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Abstract 

The current rise in the atmospheric CO2 concentration (Ca) provides both challenges and 

opportunities to terrestrial plant communities.  Higher Ca provides a benefit to plants by 

allowing them to achieve higher photosynthetic rates at lower stomatal conductance (gs).  On 

the other hand, the negative impact of rising Ca is global warming. Rising temperatures 

directly affect plants but also increase the dryness (vapour pressure deficit, D) of the air.  

Higher D could reduce gs and thus photosynthesis, leading to a loss of plant fitness. 

Terrestrial vegetation models can be used to quantify the combined impact of these 

environmental changes but need to be evaluated for their performance against observations.   

This thesis focuses on evaluating Ca responses of Australian ecosystems, which feature 

evergreen trees adapted to frequent water deficits. In the following chapters, I focus on three 

major components of terrestrial vegetation models: leaf area index (LAI); the response of gs 

to D; and the response of gs and photosynthesis to elevated Ca.  These three components are 

particularly important for the modelling of rising Ca because the leaf scale response is 

captured by the responses of gs and photosynthesis to water deficit and Ca, while LAI is 

particularly important for the up-scaling of leaf level carbon and water fluxes to the whole 

ecosystem. Improvements in these components are thus likely to reduce the uncertainties in 

current terrestrial vegetation models.  

In Chapter 2, I test the concept of ecohydrological equilibrium for its ability to predict key 

traits of Australian evergreen ecosystems. This theory posits that long-term equilibrium LAI 

(Lequ) is determined by water availability.  The predicted LAI values and the response to Ca 

both compared well to those of satellite-derived data.  These results indicate that Lequ could 

be a useful alternative to satellite-derived data to terrestrial vegetation models to guide 

foliage carbon allocation.   

In the second research chapter (Chapter 3), I compared existing gs models and commonly 

used assumptions (i.e., hydraulic and non-stomatal limitations) for their ability to predict leaf 

and canopy-scale carbon and water fluxes under high D.  I found that incorporating an 

empirical non-stomatal limitation of apparent photosynthetic capacity with increasing D 

improved model performance against data and outperformed models incorporating hydraulic 

limitation . The results suggest that future models should consider non-stomatal limitations to 

photosynthesis, especially in high-D environments. 



 
 

The Chapter 4 of this thesis aimed to determine the gross primary productivity (GPP) under 

ambient and elevated Ca (+38%; 150 µmol mol-1) at the Eucalyptus Free Air CO2 Enrichment 

(EucFACE) experiment. I parameterised the process-based model, MAESTRA, with a suite 

of in situ measurements of canopy structure and plant physiology shared with me by the 

EucFACE scientific community.  I also conducted an attribution analysis to explore the 

determinants of the response of GPP to elevated Ca.  My findings indicate a relatively small 

elevated Ca response of GPP (+8%) in the evergreen woodland. My results are key to 

understanding the response of this ecosystem to elevated Ca. 

In summary, the findings from this thesis provide some key insights into current gaps in the 

modelling of terrestrial vegetation.  The results show viable options to improve the leaf gas 

exchange and LAI submodels that are used by terrestrial vegetation models. Overall, this 

thesis suggests ways for future terrestrial vegetation models to address these gaps for more 

realistic predictions under changing climate and rising Ca.  
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Chapter 1. Introduction 

1.1 Climate change in Australia 

The climate to which Australian plants are adapted is under change. The atmospheric carbon 

dioxide concentration (Ca) has increased significantly since the beginning of the industrial era 

(Joos and Spahni, 2008) and is projected to increase by 1.5-8 (μmol mol-1 yr-1) in future 

(IPCC, 2014).  Although this increase in Ca could potentially stimulate plant growth (Swann 

et al., 2016; Roy et al., 2016), the benefit could be offset by the accompanied increase in 

temperature.  Since 1910, Australia’s climate has warmed by around 1°C and is further 

projected to increase by 2.8–5.1°C by 2090 (Representative Concentration Pathways 8.5; Dey 

et al., 2019).  Since temperature controls the saturating vapour pressure via the Clausius-

Clapeyron relationship, a change of temperature translates into a change in D with constant 

actual vapour pressure.  The increase in D thus might result in increase of atmospheric 

demand of water which is already much higher than the supply (precipitation) in most regions 

in Australia (Figure 1.1). The mean annual temperature is predicted to increase by 0.5-5 ºC 

by 2090 resulting in an increase of potential evapotranspiration by up to 18% (IPCC, 2014).  

 

Figure 1.1. The aridity of Australia shown as the ratio of potential evapotranspiration (PET) 

to mean annual precipitation (MAP).  Data obtained from eMAST (Ecosystem Modelling and 
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Scaling Infrastructure; Whitley et al., 2014) from 1991 to 2011. Only the regions coloured in 

blue have MAP higher than PET.  

 

Rainfall over Australia shows large spatial and temporal variation (Smith, 2004; Nicholls, 

2006; Risbey, 2011; Dey et al., 2019).  In southwest Australia, annual rainfall has been 

reduced by 17% since the 1960’s, with most of the reduction in winter (Smith, 2004; Timbal, 

2004).  A similar but weaker trend has also been reported in central and eastern Australia 

(Smith 2004; Risbey, 2011).  The only region experiencing an increase in mean annual 

rainfall is northwest Australia, where rainfall has mainly increased during the summer (the 

wet season). Projections of future rainfall in Australian remain uncertain (CSIRO and Bureau 

of Meteorology, 2015; Dey et al., 2019). However, even if rainfall does not decrease in the 

future, the increase of temperature alone would pose challenges for plants in Australia.     

1.2 Observed ecosystem responses to climate change 

The increase in D and variable rainfall expose plants to water scarcity (increasing aridity 

and/or more frequent drought).  Water scarcity has been identified as a major cause of loss of 

ecosystem productivity (Phillips et al., 2009; Wright et al., 2013; Huang et al., 2016; 

Humphrey et al., 2018) and even mortality globally (Allen et al, 2010; Choat et al., 2012; 

Choat et al., 2018).  Within Australia, a recent drought in southeast Australia (i.e., the 

‘Millennium Drought’ during 2001–2009) reduced the crop yield by ~20% (van Dijk et al., 

2013).  Ma et al. (2016) analysed the satellite-based enhanced vegetation index and showed 

that the carbon uptake declined with decreasing precipitation in semi-arid Australia. At the 

moment of writing this thesis, Australia, particularly Queensland and New South Wales, are 

going through one of the worst droughts on record (High resolution monthly and multi-

monthly rainfall gridded datasets from 1900 onwards; Bureau of Meteorology).   

The impacts of water scarcity, on the other hand, might be mitigated by higher Ca (Swann et 

al., 2016; Roy et al., 2016).  Increasing Ca enhances plant water use efficiency (WUE; i.e., 

carbon gain per unit water loss) due to the stimulation of photosynthesis (Kimball et al. 1993) 

and the reduction of stomatal conductance (Morison, 1985).  Data from tree rings and 

decadal-scale eddy-covariance studies show a consistent increase of WUE that has been 

attributed to rising Ca (Peñuelas et al., 2011; Knauer et al., 2017).  Satellite-based Earth 

Observation data are also available for a sufficiently long period to allow analysis of trends 

over time. Since 1980s there has been a general greening trend over most parts of the world 
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(Zhu et al., 2016; Yang et al., 2016) as well as Australia (Donohue et al., 2009), indicating a 

potential increase of leaf area index (LAI; single-sided leaf area per unit ground; m2 m-2).  

These findings indicate that, under high Ca, plants may reduce water use per unit leaf area in 

exchange for a higher LAI.  Indeed, Ukkola et al. (2015) show that plants in dry regions 

increased LAI during 1982 to 2010 based on satellite-derived vegetation index and ground-

based evapotranspiration measurements from 190 river basins in Australia.  Increasing water 

scarcity and Ca thus have opposing effects on plants and need to be modelled to better 

understand how their effects will combine to determine plant behaviour under future 

conditions.  

The size of the atmospheric carbon stock is the result of the global carbon cycle as well as 

anthropogenic emissions.  Future Ca will be determined by the release of carbon from sources 

and the uptake by sinks.  Terrestrial vegetation is a key component of the global carbon cycle.  

It contributed to a carbon sink of 2.5 PgC yr–1 (Pan et al., 2011) compared to an ocean sink of 

2.2 PgC yr–1 and an anthropogenic source of -8.7 Pg C yr−1 (Le Quéré et al., 2017).  

Moreover, large temporal and spatial fluctuations (up to 4 PgC yr–1) have been observed in 

the land carbon sink and attributed to changes in plant productivity (Battle et al., 2000; 

Schimel et al., 2001).  The semi-arid region covering most of Australia has a profound 

influence on the inter-annual variability of terrestrial carbon sink (Ahlstrom et al. 2015).  

Predicting the productivity of terrestrial vegetation is important not only to examine the 

health of the plants but also to forecast future Ca, because of the interactions between plant 

productivity and Ca.  The net impact of rising Ca thus depends on the magnitude of increase 

of Ca as well as the response of terrestrial vegetation.   

1.3 Field studies of ecosystems under future conditions 

Pioneering studies using open-top chambers to expose whole trees to elevated Ca reported a 

stimulation of photosynthesis of up to 51% (Eamus and Jarvis, 1989; Curtis and Wang 1998; 

Saxe et al. 1998; Medlyn et al., 1999).  Later, Free Air Carbon Enrichment (FACE) was 

applied to explore the response of whole ecosystems to elevated Ca under field conditions 

around the world.  It has been shown that, on average, an increase of Ca from 360 to 560 

μmol mol-1 results in a 22% reduction in stomatal conductance (gs) and a 31% increase in 

photosynthesis (Norby et al., 1999; Ainsworth and Rogers, 2007; Norby and Zak, 2011).  

However, the responses of gs and photosynthesis to Ca vary among plant functional types.  
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The effect of rising Ca also depends on water limitation.  However, plants respond differently 

to air and soil dryness. Eamus et al. (1995) showed that photosynthesis and its response to 

elevated Ca were insensitive to D in Eucalyptus tetrodonta saplings.  Ainsworth and Rogers 

(2007) reported that the combined impact of dry soil and high D tended to diminish the Ca 

effect.  Dry soil alone may also have a large impact on plant responses to Ca.  The response 

of desert shrubs to elevated Ca was only observable during wet periods (Hamerlynck et al., 

2002; Naumburg et al., 2003).  Duan et al. (2014) showed that the benefits of rising Ca did 

not ameliorate drought-induced mortality in Eucalyptus seedlings.  Kelly et al. (2015) 

reported that the plants reduced LAI but maintained gs under prolonged drought and that 

elevated Ca reduced the impact of drought.  The impact of water limitation on the plant 

responses to elevated Ca might be large and might vary with species and environments. These 

observations pose challenges to our knowledge of plant response to rising Ca under changing 

climate.  It is thus important to test whether current theories and models can explain and 

capture the observed response of LAI and leaf gas exchange to increasing dryness and Ca.   

1.4 Terrestrial biosphere models (TBMs)  

TBMs are numerical representations of terrestrial vegetation function. TBMs all use 

environmental and physiological data to predict carbon, water, energy, and nutrient fluxes but 

early TBMs started with separate developments for different purposes.  There are land 

surface models, which focus on the water and energy balance of the atmosphere-soil system 

with plants being a constant modifier (e.g., Bonan, 1995).  However, these models ignore the 

impact of the change of vegetation under varying environments.  On the other hand, 

terrestrial biogeochemistry models (e.g., Parton et al., 1993; Foley, 1994) focus on the flow 

of carbon and nutrients between plants and soil.  These models do not allow feedbacks 

between vegetation and atmosphere.  To address these issue, dynamic global vegetation 

models were proposed (e.g., Foley et al. 1996).  This newer thread of models incorporates 

both atmosphere-plant-soil feedbacks and dynamic vegetation distribution constrained by the 

environment.  More recent model developments have assimilated the strength of the previous 

approaches and diminished the differences among the types of models (e.g., LPJ in Sitch et 

al., 2003; CABLE in Kowalczyk et al., 2006; DAYCENT in Parton et al., 2010).    

The atmosphere-plant-soil feedback in TBMs plays a key role in forecasting the trajectories 

of future climate, Ca, and vegetation productivity (e.g., Cox et al., 2000; Pitman, 2003; 

Scholze et al., 2006; IPCC, 2014).  However, evaluations of TBMs show that there are still 

large uncertainties in their predictions.  Arora et al. (2013) reported large differences in the 
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predicted response of terrestrial carbon budget to rising Ca in the models in CMIP5 (phase 5 

of the Coupled Model Intercomparison Project). Piao et al. (2013) evaluated 10 TBMs and 

showed models being overly sensitive to Ca and rainfall.  Zaehle et al. (2014) compared 11 

TBMs with data from two FACE sites and illustrated a large discrepancy in the predicted 

productivity and its response to elevated Ca among the models.  This result is supported by 

Medlyn et al. (2016) who applied the same evaluation to a FACE site in Australia.  The 

discrepancy can be attributed to the differences in the formulation of key processes in TBMs: 

the photosynthesis and stomatal conductance models (Medlyn et al., 2016); the scaling from 

leaf gas exchange to canopy (Jarvis, 1995); the carbon allocation to leaf (Li et al., 2018); and 

the impacts of dry air (De Kauwe et al., 2015) and soil (Zhou et al., 2013; Drake et al., 2017) 

on plants.     

1.5 Identified gaps  

I identified three major gaps where models currently do not represent Ca and dryness effects 

well. Although this thesis focused on Australian ecosystems, existing evidence across the 

world suggest that these gaps apply to other continents and ecosystems. First, there is a large 

divergence between the predicted leaf area index (LAI; m2 m-2) among TBMs, and between 

model predictions and in situ and satellite-derived observations (e.g., De Kauwe et al. 2014; 

Medlyn et al., 2016). Studies also show that the models over-estimate the response of LAI to 

elevated Ca because LAI in the models depends on the predicted GPP and carbon allocation 

(De Kauwe et al. 2014; Mahowald et al. 2016).  The result of this inter-dependence likely 

leads to the unrealistic predictions of LAI (Anav et al. 2013; Murray-Tortarolo et al., 2013; 

Mahowald et al. 2016) and exaggerated effects of Ca on LAI (De Kauwe et al. 2014; 

Mahowald et al. 2016; Medlyn et al., 2016).  It is thus critically needed to improve 

mechanisms in TBMs to constrain LAI predictions.   The ecohydrological equilibrium theory 

proposed by Eagleson (1982) added water balance as a constraint on LAI (i.e., LAI comes 

into equilibrium with the water availability).  However, only a few early attempts tried to 

incorporate the ecohydrological equilibrium theory into vegetation models (Woodward, 1987; 

Nemani and Running, 1989; Haxeltine et al. 1996; Kergoat et al., 2002; Woodward and 

Lomas, 2004).  None of these earlier attempts were incorporated into TBMs, despite an 

attempt in SDGVM by Woodward and Lomas (2004) which surprisingly did not successfully 

improve the predictions.  

Second, at the leaf scale, stomatal regulation is directly related to the dryness of the air 

(Cowan and Farquhar, 1977; Ball et al., 1987; Mott and Parkhurst, 1991).  The leaf gas 
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exchange models in the TBMs, however, predict divergent stomatal behaviour with 

increasing D (De Kauwe et al., 2015; Knauer et al., 2015; Franks et al., 2017).  This 

difference among models highlights the lack of mechanistic understanding of stomatal 

regulation in dry air.  One plausible hypothesis is that plants regulate gs to ensure hydraulic 

safety: when the air is dry the plant water supply might be insufficient to match the demand; 

the plants thus reduce gs to avoid hydraulic failure (e.g., Buckley, 2005; Eamus et al., 2008).  

Alternatively, stomatal regulation at high D could be the result of the down-regulation of 

photosynthesis (i.e., the ‘Midday depression’; Huang et al., 2006): when photosynthesis 

reduced, the demand of CO2 decreased, thereby leading to a closure of stoma to save water 

(Tezara et al., 1999; Lawlor and Cornic, 2002). Neither of these hypotheses have been widely 

tested or incorporated in TBMs.  

Third, the response of canopy carbon flux is crucial to determining the ecosystem carbon 

budget in the future.  Nevertheless, current models predicted a divergence of responses of 

carbon flux to rising Ca at ecosystem (De Kauwe et al., 2014; Zaehle et al., 2014; Medlyn et 

al., 2016) and global (Ciais et al., 2013; Piao et al., 2013) scales.  The observations are also 

showing discrepancy at leaf and canopy scales.  The observations of leaf gas exchange to 

elevated Ca consistently showed increase (Ainsworth and Rogers; 2007) and could be 

captured by models (e.g., Leuning, 1995; Medlyn et al., 2011).  At whole-tree scale, however, 

mature forest growth did not show observable response to elevated Ca (e.g., Finzi et al., 2002; 

Kӧrner et al., 2005; Ellsworth et al., 2017).  The inconsistency between leaf and canopy 

responses indicates issues how models scale fluxes from the leaf to the canopy.  Quantifying 

photosynthesis at the canopy scale is thus important to resolve the scaling issue in TBMs.   

1.6 Research targets 

The previous sections synthesised the current knowledge and identified the gaps in the 

understanding of the impacts of elevated Ca and water limitation on ecosystem carbon uptake. 

The overall aim of this thesis was to use a modelling framework, combined with data, to 

address these gaps.  Specifically, this thesis aimed to improve three components of TBMs: 

prediction of LAI; leaf gas exchange responses to increasing D; and scaling of Ca effects 

from leaf to the whole-canopy.  The first goal of this thesis is thus to explore the capacity of 

ecohydrological equilibrium theory to predict LAI at large scales. The second goal is to 

improve the modelling of photosynthesis and gs responses to rising D using nonstomatal 

limitation.  The last goal is to quantify the responses of canopy carbon flux to elevated Ca and 

to partition the response to individual drivers.   
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The potential to use ecohydrological equilibrium theory as a parsimonious solution to 

calculate long-term steady-state LAI can be further explored.  Following McMurtrie et al. 

(2008), I took the approach of implementing the theory as simply as possible, applying a 

minimal set of equations to predict the long-term equilibrium.  This approach allowed me to 

focus on evaluating the performance of the theory independent of other model assumptions.  I 

tested several alternative implementations of the theory, identified the best-performing 

model, and evaluated the predictions against in situ data and satellite-derived estimates for 

Australia. To test its capacity to predict LAI in future environmental conditions, I also used 

the model to predict the recent trend in LAI with the increase in Ca and compared the 

predictions to satellite-derived observations.  The outcome from this study should indicate 

whether incorporation of this theory is a potential avenue to improve the foliage carbon 

allocation schemes in existing TBMs.   

There is also a need to resolve the cause of divergence of leaf gas exchange at high D and to 

identify the most appropriate approach to inform the TBMs.  I thus evaluated current models 

and a range of hypotheses in a woodland site where D reaches high levels every summer 

(mean daily maximum = 2.7 kPa; maximum overall = 8 kPa).  Previous studies in and around 

this site provided the opportunity to evaluate the models and hypotheses on different scales.  

On leaf scale, the models were parameterized with and evaluated against leaf gas exchange 

data.  The best model was then selected and implemented into a process-based stand scale 

model, MAESTRA (Duursma and Medlyn, 2012), to explore whether improvements could 

also be made at the canopy scale.  These findings would inform TBMs with the key 

limitation(s) of leaf gas exchange under high D.     

The last study aimed to improve the prediction of the response of canopy carbon flux to rising 

Ca.  I used MAESTRA to assess the ambient of carbon flux and the response to elevated Ca.  

I first parameterised the model with in situ physiological and meteorological measurements 

taken during the course of the four-year experiment (2013-2016), and then predicted the 

ecosystem carbon flux under ambient and elevated Ca and evaluated the predicted 

transpiration against estimates from sap flow data.  The aims of this study were thus to: 

determine the upscaled GPP and transpiration of a mature evergreen woodland; quantify the 

CO2 response of GPP and transpiration; partition the impacts of each limiting factor. 

The following chapters thus explored these questions: 
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i. Could consideration of water balance help predict long-term steady-state LAI?  

(Chapter 2) 

ii. How is leaf water use (regulated by gs) balanced with canopy water use (related to both 

LAI and gs) and how is the relationship affected by climate change? (Chapter 2) 

iii. Under high D, could any existing model capture the observations? If not, is the issue 

with the photosynthesis or the gs modelling? (Chapter 3) 

iv. What is the baseline carbon flux of Australian evergreen woodlands? How does it 

change with rising Ca? (Chapter 4) 

1.7 Candidate contributions 

Chapter 2 is published as Yang, J., Medlyn, B. E., De Kauwe, M. G. and Duursma, R. A.: 

Applying the Concept of Ecohydrological Equilibrium to Predict Steady State Leaf Area 

Index, J. Adv. Model. Earth Syst., 10(8), 1740–1758, doi:10.1029/2017MS001169, 2018. 

In Chapter 2, the candidate conceived and designed the model and obtained data for the 

simulation.  The candidate also drafted the manuscript.  B.E.M., M.G.DK, and R.A.D. 

provided comments on the daft.  

Chapters 3 and 4 are in preparation for submission as journal articles. It is anticipated that the 

publication associated with Chapter 3 will have the following co-authors: B. E. Medlyn, R. 

A. Duursma, M. G. De Kauwe, D. Kumarathunge, T. E. Gimeno, K. Y. Crous, D. S. 

Ellsworth, K. Mahmud, J. Peters, B. Choat, D. Eamus, M. Jiang.  The anticipated co-authors 

of Chapter 4 are: B. E. Medlyn, R. A. Duursma, M. G. De Kauwe, M. Jiang, D. 

Kumarathunge, T. E. Gimeno, K. Y. Crous, D. S. Ellsworth.  

In Chapter 3 and 4, the candidate designed the study, developed the codes for analyses, 

modified the original MAESTRA model, compiled the meteorological and physiological data 

sets used in both simulations, analysed the results and wrote the chapters.  The rest of the co-

authors contributed their data, except for B.E.M., M.G.DK, R.A.D., and M.J., who provided 

supervisory advice and helped revise the manuscripts.   
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Chapter 2. Applying the concept of ecohydrological equilibrium to predict steady-state 

leaf area index  

2.1 Abstract  

Leaf Area Index (LAI) is a key variable in modelling terrestrial vegetation, because it has a 

major impact on carbon and water fluxes.  However, several recent inter-comparisons have 

shown that modelled LAI differs significantly among models, and between models and 

satellite-derived estimates.  Empirical studies show that LAI is strongly related to 

precipitation. This observation is predicted by the ecohydrological equilibrium theory, which 

provides an alternative means to predict steady-state LAI.   

We implemented this theory in a simple optimization model. We hypothesized that, when 

water availability is limited, plants should adjust steady-state LAI and stomatal behaviour to 

maximize net canopy carbon export, under the constraint that canopy transpiration is a fixed 

fraction of total precipitation.  

We evaluated the predicted LAI (Lopt) for Australia against ground-based observations of LAI 

at 135 sites, and continental-scale satellite-derived estimates.  For the site-level data, the root 

mean square error (RMSE) of predicted Lopt was 1.07 m2 m-2, similar to the RMSE of a 

comparison of the data against nine-year mean satellite-derived LAI (Lsat) at those sites.  

Continentally, Lopt had a R2 of 0.7 when compared to Lsat.  The predicted Lopt increased 

continental-wide with rising atmospheric CO2 concentration over 1982-2010, which agreed 

with satellite-derived estimations, while the predicted stomatal behaviour responded 

differently in dry and wet regions.  

