during data acquisition periods affected by grazing 

cattle respiration. 

Data points plotted on Figures 6.10a and 6.10b were actual observations. The 

observations should have captured cattle respiratory losses during some of the 

grazing events. As we have seen in the previous sections, actual 

measurements do not show a relationship as strong as the one derived for gap 

filled data both during nights and days. There were also fewer points strongly 

affected by grazing animals’ respiration. 

 

Figure 6.10: Re-analysis of the effects of grazing animals’ respiration on half-hourly differences 

between modelled and observed NEP fluxes during night time (left) and day time (right) for the 2 

years of the study. Green dots represent identified periods where cattle position was not precise 

enough and were excluded from the subsets. 
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By removing from the graph those points (around 40 for each case), a new 

relationship was derived. As indicated by the slopes of the linear regressions, 

the effect of cattle respiration on NEP model/data difference has been 

weakened with slopes of only –0.45 and –0.33 and R2 of 0.04 and 0.01 for 

nights and daytime respectively. Because of the very low coefficients of 

determination it is possible to determine that there is a lot of scatter caused by 

random errors in CenW_HH, measurement and footprint model but not 

systematic errors related to the non-capture of grazing animals’ respiration in 

actual NEP observations. 

This part of the study seems to indicate that the records of positions and timing 

of movements of cattle on the farm were not detailed enough. It concerns 

especially the timing and time spent in the milking shed and the records of 

cows’ movements between paddocks within a given day. These cattle 

movements on the farm include the effective length of grazing events on each 

individual paddocks, which is usually driven by seasons and amount of grass 

available to feed the variable cow feed demand (i.e. period of lactation). Cow 

movements and grazing intervals will reflect the interaction of feed supply and 

demand: when there is insufficient standing grass in the paddock to support 

feed demand, cows will graze for short intervals; conversely, when pasture 

covers are high two periods of grazing may be required to eat the supply. The 

herd may be returned to the paddock to finish the grazing for a few hours before 

being moved to another paddock. Because farm records do not contain this 

important information, CenW_HH is unable to simulate accurate NEP estimates. 

6.3.5 Effect of cattle respiration on cumulative NEP observed and 
modelled over 2 years. 

Previous sections highlighted the biases between modelled and observed half-

hourly NEP fluxes when grazing cattle were present in the footprint of the EC 

tower and have shown that large discrepancies existed for both night time and 

daytime gap-filled fluxes. 
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In this section, the magnitude of the difference between using a conventional 

gap-filling method (grazing animal respiration excluded) and the detailed 

modelling scheme (grazing animal respiration included) is quantified. 

To study the effect of using incorrect estimates of gap-filled net ecosystem 

productivity fluxes during grazing events, two datasets have been used. Both 

datasets used the same data when actual measurements had been available, 

but they differed in the handling of data gaps. For the first dataset, the 

Reichstein et al. (2005) algorithm was used to fill all the gaps present in the 

data set, which is the traditional technique (“Reichstein gap filled” in Figure 

6.11) and was used by Rutledge et al. (2015). The second dataset is similar to 

the first dataset except that all gap-filled fluxes influenced by the respiration of 

dairy cows on the four inner paddocks were replaced by the modelled NEP 

coming from CenW_HH (“CenW gap filled” on Fig. 6.11). 

Differences between using traditional gap-filling techniques (which do not 

include the contribution of grazing animals in the respiratory fluxes) and the use 

of detailed farm modelling (CenW_HH) combined with footprint information are 

shown in Figure 6.11.  

The two lines start to deviate just after the beginning of the first grazing season 

in March 2008. We also observe that the difference between the 2 lines 

remained the same as long as the grazing regime remained similar (until August 

2009), but differences became even more pronounced (dashed line on Fig. 

6.11) with the use of the more intensive grazing management that was 

implemented at the end of 2009. 

After 2 years, we can see from the data plotted on Figure 6.11 that the 

cumulative carbon uptake at Scott farm was positive. Calculations had shown 

that 3732 kgC ha–1 have been fixed at Scott Farm after 2 years if we choose to 

use the traditional gap filling routine, but only 2971 kgC ha–1 have been fixed 

when the second approach was used. The 760 kgC ha–1 difference indicates 

the quantitative importance of specifically taking into account cattle respiration 

when filling half-hourly NEP gaps. 
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Rutledge et al. (2015) estimated the net ecosystem carbon budget (NECB) of 

Scott Farm for 2008 and 2009 by taking into account all carbon imports and 

exports and found that after these 2 years (Table 6.1) the study site was a net 

carbon sink with a NECB of 1285 ± 1064 kgC ha–1. 

 
Figure 6.11: Cumulative NEP over the 2 years of EC measurement for the original data set in 

which gaps were filled with the conventional Reichstein et al. (2005) gap-filling algorithm (black) 

and data where modelled NEP flux values (with CenW_HH) were used to fill the gaps affected 

by the presence of livestock on the four inner paddocks (red). The dashed line represents the 

cumulative differences between the two gap filling procedures (CenW gap-filled – Reichstein 

gap-filled). 

In 2008, the difference in NEP between the two gap-filling strategies was 262 

kgC ha–1 y–1 and was even larger in 2009, with 500 kgC ha–1 y–1. As indicated 

above, those differences were only caused by taking into account the 

contribution of grazing animals’ respiration in the gap filling of NEP flux and this 

finding highlighted the importance of the carbon respiratory losses during 

grazing events. In both years of the study, NEP was the predominant net 

carbon input into the ecosystem and the inclusion of cattle respiration in the gap 

filled fluxes caused a reduction of 262 and 500 kgC ha–1 y–1 for 2008 and 2009 

respectively. Accounting for cattle respiration therefore has a very significant 

effect on the total carbon budget of the study site. NECB was reduced by 31% 
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in 2008 and by 113% in 2009, turning this year from a calculated sink into a 

carbon source. 

An extra NECB of 762 kgC ha–1 appears to have been found in this study, 

caused by the missing estimates of hourly grazing animal respiratory C losses 

in gap-filled data. If the same error estimates on “non-CO2-C fluxes” as used in 

Rutledge et al. (2015) are considered, then it is not possible to conclude with 

any confidence that the study site was a net C sink. The newly derived NECB is 

now equal to 523 ± 1064 kgC ha–1 and because of the large error intervals 

associated with non-CO2-C fluxes, Scott Farm could either be a source, neutral 

or a sink of carbon. 

Table 6.1: Components and uncertainties of annual carbon balance (NECB) for Scott Farm 

(2008-2009). All data were extracted from Rutledge et al. (2015) except “NEP CenW gap filled” 

and “NECB CenW” which were recalculated for this study by replacing all gap filled NEP data 

affected by cattle respiration by their CenW modelled counterparts. All components of the 

carbon balance were expressed in kgC ha–1 y–1 except for the Sum which is the sum over the 

two years of the study and was given in kgC ha–1 

C flux 2008 2009 Sum 

NEP Reichstein gap filled 1895 ± 542 1837 ± 466 3732 ± 1008 

NEP CenW gap filled 1633 1338 2971 

Ffeed 202 ± 47 252 ± 59 454 ± 106 

Feffluent 0 0 0 

Fproduct (milk) 659 ± 99 768 ± 154 1427 ± 253 

Fharvest 128 ± 18 296 ± 42 424 ± 60 

Fmethane 174 ± 35 205 ± 41 379 ± 76 

Fdung 146 ± 37 198 ± 50 344 ± 87 

Fresp 92 ± 29 124 ± 40 216 ± 69 

Fleach 55 ± 55 55 ± 55 110 ± 110 

NECB Reichstein 843 ± 559 442 ± 505 1285 ± 1064 

NECB CenW 581 ± 559 -58 ±505 523 ± 1064 

This finding is certainly important for the carbon budget of Scott Farm but it is 

also highly relevant for other studies measuring the carbon budget of intensively 

grazed dairy pasture. Modifications of the farm carbon budget by taking into 



240 

account the extra respiratory losses of CO2 from cattle during grazing events 

appeared to be important for Scott Farm. The recent study of an intensive dairy 

pasture in Switzerland from Felber et al. (2016) also found significant 

differences in annual carbon fluxes estimates when the contribution of grazing 

animals was or was not taken into account. This Swiss study took place on a 

similar pasture type to the one encountered at Scott Farm (grass/clover mix), on 

rotationally grazed 0.6-ha paddocks with an effective stocking rate of 5.6 

cows/ha, which is higher than the 3 cows/ha at Scott Farm. Felber et al. (2016) 

estimated that the respiration of cows was responsible of a reduction of 180 gC 

m–2 yr–1 (1800 kgC ha–1 yr–1) of the annual NEP. This is higher than that found 

in this study of Scott Farm and should be largely correlated to differences in 

farm management practices, soil properties and climate. 