Our results indicate that long-term equilibrium LAI can be successfully predicted from a 

simple application of ecohydrological theory. We suggest that this theory could be usefully 

incorporated into terrestrial vegetation models to improve their predictions of LAI.  
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2.2 Introduction 

Leaf Area Index (LAI; or L in equations) is a key biophysical variable in terrestrial biosphere 

models (TBMs), as it determines the exchange of carbon and water between the vegetation 

and the atmosphere.  However, current TBMs systematically overestimate LAI when 

compared to satellite-derived estimates (Anav et al. 2013; Murray-Tortarolo et al., 2013; 

Mahowald et al. 2016).  At individual sites, recent model inter-comparisons have shown that 

there is a sizeable spread amongst models (>4 m2 m-2) in predicted maximum LAI (Walker et 

al. 2014; Medlyn et al. 2016).  Models also disagree about the size of the projected change in 

LAI in response to warming and increasing atmospheric carbon dioxide (Ca; De Kauwe et al. 

2014; Mahowald et al. 2016).  Typically, these models predict LAI as the outcome of leaf 

growth (dependent on net primary productivity, its allocation to leaves, and leaf mass per 

area) and turnover processes (usually constant input parameters).  Uncertainty across models 

arises from differences in the way these processes are implemented, reflecting a lack of 

mechanistic understanding of the controls of these processes (De Kauwe et al. 2014).   

An alternative approach that could be used to predict LAI is based on the idea of 

ecohydrological equilibrium: that the LAI comes into equilibrium with the water availability 

at a given location (Eagleson, 1982).  There is strong empirical support for a relationship 

between LAI and water availability especially in evergreen ecosystems.  In Eucalyptus-

dominated ecosystems in Australia, Specht and Specht (1989) found a strong (R2 = 0.8) 

relationship between LAI and an evapourative coefficient, represented as relative 

evapotranspiration / precipitation.  Similarly, Ellis and Hatton (2008) reported a linear 

relationship between LAI and precipitation (R2 = 0.8) across eucalypt woodlands in southern 

Australia.  Donohue et al. (2013) demonstrated a strong correlation between precipitation and 

satellite-derived maximum foliage coverage in dry regions of Australia.  Across rainfall 

gradients of California, USA, Jin and Goulden (2014) analyzed precipitation and satellite-

derived absorbed photosynthetically active radiation (QAPAR; generally assumed to be 

proportional to LAI), and found a saturating relationship, with the sensitivity of QAPAR to 

precipitation being higher in drier regions.  Globally, Iio et al. (2014) reported a strong LAI 

correlation with wetness index (precipitation/potential evapotranspiration) in dry regions, 

although the relationships varied with plant functional types (R varying from 0.13 to 0.57).  

There have been relatively few attempts to incorporate this well-understood control on LAI 

into vegetation models.  Woodward (1987) was the first to apply the idea of ecohydrological 

equilibrium in a large-scale model, predicting equilibrium LAI (Lequ) from considerations of 
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water and energy balance. In his approach, transpiration was calculated using the Penman-

Monteith equation, in which increasing LAI was assumed to increase both canopy absorbed 

radiation and surface conductance.  Lequ was given by the maximum value of LAI for which 

transpiration is less than incoming precipitation. Thus, Lequ maximized the absorbed radiation 

subject to the constraint of water availability.  Since this calculation was based only on 

energy and water balance, it did not predict any change in Lequ with rising Ca.   

Nemani and Running (1989) also used this theory to predict Lequ at stand scale. These authors 

used the FOREST-BGC model and empirical data to estimate the baseline transpiration and 

associated Lequ in one experimental pine stand in Montana, USA.  They then modelled 

transpiration for 20 other similar stands and, by assuming the Lequ-transpiration relationship is 

constant, predicted Lequ for each stand. They found a strong correlation with the observed LAI 

(R2 = 0.87).  However, this approach cannot be applied more broadly, since the relationship 

between transpiration and Lequ will vary with ecosystem type.  

Kergoat (1998) suggested that a combination of water and carbon limitations would predict 

more realistic Lequ than consideration of water limitation alone and included two constraints 

on Lequ: (i) plant transpiration (a function of both stomatal conductance (gs) and LAI) must 

not deplete soil moisture below a critical point; and (ii) the bottom layer of the canopy must 

have a positive carbon balance.  Lequ was then predicted as the maximum LAI that satisfies 

these constraints.  The predicted Lequ captured the LAI variation by biome globally, and the 

associated runoff matched observations in 28 sites.  Kergoat et al. (2002) expanded the model 

in Kergoat (1998) by additionally accounting for the construction cost of leaves and reported 

improved accuracy as compared to satellite-derived LAI.  The approach proposed by Kergoat 

et al. (2002) has not been widely adopted, possibly because of computational demands of a 

daily optimization.  

Beerling and Woodward (2001) incorporated Lequ as a component of Sheffield Dynamic 

Global Vegetation Model (SDGVM).  The Lequ in SDGVM was based on similar carbon 

constraints as Kergoat et al. (2002) but differed in the water balance constraint: they assumed 

that plant transpiration should be less than the precipitation reaching the ground.  They also 

avoided the need to iterate by calculating LAI from the water and carbon balances of the 

previous year in a multi-year simulation.  Woodward and Lomas (2004) validated the LAI 

predicted by SDGVM against optical measurements from the FLUXNET network and found 

a strong correlation (R2 = 0.8) across 52 sites.  The Lequ model in SDGVM is more practical 

than the Kergoat models because of the simplification of water balance calculation.  The 
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goodness of fit of SDGVM Lequ to observations suggested that such a simplification may be 

reasonable and necessary considering the limitation in computational capacity.  However, 

some recent applications of the SDGVM model have found it to significantly overestimate 

LAI at specific sites (Medlyn et al. 2016, De Kauwe et al.  2017).  

One feature common to all the models described above is that the gs response to drying soil is 

a fixed function of soil moisture.  However, there is increasing empirical evidence to suggest 

that there are important differences in plant stomatal behaviour across ecosystems and 

climatic zones (Lin et al. 2015).  We take an alternative approach to predicting the 

ecohydrological equilibrium, based on the MATEY (Model Any Terrestrial Ecosystem – 

Yearly) model proposed by McMurtrie et al. (2008).  In the original MATEY model, plants 

are assumed to maximize net carbon export by regulating both gs and LAI, subject to the 

constraint that evapotranspiration cannot exceed a given fraction of incoming precipitation.  

The MATEY model thus optimizes both LAI and gs at the same time.  McMurtrie et al. 

(2008) evaluated their model at two forest stands but not on larger scales.  We identified that 

a potential issue of optimizing both gs and LAI is that the variabilities of gs and LAI are on 

different temporal scales (minutes versus weeks).  Hence, we characterized the variability of 

gs using a model of stomatal behaviour in which variation is represented by the stomatal 

slope parameter g1 (Eqn. 11; Medlyn et al., 2011; Prentice et al. 2014).  The term g1 is related 

to the water cost per unit carbon gain introduced by Cowan and Farquhar (1977) and is 

similar to the fitted slope in the widely-used Ball-Berry model (Ball et al., 1987). 

Here, we investigate whether this optimality theory can successfully predict LAI across the 

Australian continent. Following McMurtrie et al. (2008) we take the approach of 

implementing the theory as simply as possible, applying a minimal set of equations to predict 

the long-term equilibrium. This approach allows us to focus on evaluating the performance of 

the theory independent of other model assumptions. Success of this simple parsimonious 

approach would indicate that the theory could usefully be incorporated into TBMs as an 

alternative to existing foliage carbon allocation schemes. We chose Australia as an example 

to evaluate the applicability of the concept of ecohydrological equilibrium because abundant 

and high-quality data are available for model construction (i.e., plant physiology and 

meteorology) and evaluation (i.e., g1 and LAI data).  In addition, Australia is dominated by 

evergreen ecosystems, for which the steady-state approach is more easily interpreted. 

Utilizing the theory to predict LAI of deciduous ecosystems would require an additional set 

of assumptions regarding phenology (e.g., Caldararu et al., 2014).  
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The goal of this research is thus to explore the capacity of ecohydrological equilibrium theory 

to predict LAI at large scales. The outcome from this study should indicate whether 

incorporation of this theory is a potential avenue to improve the foliage carbon allocation 

schemes in existing TBMs.  We tested several alternative implementations of the theory, 

identified the best-performing model, and evaluated the predictions against in situ data and 

satellite-derived estimates for Australia. To test its capacity to predict LAI in novel 

environmental conditions, we also used the model to predict the recent trend in LAI with the 

increase in atmospheric carbon dioxide and compared the predictions to satellite-derived 

observations.   
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2.3 Materials and Methods  

2.3.1 Model 

The model, named EELS (Ecohydrological Equilibrium Leaf-area-index Simulator; Version 

1.0), is a variant of the MATEY model (McMurtrie et al. 2008).  It optimizes canopy net 

carbon export (Pnet; g C m-2 yr-1), the difference between canopy production and leaf 

construction and respiration costs, for a given long-term climate, which is specified by the 

atmospheric CO2 concentration (Ca; μmol mol-1), mean annual precipitation (WMAP; mm yr-1), 

vapour pressure deficit (D; kPa), and annual total photosynthetically active radiation (QPAR; 

MJ PAR m
-2

 yr
-1

).  Pnet is optimized based on a trade-off between leaf area index (LAI; m2 m-

2) and water use per unit leaf area, here represented by g1 (kPa0.5), the stomatal slope 

parameter (Medlyn et al., 2011).  In the original MATEY model (McMurtrie et al. 2008), the 

optimization was a trade-off between LAI and stomatal conductance (gs; mol H2O m-2 s-1).  

Here, instead of using gs directly, we model gs as a function of the carbon assimilation rate, 

g1, D, and Ca, with the optimal stomatal behaviour model of Medlyn et al. (2011).  We chose 

to use g1 because: (i) g1 is related to plant water cost per unit carbon gain (Cowan and 

Farquhar, 1977; Medlyn et al., 2011) and thus combines the impacts of plant physiology, 

genetics, and prior environmental conditions; (ii) g1 is less temporally variable than gs (Lin et 

al., 2015).  A further difference from the original MATEY model is that our model considers 

the cost of foliage (both construction and maintenance), modelled as a function of LAI 

instead of being a fixed fraction of production (McMurtrie et al. 2008).   

The trade-off between LAI and g1 in the model is represented by the responses of light use 

efficiency (εl; g C MJ-1), water use efficiency (εw; g C mm-1), the foliage cost per unit ground 

area (Ctotal; g C m-2 ground), and the absorbed photosynthetically active radiation (QAPAR; MJ 

PAR m-2 yr-1).   Increasing LAI increases the fraction of absorbed QPAR and the transpiration 

fraction but also adds to Ctotal, while increasing g1 enhances εl but reduces εw.  The total 

possible transpiration is set by WMAP and the transpiration fraction, leading to a negative 

relationship between LAI and g1.  As a result, there are optimal values of LAI and g1 (Lopt and 

g1.opt) that maximize Pnet under a given WMAP (Figure 2.1 and 2.2).  This Lopt is different from 

the Lequ, which is based on eco-hydrological equilibrium, by incorporating optimization.  All 

symbols are defined at first use and again in Table 2.1.  Equations are defined in the 

following paragraphs and Text S1.  The model assumes the same equations and parameters 

for all plant functional types.  Alternative assumptions were tested in developing the model 
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(Supplementary Material for Chapter 2) but showed little improvement of the prediction and 

were thus not incorporated for parsimony.  

 

Figure 2.1.  Model behaviour and sensitivity.  Panel (a) shows two examples of how model 

optima are obtained for two mean annual precipitation scenarios, WMAP (500 and 1000 mm; 

solid and dashed lines, respectively).  Other inputs are set to D = 1.5 kPa, QPAR = 3000 MJ 

PAR m-2 yr-1, and Tmax = 25 ºC.  Orange lines indicate gross primary production (Pgross, scale 

on right-hand axis); green lines indicate foliage cost (scale on right-hand axis); black lines 

indicate canopy net carbon export (Pnet), which equals Pgross - Ctotal (Eqn. 8).  Panel (b-d) 

show sensitivity of predicted Lopt to climate factors for two scenarios: dry (WMAP=300 mm yr-

1; D=3 kPa) and wet (WMAP=1500 mm yr-1; D=1 kPa).  Panel (b) shows the relationship of 

Lopt to mean annual precipitation (WMAP) for three values of vapour pressure deficit (D).  

Mean annual photosynthetically active radiation (QPAR) and mean annual maximum 

temperature of each month (Tmax) were fixed to 4000 MJ m-2 yr-1 and 25 °C, respectively.  

Panels (c) and (d) shows the impact of QPAR and Tmax in conditions, respectively.   

 

The water constraint in the model is represented by WT (plant transpiration; mm yr-1), which 

was assumed to be a fraction of evapotranspiration following (Wang et al., 2014):   
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𝑊𝑇 = 𝑎𝑇 ∙  𝐿𝑏𝑇 ∙ 𝑊𝐸𝑇    (1) 

where aT and bT are fitted parameters from Wang et al. (2014), with values of 0.77 and 0.1, 

respectively; L is leaf area index (m2 m-2). WET is evapotranspiration (mm yr-1), which is 

related to mean annual precipitation following Zhang et al. (2001): 

𝑊𝐸𝑇 =
𝑊𝑀𝐴𝑃+2∙𝑐𝑤

1+
2∙𝑐𝑤

𝑊𝑀𝐴𝑃
+

𝑊𝑀𝐴𝑃
𝑐𝑤

     (2) 

where WMAP is the mean annual precipitation (mm yr-1) and cw is an empirical constant (fitted 

potential evapotranspiration) in Zhang et al. (2001), with data for forest ecosystems.  Our 

model here differs from McMurtrie et al. (2008), who assumed a constant fraction (0.8) of 

rainfall was used by the plant.  We used the more complicated calculation of transpiration 

because: (i) Transpiration can be less than half of total evapotranspiration (Yepez et al., 2005; 

Wang et al., 2010; Sutanto et al., 2012; Wang and Dickinson, 2012; Kool et al., 2014); (ii) 

and the fraction of transpiration in evapotranspiration is related to vegetation cover (Liu et al. 

2017).  The impacts of using these functions on the prediction are shown in the 

Supplementary Material for Chapter 2.  

The canopy carbon uptake is related to transpiration by the water use efficiency:   

𝑃𝑔𝑟𝑜𝑠𝑠 = 𝜀𝑤 ∙ 𝑊𝑇     (3) 

where Pgross is gross primary production (g C m-2 yr-1); εw is the transpiration efficiency (g C 

kg-1), calculated following Medlyn et al. (2011; Eqn. S1).  Pgross calculated with water 

limitation has to equal to that calculated with absorbed radiation:  

𝑃𝑔𝑟𝑜𝑠𝑠 = 𝜀𝑙 ∙ 𝑄𝐴𝑃𝐴𝑅     (4) 

where εl is light use efficiency (g C MJ-1 PAR), estimated with the model of Sands (1995 and 

1996) and QAPAR (absorbed photosynthetically active radiation; MJ PAR m-2 yr-1) of the 

canopy is related to LAI by the Beer-Lambert law (Eqn S8).  This QAPAR is the long-term 

average value: the model does not consider inter- and intra-annual variation of climate 

conditions or of LAI.  The responses of εl to Tmax and D follows following Bernacchi et al. 

(2001), Medlyn et al. (2007), and Medlyn et al. (2011).  

The equations for εw (transpiration efficiency; Eqn. 3), εl (light use efficiency; Eqn. 4), and 

QAPAR (absorbed photosynthetically active radiation; Eqn. 4) are as follows.  εw (g C mm-1; 

Eqn. 3) is defined following Medlyn et al. (2011), 
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𝜀𝑤 = 𝑐1 ∙ 𝐶𝑎 ∙
𝑃𝑎𝑡𝑚

𝐷+𝑔1∙√𝐷
   (5) 

where c1 converts from μmol C mol-1 H2O to g C mm-1 H2O; Patm is the atmospheric pressure 

(kPa); g1 is the optimal stomatal conductance parameter (kPa0.5); D is vapour pressure deficit 

(kPa).   Substituting the parameters in Eqn. 3 with Eqn. 5, Pgross (gross primary production) 

can be expressed as a function of g1 from the water-limiting perspective.   

The light use efficiency (εl; g C MJ-1 PAR; Eqn. 4) calculation is based on Sands (1995, 

1996), 

𝜀𝑙 =  c2 ∙ 𝛼 ∙ ∫
sin 𝑥

(1+q∙sin 𝑥+ √(1+q∙sin 𝑥)2−4∙𝜃∙𝑞∙sin 𝑥)
𝑑𝑥)

𝜋/2

0
   (6) 

where c2 converts from µmol C to g C; θ is the curvature of photosynthetic light response 

curve; x is solar elevation angle; and q is defined as, 

𝑞 = 𝜋 ∙ 𝑘 ∙ 𝑄 ∙ c3 ∙
𝛼

2∙ℎ∙(1−𝑚)∙𝐴𝑥
   (7) 

where k is the light extinction coefficient. Although the value of k varies among the plant 

functional types (Zhang et al., 2014), we used a constant value of 0.5, which is the reported 

value for Eucalyptus forest (Sands, 1995) and grassland (Zhang et al., 2014). Q is the daily 

irradiance (MJ m-2 d-1) calculated with QPAR; c3 converts from MJ PAR to µmol; h is the total 

daylight length in hours; α is the quantum yield of photosynthesis calculated following 

McMurtrie and Wang (1993), 

𝛼 =
𝛼𝐽

4
∙

𝐶𝑎− 𝛤∗

𝐶𝑎+ 2∙𝛤∗  (8) 

where αJ is the quantum yield of electron transport (mol mol–1); Ca is atmospheric CO2 

concentration (µmol mol-1); and Γ* is the compensation point (µmol mol-1) calculated based 

on Bernacchi et al. (2001), 

𝛤∗ = exp (c4 −
ΔH

R∙𝑇𝑘
)   (9) 

where c4 is a scaling constant; ΔH is the activation energy; R is the molar gas constant; Tk is 

the leaf temperature (K), which is assumed to be Tmax, the annual mean of monthly maximum 

temperature (ºC), plus 273.15; Ax, is the light-saturated photosynthetic rate at the top of 

canopy (µmol m-2 s-1), given by,  

𝐴𝑥 =
𝐽𝑚𝑎𝑥

4
∙

𝐶𝑖− 𝛤∗

𝐶𝑖+ 2∙𝛤∗  (10) 
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where Jmax is the maximum electron transport rate at the top of the canopy (µmol m-2 s-1); and 

Ci (intercellular CO2 concentration; µmol mol-1) is defined by the unified stomatal 

optimisation model (Medlyn et al., 2011), 

𝐶𝑖 =  𝐶𝑎 ∙  
𝑔1

𝑔1+ √𝐷
  (11) 

Substituting the parameters in Eqn. 5 with Eqn. 6-11, εl can be expressed as a function of g1 

(kPa0.5).    

QAPAR (absorbed photosynthetically active radiation; MJ PAR m-2 yr-1; Eqn. 4) of the canopy 

is related to leaf area index (LAI; m2 m-2) by the Beer-Lambert Law, 

𝑓𝐴𝑃𝐴𝑅 = 1 − 𝑒−𝑘∙𝐿  (12) 

𝑄𝐴𝑃𝐴𝑅 = 𝑄𝑃𝐴𝑅 ∙ 𝑓𝐴𝑃𝐴𝑅  (13) 

where fAPAR is the fraction of absorbed photosynthetically active radiation. Substituting the 

parameters in Eqn. 4 with Eqn. 12 and 13, Pgross can be expressed as a function of LAI (leaf 

area index).   Since light-limited and water-limited Pgross must equal (combining Eqn. 3 and 

Eqn. 4), g1 can be solved as a function of LAI by iteration.  

Eqn. 3 and 4 are the key equations describing the water and light constraints in the model and 

the trade-off between g1 and LAI.  Combining Eqn. 3 and 4, g1 can be solved as a function of 

LAI.  As a result, Pgross can be calculated as an implicit function of LAI, which is solved by 

iteration. The carbon cost of building leaves is given by Ctotal, which includes the 

maintenance respiration, construction respiration and construction cost per unit ground area 

(g C m-2 yr-1), defined as a function of LAI: 

𝐶𝑡𝑜𝑡𝑎𝑙 = 𝑐𝑟 ∙ 𝑅𝑚 ∙ 𝐿 + 𝐶𝑐𝑜𝑠𝑡 ∙ 𝐿      (14) 

where cr converts µmol C m-2 s-1 to g C m-2 yr-1; Rm is maintenance respiration per unit leaf 

area (µmol m-2 s-1); Ccost is the carbon cost of construction, including construction respiration 

per unit leaf area (g C m-2 leaf).  To estimate Rm, we used the Australian subset of the 

GLOBRESP data set (Atkin et al. 2015) and took the mean across available data.  We 

assumed that the rate of respiration acclimates to the prevailing mean temperature and thus 

the value for Rm is taken to be a constant.  We also considered two alternative assumptions 

for Rm, namely a relationship with WMAP or a relationship with leaf mass per area.  The effects 

of these alternative assumptions are shown in the Supplementary Material for Chapter 2.   

The construction cost, Ccost, is calculated as: 
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𝐶𝑐𝑜𝑠𝑡 = 𝑐𝑐 ∙ 𝑏𝑐 ∙
𝑀𝑎𝑟𝑒𝑎

𝑡𝑓 
     (15) 

where cc is the assumed proportion of carbon in dry mass (0.5 g C g-1 DM), bc is the 

construction respiration ratio (g C g-1 C).  Villar and Merino (2001) reported a mean cost of 

1.66 g of glucose per gram of dry mass for xeric forest.  Assuming half of the dry mass is 

carbon and 40% of the glucose is carbon, we calculated the fraction of construction 

respiration (bc) to be 1.3 (g C g-1 C).  Marea is leaf mass per area (g DM m-2 leaf), and tf is the 

leaf lifespan (yr).  Values of Marea and tf were taken as the mean from the GLOPNET data set 

(Wright et al., 2004; values are given in Table 2.1).   

The model also relies on Jmax, the maximum electron transport rate.  We compiled a data set 

of Australian observations from the literature (Walker et al., 2014; Ali et al., 2015; De Kauwe 

et al., 2016; Data available in the Table S1) and tested for relationships with climate.  Jmax 

was not correlated with any climate factor used in the model (Figure S.5).  Thus, we used the 

mean of the measurements from the data set. Similar to Rm, the temperature dependence of 

Jmax is not included in the model. 

The optimization target of the model, canopy net carbon export (Pnet; g C m-2 yr-1), is then 

defined as the difference between production and cost: 

𝑃𝑛𝑒𝑡 = 𝑃𝑔𝑟𝑜𝑠𝑠 − 𝐶𝑡𝑜𝑡𝑎𝑙     (8) 

Hence, for the given driving conditions, the solution, Lopt, is the L value that maximizes Pnet. 
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Table 2.1.  List of values and definitions of inputs (the first four rows; marked by dashed 

line), parameters, constants, and outputs in the model.   

Symbols Definition Value/Type Unit Source 

WMAP Mean annual precipitation Input mm yr-1 
Whitley et al., 

2014 

D 
 Mean monthly maximum 

vapour pressure deficit 
Input kPa 

Whitley et al., 

2014 

QPAR 
Incident photosynthetically 

active radiation 
Input MJ PAR m-2 yr-1 

Whitley et al., 

2014 

TMAX 
Mean maximum temperature of 

each month 
Input ºC 

Whitley et al., 

2014 

Ax 
Light-saturated photosynthetic 

rate at the top of canopy 

- 
µmol m-2 s-1 - 

al 
Slope of relationship between tf 

and Marea 
1.14 yr m2 leaf g-1 DM - 

αJ 
Quantum yield of electron 

transport 
0.26 mol mol-1 

Medlyn et al. 