It would be good practice for the study of grazed grasslands with eddy 

covariance systems to ensure the position of cattle is as accurate as possible 

through GPS collars on cows, digital cameras or farm records to account for the 

respiration of animals from within the flux footprint. These periods should be 

processed separately in order to reach better flux estimates and possibly 

reconcile carbon budgets derived from EC measurements and soil sampling 

studies (Skinner and Dell, 2015). 

6.4 General discussion 

This chapter highlighted the importance of cattle respiration on NEP fluxes 

measured by eddy covariance. As shown, having good records of animal 

position is critical for examining processes at short time steps, e.g. hourly and 

daily, or to parameterise models. It is even more important if the data are to be 

used to predict long-term carbon budgets and changes in soil carbon stocks or 

the climate change mitigation potential of grasslands because, as this study 

shows, once errors were introduced in measurement (at an half hourly time 

step) they would not cancel out or disappear from the dataset. 

The Scott Farm dataset does not contain the required information on animal 

location that is needed to properly understand what really happened during 
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grazing events, using positioning devices like GPS or pictures might have 

helped to determine the real impact of animal respiration on measurements 

(Felber et al., 2015, 2016). 

A detailed, process-based ecosystem model (CenW_HH) running at a half-

hourly time step (same as EC measurements) was able to simulate 

management practices (especially grazing events) from farm records and 

therefore study and quantify the long-term effects of cattle respiration on NEP 

fluxes and carbon budget of the dairy farm. This study would not have been 

possible without using such a detailed model, mostly because the design of the 

original study was not aimed to specifically investigate the effects of grazing 

animals respiratory carbon losses on farm carbon budget as it was studied in 

this section. In another study where the farm layout was similar to Scott Farm, 

Felber et al. (2016) used the number of cows present in the footprint based on 

footprint analysis and GPS devices to estimate cattle respiration and get 

different estimates of C fluxes by either using or not using cows’ respiration. 

While Hunt et al. (2016), Skinner (2008), and Skinner and Dell (2015) excluded 

periods from their datasets that were affected by the presence of animals in the 

footprint, and the effect of cattle was taken into account only in the annual 

budget through the amount of grass removed during grazing events (see 

publications for details). The farm layout in those studies was more typical, with 

larger herds and paddocks and, as reported by Hunt et al. (2016), the presence 

of cows in the vicinity of the tower only affected about 3% of the measurement 

periods during the year of the study. 

The small paddocks (and relatively small herd sizes) at Scott Farm meant that 

fluxes from cattle respiration would not have dominated overall fluxes as much 

as they would have if only one large herd had been grazing larger paddocks, 

but it made it easier to capture the animals’ respiratory losses. In more 

traditional intensive dairy farms in New Zealand, in which larger herds graze 

larger areas over a short time period (Hunt et al., 2016), the effects of animal 

respiration on NEP measurement should be similar to observations for the end 

of the second year (2009) at Scott Farm. It should give larger respiration 

contributions from higher grazing numbers/ha but with fewer measurement 
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periods affected by the presence of grazing cattle in the footprint. This 

hypothesis will need to be tested in future modelling studies of more 

conventional dairy farms with precise recordings of animals’ positions.  

The presence of cows in the flux footprint of the EC tower and the timing of 

grazing are important. If there are data gaps at times with large animal 

respiratory losses and gaps are filled based on observations without grazer 

respiration, resultant net fluxes could be substantially overestimated. The 

opposite is also true, and if data affected by livestock respiration (high 

respiration rate) are used to fill gaps for periods without grazing dairy cows, the 

resulting NEP flux would be underestimated. These problems would also not be 

overcome even if data were averaged over 7 days before and after any gaps. 

Intensively grazed grasslands with small paddocks, like Scott Farm, are 

particularly hard to study with eddy covariance because the flux footprint can be 

spread over several paddocks at any given time, and there are likely to be 

different stages of vegetation recovery after grazing. The spatial distribution of 

small herds around the EC tower made it nearly impossible to remove periods 

where grazing animals were present in the footprint area (Mudge et al., 2011; 

Felber et al., 2016). The Reichstein et al. (2005) gap-filling algorithm does not 

explicitly consider the presence of grazing cattle in the calculation of missing 

fluxes, which can lead to unreliable flux estimates during grazing events. This 

proved to be important in annual carbon budget of grazed grasslands. 