2007 

am 
Slope of relationship between 

Marea and WMAP 
-0.36 g DM m-2 leaf  W-1  - 

ar 

Slope of relationship between 

Rm and WMAP -0.59 

µmol C m-2 leaf 

mm-1 - 

arm 

Slope of relationship between 

Rm and Marea 0.63 µmol C g-1 - 

aT 

Slope of relationship between 

WT and LAI 0.77 Dimensionless - 

bc  Construction respiration ratio 1.3 g C g-1 C 
Villar and 

Merino, 2001 

bl 
Interceptor of relationship 

between tf and Marea 
-5.64 yr - 

bm 
Interceptor of relationship 

between Marea and WMAP 
7.52 g DM m-2 leaf   - 
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br 
Interceptor of relationship 

between Rm and WMAP 
4.235 µmol C m-2 leaf - 

brm 
Interceptor of relationship 

between Rm and Marea 
-2.94 µmol C m-2 s-1 - 

bT 

Power of relationship between 

WT and LAI 0.1 Dimensionless - 

c1 
μmol C mol-1 H2O to g C mm-1 

H2O 
4.17E-5 

g C μmol-1 C mol 

H2O mm-1 H2O 
- 

c2 µmol to g of C 1.2E-5 g C µmol-1 - 

c3 MJ of PAR to µmol 2E6 MJ PAR µmol-1 Sands 1996 

c4 Scaling constant 19.02 - 
Bernacchi et 

al. 2001 

Ca Atmospheric CO2 concentration 375 µmol mol-1 
McMurtrie et 

al. 2008 

cc 
proportion of carbon in dry 

mass 
0.5 g C g-1 DM - 

Ccost 
Construction respiration and 

cost per unit leaf area 

- 
g C m-2 leaf - 

Ci Intercellular CO2 concentration - µmol mol-1 - 

cr µmol C s-1 to g C yr-1 378.69 g C yr-1 µmol-1 C s  - 

cw 
fitted constant potential 

evapotranspiration 
1410 mm 

Zhang et al. 

2001 

ΔH Activation energy 37.83 kJ mol-1 
Bernacchi et 

al. 2001 

εl Light use efficiency - g C MJ-1 PAR  - 

εw Intrinsic transpiration efficiency - g C mm-1 H2O - 

g1 Stomatal slope parameter - kPa0.5 - 

g1.max 
Maximum g1 value for 

optimisation 
20 kPa0.5 - 
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g1.opt 
Optimal g1 corresponding to 

Lopt 
- kPa0.5 - 

θ 
Curvature of photosynthetic 

light response curve 
0.7 - 

Medlyn et al. 

2007 

Jmax 25 

Maximum electron-transport 

rate at the top of the canopy at 

25 ºC 

160 µmol m-2 s-1 - 

k Light extinction coefficient 0.5 - Sands 1995 

LAI or 

L 
Leaf area index 

- 
m2 m-2 - 

Lequ LAI at equilibrium  - m2 m-2 - 

Lopt 
Optimization modified LAI at 

equilibrium  

- 
m2 m-2 - 

tf Leaf lifespan 1.4 yr 
Wright et al., 

2006 

m Leaf transmittance coefficient 0 - 
McMurtrie et 

al. 2008 

Marea Leaf mass per area 169.44 g Dry mass m-2 leaf 
Wright et al., 

2006 

Patm Atmospheric pressure 100 kPa - 

Pgross Gross primary production - g C m-2 yr-1 - 

Pnet Net carbon export from foliage - g C m-2 yr-1 - 

Q Daily irradiance - MJ m-2 day-1 - 

QAPAR Absorbed PAR - MJ PAR m-2 yr-1 - 

R  Molar gas constant 8.314E-3 J mol-1 K−1  

Rm Leaf maintenance respiration 1.59 µmol m-2 s-1 - 

t Growing season length   365.25 Day - 

WET Evapotranspiration - mm yr-1 - 
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WT Transpiration - mm yr-1 - 

 

2.3.2 Data 

The model was applied to predict Lopt and g1.opt using gridded climate data, and was evaluated 

against ground-based measurements (stand level) as well as satellite-derived estimates (0.06-

degree grid) on decadal time scale.  Lopt and g1.opt were evaluated together for ten sites where 

both measurements were available.  To minimize anthropogenic effects, evaluation of the 

model at the continental scale were constrained to natural reserves.  

The parameter values in the model were derived directly from observations. We did not try to 

parameterize the model by fitting the model to data. Our approach allowed the evaluation of 

the processes (i.e., process-based modelling) instead of obtaining the best model performing 

model parameters (i.e., statistical modelling).  

2.3.2.1 Climate inputs 

Potential evapotranspiration (PET; mm yr-1), WMAP, actual vapour pressure, QPAR, and Tmax 

are obtained from eMAST (Ecosystem Modelling and Scaling Infrastructure; Whitley et al. 

2014).  We selected a 21-year period, 1991-2011, matching the satellite record (2000-2011). 

For computational efficiency, the climate data (0.01° native resolution) were aggregated to 

0.06°.  D was calculated as the difference of saturation vapour pressure and actual vapour 

pressure with the former being a function of Tmax.  We also calculated an aridity index (AI), 

defined as PET/WMAP.  All the other gridded datasets in the following sections were 

aggregated to match the climate grids (0.06°).  We used the long-term (21-year) mean of the 

four inputs for each grid cell. Plots of WMAP, D, QPAR, and Tmax are shown in Figure S1.  The 

model predicted a paired Lopt and g1.opt for each grid cell with no temporal variation.   

2.3.2.2 Ground-based data 

Ground-based LAI and g1 data were used for evaluation.  Ground-based LAI measurements 

were taken from four sources: Ellis and Hatton 2008 (37 sites), Iio et al. 2014 (134 sites), 

Duursma et al. 2016 (one site), and eight sites from the Terrestrial Ecosystem Research 

Network (TERN; Prober and Macfarlane, 2013; Beringer and McHugh, 2015 a and b; 

Bradford, 2015; Eamus and Cleverly, 2015 a and b; Liddell and Laurance, 2015; Prober and 

Macfarlane, 2015; Rowlings and Grace, 2015; van Gorsel, 2015).  For sites that are close 

together (< 0.01 degree), the mean of the reported LAI values was taken, giving a total of 135 
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sites.  Both Duursma et al. (2016) and the data from TERN used the estimated gap fraction to 

estimate the LAI of the canopy.  As a result, both data sets are plant area index.  The data 

from Ellis and Hatton (2008) were a synthesis and thus the methods used to estimate LAI 

varied by source.  Iio et al. (2014) synthesized a similar data set with various methods to 

estimate LAI but reported ecosystem LAI (sum of understory and canopy) instead of canopy 

when possible. Notably, the understory LAI could be as high as canopy and thus these LAI 

measurements were likely underestimates. There are some notable inconsistencies among 

sources regarding their methodology: plant versus leaf area index; different methods to 

correct leaf clumping; canopy versus ecosystem LAI.  Moreover, the measurements are on 

stand level and are not scaled to the spatial resolution of satellite-derivatives and the 

modelled LAI.  These LAI data were mostly one-time measurements and thus could not 

represent intra- and inter-annual LAI variations.  Corresponding ground-based g1 values were 

estimated from in situ leaf gas exchange measurements at the top of the canopy, which were 

available for ten of these sites (Table 2.2). Values were estimated from data using the “fitBB” 

routine (R package “plantecophys”; Duursma, 2015), which uses the nonlinear least squares 

method to fit g1 to measurements of stomatal conductance, photosynthesis, and 

environmental variables. 

 

Table 2.2.  List of ground measurements of g1 and LAI, ordered by aridity index (AI). The 

abbreviations in “Site” column are defined as follows (with site name and state): DTR— 

Daintree rainforest, QLD; TSM— Tumbarumba Snowy Mountains, NSW; HWS— Howard 

Springs, NT; ADR— Adelaide River, NT; DLR— Daly River, NT; CWS— Castlereagh 

Western Sydney, NSW; RWS— Richmond Western Sydney, NSW; DRR— Dry River, NT; 

STP— Sturt Plains, NT; CWR— Corrigin Water Reserve, WA.  States: NSW—New South 

Wales; NT—Northern Territory; QLD—Queensland; WA—Western Australia.  

Site g1.opt g1,meas Lopt Lmeas AI Lat. Lon. 
g1 

References 

LAI 

References 

DTR 3.34 3.45 2.33 2.65 0.42 -16.1 145.45 
Kelly 

(2013) 

Liddell and 

Laurance 

(2015) 

TSM 1.34 3.23 2.46 1.35 0.77 -35.63 148.16 
Medlyn et 

al. (2007) 

van Gorsel 

(2015) 

HWS 2.34 3.38 1.84 1.00 1.08 -12.5 131.15 
Cernusak et 

al. (2011) 

Iio et al. 

(2014) 

ADR 2.15 3.36 1.68 0.60 1.21 -13.08 131.12 
Cernusak et 

al. (2011) 

Iio et al. 

(2014) 
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DLR 1.98 6.06 1.43 1.00 1.64 -14.16 131.39 
Cernusak et 

al. (2011) 

Iio et al. 

(2014) 

CWS 1.01 4.49 1.44 1.50 1.82 -33.69 150.67 
Zeppel et 

al. (2008) 

Zeppel et 

al. (2008) 

RWS 0.92 4.21 1.36 1.70 1.93 -33.62 150.73 
Gimeno et 

al. (2015) 

Duursma et 

al. (2016) 

DRR 1.71 2.94 1.13 0.90 2.07 -15.18 132.37 
Cernusak et 

al. (2011) 

Iio et al. 

(2014) 

STP 1.65 3.38 0.75 0.20 3.16 -17.15 133.35 
Cernusak et 

al. (2011) 

Iio et al. 

(2014) 

CWR 0.95 2.01 0.49 0.66 4.19 -32.32 117.87 
Mitchell et 

al. (2009) 

Mitchell et 

al. (2009) 

 

2.3.2.3 Satellite-derived LAI data 

To evaluate the model’s performance at large spatiotemporal scales, we used the satellite-

derived LAI product, MODIS (moderate resolution digital imaging spectroradiometer; 

Knyazikhin et al., 1999).  The 8-day MODIS LAI (collection 5; MOD15A2) tiles for 

Australia were mosaicked and reprojected from their native sinusoidal projection to a regular 

latitude-longitude grid (GDA94) (see Paget and King, 2008).  The LAI estimates were 

averaged for the period 2000 to 2011.  Only LAI data estimated from the main radiative 

transfer algorithm and deemed to be of the best quality (i.e., no cloud contamination or 

saturation data used; quality assurance flag = 0) were used. 

2.3.2.4 Land cover, soil attribute, and digital elevation maps 

The model used land cover type information taken from Australian Bureau of Agricultural 

and Resource Economics and Sciences product, National scale land use version 4 (2005-

2006; http://www.agriculture.gov.au/abares/aclump/Pages/land-use/data-download.aspx).  

The soil attribute maps with total Nitrogen (Nsoil; %) and Phosphorus (Psoil; %) of the top 

layer (0-5cm) were obtained from CSIRO (Viscarra Rossel et al., 2014 a and b).  The Nsoil 

and Psoil data represented the total N and P in the soil and were aggregated from a native 

resolution (0.00083°) to 0.06°.  The soil attributes were used for the statistical analysis of the 

importance of soil nutrients for LAI.  We used the Digital Elevation Model Version 3 and 

Flow Direction Grid 2008 obtained from Geoscience Australia 

(http://www.ga.gov.au/metadata-gateway/metadata/record/66006/).  

2.3.2.5 Statistical benchmark and model evaluation    

We derived a statistical benchmark (Abramowitz, 2005) for the model by a generalized 

additive model (GAM) fitting LAI measurements as a function of climate.  The fitting used a 

http://www.agriculture.gov.au/abares/aclump/Pages/land-use/data-download.aspx
http://www.ga.gov.au/metadata-gateway/metadata/record/66006/
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cubic spline basis with no interaction.  This benchmarking is important because it quantifies 

the explanatory power of climate for LAI.  We compared the model performance to this 

benchmark in order to determine how much of the information contained in the inputs is 

captured by the model.   

We evaluated the model first at site level with measurements of both LAI and g1.  Then, we 

compared predicted Lopt to satellite-derivatives at the scale of the whole continent, and for a 

sample region in the Northern Territory where there is a natural rainfall gradient spanning 

~1700 to ~300 mm (1 mm km-1; Cernusak et al., 2011).  The predictions should be linearly 

related to the observations if the model captures the key processes.  Assessment of observed 

increase of LAI in response to rising Ca was done using Advanced Very High Resolution 

Radiometer (AVHRR) NDVI (1982-2010; cf. Donohue et al, 2013).  We applied the model to 

predict the response of Lopt and g1.opt to this increase in Ca (holding long-term mean climate 

constant) and evaluated the predicted response of Lopt against these observations. 

2.4 Results 

2.4.1 Lopt sensitivity to climate 

Predicted Lopt was driven primarily by WMAP and D, with QPAR and Tmax modifying the results 

to a lesser extent.  The impact of WMAP was explained by the fact that the rainfall gradient 

(more than 20-fold) across Australia is much larger than that of D, QPAR, or Tmax (see Figure 

S1).  The influence of D is the result of the sensitivity of light use efficiency to D.  Assuming 

fixed D, QPAR and Tmax, and at a given WMAP, Pgross showed a humped relationship with LAI 

due to the trade-off with g1; the peak occurred much earlier at lower WMAP (orange lines in 

Figure 2.1a).  Cost increases linearly with increasing LAI and does not vary with WMAP 

(green line in Figure 2.1a). The optimum Pnet is reached when the difference between Pgross 

and Cost is maximized (shown as red dots).  The predicted sensitivity (slope) of Lopt to WMAP 

was stronger at low WMAP and at low D, both of which suggested more severe water 

limitation (Figure 2.1b).  QPAR increased Lopt when water was abundant but slightly decreased 

Lopt as water became limiting (Figure 2.1c; and see Eqn. 4 and S3).  Tmax reduced Lopt when 

water was abundant but slightly increased Lopt under water limitation (Figure 2.1d; and see 

Eqn. S5).  

2.4.2 Site-scale evaluation of Lopt 

Figure 2.2a shows Lopt for Australia and locations of site-scale LAI measurements.  Lopt was 

predicted to decrease with increasing aridity index (AI; Figure 2.2b).  This response to water 
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availability was consistent with both ground-based and satellite-derived (MODIS) estimates.  

Both predicted Lopt and MODIS were evaluated against ground-based measurements.  Lopt 

had equivalent RMSE (root mean squared error; 1.066 vs. 1.170 m2 m-2) but more negative 

bias (mean of the difference between model and observations; -0.158 vs 0.016 m2 m-2) than 

MODIS, suggesting that the model tended to under-predict in situ estimates, while MODIS 

was both higher and lower than ground data.  Overall, Lopt values were of a similar accuracy 

to satellite estimates when compared to in situ measurements.  Lopt correlated well with in situ 

LAI (Figure 2.2c; R2 = 0.33), suggesting that despite the difference in scales between 

measurements and predictions, in situ LAI may not deviate much from the long-term 

equilibrium.  Lopt predictions were also consistent with satellite-derived values (Figure 2.2d; 

R2 = 0.6).  Lopt had a non-linear relationship with both sets of measurements, showing that the 

model performance is close to measurements at low values of LAI but it tends to under-

predict at high values of LAI. The model had comparable R2 values to statistical benchmark 

(GAM fits) of MODIS LAI for the sites (0.6 compared to 0.77; Table 2.3) but worse to that 

of the situ measurements and climate (0.33 compared to 0.68; Table 2.3).  This better 

agreement with satellite-derived values than with in-situ measurements is most likely to be 

due to a more consistent spatial sampling footprint between satellite and modelled data (0.06° 

or ~6 km).    
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Figure 2.2. Optimal equilibrium LAI (Lopt) plotted against AI (aridity index; potential 

evapotranspiration over mean annual precipitation).  Panel (a) shows Lopt for Australia, with 

site locations marked by triangles.  Red square marks NT region discussed in section 4.3 and 

shown in Figure 2.4.  Panel (b) shows the mean of optimal, ground, and MODIS LAI of each 

site (n=135) plotted against AI.  Smooth lines are generalized additive model fits. Linear 

regressions are shown for ground versus Lopt (c), MODIS versus Lopt (d), and ground versus 

MODIS (e) with R2. The 1:1 line is shown by a solid line while the colored, dashed lines are 

regression fits. 
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On both site and continent level and in both ground-based measurements and MODIS LAI, 

four climate inputs already explain most of the variation of LAI (R2 ~0.7) with very little 

benefits of incorporating soil Nitrogen (Nsoil) and Phosphorus (Psoil; Table 2.3).  Furthermore, 

both Nsoil and Psoil correlate with climate data (Table 2.4).  However, this is not to argue that 

soil nutrient is not significant for LAI predictions.  Instead, this finding suggests that the 

impacts of Nsoil and Psoil can be very complicated and unless represented properly, cannot 

directly benefit the modelling of canopy carbon and water balance.     

Table 2.3.  GAM fit to LAI, climate variables, and soil nutrient (Nsoil and Psoil).  Lsite means in 

situ LAI measurements.  MODISsite means the nine-year average MODIS LAI for the sites. 

MODIScont means the nine-year average MODIS LAI for the Australia.  

Dependent Variable Independent Variable R2 n 

Lsite D, WMAP, QPAR, Tmax 0.68 134 

Lsite D, WMAP, QPAR, Tmax, Nsoil, Psoil 0.71 133 

MODISsite D, WMAP, QPAR, Tmax 0.77 133 

MODIScont D, WMAP, QPAR, Tmax 0.81 70007 

MODIScont D, WMAP, QPAR, Tmax, Nsoil, Psoil 0.83 69867 
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Table 2.4.  GAM fit to soil nutrient (Nsoil and Psoil) and climate variables over Australia.   

 

 

 

 

 

Since the prediction of Lopt is balanced with g1 in the model, we also examined the optimal g1 

(g1.opt) and in situ estimates to probe our results further (Figure 2.3; site details in Table 2.2).    

Measured LAI and g1 both declined with increasing AI.  Predicted Lopt and g1.opt tracked this 

decline in measured values.  The model tended to over-predict LAI but systematically under-

predict g1.   

 

Figure 2.3.  Optimal steady-state LAI (Lopt) and g1 (g1.opt) compared with data from sites 

across Australia.  The error bars show standard errors of measurements.  

 

Dependent Variable Independent Variable R2 n 

Nsoil D, WMAP, QPAR, Tmax 0.88 70488 

Psoil D, WMAP , QPAR, Tmax 0.34 70488 



31 
 

2.4.3 Continental evaluation 

To evaluate model behaviour at larger scales, we compared Lopt to satellite-derived estimates 

across Australian natural reserves (Figure 2.4a).  Predicted Lopt captured the nine-year 

average from MODIS with a R2 of 0.7, a bias of -0.022 (m2 m-2), and a RMSE of 0.370 (m2 

m-2). The model tended to slight over-predict LAI in most regions relative to the satellite-

derived estimates and under-predict only at extreme wet coastal spots and at extreme dry 

center (Figure 2.4a).  Again, the model had comparable R2 values to the statistical benchmark 

of MODIS LAI and climate (0.7 versus 0.81; Table 2.3).  The non-linear relationship in 

Figure 2.4b was consistent with the site-scale evaluation (Figure 2.2).  Similar to the 

continental-wide pattern, Lopt was lower than MODIS at the extreme dry and wet sites in 

Northern Territory (Figure 2.4c).  However, at the same MODIS LAI, the relative difference 

was smaller in the drier regions (higher AI; red vs. blue dots in Figure 2.4d).   
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Figure 2.4.  Lopt for Australian natural reserves compared to satellite products. Panel (a) Lopt 

for natural reserves across Australia (grey indicates non-reserves). Panel (b) MODIS versus 

Lopt with color-marked density. Panel (c) shows the difference between Lopt and MODIS LAI 

for NT natural reserves.  (d) Relative difference between Lopt and MODIS LAI of Northern 

Territory, as function of MODIS LAI, with colors indicating AI.  

 

2.4.4 Change in Lopt with elevated Ca 

To evaluate the modelled LAI response to the recent increase in Ca (340 to 389 µmol mol-1), 

we compared the predictions against Donohue et al. (2013), who calculated the change of the 

slope of LAI against WMAP in the driest areas (WMAP <400 mm yr-1) and found a 11.3% 

increase. We followed the same methodology and found the model predicted a 14.8% 
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increase of slope.  The predicted Lopt responses depended on water availability: Lopt remained 

relatively insensitive to Ca in wet areas while it increased by up to 20% in dry areas (Figure 

2.5a).  We then used the model to predict the response to future changes (a doubling of Ca 

from 340 to 680 µmol mol-1).  The impact of future CO2 fertilization on model predictions 

was also determined by water availability: in the mesic regions (e.g. WMAP = 1200 mm; D = 

0.5 kPa), a doubling of Ca (340 to 680 µmol mol-1) raised Lopt by ~20% compared to a >100% 

increase in xeric regions (e.g. WMAP = 400 mm; D = 3 kPa; Figure 2.5b).   

We also examined how g1.opt is predicted to change with increased Ca (340 to 389). On 

average, g1.opt was predicted to be reduced by ~7.98% (change of geometric mean) across 

Australia (Figure 2.5c), but the direction of change differed in dry versus wet areas.  In dry 

areas, elevated Ca reduced g1.opt (blue region in Fig 3c and orange lines in Fig 3d) while in wet 

areas, g1.opt was predicted to increase (~20%) increased with rising Ca (red region in Fig 3c 

and blue lines in Fig 3d).  Since the predicted percentage increase of LAI and g1 to elevated 

Ca was nearly linear in both dry and wet conditions (Figure 2.5 b and d dashed lines), 

responses of LAI and g1 to rising Ca should follow the current trajectories at least to Ca ~ 680 

µmol mol-1.   
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Figure 2.5.  (a) Predicted effect of the 1980-2012 increase in Ca (from 340 to 389 μmol mol-1) 

on Lopt in Australia.  Panel (b) shows that doubling Ca (340 to 680 μmol mol-1) stimulates Lopt 

in the xeric regions by over 100% (orange dashed line) while ~20% in mesic regions (blue 

dashed line). The dotted vertical lines mark 389 μmol mol-1corresponding to (a).  (c) 

Predicted response of g1.opt to the 1980-2012 increase in Ca.  Panel (d) shows that doubling 

Ca (340 to 680 μmol mol-1) has different effects on g1 depending on water availability.   

 

The effect of rise in Ca may compensate the negative impacts of rise in D in the model 

(Figure 2.6). At a Ca of 350 μmol mol-1, the model predicted that Lopt could maintain above 2 

m2 m-2 when D remains below 1.5 kPa (Figure 2.6a). If the Ca rises to 650 μmol mol-1, to 

have the same Lopt above 2 m2 m-2, D could be >3 kPa. However, the contour lines became 

thinner at high Ca, suggesting that the sensitivity of Lopt to Ca is diminishing (right to left in 

Figure 2.6a). The same compensating effect is also predicted for g1.opt, but the contour lines 

became denser at high Ca, highlighting an increasing sensitivity of g1.opt to Ca (right to left in 

Figure 2.6b). Overall, the model predicted that plants would shift strategy from LAI 

regulation to stomatal regulation with rise in Ca. 
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Figure 2.6. Contour plot of change of optimal LAI and g1 with atmospheric CO2 

concentration (Ca) and vapour pressure deficit (D) but constant mean annual precipitation 

(1000 mm yr-1), maximum temperature (30°C), and photosynthetically active radiation (3000 

MJ m-2 s-1).   
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2.5 Discussion 

2.5.1 Model performance 

Predicting LAI is an important yet challenging step in the simulation of carbon and water 

fluxes, especially under climate change and rising Ca. We found that a parsimonious 

optimality model incorporating the concept of ecohydrological equilibrium could 

successfully predict long-term average LAI across the Australian continent.  This theory is 

thus a promising approach to incorporate into existing terrestrial biosphere models (TBMs) to 

improve predictions of foliage carbon allocation and LAI. 

The optimality model showed good agreement with ground-based and satellite 

measurements.  Previous assessments of satellite-derived products suggested a R2 of 0.56-

0.85 among products (Hill et al., 2006; Garrigues et al., 2008; Yuan et al., 2011; Fang et al., 

2012 and 2013).  The model thus had a R2 comparable to that of satellite inter-product 

assessments.  Our results suggested that LAI could be adequately predicted from 

consideration of the ecohydrological equilibrium.  Since Lopt captured long-term mean 

MODIS, it should be possible to use Lopt in TBMs to reduce the current differences among 

models and satellite-derived products.  The Lopt could, for example, be used as a target LAI 

for allocation routines, around which modelled LAI would vary dynamically according to 

phenology.  Phenological variation of LAI could potentially be accounted for with a satellite-

derived climatology (e.g., Broxton et al., 2014) or linked to existing process-based or 

optimization phenology models (e.g., Caldararu et al., 2014).  