The advantage of using CenW-HH to fill data gaps comes through its implicit 

modelling of each of the paddock individually with the simulation of dairy cows’ 

respiration flux. It also modifies the vegetation cover and consequent gas 

exchange rates following each grazing event. The use of the footprint models 

makes it possible to incorporate that spatial heterogeneity of flux sources. The 

fact that the model is mechanistic (process based) also makes it possible to 

look at specific issues related to grazed pasture. The model could also be used 

to simulate carbon and water fluxes, energy partitioning, soil water, 

temperatures, and organic matter behaviour not only for Scott Farm but also for 

other farming systems as long as sufficient  information is available to run and 

parameterise it. 
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The main drawbacks are that the model is complex, uses a high number of 

parameters that need to be calibrated, has to deal with paddock management 

practices, and needs to run with the same time step as the dataset (typically 30 

minutes). It is also necessary to accurately record animal positions and weight 

the contribution of cattle respiration through estimates of the footprint area. 

This study also confirmed that it was better to use only actual observations to 

parameterise the model and not the complete data set with gap-filled data. 

The main issue with the study presented here is the still insufficient information 

about cattle position and farm management. The daily records available to run 

the model properly at a half-hourly time step and achieve high model efficiency 

were not sufficiently detailed. Missing information is mostly related to cattle 

movements on the farm and corresponds to: 

- number, timing and length of milking events for every day 

- timing of the beginning and end of grazing events within give days for 

each paddocks 

The more information available on cattle position, the more likely the model/data 

agreement would be high for measured data and the more realistic for gap-filled 

data (using a detailed modelling approach). 

6.5 Conclusion 

It is clear from the results shown in this chapter that the respiratory flux caused 

by the presence of large grazing animals in the footprint of the eddy covariance 

tower is a problem that needs to be addressed in EC studies of intensive dairy 

farms. 

The present work is the first modelling study using a half-hourly time step that 

looked specifically at the effects of cattle respiration on NEP measurements 

with eddy covariance system made over a long measurement period. This study 

has shown the importance of taking this extra respiratory C loss into account 

both in terms of model/data agreement and, more importantly, to derive the 

NECB of the farm. 
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Most of model/data discrepancies occurred during periods with missing 

observations (gaps in NEP measurements). Gap-filled data gave erroneous 

estimates for grazing days because the gap-filling procedure was 

parameterised from observations with days without grazing events in the 

footprint and therefore did not include the large respiratory losses from cattle 

respiration. 

Observed data also posed problems. However, it appeared that these problems 

were less pronounced than those in the gap-filled data because they have no 

direct effects on the annual carbon balance; however, they added bias in model 

carbon fluxes estimates, reducing the model efficiency and possibly the set of 

optimised parameters. Those issues might have been related to insufficient 

precision on the position of cattle in the different paddocks for which only daily 

records were available, errors in the footprint model, or errors in the 

management records if there was a mismatch between recorded and actual 

cattle locations on specific days. With the detailed analysis of modelled and 

observed carbon fluxes, it has been possible to identify clearly those periods 

when more precise records of animals position on the farm were needed to 

achieve a better simulation of the fluxes. The missing information consisted of 

the timing and duration of the times cows spent in the milking shed, the effective 

length of grazing events on each individual paddock, and the time at which dairy 

cows were moved to and from the different paddocks. 

Problems were more pronounced for night time observations, probably because 

there were more data gaps to be filled, because of more optimal/appropriate 

turbulence conditions at day time and because large respiratory carbon losses 

from grazing cattle were balanced by photosynthetic carbon uptake so that net 

fluxes were more likely to remain within the observations window of the eddy-

flux system. At night time, the two respiratory fluxes (base ecosystem 

respiration and animal respiration) added together were more likely to reach the 

data rejection threshold. 

There were differences between years because of differences in grazing 

practices, with smaller herds grazing in 2008, which caused smaller respiration 

spikes than in 2009, when larger herds grazed paddocks for shorter duration 
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but more intensively. Bigger problems were therefore encountered with the 

2009 data. 