Although the model performed well overall, there was a discrepancy for high-LAI systems 

(Fig. 2.4b). The predicted Lopt saturated at ca. 3 m2 m-2 while the observed values continued 

to increase.  There are several potential causes for the discrepancy between our parsimonious 

model and observations at high LAI.  Firstly, Rm, which is assumed to be a constant, might be 

lower in higher-rainfall regions (Supplementary Material for Chapter 2).  However, there is 

relatively little evidence to support such a variation in Rm and the mechanism which would 

cause reduced Rm with higher water availability is not clear. In addition, nutrient limitation 

may be more important in regions with high LAI, and thus consideration of nutrient 

availability may be necessary in these areas (McMurtrie and Dewar, 2013).  Furthermore, the 

model does not take into account the decoupling between the vegetation and boundary layer, 

which may be significant in high-LAI systems (De Kauwe et al., 2017).  These limitations of 
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our simple, parsimonious approach could potentially be overcome if the theory were 

implemented in a TBM which treats these processes in more detail.  

One key reason why our model improves LAI predictions is that it allows for variation in g1 

(via gs) strategies in different climates.  Lin et al. (2015) found, based on an analysis of a 

large database of leaf gas exchange measurements, that g1 varies with climate and plant 

functional type.  Previous optimal LAI models either fixed stomatal behaviour (Kergoat et al., 

2002; Woodward and Lomas, 2004) or considered trade-offs between gs and LAI (McMurtrie 

et al., 2008).  Our approach optimized g1 simultaneously with LAI and thus represented a 

more realistic tradeoff between the canopy (LAI) and leaf-level (g1) water use strategies.  

These predictions also potentially provide a means to inform TBMs parameterization of g1 – 

currently using fixed parameters.  

The pattern of g1.opt agreed well with measurements, although there was a tendency to under-

predict.  There may be several reasons for this under-prediction.  First, g1.opt is the ecosystem 

average g1 instead of only upper-canopy values.  Consequently, one potential reason for 

overprediction of g1 at site scale is that measurements focus on the upper canopy.  g1 varies 

with light availability and thus should be higher under light limitation (Campany et al., 2016).  

Another potential reason is the disagreement between g1 estimates on different scales: plant 

water use efficiency (a function of g1; Eqn S1.) measured on leaf and canopy scales were 

statistically different (Knauer et al., 2017; Medlyn et al., 2017).  Moreover, the under-

prediction of g1 suggests that there may be potentially other trait-related costs (e.g. stem and 

root respiration and construction) that are currently unaccounted for in the model.  The 

temporal distribution of rainfall may also add to the difference between observed and 

modelled g1 as stomatal conductance should respond not only to the amount of rainfall but 

also to the frequency (Lu et al., 2016).   

An important benefit of this model is the ability to provide climate-constrained estimates of 

long-term changes in LAI with respect to increasing Ca.  The increase of Lopt predicted by the 

model to rising Ca was consistent with satellite-derived observations.  This evaluation 

focused on the effect of increased Ca alone; we assumed no change in long-term mean 

climate with rising Ca.  The change of Ca during the evaluation period was accompanied by 

an average +7% of MMAP (Donohue et al., 2009) and +8% D (Donohue et al., 2013).  We did 

not consider these changes here because the impact of the MMAP and D roughly canceled.  

However, in future, rising Ca could be accompanied by larger changes in MMAP. The 

sensitivity of Lopt to water availability in Australia suggests that the uncertainty in climate 
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predictions of rainfall for Australia (e.g. ±100% with large inter-model variations (Mehran et 

al. 2014)) could very likely transfer into uncertain vegetation feedbacks through changes in 

LAI.  

The model also provides insights into the trade-off between LAI and g1 in the context of 

rising Ca.  Previous studies of stomatal behaviour (Manzoni et al., 2013; Lu et al., 2016; Wolf 

et al., 2016; Prentice et al., 2014) have examined leaf-scale optimization but generally do not 

consider whole-plant trade-offs such as the balance between stomatal conductance and LAI 

(but see Kelly et al., 2015).  Leaf-scale optimization models generally predict no change in g1 

under elevated Ca.  As a result, larger scale studies have also assumed constant g1 with 

increasing Ca when assessing LAI responses (e.g. Yang et al., 2016; Cheng et al., 2017; 

Donohue et al., 2017).  Here, the predicted g1.opt had distinct responses to rising Ca under 

different water availability scenarios.  Under dry conditions, the model predicted reduced 

g1.opt and increased Lopt with elevated Ca, suggesting that it is beneficial for the plant to use 

the increased available C to grow leaves.  Increased LAI in water-limited areas brings a 

double benefit to the plant because it increases both the transpiration fraction (Eqn. 1) and 

PAR interception (Eqn. S8 a and b).  Reduced g1 also indicates a decrease in the marginal 

carbon cost of water (Cowan and Farquhar, 1977), which suggests that elevated Ca releases 

water stress to some extent.  Under wetter conditions, both g1.opt and Lopt and predicted to 

increase slowly with rising Ca, indicating the diminishing return from increasing Ca with 

increasing water availability.  Both the direction and the magnitude of g1 responses to Ca 

under different water availability are consistent with the findings in Schymanski et al. (2015), 

who predicted that marginal carbon cost of water would reduce by ~14% in a dry site but 

increase ~13% in a wet site with 20% increase of Ca.  The predicted change in g1.opt with Ca 

adds to our general understanding of marginal carbon cost of water use: Previous meta-

analyses of elevated Ca experiments found overall no change in g1 with increasing Ca (e.g., 

Medlyn et al. 2001; Ainsworth & Rogers 2007; but see Keenan et al, 2013), but also 

indicated variation across experiments.  Our model specifically predicts that g1 would 

increase with increased Ca in wet conditions, and decrease in dry conditions— a testable 

hypothesis.  

2.5.2 Alternative model assumptions 

Our optimality model included two important empirical assumptions: (1) plant transpiration 

is constrained to be a function of mean annual precipitation and leaf area index (Eqn. 1 and 

2); and (2) maintenance respiration, leaf mass per area, and life lifespan do not vary with 
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climate. We tested alternative assumptions in each of these two areas, but none led to better 

model performance (Supplementary Material for Chapter 2).  The model prioritized 

parsimony and did not incorporate assumptions that did not improve model performance.  

However, these parameters are inputs to the model and thus can be changed upon the 

emergence of new theories and evidence.  

Water availability to the plant, or transpiration in the model, is crucial to model predictions.  

The model showed that Lopt was sensitive to water input and thus the uncertainty in water 

availability contributed to the errors in the predictions.  Water resources such as ground water 

and surface flow are not included in the model but can be used for transpiration in certain 

regions (Evaristo et al., 2015; Liu et al., 2017).  Topography has impacts on local water 

availability and thus plant water use strategies (Méndez-Toribio et al., 2017).  Incorporation 

of the ecohydrological equilibrium theory into a more detailed TBM which accounts for 

topography and soil type would allow these effects to be incorporated in LAI predictions.    

The temporal variation of water availability is also important to determine equilibrium LAI.  

In extreme cases such as tropical savanna in the Northern Territory, the majority of rainfall 

falls during the wet half of the year (Cernusak et al., 2011).  The equilibrium LAI for average 

rainfall in dry and wet seasons would be very different.  Indeed, the model agreed more with 

the long-term average MODIS LAI estimates than ground-based LAI, which are typically 

one-off measurements (Figure 2), suggesting the potential importance of variability of water 

availability and other parameters (e.g., respiration).  Here, we used an annual time step for 

simplicity. However, in strongly seasonal rainfall environments, it may be more appropriate 

to evaluate Lopt on sub-annual time-scales. Hence, we aim to predict optimal seasonality along 

with Lopt in future developments of the model.  

Existing models could yield high quality soil moisture predictions and thus help improve the 

prediction of LAI seasonality. For instance, Tian et al. (2019) used soil moisture to predict 

the near-future (months) vegetation greenness in global dry lands. This new development 

suggests potential to incorporate the optimality modelling framework and realistic soil 

moisture models to capture the feedback between soil water and vegetation in the future.   

Empirical studies have suggested variation in the four plant traits used in the model (Rm, Jmax, 

Marea, and tf) with climate (Wright et al., 2004; Ali et al., 2015; Atkin et al., 2015; Dong et al., 

2017). This variation is potentially important to modelling carbon and water (Pappas et al., 

2016).  We examined existing data sets for these relationships but only found weak 
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correlations, which when implemented into the model did not improve model performance 

nor substantially modify model behaviour (Supplementary Material for Chapter 2).  We also 

did not discover any relationship between our literature-compiled values of Jmax across 

Australia and climate (Figure S.5).  Consequently, we assumed here that Rm, Jmax, Marea, and tf 

were independent of climate.  However, including empirical relationships between these 

parameters and WMAP tends to increase predicted LAI where high LAI is observed (Figures 

A2, A3).  As a result, including variable parameters may help reduce the discrepancy 

between the modelled and observed LAI at high LAI (Figure 2.4d).  New datasets and 

theories for variation in traits with climate are emerging: the correlation between plant traits 

and climate could be explained by physiological trade-offs (Onoda et al., 2017) and thus 

should be predictable by optimality models (e.g. Xu et al., 2017).  The model is flexible 

enough to incorporate these new theories.    

There is substantial evidence that leaf photosynthesis and respiration rates depend on leaf 

nitrogen content (Ryan, 1991; Norby et al., 2016).  Nitrogen and phosphorus limitation have 

been suggested to be particularly common in Australian ecosystems due to the old, weathered 

soils (Wild 1958; Chapin et al., 1986; Elser et al., 2007; Ellsworth et al., 2017).  The lack of 

representation of nutrient limitation may contribute to the under-prediction at high LAI seen 

in Fig.4d.  McMurtrie et al. (2008) included a dependence of photosynthetic rate on leaf 

nitrogen content, and considered the three-way trade-off between leaf nitrogen, stomatal 

conductance and LAI.  However, their approach requires knowledge of the canopy nitrogen 

uptake rate, which precludes application at the continental scale.  To determine whether 

omitting nutrient availability impacts model success, we fitted GAMs to observed LAI and 

climate, with and without soil nitrogen and phosphorus as predictor variables.  We found that 

including soil nutrients in the GAM did not capture more variation of measured LAI (Table 

2.3).  We also found that the water and carbon constrained Lopt agreed with existing data well, 

despite not incorporating the impacts of nutrient limitation.  However, this result does not 

invalidate the importance of nutrient limitation, due to correlations between soil nutrient 

availability and water availability (Table 2.4).  The impacts of nutrient limitations thus may 

already be incorporated in the water limitation.  

Jmax and Rm are known to be sensitive to temperature in the short-term, but here we ignored 

this temperature dependence because both Jmax and Rm have been reported to acclimate to 

growth temperature (Smith et al., 2015; Aspinwall et al., 2016; Reich et al., 2016).  We found 

no correlation between Jmax and Rm with temperature (Text S.2. Maintenance respiration; 
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Figure S.5).  As a result, we decided to use constant values of Jmax and Rm.  Temperature 

dependence could be explored further in future; the model is flexible and could adopt a 

temperature dependence if necessary.  

 

2.6 Conclusion 

We showed that a parsimonious optimization model incorporating ecohydrological theory can 

accurately predict long-term average LAI in Australian ecosystems.  The inputs (i.e., climate) 

and outputs (i.e., LAI and g1) of the model are all being measured and thus enable convenient 

application and evaluation.  Although set to be constant or calculated via empirical equations, 

all the parameters used in the model can be taken as inputs enabling accommodation to 

different purposes of studies.  This approach could readily be incorporated into vegetation 

models to set a target long-term LAI, with the short-term variation modified as a function of 

water balance dynamics and phenology.  Although the evaluation is limited to Australia, these 

findings may also apply to other water-limited ecosystems.  Consequently, we suggest that 

terrestrial biosphere models could constrain leaf area predictions under climate change and 

rising Ca in water-limited regions to realistic values by incorporating a climate-constrained 

trade-off between leaf area and canopy conductance into their foliage sub-model.   
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Chapter 3. Incorporating non-stomatal limitation improves the performance of leaf and 

canopy models at high vapour pressure deficit 

3.1 Abstract 

Vapour pressure deficit (D) is projected to increase in the future as global temperatures rises.  

Higher D will reduce stomatal conductance (gs) and potentially photosynthesis (A), both of 

which are key to the terrestrial carbon, water, and energy balance.   It is thus important to test 

whether gas exchange models capture the responses of gs and A at high D.   

I tested a series of coupled A-gs models against leaf gas exchange measurements from the 

Cumberland Plain Woodland (Australia), where D regularly exceeds 2 kPa, and can reach 7 

kPa in summer.  I first showed that the commonly used gs models (Leuning, 1995 and 

Medlyn et al., 2011) did not capture the observed decrease in A and gs with increasing D in 

leaf-scale measurements.  I then tested two alternative hypotheses to explain this decrease: 

hydraulic limitation (i.e., plant downregulate gs and/or A due to insufficient water supply) and 

non-stomatal limitation (i.e., direct downregulation of photosynthesis).  Here, the results 

show that the model incorporating non-stomatal limitation captured the observations with 

high fidelity and least number of parameters.  The model incorporating plant hydraulics 

(Tuzet et al. 2003) could capture the observed A and gs, but it did so via an incorrect 

mechanism, as evident in unrealistic leaf water potential predictions.   

I incorporated a non-stomatal limitation and the Medlyn et al. (2011) gs model into the stand 

scale model MAESTRA. This modification reduced the over-prediction of transpiration, 

significantly improving predictions when compared sap flow measurements (R2 = 0.87 vs. 

0.64). With the projected increase of D, these findings suggest that future models need to 

incorporate non-stomatal limitation to accurately simulate A and gs in the future.  



43 
 

3.2 Introduction 

Vapour pressure deficit (D) is the difference between the amount of water vapour that the air 

can hold at saturation (es) and the actual amount of water vapour in the air (ea). As 

temperatures rise, es increases exponentially and as result, D is projected to increase strongly 

into the future. At the leaf-level, D is the driving force of transpiration, but as D increases and 

water supply becomes limiting, stomates adjust their aperture to regulate the flow of water 

vapour, which inevitable affects photosynthesis. This vegetation-climate feedback due to 

reduced stomatal conductance (gs) has important implications for the global carbon-climate 

predictions (Reichstein et al., 2013; Will et al., 2013).  Thus, it is important to understand the 

response of the vegetation to the projected increase in D (Novick et al., 2016).  

The challenges involved in modelling gs at high D have been discussed since the late 1970’s 

(Cowan, 1978; Farquhar, 1978).  As described by Monteith (1995), there is a three-phase 

response of gs to D: (i) Regime A, where gs declines with D, resulting in a nearly linear 

increase of transpiration (E) with D; (ii) Regime B, where gs declines non-linearly with D, 

resulting in a turnover of E (i.e., with increasing D,  E increases initially but declines at high 

D); and (iii) Regime C, where gs does not respond to D due to extremely humid air.  Regime 

A is the most commonly observed pattern and happens at intermediate D.  It also represents 

the range of leaf-level measurements most commonly used to parameterise models of gs (e.g., 

Ball et al., 1987; Leuning, 1995; Medlyn et al., 2011).  Regime B takes place at higher D 

(D > 2 kPa), which is typically rare in humid ecosystems but common in hot and dry ones 

(e.g., Franks et al., 1997; Thomas and Eamus, 1999; MacFarlane et al., 2004; Whitley et al., 

2013; Gimeno et al., 2018; Renchon et al., 2018).   

Notably, Regime B is also where the largest differences among gs models occur.  Current 

representations of gs in terrestrial biosphere models differ in their sensitivity to D, especially 

at D > 2 kPa (De Kauwe et al., 2015; Knauer et al., 2015; Franks et al., 2017).  The model of 

Leuning (1995) has a strong D-dependence (gs depends on the reciprocal of D), which can 

yield a reduction in E at high D depending on parameter values.  However, it can be difficult 

to obtain parameter values that allow the model to fit data at both high and low D (Duursma 

et al., 2014).  Alternatively, Medlyn et al. (2011) proposed an optimality model, in which gs 

depends on the reciprocal of D0.5.  Due to this lower sensitivity of gs to D, the Medlyn model 

does not always predict a reduction in E at high D (i.e., Regime B).  
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It has been proposed that the cause of Regime B could be a hydraulic limitation (Buckley, 

2005).  When water supply from the soil is insufficient to meet demand, plants typically 

reduce gs, with a consequent reduction in photosynthesis.  I explored this hypothesis with a 

model coupling gs to leaf water potential (ψL; Tuzet et al. 2003). This model was proposed 

because experimental observations show that gs is strongly linked to guard cell and epidermal 

turgor (e.g., Franks et al., 1998; Franks, 2004) and not simply environmental conditions (i.e., 

D), which is the underlying hypothesis in the Medlyn and Leuning coupled models.  

Although the Medlyn and Leuning models are usually employed with a water stress modifier 

(e.g., those used in the Community Atmosphere Biosphere Land Exchange (CABLE) land 

surface model (Kowalczyk et al., 2015) or the Sheffield Dynamics Global Vegetation Model 

(Woodward et al., 1995)), this modifier is usually related to soil water status, which has little 

diurnal variation, while the Tuzet model considers ψL, which varies strongly over the course 

of a day.  The ψL should be determined by the balance of plant water use via stomata and the 

supply, which is usually calculated with Darcy’s Law as the product of hydraulic 

conductance and the difference between leaf and soil water potentials. ψL is then solved 

iteratively by balancing the use and supply.  If the hydraulic conductance is held constant, the 

Tuzet model will not yield a decline in transpiration at high D because a reduction in ψL 

cannot occur at the same time as a reduction in transpiration (Farquhar 1978).  However, a 

reduction in transpiration can occur if there is a loss of hydraulic conductance with low ψL 

due to cavitation (Tyree and Sperry, 1989).  As the ψL gets more negative, the pressure 

gradient between the soil and leaf is larger but the hydraulic conductance becomes lower 

because of cavitation.  At a very negative ψL, the net effect can lead to a reduction in water 

supply and thus allows a decrease in transpiration, gs and photosynthesis. Although 

theoretically plausible, the hydraulic limitation hypothesis has not been extensively tested 

against observations.   

An alternative hypothesis to explain the response at high D is that the reduction in 

transpiration is associated with non-stomatal limitation to photosynthesis.  For example, 

Duursma et al. (2014) proposed that the turnover in E at high D is actually driven by a 

decrease in carboxylation capacity (Vcmax) at the high temperatures that normally accompany 

high D. This reduction in Vcmax causes a reduction in photosynthesis, which drives a reduction 

in gs in both Leuning and Medlyn stomatal models and captured the observations from a 

whole tree chamber experiment.  Low leaf water potential at high D could potentially reduce 

photosynthetic capacity further via a reduction in either carboxylation capacity or mesophyll 
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conductance (Tezara et al., 1999; Lawlor and Cornic, 2002; Lawlor and Tezara, 2009), which 

subsequently drives a coupled reduction in gs.  Such an effect is increasingly reported in soil 

drought studies (e.g., Zhou et al., 2013 and 2014; Verhoef and Egea, 2014; Drake et al., 

2017).  Incorporating this effect into terrestrial biosphere models (TBMs) has led to improved 

predictions of soil drought responses (Keenan et al., 2010, Verhoef and Egea, 2014; De 

Kauwe et al., 2015; Drake et al., 2017a).  Although these studies have shown the importance 

of non-stomatal limitation under soil drought, it is unclear whether high D can cause the same 

non-stomatal limitation.   

A test against measurements is necessary to show whether the current leaf-level models 

embedded within TBMs can capture the high D response of both gs and photosynthesis.  The 

goal of this study was thus to improve the representations of D response in forests. I tested a 

series of plausible modelling approaches at a woodland site where D reaches high level every 

summer (mean daily maximum = 2.7 kPa; overall maximum = 8 kPa).  Previous studies at, or 

close to, the site provided the opportunity to evaluate the models and hypotheses across a 

range of scales.  At the leaf scale, gas exchange measurements at the site showed a reduction 

in gs and photosynthesis with increasing D (Gimeno et al., 2016).  Whole-tree scale 

transpiration estimations showed that transpiration decreased with D at high D (Gimeno et 

al., 2018).  Here I evaluated the current gs models, and models incorporating hydraulic and 

non-stomatal limitations.  I then implemented the best model into a canopy scale model to 

explore the improvements at whole-tree scale.  The results from this study should inform with 

TBMs with key factor(s) the controls the response of the coupled A- gs model to rising D.  

3.3 Methods 

I tested five coupled gs-photosynthesis models in this study (Table 3.1): (i) the Medlyn model 

(Medlyn et al., 2011), which is derived from optimal stomatal theory and assumes that gs 

depends on the reciprocal of D0.5; (ii) the Leuning model (Leuning, 1995), which has a 

similar functional form to the Medlyn model but assumes a different gs sensitivity to D; (iii) 

the Tuzet stomatal model (Tuzet et al., 2003), which assumes a sensitivity to leaf water 

potential ψL , incorporating a reduction of hydraulic conductance with low ψL (hereafter 

referred as Tuzet K-PSI); (iv) the Tuzet stomatal model, but incorporating a non-stomatal 

limitation that increases at low ψL (hereafter referred as Tuzet V-PSI); and (v) the Medlyn 

model, incorporating a non-stomatal limitation that increases with D (hereafter referred as 

Medlyn V-D).  These five model combinations were chosen to test the following alternative 

hypotheses. The comparison between the performance of Medlyn and Leuning model tests 
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whether increasing the sensitivity of gs to D improves model performance.  The Tuzet K-PSI 

model was chosen to test whether considering a hydraulic limitation improved model 

performance.  The comparison between the Tuzet V-PSI and Medlyn V-D models was 

designed to explore the best way to represent non-stomatal limitation and to test whether this 

assumption was necessary to improve predictions at high D. 

I first evaluated these five leaf-scale models against leaf gas exchange data, which were 

measured in situ at a range of D values. The best model at the leaf scale was then 

implemented into a canopy-scale model MAESTRA (Duursma et al., 2012), and I evaluated 

whether it improved the model’s ability to capture D responses at the canopy scale.  The 

following sections describe: (i) the sites where data were collected; (ii) how data was 

collected and processed; (iii) the leaf scale models tested; (iv) the parameterization of the 

tested models; and (v) the canopy-scale model used for evaluation at the whole-tree scale.   

3.3.1 Sites 

Data were obtained from two sites in the Cumberland Plain Woodland.  The first site is the 

Free Air CO2 Enrichment site (EucFACE), western Sydney, Australia (33.62ºS, 150.73ºE, 

species = Eucalyptus tereticornis), which consists of six circular plots (referred to as “rings” 

hereafter), each of which has a diameter of 25 m. The rings receive two CO2 treatments 

(Gimeno et al., 2016): control (ambient CO2 ≈ 400 μmol mol-1) and experimental (+150 μmol 

mol-1 CO2).  I used data from both treatments for this study.  The data under elevated CO2 

were included in this study because: (i) CO2 should not affect the model performance; (ii) a 

larger sample size increased the statistical power of the conclusions.  Meteorological data 

measured at EucFACE during the measurement period are shown in Figure 3.1. The second 

site is in the Castlereagh Natural reserve, Sydney, Australia (Zeppel et al., 2008).  This site is 

10 km south of EucFACE (species = E. parramattensis; a species closely related to E. 

tereticornis).    

3.3.2 Data 

This study used three types of data:  leaf gas exchange (Zeppel et al., 2008; Gimeno et al., 

2016), xylem vulnerability, and sap flow (Zeppel et al., 2008; Gimeno et al., 2018).  Leaf gas 

exchange and xylem cavitation data were used in parameterization as well as evaluation of 

the gs models. Sap flow data were used in whole-tree scale evaluations.   

Diurnal gas exchange measurements were made throughout the day under prevailing field 

conditions using a LiCOR 6400 at EucFACE (Gimeno et al., 2016) and a LCpro+ system 
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(ADC BioScientific, Hoddesdon, UK) at Castlereagh (Zeppel et al., 2008). Canopy access at 

EucFACE was provided by a crane (canopy height = 20m) whereas canopy access at 

Castlereagh was provided by portable rising work platform (canopy height = 2-8m). The 

EucFACE data were measured at saturating photosynthetically active radiation (~1800 μmol 

m-2 s-1).  The Castlereagh data were measured at ambient light level, so I chose data with 

saturating light only (>1200 μmol m-2 s-1).  At EucFACE, leaf water potential measurements 

at pre-dawn, morning (9:30-11:30), and midday (13:00-15:00) were also made by Gimeno et 

al. (2016).  The EucFACE diurnal data set contains ambient measurements in ambient rings 

under both ambient Ca (400 μmol mol-1) and measurements in elevated rings under elevated 

Ca (550 μmol mol-1).  All these measurements as well as all the data from elevated rings in 

EucFACE were included in this study.  

At EucFACE, gas exchange measurements also included photosynthesis-CO2 response (A-

Ci). There were repeated A-Ci curves corresponding to the four diurnal gas exchange 

campaigns in EucFACE (Crous et al., in prep.).  These measurements were made in the same 

month as the diurnal gas exchange measurements described above and were used to calculate 

the maximum electron transport rate (Jmax; μ mol m-2 s-1) and carboxylation capacity (Vcmax; μ 

mol m-2 s-1). Values were averaged by ring and date. The Jmax and Vcmax are estimated with 

“fitacis” function (planecophys R package; Duursma 2015). The temperature dependences of 

the Jmax and Vcmax were obtained from another set of A-Ci curves, measured at a range of leaf 

temperatures (20-40 ºC) during February 2016.  I fitted peaked Arrhenius functions (Medlyn 

et al., 2002) to values of Jmax and Vcmax to parameterise their temperature dependences; all 

other values of Jmax and Vcmax were corrected to 25 ºC using these relationships and were 

averaged for each ring on each measurement date. I also estimated apparent Vcmax from the 

diurnal measurements using the “one-point method” (De Kauwe et al. 2016).  As a result, 

each diurnal measurement corresponded to a modelled Vcmax based on A-Ci curve data and the 

temperature response, and an apparent Vcmax based on the “one-point method”.     

A hydraulic vulnerability curve for E. tereticornis was constructed using benchtop 

dehydration (Peters, pers.comm.).  Two-metre-long branches were excised from mature 

canopy trees at EucFACE.  Collections were made in the early morning (between first light 

and sunrise).  Branches were placed in large plastic rubbish bags with moist towels to prevent 

dehydration and cut ends were recut under water and allowed to rehydrate.  Branches were 

transported in water and were stored in a cool room 24 hour before measurements.  Stem 

percent loss of conductivity was measured using hydraulic flow measurements on 
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increasingly dehydrated branches using a flowmeter (Liqui-Flow L10, Bronkhorst High-Tech 

BV, Ruurlo, Gelderland, Netherlands) at low pressure (< 4kPa).  Four to six stem segments 

were measured per large branch at progressively lower water potentials.  To quantify the 

impact of cavitation for the Tuzet models, a Weibull function following Ogle et al. (2009) 

was fitted to produce a vulnerability curve using the ‘fitplc’ function (fitplc R package; 

Duursma and Choat, 2017).   

At EucFACE, transpiration was estimated with sap flow measurements by Gimeno et al. 

(2018).  The measurements (custom-built three-probe heat-pulse sensors) sampled two 

positions on each tree, from three trees per ring.  Data from all six rings were used.  The data 

were upscaled to estimate stand averages using sap wood area allometrically calculated with 

measured stem diameter.  The volumetric soil water content (θ) of the site was measured 

fortnightly using neutron probes and aggregated to the top 50 cm at 25 cm interval (Figure 

3.2).  Sapflow at Castlereagh site was obtained from (Zeppel et al., 2008).  The measurements 

used two-probe heat pulse sensors and sampled six trees with two sensors per tree from June 

to December 2006.  The corresponding soil moisture measurements of Castlereagh were 

recorded with an array of frequency domain reflectometry sensors (Theta Probe, ML2-X; 

Delta-T devices, Cambridge,UK) for the top 70cm.  

3.3.3 Models tested  

In this chapter, I tested four stomatal conductance models in combination with the leaf 

photosynthesis model of Farquhar et al. (1980). Here I will focus on the stomatal conductance 

models. The photosynthesis model is described in detail in Chapter 4.  

I chose the Medlyn model as the baseline stomatal conductance model because it requires the 

fewest parameters (Medlyn et al., 2011):  

𝑔𝑠 = 1.6 ∙ (1 +
𝑔1𝑀

√𝐷
) ∙

𝐴

𝐶𝑎
     (1) 

where gs is the stomatal conductance to water vapour (mol m-2 s-1); g1M is the optimal 

stomatal behaviour parameter (kPa0.5; see detailed explanation in Medlyn et al., (2011)); A is 

the CO2 assimilation rate (μmol m-2 s-1); Ca is the atmospheric CO2 concentration (μmol mol-

1). I modelled A with the “'plantecophys” R Package (Duursma, 2015), which uses the 

Farquhar-von Caemmerer-Berry model (Farquhar et al., 1980).   

An earlier model was proposed by Leuning (1995), who assumed a different stomatal 

response to D following Lohammar et al. (1980): 
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𝑔𝑠 = 1.6 ∙ 𝑔1𝐿 ∙
𝐴

𝐶𝑎
∙

1

1+𝐷 𝐷0⁄
     (2) 

which has two parameters: g1L is an empirical slope determining the sensitivity of gs to A and 

other environment variables (dimensionless); and D0 reflects the sensitivity of gs to D (kPa).   

I also tested a modified version of the model proposed by Tuzet et al. (2003), following 

Duursma and Medlyn (2012): 

𝑔𝑠 = 1.6 ∙ 𝑔1𝑇
𝐴

𝐶𝑎
∙ 𝑓𝑠(𝜓𝐿)    (3) 

where g1T is an empirical slope parameter and fs is the sigmoidal function defined as: 

𝑓𝑠(𝜓𝐿) =
1+exp (𝑠𝑓∙𝜓𝑓)

1+exp (𝑠𝑓∙(𝜓𝑓−𝜓𝐿))
    (4) 

Where ψL is leaf water potential (MPa); ψf is an empirical reference water potential (MPa), 

and sf is a sensitivity parameter describing the steepness of the response of ψL to ψf (MPa-1).  

The Tuzet model resembles the Medlyn and Leuning models but replaces the dependence on 

D with a function of ψL, which is obtained as follows.  

Assuming that the transpiration is a balance of demand and supply, I have: 

𝐸 = 𝐾 ∙ (𝜓𝑠 − 𝜓𝐿) = 𝑔𝑠 ∗ 𝐷/𝑃𝑎𝑡𝑚    (5) 

where K is the hydraulic conductance (mol m-2 s-1 MPa-1); ψs is the soil water potential (MPa) 

and Patm is the atmospheric air pressure (kPa). To solve for ψL requires a value for K, which is 

assumed to decrease as plant water potential becomes more negative (Tyree and Sperry 

1989): 

𝐾 = 𝐾𝑚𝑎𝑥 ∙ 𝑅𝑃𝐿𝐶   (6) 

where Kmax is the maximum hydraulic conductance (mol m-2 s-1); RPLC is the percentage loss 

of hydraulic conductance and takes the form of a Weibull function as fitted by Neufeld et al. 

(1992):  

𝑅𝑃𝐿𝐶 =
1

1+exp (𝑎∙(𝜓𝐿−𝜓50))
    (7) 

where a and ψ50 are fitted parameters (32.4 and -4.1 MPa, respectively); a represents the rate 

of decline of the curve and ψ50 is the leaf water potential at which plant hydraulic 

conductance is reduced to 50%.  These parameters were obtained from the vulnerability 

curves described above (Peters, pers. comm.) Combining Equations 3 – 7 allows both ψL and 

gs to be predicted.  
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I tested two alternative ways to represent non-stomatal limitation. In the first, the maximum 

carboxylation capacity (Vcmax; μmol m-2 s-1) was assumed to decline with leaf water potential 

(the V-PSI hypothesis): 

𝑉 = 𝑉𝑐𝑚𝑎𝑥
1+exp (𝑠𝑓.𝑣∙𝜓𝑓.𝑣)

1+exp (𝑠𝑓.𝑣∙(𝜓𝑓.𝑣−𝜓𝐿))
    (8) 

where V is the Vcmax modified by non-stomatal limitation; sf.v and ψf.v are fitted parameters; ψf.v 

is an empirical reference water potential (MPa), and sf.v is a sensitivity parameter describing 

the “steepness” of the response of ψL to ψf.v  (MPa-1).  Note that this is the same form of 

sigmoidal function as used in the Tuzet model (Eqn. 3).  

In the second, I derived a direct empirical relationship between Vcmax and D (the V-D 

hypothesis): 

𝑉 = 𝑉𝑐𝑚𝑎𝑥 ∙ (1 − 𝑐𝐷 ∙ 𝐷)    (9) 

where cD is a fitted parameter (kPa-1). This relationship is different from that in Eqn. 8 

because it assumes the plant carboxylation capacity directly responds to D.  I set a minimum 

Vcmax of 10 (μmol m-2 s-1) to avoid negative values produced by the linear decline of Vcmax 

with D.   

I assumed that the impact of soil drought could be represented in the Tuzet model by the 

reduction of soil moisture potential (ψs), which was estimated from the pre-dawn leaf water 

potential (ψpd; MPa).  For the Medlyn and Leuning models, I assumed an exponential 

dependence of the g1 parameter on ψpd following Zhou et al. (2013): 

𝑔1 = 𝑔1.𝑚𝑎𝑥 ∙ exp (𝛽 ∙ 𝜓𝑝𝑑)    (10) 

where g1 represents g1M and g1L; g1.max is g1 when ψpd = 0; β represents the sensitivity of g1 to 

ψpd.  The impact of dry soil was implemented to account for the variation in the soil water 

availability among the campaigns. 

3.3.4 Model fitting  

I used R (version 3.4.1 R Core Team) as the modelling and statistical tool.  I assumed 

measured values of incident photosynthetically active radiation, leaf temperature, 

atmospheric CO2 concentration, D, ψpd, and Jmax and Vcmax for the diurnal gas exchange data 

(at EucFACE only). I then parameterized the Medlyn and Leuning models at leaf scale using 

the differential evolution algorithm (DEoptim package) to fit all the parameters (g1.max, β, D0, 

and cD) in the coupled A-gs model against the measured A and gs data.  I used a similar 
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approach to determine the unknown parameter values in the Tuzet models. As a result, all the 

models tested at the leaf-scale were fitted to measured A and gs.   

To determine the potential impact of dry soil on gs, I used the fitBB function ('plantecophys' 

package; Duursma, 2015) to estimate the g1M in the Medlyn model.  I fitted one g1M for each 

campaign and illustrated that g1M declined with decreasing ψpd (Figure 3.3).  However, these 

g1M values were not taken directly by the models but used to parameterise the stomatal 

response to soil moisture.    

Table 3.1.  Summary of model parameter values and performance considered in this study. 

Note the differences in meanings and units in g1.max among models. Table shows both the 

coefficient of determination (R2; higher is better) and inverse of Bayesian information 

criterion (BIC; lower is better) of both A and gs.  Each criterion is ranked for the best three 

model combinations (best to worst marked as dark to light shade).   

gs model Vcmax/Kmax model  Fitted parameters R2 of A R2 of gs -BIC 

Medlyn  
(Eqn. 1) 

V constant 
g1.max =5.5;  
β = 0.69 

0.45 0.61 2442 

Leuning (Eqn. 2) V constant 
g1.max = 19.80;  
β = 0.31; 
D0 = 0.76 

0.62 0.75 2420 

Tuzet  
(Eqn. 3)  
 

V constant  
K = f(ψL)  
(Eqn. 6) 

g1T =11.55;  
ψf  = -3.78;  
sf  = 2.23;   
Kmax = 1.49 

0.77 0.69 2378 

Tuzet  
(Eqn. 3)  
 

V =  f(ψL) (Eqn. 8) 
K = f(ψL)  
(Eqn. 6) 

g1T = 14.00;  
ψf  = -1.54;  
sf = 11.80;   
Kmax = 4.00; 
c2 = -0.17;  
c1 = 0.50 

0.65 0.75 2397 

Medlyn  
(Eqn. 1) 

V = f(D)  
(Eqn. 9) 

g1.max =5.7;  
β = 0.52;  
cD = 0.16 

0.77 0.74 2380 

 

Although exploring the mechanisms causing non-stomatal limitation is beyond the scope of 

this study, I used an extreme-case assumption to estimate the possible contribution of 

mesophyll conductance (gm). I assumed that all of the discrepancy between the Medlyn model 

prediction and diurnal gas exchange data could be attributed to gm, when D is >2 kPa. For 

each diurnal measurement with D >2 kPa, a gm value was estimated as that which minimized 



52 
 

the difference between the model predictions and the diurnal observations.  This analysis 

indicates how much gm would have to change if it were solely responsible for non-stomatal 

limitation. However, the role of gm was not further explored in this study because it is not 

possible to determine how much of the apparent non-stomatal limitation can be attributed to 

reductions in gm.   

The fidelity of the leaf-scale models was evaluated via: (i) the Bayesian Information Criteria 

(BIC), which considered the relative residuals of predictions (both A and gs) as well as the 

number of parameters in the models; (ii) the coefficient of determination (R2) of both A and 

gs.  I thus ranked the models with these measures and selected the one with the highest 

overall ranking.   

 

3.3.5 Stand scale modelling 

I implemented the Medlyn model (Eqn 1) with V-D relationship (Eqn. 9) into a process-based 

stand-scale model, MAESTRA (Duursma and Medlyn, 2012).  The stand simulation included 

all six rings in EucFACE and covered the period between 1 January 2013 to 31 December 

2013 on a half hourly basis.  MAESTRA considers the radiative transfer to an array of grid 

points within each tree crown and calculates gas exchange at each grid point based on light 

interception at each timestep.  Understory plants were not included here because they do not 

contribute to tree transpiration.  The model was parameterised with data on size, location, and 

position of each tree as well as total leaf area index (Duursma et al., 2016; Figure 3.1).   
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Figure 3.1. The vapour pressure deficit, temperature, radiation, and precipitation of the site 

during the simulation period.  Panels show (a) daily mean vapour pressure deficit (D) with 

shaded area marking the maximum and minimum of the day, (b) daily mean air temperature 

(Tair) with shaded area marking the maximum and minimum of the day, (c) daily total 

photosynthetically active radiation (PAR), and (d) monthly total precipitation.   

 

Meteorological data (Figure 3.1) and soil water content data (Figure 3.2) observed in each 

ring were input to the model. The original met data were aggregated to half-hourly averages 

and gap-filled (less than 1% of the total) with nearest available values.  Canopy physiology 

was parameterized with measurements of the light response of photosynthesis, dark 

respiration rates, and the temperature response of photosynthesis and respiration, all made at 

EucFACE and assumed not to vary across rings (Crous et al. pers. comm).  I assumed a 

minimum gs (Duursma et al., 2018) of 0.01 (mol H2O m-2 leaf s-1) during daytime to avoid 

zero transpiration at extreme environmental conditions (e.g., high D).  The transpiration of 

the canopy in the model is given by the Penman-Monteith equation which considered net 

radiation, windspeed, relative humidity, and stomatal conductance.  
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Figure 3.2. (a) Soil water content (θ; dimensionless) and (b) Leaf area index from the top 50 

cm of each ring over the simulated period.  The LAI data were estimated by Duursma et al. 

(2016) from absorbed PAR measurements and smoothed with a generalized additive model 

fitting.   

 

The impact of soil drought on stomatal conductance was modelled as a function of g1M and 

volumetric soil water (θ) content following Drake et al. (2017):  

𝑔1 = 𝑔1.𝑚𝑎𝑥 ∙ (
𝜃−𝜃𝑚𝑖𝑛

𝜃𝑚𝑎𝑥−𝜃𝑚𝑖𝑛
)𝑞    (11) 

where g1.max is the maximum value of g1 (kPa0.5); θmax and θmin are empirically fitted 

parameters defining the upper and lower boundaries beyond which g1 is not affected by θ; 

θmin was assumed to be 0 in the fitting; and q is the parameter describing the non-linearity of 

the function.   I fitted Eqn. 11 (Figure 3.3) to the data from Gimeno et al. (2016) and Drake et 

al., (2017a) to obtain the values of θmax and q (0.42 and 0.18 respectively) with the non-linear 

least squares method (nls, R function).  The relationship between g1M and θ used in the model 

is in Figure 3.1.  The stand-scale model did not use the same relationship as on leaf-scale 

(Eqn. 10) because: (i) the limitation of temporal coverage of leaf water potential 

measurements prohibited the simulation on annual scale; (ii) on leaf scale, the Tuzet models 

depends on ψs instead of θ; (iii) although ψs could be estimated with θ, doing so over the 

rooting depth (4 m) with different soil types would not give an accurate estimation of ψs.  The 
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different requirements of leaf and whole-tree scale models thus led to distinct soil water stress 

functions.   

The model used a phenology of Vcmax and Jmax derived from canopy greenness (Green 

Chromatic Coefficient; GCC): 

𝑉𝑐𝑚𝑎𝑥.25 = (𝑉80 − 𝑉20) ∙ 𝑓(𝐺𝐶𝐶) + 𝑉20    (12) 

where Vcmax.25 is Vcmax value at 25 ºC; f(GCC) is the phenology derived from the canopy 

greenness; V80 and V20 are fitted parameters describing the upper and lower range of Vcmax.  

This relationship is the same for Jmax with J80 and J20 (i.e., the upper and lower range of 

observed Jmax.25, respectively) replacing V80 and V20.  The GCC phenology was fitted to 

observed data:  

𝐺𝐶𝐶 = 𝑓𝑎 ∙ 𝑡𝑓𝑏 + 𝑓𝑐
𝑡
    (13) 

where fa and fb are fitted parameter values; t is the arbitrary date of leaf flushing (number of 

days from October 1st in the previous year); fc was fixed to 0.0005 to reduce the degrees of 

freedom of the model and to improve fitting.    

 

Figure 3.3. The impact of soil moisture content (θ) at top 50 cm on stomatal regulation.  

Coloured points mark the g1M estimated from the data in Gimeno et al. (2016) with different 

colour for each campaign. The grey dots are data from Drake et al. (2017).   
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Table 3.2. List of parameters and variables. Note that abbreviations are not included in the 

list.  

Parameter/variable Definition Unit Value 

A 
Net assimilation rate of 

CO2 
μmol m-2 s-1 - 

a 
Rate of decline of PLC 

curve 
MPa-1 42.8 

β 
Stomatal sensitivity to 

drought 
- 

0.69 for the Medlyn 

model; 0.97 for the 

Leuning model 

Ca 
Atmospheric CO2 

concentration 
μmol mol 

~400 for ambient and 

550 for elevated 

cD 
Decline of carboxylation 

capacity with vapour 

pressure deficit 
kPa-1 0.174 

g1.max 
g1L and g1M at zero 

predawn leaf water 

potential  
kPa0.5 

5.5 for the Medlyn 

Model; 24.0 for the 

Leuning Model 

g1L 
Stomatal factor in the 

Leuning model 
unitless - 

g1M 
Stomatal factor in the 

Medlyn model 
kPa0.5 - 

g1T 
Stomatal factor in the 

Tuzet model 
unitless - 

gs Stomatal conductance mol m-2 s-1 - 

D Vapour pressure deficit kPa - 

D0 Sensitivity of gs to D kPa 0.82 

E Transpiration kg m-2 hr-1 - 

ET Evapotranspiration kg m-2 hr-1 - 

Jmax 
Maximum electron 

transport rate 
μmol m-2 s-1 - 

K Hydraulic conductance mol m-2 s-1 MPa-1 - 

Kmax 
Maximum hydraulic 

conductance 
mol m-2 s-1 Depends on model 

ψ50 

Leaf water potential at 

which plant hydraulic 

conductance is reduced 

to 50% 

MPa -4.3 

ψL Leaf water potential MPa - 

ψf  
Empirical reference 

water potential 
MPa - 

ψf.v 
Leaf water potential at 

which plant Vcmax is 

reduced to 50% 
MPa - 

sf 
Sensitivity of the 

response of ψL to ψf 
- - 

sf.v 
Sensitivity of the 

response of ψL to ψf.v 
MPa-1 - 
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Patm  Atmospheric air pressure  kPa - 

RPLC 
Percentage loss of 

hydraulic conductance 
% - 

V 
Vcmax modified by 

environmental 

conditions 
μmol m-2 s-1 - 

Vcmax 
 

Maximum carboxylation 

capacity at given 

temperature 
μmol m-2 s-1 - 
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3.4. Results 

3.4.1 Baseline leaf gas exchange models 

The leaf gas exchange data from EucFACE showed a clear decline in both A and gs with 

increasing D (Figure 3.4).  The baseline model (Medlyn with constant V) was unable to 

capture the D response of A (Figure 3.5a) or gs (Figure 3.5b).  As a result, this model ranked 

lowest among the models tested (Table 3.1).  It over-predicted A at high D but under-

predicted gs at low D. The Leuning model, despite its stronger sensitivity to D, shared the 

same problems as the Medlyn model (Table 3.1; Figure 3.5 c and d).  The under-prediction of 

gs resulted from the adjustment of parameter values to capture A at high D.  When fitting the 

parameter values, there is a trade-off in the ability of the model to capture A vs gs, such that 

adjusting parameters to improve the prediction of one (gs in this case) decreases the ability of 

the model to predict the other (A in this case).  In addition, I obtained unrealistic parameter 

values for the Leuning model. The fitted g1.max, β, and D0 were beyond the common range of 

estimations. Utilising the default parameter values for the Leuning model used in the CABLE 

land-surface model, for example, led to severe under-prediction of gs (Figure 3.6).  In other 

words, with standard parameter values, the Leuning model would have performed worse than 

all other models tested here (Figure 3.4).  This comparison suggests that improvements in the 

model performance are unlikely to be achieved by varying stomatal sensitivity to D.  
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Figure 3.4. The observed response of light-saturated photosynthesis (A) and stomatal 

conductance (gs) to vapour pressure deficit (D) at EucFACE. Data are leaf gas exchange 

from four campaigns in 2013 in all six rings (obtained from Gimeno et al. 2016).  Open 

circles: Ambient rings; Closed circles: Elevated rings.   
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Figure 3.5. Modelled photosynthesis (A) and stomatal conductance (gs) compared with 

observations. (a) and (b) Medlyn model (Eqn. 1). (c) and (d) Leuning model (Eqn. 2). Models 

were fit to both A and gs data.   

Figure 3.6.  The performance of the Leuning model (Eqn. 2) using default parameter values 
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from CABLE (g1=9; D0=1.5).  The panels show scatter plots of the predictions against 

observations.  

 

3.4.2 Hydraulic limitation  

The model incorporating hydraulic limitation (Tuzet K-PSI) showed good agreement with 

observations at both low and high D (Figure 3.7 and Table 3.1).  It achieved the best BIC 

value and highest R2 to A (Table 3.1). However, a comparison with leaf water potential 

values shows that the Tuzet model, although it performs well in predicting A and gs, does so 

for the wrong reasons.  Tuzet K-PSI predicted: (i) a decline of ψL with increasing D (Figure 

3.8a), (ii) a large gradient between ψs and ψL (~ 4 MPa), and (iii) ψL values below ψ50 (< -5 

MPa), none of which was supported by observations (Figure 3.8 b and c).  The observed ψL 

did not change with D (Figure 3.8b).  The estimated vulnerability curve (Figure 3.8b) also 

indicated that the plant maintained a ψL higher than the point where cavitation starts (~ -3.5 

MPa).   