Overall, the non-capture of cattle respiratory losses from grazing events was 

estimated to have amounted to non-recorded respiratory losses from gap-filled 

periods alone of 262 kgC ha–1 y–1and 500 kgC ha–1 y–1 in 2008 and 2009 

respectively, which has serious consequences on the estimated overall carbon 

status of the farm. Taking into account these additional carbon losses in annual 

NEP calculations (as in “NEP CenW gap filled”) reduced the inferred NECB by 

31% in 2008 and around 113% in 2009. Rutledge et al. (2015) had concluded 

that over the 2 years of the study period, Scott Farm had a significant positive 

carbon balance, e.g. was storing carbon. However, if one considers the NEP 

bias described here, the carbon status of the farm became more neutral and, 

within the overall uncertainty of the various terms, the farm could either be a 

source or a sink. This uncertainty is mostly related to error bounds for non CO2-

C carbon fluxes. 

The non-capture of grazing losses is thus a quantitatively serious issue that 

must be addressed for eddy covariance studies in grazed pastures. One 

approach is to omit periods when grazing elements are within the vicinity of the 

tower (Hunt et al., 2016). However, this approach was not an option at Scott 

Farm because of the use of a mosaic of small mini-paddocks so that some 

grazing animals were within the footprint area of the tower on most days, even 

in paddocks further away from the tower, and because of uncertainties in farm 

records of grazing events (Mudge et al., 2011). It should also be possible to 

estimate the respiration rate of cattle based on the feed ingested or according to 

the weight of animals and add it to the NEP flux from the pasture alone (Felber 

et al., 2016) 

An alternative approach, which is the one used here and which gave important 

insights on the carbon budget of a grazed pasture, is the use of a more 

sophisticated model, like CenW_HH, to fill in data gaps affected by animals’ 

respiration. Importantly, information about grazing events would need to be 

explicitly provided as input information to the model runs. 
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Overall, this study of NEP fluxes measured during grazing events in the 

footprint of eddy covariance tower proved that the respiratory flux from grazing 

cattle are likely to be unaccounted for or partly missed, causing a significant 

bias in the dataset, especially for gap-filled fluxes, leading to an overestimation 

of the carbon budget of the farm.   
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7.1 Summary and conclusion 

The overall aim of my PhD was to study carbon dioxide and water vapour fluxes 

measured continuously at a half-hourly time step over 2 consecutive years 

(2008–2009) by an eddy-covariance tower located on an intensive dairy farm in 

the Waikato region of New Zealand. 

To achieve this goal, the CenW ecosystem model was modified according to 

equations presented in Chapters 3 and 4 to make it run at a half-hourly time 

step corresponding to the sampling interval of the EC system. Different 

instantaneous leaf photosynthesis routines and integration schemes from the 

leaf level to the canopy scale have been implemented and tested in CenW_HH 

(Chapter 3), and the best results were achieved by using the Thornley (2002) 

photosynthesis routine. With this configuration of the model, there was an 

overall good correspondence between observed and modelled carbon 

assimilation rates (GPP) as indicated by a high model efficiency of 0.89 with, 

however, an apparent under-estimation of the highest fluxes. 

To properly simulate water and carbon fluxes with the same time steps as EC 

data, thus allowing their direct comparison, it was necessary to develop and 

include new energy and water budget routines in the original daily version of the 

ecosystem model. The Shuttleworth and Wallace (1985) modelling scheme was 

chosen and equations were modified to include a litter layer on top of the soil 

surface and a multilayer soil profile for heat and water transfers.  

Soil temperatures simulations highlighted the strong diurnal variability of the 

response of soil surface temperature to radiative forcing and that drought 

periods caused an important increase of temperatures, mostly because 

evapotranspiration rate is reduced, or even stopped, which limits the dissipation 

of incoming energy by latent heat transfer. Deeper soil layers were not as 

strongly affected by climate conditions as the soil surface, but longer-term 

seasonal changes are clearly visible. Flux partitioning and energy budgets are 

thus strongly affected by water limitation and the temperature dynamics of the 

different components of the ecosystem. Overall, the energy and water budget 

procedure as implemented in CenW_HH seemed to respond properly to 
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changes and variations of climatic conditions experienced at Scott Farm over 

the measurement period. 