 

Figure 3.7. Modelled photosynthesis (A) and stomatal conductance (gs) incorporating 

hydraulic limitation (Tuzet K-PSI, Eqns. 3-7) compared with observations.   
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Figure 3.8. The Tuzet K-PSI model did not capture the observed leaf water potential (ψL). (a) 

Predicted ψL from the Tuzet model.  (b) Observed ψL of each tree in the morning (lower D) 

and at midday (higher D).  (c) Estimated PLC curve based on dehydration measurements.  

Note that observed ψL (b) stays above the point where cavitation occurs (c), but the model 

predicts this value to fall below this point (a).  

 

3.4.3 Non-stomatal limitation  

I first examined whether there is evidence in the gas exchange data for non-stomatal 

limitation. Figure 3.9 shows that the ratio of apparent Vcmax (estimated from gas exchange 

data using the “one-point” method) to the predicted Vcmax at the same temperature (estimated 

from A-Ci curves performed at a range of temperatures) declined with increasing D. A 

similar pattern was also observed in gas exchange data from the nearby Castlereagh site (blue 

dots in Figure 3.9).  This decline in the apparent Vcmax indicates a reduction in Vcmax or a 

decrease in gm, neither of which can be linked to stomatal regulation.  I also estimated 

mesophyll conductance and showed a reduction of mesophyll conductance with D in this 

study (Figure 3.10).  Consequently, this finding supports the hypothesis that non-stomatal 

limitation is a factor in the decline of A at high D. 
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Figure 3.9. Ratio of apparent Vcmax (estimated from gas exchange data using the “one-point” 

method) to the predicted Vcmax at the same temperature (estimated from A-Ci curves 

performed at a range of temperatures), as a function of D. EucFACE data (orange) are from 

Gimeno et al. (2016); Castlereagh data (blue) are from Zeppel et al. (2008). Only the 

EucFACE data are used in parameterization; the Castlereagh data are used to show that the 

pattern is consistent across sites. Black line shows a linear regression with a fixed intercept 

of 1.   
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Figure 3.10. Fitted mesophyll conductance (gm; mol m-2 s-1) shows a decline with increasing 

vapour pressure deficit (D; kPa).  The gm is estimated with diurnal leaf gas exchange 

measurements in EucFACE during 2013.  The line marks the linear regression fit: gm = 0.17-

0.03∙D with a R2 of 0.38. The fitting estimated a gm of 0.11 mol m-2 s-1at D =2 kPa; 0.05 mol 

m-2 s-1at D = 4 kPa.   

 

I then tested whether the non-stomatal limitation could be predicted as a function of leaf 

water potential (Tuzet V-PSI).  Adding non-stomatal limitation to the Tuzet model comes at a 

cost of increased complexity, requiring six parameters to be fitted at the same time.  This 

added complexity was not justified by the marginal improvements in R2 resulting in the worst 

BIC value of all models tested (Table 3.1; Figure 3.11 a and b).  Including the non-stomatal 

limitation in the Tuzet model did not lead to model improvement, which can be explained as 

follows.  Firstly, I know that the plants do not reduce ψL sufficiently to cause cavitation and a 

reduction in hydraulic conductance (see above).  Given that the plants do not reduce ψL 

beyond the critical value, it is not possible for non-stomatal limitation as a function of ψL to 

predict a reduction in transpiration at high D. The observed decreased in gs at high D leads to 

a less negative ψL at high D; a less negative ψL implies a higher Vcmax; however, this 

contradicts the assumption and existing evidence, which suggested that at high D, a lower 

Vcmax should be expected.   
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Figure 3.11. Modelled photosynthesis (A) and stomatal conductance (gs) incorporating non-

stomatal limitation (Eqn. 9) into Tuzet (Tuzet V-PSI) and Medlyn models (Medlyn V-D) 

compared with observations.   

 

I also tested whether an empirical non-stomatal limitation incorporated into the Medlyn 

model would improve the prediction (Medlyn V-D; Figure 3.11 c and d).  The Medlyn model, 

together with an empirical decline in Vcmax with D, achieved better R2 values for both A and gs 

than the more complicated models, resulting in a low -BIC value (Table 3.1).  This result 

suggests that the issues identified above with the Medlyn model are not with the model itself 

but rather a result of a lack of representation of non-stomatal limitation in the coupled A-gs 

scheme.  

3.4.4 Stand scale evaluation 

I then moved to evaluating the performance of the Medlyn V-D relationship at the whole-tree 

scale using the MAESTRA model.  Since photosynthesis measurements at the whole-tree 

scale are not available, the evaluation focused on transpiration estimated from sap flow 

measurements. The standard MAESTRA using the Medlyn model over-predicted 

transpiration at EucFACE especially at high D (Figure 3.12 a and b).  There was a notable 

inconsistency in the errors at low and high D. The difference between the predicted and 

observed values increased strongly at high D (compare green versus red dots in Figure 
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3.12b).  However, after incorporating the Medlyn V-D model, MAESTRA closely followed 

the seasonal variation of the measurements (Figure 3.10c) and agreed with observations 

across the full range of D.  Overall, the Medlyn V-D model increased the coefficient of 

determination from 0.64 to 0.87 and halved the root mean squared error (0.027 to 0.013; L hr-

1).  The improvements were even larger at high D (>2.5 kPa) with a reduction of root mean 

squared error from 0.09 to 0.03.  During the simulated four years (2013-2016), incorporating 

non-stomatal limitation into MAESTRA resulted in a ~10% reductions in predicted annual 

average transpiration (~46 kg H2O m-2 yr-1) and a ~7% reduction in gross primary production 

(~117 g C m-2 yr-1).  These reductions happened mainly during summer months (December, 

January, and February) with transpiration reduced by ~21 kg H2O m-2 quarter-1 or 15%, and 

gross primary production reduced by ~48 g C m-2 quater-1 or 17%.  These findings indicate a 

potentially large impact of non-stomatal limitation at high D.   

I also explored whether the new model would improve predicted transpiration compared to 

observations at the Castlereagh site with similar species and climate conditions.  Without 

canopy physiology or structure data to parameterize the Castlereagh site, I took the approach 

of standardizing the observed sap flow and modelled E by their respective maxima and 

comparing the relationships of E with D (Figure 3.13).  Both sites show a peaked relationship 

of E with D with the turning point occurring between 2-3 kPa, which agrees with the 

prediction of MAESTRA incorporating non-stomatal limitation (black line in Figure 3.13).  

This finding suggests that the improvement obtained by incorporating non-stomatal limitation 

could also apply to sites with similar species and climate. 
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Figure 3.12. Modelled transpiration (E) compared to sap flow estimated by heat pulse 

sensors (measured E).  Data shown are daytime for one stand (Ring 3) in 2013.  Other stands 

and time periods are similar (Supplementary Material for Chapter 3).  Panels (a) and (b) 

show the result from original MAESTRA.  Panels (c) and (d) show the result from MAESTRA 

with V-D hypothesis.  The solid lines in Panels (a) and (c) show the daily average while the 

shading shows hourly variation (standard deviation).   
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Figure 3.13.  Transpiration (E) across different sources/sites as a function of air vapour 

pressure deficit (D).  The red dots are sapflow data from Castlereagh site (Zeppel et al., 

2009).  The red line indicates Eqn. 5 in Whitley et al. (2013) fitted to the 80% quantile of the 

data. The fitted line is slightly off in the peaked value compared to the observations because 

the measured transpiration concentrated at D = 1kPa and weighted more in the fitting.  The 

black and blue lines represent the same equation fitted to the modelled and estimated 

(sapflow) half-hourly daytime E for Ring 3 at EucFACE in 2013. All the data were filtered 

with high PAR (> 1000 μmol m-2 s-1).  There is a consistent turnover of E (peaked shape of 

the lines) among sites and sources.    

 

3.5 Discussion 

The coupled response of A and gs to increasing D is a key component in the modelling of 

carbon and water fluxes of terrestrial vegetation.  This is particularly true for dry ecosystems 

where high atmospheric demand frequently leads to stress for plants.  In this paper, I 

evaluated a suite of commonly used gs models and assumptions (hydraulic and non-stomatal 

limitation) used to represent the physiological response to D at a native evergreen woodland.  

Overall, I concluded that the Medlyn V-D combination showed the best performance and 

improved simulations of canopy- and ecosystem-scale carbon and water fluxes.  This finding 

highlights the importance of accounting for non-stomatal limitation in coupled A-gs models.   
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Previous studies on the non-stomatal limitation of photosynthesis in response to water stress 

focused on the response to soil moisture (Keenan et al., 2010, Verhoef and Egea, 2014; De 

Kauwe et al., 2015; Drake et al., 2017a). There is a surprising lack of information about 

whether apparent photosynthetic capacity responds to D. With the available literature, there 

are two plausible mechanisms for non-stomatal limitation, a reduction in carboxylation 

capacity or mesophyll conductance, both of which have some empirical and theoretical 

support.  Lawlor and Cornic (2002) and Lawlor and Tezara (2009) illustrated that 

carboxylation capacity is down-regulated at high water deficit due to reduction in adenosine 

triphosphate (ATP) synthesis.  Huang et al. (2006) explored the cause of “midday 

depression” of gs and A, and suggested that the regulation of photosynthetic capacity is the 

likely explanation as plants aim to protect chloroplasts.  It is also possible that non-stomatal 

limitation is due to a reduction of mesophyll conductance with increasing D.  Flexas et al. 

(2008) examined the current understanding of the response of mesophyll conductance to the 

environment (including D) and suggested that gs and mesophyll conductance could be co-

regulated. Nevertheless, there have been few studies on the change of mesophyll conductance 

to D. Although Warren (2008) reported no mesophyll conductance response to D in 

Eucalyptus seedlings, the study only considered a small D range (1 kPa to 2 kPa) which is not 

sufficient to show the decline observed here.  Bongi and Loreto (1989) showed that 

mesophyll conductance declined from 0.3 to 0.14 mol m-2 s-1 when D increased from 1 to 3 

kPa in Olea europea L.  These estimations are consistent with the values estimated in this 

study (0.11 mol m-2 s-1
 at D = 2 kPa and 0.05 mol m-2 s-1

 at D = 4 kPa) and the magnitude of 

decrease of mesophyll conductance with increasing D. von Cammerer and Evans (2015) 

showed increasing mesophyll conductance with temperature and D, but also found no 

decrease in gs with D, which is inconsistent with our data.  The reason of their findings being 

different from this study may be because they were studying potted plants in growth 

chambers rather than large plants in the field.  The mechanism(s) behind the observed ono-

stomatal limitation thus remains to be clarified.  

I chose not to include mesophyll conductance in the models because: (i) without the 

knowledge of the mechanism(s) and extensive data across species and over time, it is difficult 

to construct and parameterize a model to account for the decline of mesophyll conductance 

with increasing D; and (ii) the photosynthesis capacity and mesophyll conductance 

limitations are mathematically equivalent in the modelling of gs and A, but the former is 

much more parsimonious.   
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It is important to understand the underlying reasons that lead to the predicted responses even 

if the models do not work. The original Medlyn model does not have a mechanism that 

allows gs or A to decrease at high D except via the temperature dependence of photosynthesis 

(Duursma et al., 2015).  Whilst the Leuning model does have a stronger regulation of gs at 

high D than the Medlyn model, it performs poorly at low D, and requires an additional 

parameter compared to the Medlyn model.  Furthermore, the findings in this study (Figure 

3.9), and other studies focused on mesophyll conductance and photosynthetic capacity (e.g., 

Mediavilla et al., 2002; Nascimento and Marenco, 2013) all suggested that the non-stomatal 

limitation is a more plausible mechanism to regulate gs, rather than a greater sensitivity to D.  

The Tuzet models all predicted a decline in ψL with increasing D.  However, this assumption 

leads to unrealistic ψL predictions and prevented the use of a non-stomatal limitation as a 

function of ψL (Figure 3.8).  Models that incorporate the Tuzet model and consider 

predictions in response to future climate (i.e., at higher D) should evaluate the ψL predictions 

together with photosynthesis and stomatal conductance.    

There are limitations in this study that need further evaluations with more data.  Firstly, the 

leaf-level evaluation used only data from one site and species.  Focusing on this site allowed 

the use of detailed site-specific parameters, which helped to assess the impacts of each factor 

separately.  The site- and species- specific measurements should also increase the credibility 

of the temperature dependence and stomatal parameters.  However, whether the results apply 

to other species and ecosystems requires further testing.  Secondly, there is a lack of 

photosynthesis measurements at the scale of the whole-tree model.  However, a recent eddy 

covariance study (Renchon et al., 2018) reported declines of evapotranspiration and net 

ecosystem carbon uptake with increasing D, which are consistent with the finding in this 

study.  I evaluated transpiration predictions against whole-tree scale sap flow measurements 

at two sites and showed that non-stomatal limitation improved the predicted transpiration of 

MAESTRA when compared to sap flow measurements particularly under high D.  The 

improvements in predicting transpiration would likely translate into improvements in carbon 

uptake.  Sap flow measurements in five other Eucalypt sites in Australia (Whitley et al., 

2013) show a similar decline in transpiration with increasing D, indicating that the non-

stomatal limitation might be widespread.  This study does not aim to advance the 

understanding of the mechanism(s) by which photosynthetic capacity and/or mesophyll 

conductance decline with D.  Instead, this study showed the potential improvement by 

incorporating a mechanistic or theoretical model of non-stomatal limitation into TBMs. 
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An alternative explanation for the decline of photosynthesis in the afternoon is sink 

limitation. It has been proposed that the accumulation of starch and sugar in the leaf over 

time causes an inhibition of photosynthesis (Paul and Foyer, 2001). The data, however, do 

not support this explanation for non-stomatal limitation at EucFACE. For instance, in 

February 2013, when daily maximum D was < 2 kPa, the mean photosynthesis of the control 

rings was measured at 25 ± 3 μmol m-2 s-1 in the morning and a similar 22 ± 2 μmol m-2 s-1 in 

the afternoon. However, in November 2013, when daily maximum D was > 2 kPa, the mean 

photosynthesis of the control rings changed from 18 ± 2 μmol m-2 s-1 in the morning to 5 ± 4 

μmol m-2 s-1 in the afternoon.  The magnitude of reduction in photosynthesis from morning to 

afternoon is thus smaller on days with higher morning photosynthesis rate, contradicting the 

assumption of sink limitation. Sink limitation thus is unlikely to explain the observed decline 

of photosynthesis in this study.   

This study assumes that stomatal behaviour is uniform, and leaf water loss only happens 

through the stomata.  The first assumption could be countered by stomatal heterogeneity (i.e., 

stomatal regulation differs across the leaf; also referred as “patchy stomatal closure”; cf. Mott 

and Buckley, 1998).  Although theoretically plausible (Buckley et al., 1999) and observed in 

the field (e.g., Kamakura et al., 2011), the mechanism(s) of the heterogeneity is(are) not 

quantitatively defined (Weyers and Lawson, 1997).  However, Cheeseman (1991) provided a 

mathematical frame work to test stomatal patchiness. Future studies may benefit from testing 

this hypothesis to explore for the mechanism(s). The second assumption raises the debate 

about the impacts of cuticular conductance (i.e., water loss unregulated by stomata; Cowen, 

1978; Farquhar, 1978; Maier-Maercker 1983).  Although a mechanistical model for cuticular 

conductance has been developed (Eamus et al., 2008), this study ignored cuticular 

conductance for the reasons summarized by Buckley (2005): (i) cuticular transpiration is only 

a small fraction of transpiration; (ii) epidermal turgor is more sensitive than that of the guard 

cell resulting in a mechanistic dilemma if cuticular transpiration has significant impact on gs; 

(iii) uncontrolled water loss reduces the effectiveness of plant active water conservation and 

thus fitness, indicating a lack of evolutionary benefit of such behaviour. 

3.6 Conclusions 

The key finding of this study was that non-stomatal limitation could be important not only for 

the diurnal patterns of A and gs under extreme dry conditions but also for transpiration and 

production at annual timescales.  Further studies would be useful to quantify the impact of 

non-stomatal limitation more broadly.  I showed that the Medlyn model could capture the gs 
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and photosynthesis response to D after incorporating non-stomatal limitation.  The empirical 

relationship describing non-stomatal limitation is supported by experimental studies from two 

sites and could be easily replaced with theoretical or mechanistic alternatives as they emerge.  

The predictions of the combined model were comparable to leaf- and whole-tree- 

measurements.  The findings suggest models should consider non-stomatal limitation in leaf 

gas exchange modelling particularly under future, drier, conditions.  
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Chapter 4. Scaling from leaf to canopy to understand the response of photosynthesis to 

elevated CO2 in a mature Eucalypt woodland  

4.1 Abstract  

The response of mature ecosystems to rising atmospheric carbon dioxide concentration (Ca) 

is one of the major uncertainties in projecting the future trajectory of the Earth’s climate. Free 

Air CO2 Enrichment (FACE) experiments are a main source of information on ecosystem 

responses to elevated Ca under field conditions. To maximise the understanding of these 

experiments, it is essential to understand how the carbon cycle is modified by elevated Ca. In 

this chapter, I used the MAESTRA model to upscale leaf-level measurements at the 

Eucalyptus FACE (EucFACE) experiment and estimate the ambient Gross Primary 

Production (GPP) and its response to elevated Ca.  In response to a 38% increase in Ca, 

measurements indicate that light-saturated leaf photosynthesis increased by 19% on average. 

MAESTRA estimated the annual GPP of the trees at the site to be ~1500 g C m-2 yr-1 under 

ambient Ca.  With a 38% increase in Ca, GPP was estimated to increase by 12%.  The smaller 

response simulated by the model at the canopy-scale as compared to that at the leaf-scale, 

was due to the prevalence of photosynthesis being limited by electron transport within the 

canopy.  The simulated GPP had large inter-ring variability: across rings this variability 

reduced the estimated mean GPP response to ~8%. These results demonstrate that high 

natural variability (across experimental replicates) and a relatively low effect size can lead to 

a non-statistically significant response to elevated Ca. These results provide valuable insights 

into the response of GPP to elevated Ca in evergreen woodland ecosystems, both in Australia 

and elsewhere.     
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4.2. Introduction 

Forests are a large long-term store of carbon (Bonan, 2008; Pan et al., 2011) and are 

responsible for offsetting 25-33% of anthropogenic CO2 emissions (Le Quéré et al. 2017).  

Atmospheric carbon dioxide concentration (Ca) has increased significantly since the 

beginning of the industrial era (Joos and Spahni, 2008) and is projected to continue to 

increase by 1.5-8 μmol mol-1 per year into the future (IPCC, 2014).  At the leaf scale, the 

direct physiological responses to increased Ca are well understood: elevated Ca (eCa) 

stimulates plant photosynthesis (Kimball et al. 1993) and reduces stomatal conductance 

(Morison, 1985), which together increase plant water-use efficiency. These physiological 

responses have the potential to increase the amount of carbon stored in the terrestrial 

biosphere and thus, significantly slow the rate of climate change. However, projecting the 

response of the terrestrial carbon sink to future increases in Ca is a major uncertainty in 

models (Friedlingstein et al. 2014), highlighting an urgent need to make greater use of data 

from manipulation experiments.  

In line with observed responses to CO2 in manipulative open-top chamber experiments 

(Eamus and Jarvis, 1989; Curtis and Wang 1998; Saxe et al. 1998; Medlyn et al., 1999) and 

ecosystem-scale FACE experiments (Ainsworth and Long, 2005; Norby et al., 2005), recent 

studies have highlighted evidence of CO2 fertilisation in response to the gradual increase in 

CO2 over the last 100 years, based on eddy-covariance measurements (Keenan et al. 2013) 

and satellite data (Donohue et al., 2009; Donohue et al., 2013; Yang et al., 2016; Zhu et al. 

2016). By contrast, other studies have noted an apparent paradoxical lack of stimulation of 

vegetation growth (Peñuelas et al. 2011; Silva and Anand, 2013; van der Sleen et al. 2014), 

which raises questions about how mature ecosystems will respond to rising Ca.  

In field-based Ca experiments conducted on older trees (>30 years old), the response of tree 

growth to eCa has also been relatively small.  In the first Web-FACE experiment, which was 

operated for four years at the single tree scale, there was no observed response of tree growth 

to eCa from a 35-metre-tall temperate deciduous forest (consisting of Quercus, Fagus, Acer, 

Carpinus, and Tilia) in Switzerland (Kӧrner et al., 2005).  Klein et al. (2016) later applied the 

same technique to the 110-year old, 40m tall Picea abies for five years and found no 

significant stimulation in above-ground biomass growth despite a 37% increase of leaf-level 

photosynthesis.  These results were consistent with an earlier three-year whole-tree chamber 

study conducted in a 40-year old forest in Sweden with the same species (Sigurdsson et al., 
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2013).  Dawes et al. (2011) exposed three tree line species (~30 years old): Larix decidua L., 

Pinus cembra L. and Pinus mugo ssp. uncinata Ramond to eCa for nine years and found that 

the tree ring width of Larix increased but there was no significant response of tree ring width 

in the two Pinus species. However, whilst these eCa experiments focused on mature trees in 

the field, these experiments were on individual-tree scale, which limits the understanding of 

the potential ecosystem-scale response to eCa.  

The Eucalyptus FACE (EucFACE) is the first ecosystem-scale experiment with eCa in a 

mature native forest and provides a valuable case study of mature evergreen forest response 

to eCa under field conditions. This ongoing experiment started in 2012 and showed no 

significant increase in above-ground growth, despite a significant increase in leaf-level 

photosynthesis (Ellsworth et al. 2017).  Results from the first three years of gas exchange 

measurements showed consistent stimulation of photosynthesis (A) of 19% (Gimeno et al., 

2016; Ellsworth et al., 2017). Nevertheless, the leaf-level response did not lead to detectable 

changes in above-ground growth (Ellsworth et al., 2017) or transpiration (Gimeno et al., 

2018). The findings from EucFACE are consistent with those from the individual-tree 

experiments described above (Kӧrner et al., 2005; Dawes et al., 2011; Klein et al., 2016).  

These experiments also showed that in mature trees, above-ground growth was not 

statistically increased under eCa despite a stimulation of leaf-level photosynthesis.  

These field experiments showed the response of tree growth to eCa to be smaller than that of 

leaf photosynthesis.  Gross Primary Production (GPP) is the total carbon input to the canopy 

and provides the substrate for tree growth.  The lack of response of tree growth to eCa could 

potentially be explained by a small response of GPP to eCa.  A key step is thus to calculate 

how leaf-level photosynthesis scales to the canopy GPP.  Since GPP cannot be measured 

directly, previous studies have estimated GPP using a detailed model of canopy light 

interception that allows to scale leaf photosynthesis to the level of the canopy (Wang et al., 

1998; Luo et al., 2001).  

Wang et al. (1998) applied an array model, MAESTRO, to an open-top chamber experiment 

which exposed four-year old Betula pendula to eCa (+350 μmol mol-1).  The model was 

driven by site meteorological data and parameterised with leaf-level measurements.  The 

effect of eCa stimulated leaf photosynthesis 46% in the model but the increase of canopy GPP 

was 110%.   
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Luo et al. (2001) further developed MAESTRO into a new version, MAESTRA, by updating 

the leaf gas exchange submodel and the code efficiency.  They then applied MAESTRA to 

the Duke FACE site, where 14-year-old Pinus taeda dominated forest was exposed to Ca 

+200 μmol mol-1 since 1996.  Their simulation showed that GPP of the site increased by 

~39% under eCa.  However, the canopy GPP response rate was considerably smaller than that 

measured on current-year needles (67%) in the same site (Ellsworth, et al., 2011).   

Several factors can account for the differences between the responses of leaf photosynthesis 

and GPP to eCa.  Firstly, the leaf-level response of photosynthesis is usually measured on 

sunlit leaves under saturating light.  As a result, the leaf-level response represents the 

response of the photosynthesis rate when limited by maximum Rubisco activity (Vcmax).  

However, depending on the canopy architecture, the canopy could have a large number of 

shaded leaves, which would mean that the rate of photosynthesis could actually be limited by 

electron transport (i.e., RuBP regeneration; J).  Electron-transport limited photosynthesis has 

a smaller response to eCa than Rubisco-limited photosynthesis (Ainsworth and Rogers, 

2007), resulting in a smaller response of canopy GPP than leaf photosynthesis under 

saturating light.   

The downregulation of photosynthesis under eCa, or photosynthetic acclimation, is another 

important factor that controls the responses of photosynthesis and GPP to eCa (Long et al., 

2004; Ainsworth and Rogers, 2007; Rogers, et al., 2017).  Under long-term exposure to eCa, 

some plants have been observed to reduce nitrogen allocation to Rubisco, which results in a 

decrease in photosynthetic capacity (Gunderson and Wullschleger, 1993).  The average 

decrease in Vcmax among plants in FACE experiments was a moderate 13% for all species and 

6% for trees (Ainsworth and Long, 2005).  However, maximum electron transport rate (Jmax) 

was unaffected in most tree studies (Ainsworth and Long, 2007). Photosynthetic acclimation 

thus can change the JV ratio (Jmax.25 : Vcmax.25), which determines the transition from Rubisco-

limited to electron-transport-limited photosynthesis, and thus further modify the canopy GPP 

response to eCa. Both Wang et al. (1998) and Luo et al. (2001) tested the impact of 

photosynthetic acclimation and showed a moderate reduction of canopy GPP (5-6%) due to 

photosynthetic acclimation (10-20%).  However, whether that conclusion applies to other 

forest sites remains to be tested.  

Another important factor determining differences between leaf and canopy responses is the 

feedback between GPP and leaf area index (LAI).  For studies conducted on young forests 

before canopy closure, the increase of gross primary production (GPP) in response to eCa 
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usually results in an increase in LAI which in turn further enhances GPP (Norby et al., 2005).  

This positive feedback amplified the effect of CO2 and contributed to 60-90% of the increase 

in net primary production under eCa in the four FACE studies in Norby et al. (2005).  

However, in forests where LAI did not increase with eCa (i.e., after the canopy closure of the 

young forest or in mature forest), the response of canopy GPP to eCa was much smaller (e.g., 

Kӧrner et al., 2005; Norby et al., 2010; Dawes et al., 2011; Ellsworth et al., 2017).  In Wang 

et al. (1998), leaf area increased by 43% under eCa, which alone increased GPP by 60%.  In 

Luo et al. (2001), the trees had no detectable change in LAI. Consequently, GPP in their 

study showed a much smaller response (39%) to eCa (+60%). On the other hand, the 

sensitivity analysis conducted by Luo et al. (2001) showed that the canopy GPP was very 

sensitive to LAI and responded linearly to the change of LAI (i.e., 10% change in LAI 

translates into 10% change in GPP).  Both the experiments and the modelling studies 

highlighted the important role of GPP-LAI feedback in determining the canopy GPP response 

to eCa.  

Following Wang et al. (1998) and Luo et al. (2001), I used MAESTRA (Duursma and 

Medlyn, 2012) to estimate canopy GPP at EucFACE.  I first parameterised the model with in 

situ physiological and environmental measurements taken during the course of the 

experiment.  Then, I partitioned the response to eCa into direct stimulation of GPP and the 

indirect effects of down-regulation of photosynthesis and differences in LAI. The goal of this 

study was to understand how ecosystem GPP responds to eCa and to provide a baseline 

against which to compare changes in other components of the ecosystem carbon balance.   

4.3. Methods 

4.3.1 Site 

The EucFACE experiment is located in western Sydney, Australia (33.62º S, 150.7 º E).  It 

consists of six circular plots, each of which has a diameter of 25 m (referred to as ‘rings’ 

hereafter). The rings are divided into two groups: control (with ambient eCa; ≈ 400 μmol mol-

1; rings 2, 3, and 6) and treatment (eCa; +150 μmol mol-1; rings 1, 4, and 5).  The tree canopy 

is dominated by Eucalyptus tereticornis which are ~20 m in height and have a basal area of 

~24 m2 ha-1.  The site receives a mean annual precipitation of 800 mm yr-1, a mean annual 

photosynthetically active radiation (PAR) of 2600 MJ m-2 yr-1, and a mean annual 

temperature of 17 ºC.  
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4.3.2 Model  

The MAESTRA model is a process-based tree-array model (Wang and Jarvis, 1990; Medlyn, 

2004) that calculates canopy carbon exchange.  In each timestep (30 min in this study), the 

model simulates the radiative transfer, photosynthesis, and transpiration of individual trees 

mechanistically.  The following section will explain each of the processes in detail.  

4.3.2.1 Leaf scale model 

The gas exchange submodel combines the leaf photosynthesis model of Farquhar et al. (1980) 

with the stomatal optimisation model, following Medlyn et al. (2011). This model is the same 

as the Medlyn V-D model in Chapter 3 but is described comprehensively and in more detail 

in this Chapter. The key equations are as follows.  Stomatal conductance is modelled as:  

𝑔𝑠 = 1.6 ∙ (1 +
𝑔1

√𝐷
) ∙

𝐴𝑛𝑒𝑡

𝐶𝑎
     (1) 

where gs is the stomatal conductance to water vapour (mol m-2 s-1); g1 is the optimal stomatal 

behaviour parameter, which combines the gs sensitivity to D and photosynthesis (kPa0.5; see 

definition in Medlyn et al. 2011); Anet is the net CO2 assimilation rate (μmol m-2 s-1); Ca is the 

atmospheric CO2 concentration (μmol mol-1).   

The impact of soil moisture on stomata is represented through an empirical function that links 

soil water availability to g1 following (Drake et al., 2017): 

𝑔1 = 𝑔1.𝑚𝑎𝑥 (
𝜃− 𝜃𝑚𝑖𝑛

𝜃𝑚𝑎𝑥−𝜃𝑚𝑖𝑛
)𝑞    (2) 

where the g1.max is the maximum g1 value; θ is volumetric soil water content (%); θmax and 

θmin are the upper and lower limit within which θ has impact on g1; q describes the non-

linearity of the curve.   

Anet was modelled as:  

𝐴𝑛𝑒𝑡 = 𝑚𝑖𝑛(𝐴𝑐 , 𝐴𝐽) − 𝑅𝑑𝑎𝑦    (3) 

where Ac is the gross photosynthetic rate limited by carboxylation rate, while AJ is the 

photosynthetic rate limited by electron transport rate; Rday is the light respiration rate (μmol 

m-2 s-1).   

Ac is calculated as a function of maximum carboxylation capacity (Vcmax; μmol m-2 s-1) and 

intercellular CO2 concentration (Ci): 
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  𝐴𝑐 = 𝑉𝑐𝑚𝑎𝑥
𝐶𝑖−𝛤∗

𝐾𝑐(1+
𝑂𝑖
𝐾0

)+𝐶𝑖

    (4) 

where Kc and Ko are the Michaelis–Menten coefficients of Rubisco activity for CO2 and O2, 

respectively (μmol mol-1 and mmol mol-1, respectively), and Γ* is the CO2 compensation 

point in the absence of mitochondrial respiration (μmol mol-1); Oi is intercellular O2 

concentration (mmol mol-1).  The Kc, Ko, and Γ* are temperature dependent following 

Bernacchi et al. (2001).  Following Yang et al. (Chapter 3), MAESTRA considers a non-

stomatal limitation on Vcmax at high D: 

𝑉𝑐𝑚𝑎𝑥 = 𝑉𝑐𝑚𝑎𝑥.𝑡(1 − 𝑐𝐷 ∙ 𝐷)   (5) 

where Vcmax.t is calculated at given leaf temperature with Vcmax.25 and temperature response 

curve, and cD is a fitted parameter.  

AJ is calculated according to: 

  𝐴𝐽 = 𝐽
𝐶𝑖−𝛤∗

𝐶𝑖+𝛤∗    (6) 

where J is the electron transport rate calculated by solving:  

𝜃𝐽 ∙ 𝐽2 − (𝛼𝐽 ∙ 𝑄𝐿 + 𝐽𝑚𝑎𝑥) ∙ 𝐽 + 𝛼𝐽 ∙ 𝑄𝐿 ∙ 𝐽𝑚𝑎𝑥 = 0    (7) 

where θJ describes the curvature electron transport rate (unitless); αJ is the quantum yield 

(μmol μmol -1); QL is the PAR absorbed by the leaf (i.e., incident PAR minus leaf reflectance 

and transmittance; μmol m-2 s-1); Jmax is the maximum electron transport rate at the given 

temperature (μmol m-2 s-1).  Both Jmax and Vcmax depend on leaf temperature and are modelled 

using a peaked Arrhenius function: 

𝑘𝑡 = 𝑘25 ∙ exp (𝐸𝑎
𝑇𝑘−298.15

298.15∙𝑅𝑔𝑎𝑠∙𝑇𝑘
) ∙ (1 +

exp(298.15∙𝛥𝑆−𝐻𝑑)

298.15∙𝑅𝑔𝑎𝑠
)/(1 +

exp(𝑇𝑘∙𝛥𝑆−𝐻𝑑)

𝑇𝑘∙𝑅𝑔𝑎𝑠
)    (8) 

where kt is the value of Jmax or Vcmax at a given temperature (μmol m-2 s-1); k25 is the value of 

Jmax or Vcmax at 25 ºC; μmol m-2 s-1); Tk is the leaf temperature in Kelvin; Ea is the activation 

energy which describes the rate of increase of kt to temperature (J mol−1); Hd is the 

deactivation energy which describe the rate of decrease of kt to temperature (J mol−1); ΔS is 

known as the entropy factor (J mol−1 K−1); Rgas is the gas constant (J mol−1 K−1).  Although 

MAESTRA has the capacity to calculate the leaf energy balance, for these simulations it was 

assumed that the leaf temperature equalled the air temperature because the canopy is 

sufficiently open that the leaves are well coupled with the atmosphere.  
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The model also assumes Rday to be a fixed fraction (0.7) of Rdark (dark respiration rate; μmol 

m-2 s-1), and uses an Arrhenius temperature response function: 

𝑅𝑑𝑎𝑟𝑘 = 𝑅𝑑𝑎𝑟𝑘.25 ∙ exp (𝑘𝑇 ∙ (𝑇𝑙𝑒𝑎𝑓 − 25))    (9) 

where kT is the sensitivity of Rdark to temperature (ºC-1); and Tleaf is the leaf temperature (ºC).   

4.3.2.1 Scaling to the canopy 

The model represents the tree canopy as an array of tree crowns. The location and dimensions 

of each crown are specified based on site measurements. Calculations of carbon and water 

fluxes are made for each tree crown in turn. Each tree crown is divided into six layers. Here it 

was assumed that crowns are represented by an ellipsoidal shape and that leaf area is 

uniformly distributed across layers within the tree crown.  Within each layer, the model 

evaluates the radiation transfer and leaf gas exchange at 12 grid points such that each crown 

is represented by a total of 72 grid points. The radiation intercepted at each grid point is 

calculated for direct and diffuse components by considering shading from the upper crown 

and surrounding trees and solar angle (zenith and azimuth), and light source (diffuse or 

direct).  Penetration by direct radiation to each grid point is used to estimate the sunlit and 

shaded leaf area at each grid point. The radiation intercepted by the fraction of sunlit and 

shade foliage is then used calculate the leaf gas exchange.  

Combining Eqns. 1- 9 yields the gs and Anet of each grid point, which is then multiplied by 

leaf area at each grid point and summed to give whole-tree photosynthesis. Photosynthesis of 

individual trees is then summed to give whole-canopy photosynthesis.  

4.3.3 Model Parameterisation 

Environmental forcing 

The model is driven by in situ PAR, temperature, vapour pressure deficit (D), wind speed, 

and soil moisture measurements (Figure 4.1 and 4.2).  The PAR, temperature and D were 

measured every five minutes in each ring and then were gap-filled (by linear interpolation) 

and aggregated to 30 minute-mean time slices across all six rings (Figure 4.1). Two levels of 

atmospheric CO2 concentration (Ca) were used in the model. The ambient Ca was gap-filled 

and aggregated to 30 minute-mean time slices from the five-minute measurements across the 

three control rings.  The eCa was processed in the same way but using data from the treatment 

rings. 
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Figure 4.1. Meteorological data measured at the site during the period 2013-2016. Panels 

show (a) daily mean vapour pressure deficit (D) with shaded area marking the maximum and 

minimum of the day, (b) daily mean air temperature (Tair) with shaded area marking the 

maximum and minimum of the day, (c) daily total photosynthetically active radiation (PAR), 

and (d) monthly total precipitation, respectively.  Note that precipitation has no direct impact 

in the model but modifies stomatal conductance via the change in soil moisture, which is an 

input to the model.   

 

The volumetric soil water content (θ) of the site was measured fortnightly using neutron 

probes. Measurements went to 4.5 m depth, but I found the strongest correlation of stomatal 

conductance with soil moisture averaged over the top two layers (25 and 50 cm) and hence 

used the average of these two depths as an input (Figure 4.2a).  There were two probes in 

each ring and the average of these probes was used to represent the ring average for each 

measurement date.   
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Figure 4.2. (a) volumetric water content (θ) and (b) Leaf area index used to drive the model. 

Leaf area index was measured in each ring using the measured absorbed PAR and smoothed 

using generalized additive model following Duursma et al. (2016).   θ was measured using 

neutron probes at top 50 cm biweekly and gap-filled using a linear interpolation between two 

nearest available data. Ambient rings (2, 3, 6) shown in blue colours; elevated rings (1,4,5) 

shown in red colours.   

 

Canopy structure 

Trees in MAESTRA were represented by their actual location, height, and crown size to 

mimic the realistic effects of shading. Tree location, crown height, crown base and stem 

diameter were measured in January 2013 at the start of the experiment.  For each ring, a time-

series of LAI was obtained based on measurements of above- and below-canopy PAR 

(Duursma et al. 2016).  This LAI represents plant area index, which includes the woody 

component as well as leaves.  In order to retrieve the actual LAI, I assumed a constant branch 

and stem cover (0.8 m2 m-2) based on the lowest LAI during 2014 when the canopy shed 

almost all leaves.  The LAI used in this study was thus the LAI from Duursma et al. (2016) 

subtracting 0.8 m2 m-2 (Figure 4.2a).  Since LAI is the only parameters beside soil moisture 

that differed by ring, the canopy structure (i.e., the LAI and its distribution) was thus the 

major driver of inter-ring variability.   
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The total leaf area (m2) of each ring was calculated as the product of LAI and ground area 

(491 m2).  This total leaf area (LA) was then assigned to each tree based on an allometric 

relationship between the total leaf area (m2) and diameter at breast height (DBH; m).  The 

allometric relationship was derived from data in the BAAD database (Falster et al., 2015) for 

Eucalyptus trees grown in natural conditions with DBH < 1 m to match the characteristics of 

EucFACE.  In total, this database yielded a total of 66 observations with which to estimate 

the relationship between LA and DBH:    

𝐿𝑎𝑙𝑙𝑜𝑚 = 𝑎 ∙ 𝐷𝐵𝐻𝑏    (10) 

where Lallom is the estimated leaf area based on the allometric relationship with DBH, The 

values obtained for a and b were 492.6 and 1.8 respectively. This relationship was used to 

assign the total LA of each ring to each tree in the following steps: (i) the Lallom for each tree 

was calculated based on DBH; (ii) the Lallom was summed to obtain a total leaf area for each 

ring; and (iii) the fractional contribution of each tree to the ring total leaf area was calculated.  

The total leaf area was then assigned to each tree based on this fraction.  

The leaf angles were assumed to follow a spherical distribution, which is the default setting in 

MAESTRA.   

The crown radius was calculated with a linear function with DBH based on measurements in 

August 2016.  The data contained DBH and crown radius (one on North-South axis and one 

on East-west axis) of four trees in each ring.  The original crown radius data were averaged 

for each tree and fitted to a linear model with DBH. The estimated slope and intercept of the 

relationship are 9.5 (m m-1) and 0.765 (m), respectively.  

MAESTRA also considered the shading from surrounding trees outside the rings.  However, 

no measurements of locations or diameters were available for the trees surrounding the rings. 

Therefore, a total of 80 surrounding trees were arbitrarily assumed to form two circular layers 

around each ring.  They were assigned with the mean height, mean radius, and mean leaf area 

estimated from all trees in EucFACE. Except for shading, the surrounding trees have no 

impact on the trees within the rings.  Ring 1 is shown in Figure 4.3 as an example of the 

representation of canopy structure in MAESTRA.  
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Figure 4.3. Example of tree stand represented in MAESTRA.  The figure shows the trees in 

ring 1 (red) and the surrounding trees outside the ring (green). Other rings look similar with 

realistic tree locations and sizes.  

 

Physiology 

Field gas exchange measurements were used to parameterise the leaf gas exchange model.  

After examining the measurements from the ambient and elevated rings, the only significant 

effect of CO2 was on Vcmax.25 (Figure 4.4 and 4.5). Hence, all other parameters (e.g., the 

temperature responses of photosynthesis and respiration) were estimated by combining all 

data. Fitted parameter values are given in Table 4.1.   
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Figure 4.4. Jmax.25 seasonality.  The dots indicate the estimated Jmax at 25 ºC from ACi curves, 

averaged by ring and date. The grey line shows the fitted phenology. Red colour indicates 

data treatment rings while blue colour indicates control rings.   

 

 

 

Figure 4.5. Vcmax.25 seasonality.  The dots showed the estimated Vcmax at 25 ºC from ACi 

curves (averaged by ring and date). The lines were the fitted phenology. Red colour indicates 

data treatment rings while blue colour indicates control rings.   
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Repeated gas exchange measurements were made on the same leaves in the morning and 

afternoon under prevailing field conditions and saturating light (1800 umol m-2 s-1) on four 

occasions in 2013 (“diurnal”; Gimeno et al., 2016). These data were used to estimate the g1 

parameter in the stomatal conductance model (Eqn. 1) using the fitBB function in the 

plantecophys R package (Duursma, 2015). One g1 value was fitted to the data of each ring 

and date. The g1 values were then regressed against θ measured in each ring to estimate the 

impact of soil moisture availability on leaf gas exchange, following Eqn. 2.  The g1 values 

were related to the nearest measurements of θ (within a week without rain). I combined this 

data set with g1 and θ measurements from a drought manipulation experiment with the same 

species (Drake et al., 2017).  Eqn. 2 was fitted to this combined data set using the non-linear 

least squares method (Figure 4.6).   

 

Figure 4.6. The impact of soil moisture content on stomatal regulation.  x axis shows the 

volumetric soil water content (θ; %) measured from top to 50cm below ground in each ring 

around the time of gas exchange measurements.  Orange coloured points mark the g1 

estimated from the EucFACE data. The blue dots are data from Drake et al. (2017).  The 

purple line is the fit to both of the data sets compared to the fit (blue dashed line) from Drake 

et al. (2017). 

A set of photosynthesis-CO2 response (ACi) curves was measured at different leaf 

temperatures (20-40 ºC) under saturating light in February 2016 (Crous, et al., in prep.).   The 

dataset was used to quantify the temperature dependences of Jmax and Vcmax by fitting a 
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peaked Arrhenius function (Eqn. 8) to the measurements. The same temperature response 

functions were used for all the trees throughout this research.  

Morning ACi curves were also measured at prevailing leaf temperatures for ten field 

campaigns during 2013 to 2016 (Crous, et al., in prep.).  All ACi curves were started at 

ambient Ca of 395 μmol mol-1 with a saturating light of 1800 μmol m-2 s-1 and a flow rate of 

500 μmol s-1. These data were used to estimate Jmax and Vcmax at 25 ºC using the fitaci 

function in the plantecophys R package (Duursma, 2015).  The fitting used the measured 

temperature responses of Jmax and Vcmax as described in the previous paragraph.  Mean values 

of Jmax.25 and Vcmax.25 were calculated for each ring and campaign. There were clear seasonal 

patterns in these values as leaves aged. This effect was captured using a phenology of Vcmax.25 

and Jmax.25 derived from canopy greenness (Green Chromatic Coefficient, GCC): 

𝑉𝑐𝑚𝑎𝑥.25 = (𝑉80 − 𝑉20) ∙ 𝑓(𝐺𝐶𝐶) + 𝑉20    (11) 

Where Vcmax.25 is Vcmax value at 25 ºC; f(GCC) is the phenology derived from the canopy 

greenness; V80 and V20 are the 80 and 20% quantiles of observed Vcmax.25, respectively.  This 

relationship is the same for Jmax with J80 and J20 (i.e., the 80 and 20% quantiles of observed 

Jmax.25, respectively) replacing V80 and V20.  The estimated Jmax and Vcmax values along with 

the fitted lines are shown in Figure 4.4 and 4.5.   

GCC values were derived from phenology cameras mounted above the canopy.  Starting in 

November 2014, on each overcast day the cameras took four photos of each ring at noon.  

The GCC was taken to be the green channel of each RGB photo.  These values were then 

aggregated to each ring and date, standardised to 80% and 20% quantiles, and used to 

calculate an annual phenology: 

𝐺𝐶𝐶 = 𝑓𝑎 ∙ 𝑡𝑓𝑏 + 𝑓𝑐
𝑡
    (12) 

where fa and fb are fitted parameter values; t is number of days from the arbitrary date of leaf 

flushing (October 1st in the previous year); fc was fixed to 0.0005 to reduce the degree of 

freedom of the model and to improve fitting.    

Rdark was measured at least three hours after sun set at a range of leaf temperatures in 

February 2016 (Crous, et al., in prep.).  The temperature dependence of Rdark was fitted using 

non-linear least squared method to all of the measured data using Eqn. 9. 

Light responses of photosynthesis were measured on two trees from each ring in October 

2014 (Crous, et al., in prep.).  These data sets were used to constrain the parameters in Eqn. 7.  
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The αJ and θJ of J were fitted to in situ light response curves.  I assumed that αJ is related to 

quantum yield of photosynthesis (α): 

𝛼𝐽 = 4 ∙ 𝛼 ∙
𝐶𝑖+2∙𝛤∗

𝐶𝑖−𝛤∗     (13) 

A linear model was fitted to the measured photosynthesis fluxes and absorbed PAR from the 

initial part of the light response curves (< 100 μmol m-2 s-1) and the fitted slope was assumed 

to be α.  This slope was converted to αJ using Eqn. 13. The curvature of J (θJ) was assumed to 

be the same as photosynthesis and thus could be estimated by fitting the following quadratic 

relationship: 

𝐴 = 𝛼 ∙ 𝑄𝐿 + 𝐴𝑚𝑎𝑥 −
√(𝛼∙𝑄𝐿+𝐴𝑚𝑎𝑥)2−4∙𝛼∙𝑄𝐿∙𝐴𝑚𝑎𝑥∙𝜃𝐽

2∙𝜃𝐽
    (14) 

 

where A is the photosynthetic rate (i.e., CO2 assimilation rate; μmol m-2 s-1), Amax is the 

maximum of A, QL is the absorbed PAR and was calculated as a fraction (0.825) of incident 

PAR, after subtracting reflectance (0.082) and transmittance (0.093).  Eqn. 14 was fitted to 

the full light response curves using non-linear least squared method to obtain the values of 

Amax and θJ, assuming α from above.  The measured light response data along with the fitted 

curves are shown in Figure 4.7.  Since the fitting appears to be very similar in the ambient 

and elevated data, this study used one θJ value fitted to all the data. 
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Figure 4.7. The response of photosynthesis to light.  The dots show the measured net 

assimilation rate (Anet) at different leaf absorbed PAR (QL). The curves are the fitted 

responses of photosynthesis to light using fitted parameter values (Eqn. 7, 12, and 13).  The 

colours mark the Ca at which the measurements were taken: red-elevated (550 μmol mol -1); 

blue-ambient (400 μmol mol -1).  The variation of Anet at each QL level, shows the inter-tree 

and inter-ring variability.  