After model parameterisation, high model efficiencies were found for half-hourly 

carbon fluxes, with values of 0.81, 0.75, and 0.70 for NEP, GPP, and ER 

respectively, showing a very good agreement between modelled and observed 

C fluxes. Discrepancies between modelled and observed carbon fluxes were 

attributed to: 1) model parameters that make it impossible to simulate unusually 

high values while observations are not constrained in that way, and occasionally 

high true rates will have combined with random upward scatter to give high 

values not matched by simulations; 2) higher respiratory losses due to grazing 

events on some paddocks further away and within the footprint of the EC tower 

that caused CenW_HH to model some higher respiratory rates than those 

derived by the Reichstein et al. (2005) algorithm; 3) errors in grazing records or 

in the footprint model. Good agreements were also reported for latent and 

sensible heat fluxes, net radiation, and soil temperature with model efficiencies 

of 0.87, 0.76, 0.94, and 0.92 for LE, H, Rn, and Ts respectively. These results 

showing that the model properly included interactions between all parts of the 

ecosystem and their seasonal and short-term variations driven by vegetation 

dynamics and response to climatic conditions at a sub-daily time step. The 

model responded quite well to drought conditions through stomatal closure to 

prevent ongoing or additional water losses through transpiration and the 

reduction of the plant living area to reduce water extraction. 

Overall, achieving such high agreements between observed and modelled half-

hourly fluxes was only possible through proper selection and implementation of 

the photosynthesis and energy and water budget routines and modifications of 

the running time steps of heterotrophic and autotrophic respiration simulation 

procedures and the overall parameterisation of CenW_HH. 

Daily and weekly summed carbon and water fluxes were less well modelled 

than those obtained with the daily version of the CenW model that were 

reported in Kirschbaum et al. (2015), as indicated by the lower model 

efficiencies calculated in this study. The lack of agreement could be due to 

model or measurement problems, and certainly could be related to problems in 
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the gap-filling routine. Also, in principle, CenW_HH should be a better predictor 

than the Reichstein et al. (2005) gap-filling algorithm principally because 

grazing animals’ respiration has been included in a more meaningful way. 

However, fluxes affected by the presence of grazing animals within the EC 

footprint were discarded from the analysis in Kirschbaum et al. (2015), which 

was not the case in this study because those fluxes were large outliers, the 

statistics would have been reduced. 

On a monthly time scale, modelled fluxes agree well with observations but 

drought periods also strongly affected the capacity of CenW_HH to reproduce 

observations. During the 2008 drought ER and GPP were overestimated by 

CenW_HH, and in February 2009 ERCenW_HH was about 600 kgC ha–1 lower 

than ERobservation. Overall, monthly carbon fluxes showed that the 2 years were 

quite different in terms of carbon fluxes dynamics and that modelled and 

observed fluxes generally agreed well. 

On an annual time scale, modelled and EC-derived ER and GPP largely 

followed similar general patterns, for example, a sharp increase over summer 

unless there was a drought, more moderate increases over winter, and a 

sharper increase over spring and into summer. Model/data agreements of 

cumulative net carbon flux are contrasted for the 2 years of the study. In 2008, 

the annual net ecosystem productivity was underestimated by 397 kgC ha–1 by 

CenW_HH but overestimated by about 1000 kgC ha–1 in 2009 but overall, 

CenW_HH was able accurately to simulate half hourly observed carbon and 

water fluxes but with a difference of about 600 kgC ha–1 between modelled and 

observed NEP fluxes at the end of the 2 years. In the process-based CenW_HH 

model, variables are intrinsically linked, for example, ER depends on GPP, with 

most of ER coming from recently fixed GPP through autotrophic (maintenance + 

growth respiration). Hence, an overestimate of GPP, as over the first year, 

almost inevitably leads to an overestimate in ER; and because carbon fluxes 

are linked through a conservation of C mass, that discrepancy cannot be 

overcome by adjusting any parameters of the model. 

Once CenW_HH was parameterised and the good agreements between 

simulations and observations were verified, the model was used to test the 
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reliability of the Reichstein et al. (2002) gap-filling algorithm under the different 

climatic conditions that caused gaps in the dataset. Low turbulence conditions 

(u*<0.11 m s–1) were modelled by CenW_HH with a NSE of 0.81. Most of these 

gaps occurred during night-time and the model tended to simulate slightly lower 

positive flux values and some higher night-time fluxes, which was explained by 

the fact that the explicit grazing respiration from even the outer paddocks were 

missing in the Reichstein gap-filled data, leading to negative intercepts and 

underestimates of night-time fluxes in Reichstein and to problems with the 

footprint model, which is not very reliable under low turbulence. NEP gap-filled 

fluxes due to rainfall were modelled by CenW_HH with a NSE of 0.86 and gap-

filled data from foggy conditions with a model efficiency of 0.87. Differences 

between modelled and gap-filled fluxes were attributed to the fact that 

CenW_HH specifically modelled NEP under those climatic conditions, while the 

Reichstein algorithm extrapolates from “good” climatic conditions to those 

causing gaps that were not sufficiently representative of what actually 

happened. 

The half-hourly version CenW developed in this study also helped identify 

weaknesses of EC data and their processing when sampling periods were 

affected by the presence of grazing animals in the flux footprint. To the best of 

my knowledge, this was the first modelling study that looked specifically at the 

effects of cattle respiration on long-term eddy covariance NEP measurements. 

The importance of taking this extra respiratory C loss into account was 

highlighted both in terms of model/data agreement and, of more importance, to 

derive the NECB of the farm. 

Gap-filled data gave erroneous estimates for grazing days because the gap-

filling procedure was parameterised from observations with days without 

grazing events in the footprint and therefore did not include the large respiratory 

losses from cattle respiration causing most of the observed discrepancies 

between simulations and data. 

Differences between actual observations and simulations were less pronounced 

than those encountered for the gap-filled ones because they have no direct 

effects on the annual carbon balance. They did, however, add bias to model 
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carbon fluxes estimates, reducing the model efficiency and possibly biasing the 

set of optimised parameters. The detailed analysis of modelled and observed 

carbon fluxes showed that more precise records of animals position on the farm 

on some periods were needed to achieve a better simulation of the fluxes. 

Night-time observations proved to be the more problematic, probably because 

more data gaps needed to be filled. Also, during nights, base ecosystem 

respiration and animal respiration added together were more likely to reach the 

data rejection threshold, as compared with day time, where more 

optimal/appropriate turbulence conditions are encountered and large respiratory 

carbon losses from grazing cattle were balanced by photosynthetic carbon 

uptake so that net fluxes were more likely to remain within the observations 

window of the eddy-flux system. The biggest differences were encountered with 

the 2009 data and were related to changes in grazing practices with smaller 

herds grazing in 2008, which caused smaller respiration spikes than in 2009, 

when larger herds grazed paddocks for shorter duration but more intensively. 

The non-capture of cattle respiration during grazing events was estimated to 

have amounted to non-recorded respiratory losses from gap-filled periods alone 

of 262 kgC ha–1 y–1 and 500 kgC ha–1 y–1 in 2008 and 2009, respectively. By 

taking into account these additional carbon losses in annual NEP calculations, 

the inferred NECB was reduced by 31% in 2008 and by around 113% in 2009, 

which had important effects on the carbon status of the farm. 

The study of NEP fluxes measured during grazing events in the footprint of the 

eddy covariance tower proved that grazing cattle respiration was not likely to be 

accounted for or partly missed, which caused a significant bias in the dataset, 

especially for gap-filled fluxes, and led to an overestimation of the farm carbon 

budget. 

7.2 Perspectives for future researches 

The model was successfully tested over a challenging dataset and proved that 

good agreements between modelled and observed water and carbon fluxes 

were possible after a rigorous parameterisation of the model. However, as 
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CenW_HH has only been tested and validated on a single study site and with 

only one dataset, it would be necessary to test it on multiple datasets and 

locations to fully validate it and reach a better understanding of parameters 

uncertainties and variabilities.  

Currently, the model could only be applied to pastoral systems as it has only 

been developed to run on this ecosystem type. Further development of the 

model equations is still possible if the model needs to be applied to other 

ecosystems. These modifications and runs on other systems would be required 

to achieve global-scale estimates of carbon, energy, and water fluxes. 

Mechanistic are particularly adapted for testing scenarios (Cuddington et al. 

2013). Also, as a process-based model, e.g. based on the theoretical 

understanding of ecological processes, CenW_HH is highly valuable for testing 

scenarios. Interesting scenarios could be related to modifications of farming 

practices in order to identify which practices could be implemented to store 

more carbon in the soil or to better understand how climate change would affect 

ecosystems in the long term. 
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