4.3.4 Model simulations and analysis 

MAESTRA was used to simulate radiation interception and gas exchange of all six rings 

between the period of 1 January 2013 to 31 December 2016 on a half-hourly basis.  The 

model simulated half-hourly gross primary production (GPP) of each tree, which was then 

summed for all trees in each ring to get the total annual GPP for each ring.   

Four different sets of simulations were used to estimate the GPP under ambient and eCa and 

to identify the key limiting factor(s) on canopy GPP response to eCa. Firstly, a simulation of 

leaf scale (“leaf scenario”) photosynthesis with measured meteorological data but fixed 

physiological data (g1 = 4.3 kPa0.5, Vcmax.25 = 90 μmol m-2 s-1, and Jmax.25 = 144 μmol m-2 s-1).  

This simulation aimed to quantify the CO2 response size of Rubisco-limited and electron-

transport limited photosynthesis at leaf scale. This calculation was made using the photosyn 



90 
 

function in plantecophys R package (Duursma, 2015). This function implements the leaf gas 

exchange routine used in MAESTRA.  

Secondly, MAESTRA was run for all six rings with ambient Ca and with Vcmax.25 from 

ambient measurements (“ambient scenario”). The results of this simulation were used to 

calculate the GPP of each ring under ambient conditions.  The ambient GPP values were also 

used to evaluate the inherent variability among the rings.   

Thirdly, all six rings were simulated with eCa and Vcmax.25 based on measurements from 

ambient rings (“elevated scenario”).  The results of this simulation were compared to those 

from the ambient scenario to illustrate the direct response of canopy GPP to eCa in each ring 

and year.  This simulation also quantitatively shows the variation of the GPP response to eCa 

across rings and years.  

The last simulation consisted of simulating the three rings exposed to eCa (rings 1, 4, and 5) 

and using the Vcmax.25 measured from these elevated rings (“field scenario”).  Results from the 

field scenario were used for two analyses: (i) to compare GPP from the field scenario to that 

of the three rings from the elevated scenario (i.e., eCa and ambient Vcmax), which quantified 

the impact of photosynthetic acclimation; (ii) to calculate the difference in GPP between the 

three ambient rings in ambient scenario and elevated rings in the field scenario to estimate the 

response of GPP to eCa in the field.  

Table 4.1. Summary table of parameter definitions, units, and sources used in this study.   

Parameters Definitions  Units Values Sources Eqn.  
αJ Quantum yield of electron 

transport rate 
μmol μmol -

1 
0.30 This study 13 

a Fitted slope of LA and 

DBH 
m2 m-1 492.6 This study 10 

b Fitted intercept of LA and 

DBH 
- 1.8 This study 10 

cD Slope of Vcmax to D kPa-1 1.74 Chapter 3 5 
ΔS Entropy factor - 639.60 (Vcmax); 

638.06 (Jmax) 
This study 8 

Ea Activation energy  J mol−1 66386 (Vcmax); 
32292 
 (Jmax) 

This study 8 

fa Greenness parameter  - 2738.2 This study 12 
fb Greenness parameter  - 8.8 This study 12 
fc Greenness parameter  - 0. 0005 Assumed 12 
g1.max Maximum g1 value kPa0.5 4.3 This study 2 

Hd Deactivation energy J mol−1 200000 Medlyn et al. 

(2002) 
8 

θJ Curvature of electron 

transport rate to QAPAR 
- 0.48 This study 14 

θmax Upper limit which θ has 

impact on g1 
% 55 This study 2 
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θmim Lower limit which θ has 

impact on g1 
% 0 This study 2 

J80 80% quantile of Jmax.25 μmol m-2 s-1 152 This study 11 
J20 20% quantile of Jmax.25 μmol m-2 s-1 125 This study 11 
kT Sensitivity of Rdark to 

temperature 
ºC-1 0.078 This study 9 

q The non-linearity of the g1 

dependence of θ 
- 0.17 This study 2 

Rday.25 Light respiration rate μmol m-2 s-1 0.9  This study 9 
Rdark.25 Dark respiration rate μmol m-2 s-1 1.3  This study 9 
Rgas Gas constant J mol−1 K−1 8.314 - 8 
V80 80% quantiles of Vcmax.25 μmol m-2 s-1 96 (ambient); 

89 (elevated) 
This study 11 

V20 20% quantiles of Vcmax.25 μmol m-2 s-1 82 (ambient); 
75 (elevated) 

This study 11 

 

4.4. Results 

Figure 4.8 summarises the results from measurements and the different simulations 

conducted in this study. It demonstrates that the impact of eCa diminishes after considering 

larger scales and more feedback effects. Each row of Figure 4.8 will be explained in detail in 

the following paragraphs.  

 

 

• Figure 4.8. The response of photosynthesis to eCa on different scales and limited by 

different factors. In summary, from top to bottom, the figure demonstrates how a 

large increase in leaf photosynthesis can diminish into a non-statistically significant 

change in canopy GPP under eCa. Entries from top to bottom are as follows. (a) Ainst, 

the short-term response of leaf photosynthesis to eCa obtained from A-Ci 

measurements in ambient rings (error bars indicate 95% CI). (b) Ac, the modelled 

response of Rubisco-limited leaf photosynthesis, assuming no down-regulation, 

averaged over the range of diurnal air temperatures experienced during the 
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experimental period. (c) AJ, the modelled response of RuBP-regeneration limited leaf 

photosynthesis. (d) GPPinst, the direct effect of eCa on canopy GPP, modelled with 

MAESPA, assuming no downregulation of photosynthesis and averaged across all six 

rings. (e) Along, the long-term response of leaf photosynthesis to eCa obtained from 

leaf photosynthesis measured at treatment CO2 concentrations (see Ellsworth et al. 

2017). This value is different from Ashort because it incorporates photosynthetic 

acclimation. (f) GPPlong, the effect of eCa on canopy GPP once the measured down-

regulation of Vcmax is taken into account. (g) LAI, the measured difference in average 

LAI between eCa and ambient Ca rings over the experiment period (data from 

Duursma et al. 2016). (h) GPPfield, the GPP response modelled with MAESPA 

comparing the three elevated rings with the three ambient rings. See text for further 

explanation.   

 

4.4.1 Ca response of photosynthesis at leaf level  

The mean instantaneous Ca response of leaf-level photosynthesis (Ainst) was +33%, as shown 

in the top row of Figure 4.8. This response ratio is calculated from ACi curves measured in 

ambient rings. From those curves, I obtained the photosynthesis at 400 and 550 Ca (μmol mol 

-1) and calculated the Ca effect as the ratio of those photosynthesis values. This approach 

allows an estimation of direct CO2 response independent of the impact of photosynthetic 

acclimation.    

In contrast, the mean direct canopy GPP response to eCa is considerably less, just +12%, as 

shown in row 4 of Figure 4.8. This canopy response rate is calculated by comparing the GPP 

of all six rings under ambient and elevated Ca (“ambient” vs. “elevated” scenario). As a 

result, this direct canopy GPP response rate also excludes the impact of photosynthetic 

acclimation.  

The transition from Rubisco to electron transport limited photosynthesis is a major 

explanation for the discrepancy between the responses of leaf photosynthesis and canopy 

GPP.  Leaf gas exchange measurements were taken in saturating light and thus, are likely to 

be Rubisco limited, whereas some of the canopy may be electron-transport limited, and the 

response of photosynthesis to eCa is much smaller under electron transport limitation than 

under Rubisco limitation.  

Figure 4.9 illustrates the response of Rubisco limited photosynthesis (Ac) to eCa under 

different temperature. The Ac values are predicted with the same meteorological data as the 

stand-scale model, MAESTRA, but assumed constant Vcmax and g1.  Figure 4.10 shows the 
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response of electron-transport limited photosynthesis (AJ) to eCa under different temperature. 

The AJ values are predicted in the same way as Ac but assuming constant Jmax and g1. 

Although the response of Ac and AJ are temperature dependent, Ac response to eCa on average 

(+26%; row 2 of Figure 4.8) is larger than when leaves are electron-transport limited (+10%; 

row 3 of Figure 4.8).  The observed response rate of Ainst is thus closer to that of Ac due to the 

fact that measurements were taken under saturating light.  Temperature is the reason for a 

higher response rate of Ainst than the average of Ac.  The response of photosynthesis increases 

with increasing temperature, and leaf gas exchange measurements are made at leaf 

temperatures in the higher range of leaf temperatures, from 24 to 32 ºC.  

 

Figure 4.9. The modelled Ca response rate of Rubisco limited photosynthesis (Ac) against leaf 

temperature (Tair). These photosynthesis values were calculated with the same meteorology 

data as in the stand scale model for 2013-2016.  However, Vcmax.25 and g1 were assumed to be 

constant for the clarity of the figures (g1 = 4.3 kPa0.5 and Vcmax.25 = 90 μmol m-2 s-1).  The leaf 

gas exchange model is from photosyn function (plantecophys package in R), which is the 

same as the leaf gas exchange submodel in MAESTRA.   
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Figure 4.10. The Ca response rate of electron transport limited photosynthesis (AJ) against air 

temperature (Tair). These photosynthesis values were calculated with the same meteorology 

data as in the stand scale model for 2013-2016.  Again, g1, and Jmax were assumed to be 

constant for the clarity of the figures (g1 = 4.3 kPa0.5 and Jmax.25 = 144 μmol m-2 s-1; i.e., 

assuming a JV ratio =1.6).  The leaf gas exchange model is from photosyn function 

(plantecophys package in R), which is the same as the leaf gas exchange submodel in 

MAESTRA.   

 

4.4.2 Ca response of GPP at canopy level   

The response of canopy GPP to eCa is +12% according to MAESTRA (Row 4 of Figure 4.8).  

This response rate is calculated by directly comparing the GPP values under the “elevated” 

and “ambient” scenarios.  The response of canopy GPP to eCa is smaller that of Ac but closer 

to that of AJ, indicating the photosynthesis of most the canopy is electron-transport limited.  

Figure 4.14 shows a frequency histogram, output from MAESTRA, of absorbed PAR across 

all rings during 2013-2016.  This histogram quantifies the leaf area falling into each PAR bin 

for every half-hour (during daytime).  There are two peaks in Figure 4.14, which shows the 

absorbed PAR of sunlit (~1700 μmol m-2 s-1) and shaded leaves (~500 μmol m-2 s-1).  Most 

(>80%) of the canopy has an absorbed PAR below 1700 μmol m-2 s-1
, which translates into an 

incident PAR of 1800 μmol m-2 s-1 with the assumed reflectance and absorbance rate in the 

model.   
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In Figure 4.12, I estimate the PAR level at which Rubisco activity becomes limiting. The 

transition point from Rubisco to electron-transport limited photosynthesis is calculated with 

the leaf gas exchange submodel and assuming constant Ca (400 μmol mol-1), D (1.5 kPa), g1 

(4.3 kPa0.5), and Vcmax.25 (90 μmol m-2 s-1) but varying leaf temperature and Jmax.25 : Vcmax.25 

ratio (JV ratio). As shown, Rubisco activity is typically limiting above an incident PAR of 

1800 μmol m-2 s-1. Comparing with Figure 4.11, this suggests that >80% of the leaf area is 

electron-transport limited rather than Rubisco-limited.  This strong limitation by electron 

transport is due to the relatively low JV ratio of 1.6. As shown in Figure 4.12, using a higher 

JV ratio such as the more typical value of 2 would decrease the saturating PAR value at 

which photosynthesis becomes Rubisco limited.  As a result, the smaller response of canopy 

GPP to eCa compared to that of leaf-level photosynthesis can be explained as an effect of 

electron-transport limitation through the canopy as well as lower leaf temperatures.   

 

Figure 4.11. Frequency histogram of absorbed PAR across all rings during 2013-2016. 

Histogram was constructed by calculating the leaf area falling into each PAR bin for every 

half-hour (during daytime). These values are summed and then normalised to give a 

frequency histogram.  Each PAR bin is 200 μmol m-2 s-1 wide; the labels on the x-axis mark 

the maximum value of each bin. The bars thus show the relative leaf area falling into each 

PAR bin during the four years of simulation.     
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Figure 4.12.  Conceptual figure showing the transition PAR values for photosynthesis from 

electron transport limited to Rubisco limited under different leaf temperature.  The curves 

were predicted using the Photosyn function in the plantecophys R package (Duursma, 2015).  

The parameters other than PAR and Tleaf were assumed to be constant: Ca = 400 μmol mol-1; 

D =1.5 kPa; g1 = 4.3 kPa0.5; Vcmax.25 = 90 μmol m-2 s-1.  The temperature and light 

dependences of photosynthesis were assumed to be the same as in MAESTRA.  The black line 

was predicted by assuming Jmax.25 = 144 μmol m-2 s-1 (i.e., JV ratio= 1.6).  This JV ratio was 

observed consistently in EucFACE across campaigns and rings (Figure 4.13).  The red line 

was predicted by assuming Jmax.25 = 180 μmol m-2 s-1 (i.e., JV ratio= 2).  This JV ratio has 

been commonly reported and used in other studies.  The dashed line shows the PAR = 1800 

μmol m-2 s-1 at which the measurements of EucFACE were made.  Note the log scale of the y 

axis.   
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Figure 4.13.  The JV ratio estimated in EucFACE.  The Jmax.25 and Vcmax.25 values are ring 

averages based on ACi curves and corrected to 25ºC using in situ measurements of 

temperature dependence. The dots show the estimations of each campaigns with colour 

marking the ring number.  The red dashed line is the mean of the three treatment rings (R1, 

R4, and R5). The blue dashed line is the mean of the three control rings (R2, R3, and R6). 

 

4.4.3 Acclimation  

The above calculations are made considering only the direct response. However, 

photosynthetic acclimation was observed at leaf scale, and may also reduce the response of 

GPP to Ca at the canopy scale. The mean value of Vcmax estimated from the elevated rings was 

10% smaller than in ambient rings (Figure 4.5).  On leaf level, photosynthesis measured in 

the elevated rings (Along) increased by 19% compared to those measured in ambient rings 

(Row 5 of Figure 4.8).  Along thus accounts for the photosynthetic acclimation in the elevated 

rings after four years of exposure to eCa. Along is considerably smaller than Ainst (19% vs. 

33%), indicating a large effect of photosynthetic acclimation on the response of light-

saturated photosynthesis.   

Accounting for the impact of photosynthetic acclimation in MAESTRA, by using the Vcmax 

from ambient rings (“field” vs. “elevated” scenario) reduced the response of GPP to 9% 

(GPPaccli; Row 6 of Figure 4.8). Consequently, the photosynthetic acclimation had a relatively 

small impact on the annual GPP in the model. The smaller impact of photosynthetic 

acclimation can be explained by different conditions.  The leaf scale photosynthesis data are 

measured under saturating light and thus are Rubisco limited.  However, photosynthesis in 

the canopy is mostly limited by electron transport. Consequently, the change Vcmax of has a 

larger impact at leaf level.  

4.4.4 LAI 

The actual GPP response to eCa also depends on the response of LAI to Ca. In other 

experiments, the response of LAI to eCa is an important indirect effect that amplifies the 

response of GPP. However, in this experiment, there was no significant increase in LAI with 

eCa (-4% ± 5%; Row 7 of Figure 4.8). The effect of eCa on LAI was calculated as the slope 

of a linear regression between the means of elevated and ambient LAI. The non-significant 

change in the observed LAI is not due to eCa but a result of the inherent variability across the 

rings, which was present pre-treatment (Figure 4.2a). As a consequence, this inherent inter-

ring variability does not amplify the effect of eCa but adds noise to the results.  The pre-
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treatment difference in LAI across rings reduced the GPP response to eCa in the field to 8% 

(±10%; Row 8 in Figure 4.8). 

This result is explored further in Figure 4.14, which combines the results from “ambient”, 

“elevated”, and “field” scenarios.  The average GPP of across all six rings under ambient Ca 

was 1557 g C m-2 yr-1 over the four-year simulation (“ambient scenario”; Figure 4.14). 

However, there is significant variability across rings, related to the initial difference in pre-

treatment LAI (LAIi).  Rings 1 and 4 (both treatment rings) have the lowest LAIi (~0.1 m2 m-

2) and thus the lowest average GPP under ambient conditions (~1200 g C m-2 yr-1).  Ring 5 

(the other treatment ring) has the second highest LAIi (~0.4 m2 m-2) and also the highest GPP 

under ambient condition (~1700 g C m-2 yr-1).  The variability among rings in ambient GPP 

(SD = 17%) is thus larger than the modelled direct effect of Ca on GPP, which is similar in all 

rings (+12%). Owing to the variability among rings, the estimated GPP response to eCa 

across the treatment rings is considerably less. The actual Ca response was estimated as the 

slope of a linear regression between the ambient and elevated GPP values under field 

condition (i.e., with Ca and Vcmax as measured for each treatment). The average GPP of 

treatment rings under field conditions (eCa) was 1723 g C m-2 yr-1 while the average GPP of 

control rings under field conditions (ambient Ca) was 1580 g C m-2 yr-1, an increase of 8% as 

shown in the bottom row of Figure 4.8.   

 

Figure 4.14.  The four-year average GPP of all six rings under ambient and eCa plotted 

against initial LAI (LAIi).  The initial LAI is the LAI measurement taken on the 26 October 

2012 and thus is a proxy of the inherent variation among the rings. For all six rings, 
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estimated GPP is shown for ambient Ca (blue) and eCa (red).  Crosses indicate GPP from 

simulations by varying Ca and squares indicate GPP as under field conditions. Dashed lines 

indicate average ambient Ca and eCa GPP across all six rings (the means of blue and red 

symbols, respectively). Solid lines indicate the average ambient Ca GPP for ambient rings 

only and average eCa GPP for elevated rings only (the average of squares). The dashed lines 

thus mark the theoretical response while the solid lines mark the realized response. 

 

4.5. Discussion 

By synthesising four years of measurements with the stand-scale model, MAESTRA, this 

study showed how a large response of photosynthesis to eCa at leaf level could diminish at 

canopy level after considering more processes. I was able to quantify and attribute the 

response of GPP to eCa to various factors including: (i) Rubisco versus electron-transport 

limitations to photosynthesis; (ii) photosynthetic acclimation; (iii) inter-ring variability in 

LAI. Together these findings provide valuable insights into the relative importance of each 

factor and help close a key knowledge gap in the understanding of how a mature evergreen 

eucalyptus woodland would respond to eCa.  

This synthesis of model and observations showed that the ambient canopy GPP under 

ambient condition of a mature Eucalyptus woodland varied from 1400–1700 g C m-2 yr-1 by 

ring with a mean of 1500 g C m-2 yr-1.  The model predicted that once scaled to the canopy, 

the response of GPP to eCa was only an increase of 8% (±10%) compared to 19% (±5%) 

from the leaf-scale measurements.   

Electron-transport limited photosynthesis 

The canopy GPP at EucFACE was predominantly limited by electron transport. The reason 

for the frequent electron transport limitation is that the JV ratio is relatively small in 

EucFACE (~1.6; Figure 4.13). A lower JV ratio increases the PAR value at which 

photosynthesis transitions from electron transport limitation to Rubisco limitation (Figure 

4.13). Previous modelling studies (e.g. Wang et al., 1998; Luo et al., 2001) typically assume a 

higher JV ratio (~2) and thus estimate a higher GPP response to eCa presumably due to less 

frequent electron transport limitation.  However, the relatively low JV ratio of EucFACE is 

not unique. In the Duke Forest FACE site in the US, Ellsworth et al. (2012) reported a JV 

ratio of ~1.6 which is close to that estimated in EucFACE.  Kattge and Knorr (2007) analysed 

Vcmax and Jmax values from 36 species across the world and discovered a low JV ratio (<1.8) 

in herbaceous, coniferous and broadleaved species. Kumarathunge et al. (2018) analysed an 
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even larger data set with 141 C3 species and showed that there is a consistent decreasing 

trend of JV ratio with growth temperature, such that the JV ratio decreases from >2 in high-

latitude ecosystems to <1.5 in tropical ecosystems. Consequently, the low canopy GPP 

response to eCa in EucFACE highlights the impact of the more typical low JV ratio in 

ecosystems in warm environments.  The reduction in JV ratio in warm environments will 

require explicit modelling to capture the correct response of GPP to eCa. 

The JV ratio depends on the values of maximum Rubisco activity and electron transport rate. 

Both of these two factors thus need to be considered in the models for a correct prediction of 

the transition from Rubisco to electron transport limited photosynthesis (Zaehle et al., 2014; 

Rogers et al., 2017).  As shown by Zaehle et al. (2014) and Medlyn et al. (2015), the current 

models disagree on the relative importance of Rubisco to electron transport limitations.  The 

analysis in Kumarathunge et al. (2018) thus provides a robust starting point to constrain the 

JV ratio based on growth temperature. Since the JV ratio was shown to decline with 

increasing growth temperature, electron transport limited photosynthesis could have a 

predominant impact in the most productive ecosystems. Future models thus could benefit by 

incorporating these findings to improve the prediction of GPP response to rising Ca.  

Photosynthetic acclimation  

Photosynthetic acclimation (i.e., reduction of Vcmax under eCa) has been widely reported in 

FACE studies and has been attributed to a reduction in leaf nitrogen concentration 

(Ainsworth and Long, 2005).  The response of GPP to eCa would be very sensitive to 

acclimation of Vcmax if photosynthesis is mostly limited by Rubisco activity. The treatment 

rings in EucFACE had a reduction of Vcmax of ~ 10% (Figure 4.5) which is consistent with the 

mean reduction in a previous meta-analysis (13%; Ainsworth and Long, 2005).  However, 

this reduction did not translate into an equal size reduction in GPP; GPP was reduced by ~3% 

after accounting for photosynthetic acclimation (Row 6 in Figure 4.8).  Wang et al. (1998) 

also showed that the photosynthetic acclimation (-21% in Vcmax) reduced modelled canopy 

GPP by only 6%.  These findings thus suggest that photosynthetic acclimation may have 

limited impact on the canopy GPP response to Ca when photosynthesis is mostly limited by 

electron transport.  

Inherent ring-to-ring variability  

At the EucFACE experiment, after four years of eCa treatment, there has been no evidence of 

increased above-ground plant productivity (Ellsworth et al., 2017).  The trees at EucFACE 
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showed no significant change in LAI after four years of exposure to eCa (Duursma et al., 

2016).  The small effect size of eCa in EucFACE could partially be due to the low Ca 

increment: +150 μmol mol-1 in EucFACE compared to +350 μmol mol-1 in Wang et al. 

(1998) and +200 μmol mol-1 in other FACE studies (Norby et al., 2005).   

The inter-ring variability in GPP is larger than the estimated direct effect of Ca (17% versus 

13%).  It is important to note that the EucFACE site is homogeneous for a mature woodland. 

The site is flat, trees are even-aged, and almost all belong to one species. In addition, rings 

were carefully sited to minimise variation in basal area. However, there are small-scale 

variations in soil type, depth, and nutrient availability that cause variation in LAI. This scale 

of variation is likely to be seen in other natural forests, and indeed, other studies on mature 

trees also note that background variability can contribute to the lack of statistically significant 

findings (Fatichi and Leuzinger, 2013; Sigurdsson et al. 2013). We highlight the need to 

focus on effect size and its uncertainty, rather than the dichotomous significant/non-

significant approach when evaluating experimental results from native forests.  

In advance of the EucFACE experiment, seven TBMs were applied to the site to make a 

priori predictions of the likely response to treatment (Medlyn et al. 2016). The ambient GPP 

diverged among the model predictions (1200-2600 g C m-2 yr-1; Medlyn et al., 2016).  The 

main reason for the difference in GPP relates to the widespread discrepancy in LAI predicted 

by the models, which ranged from 1-4.5 m2 m-2.  The predicted response of LAI under eCa 

also varied from 0 to 20% among the models. Combined with the fact that the lack of GPP-

LAI feedback limited the canopy GPP response to eCa, these findings pose challenge for 

models to constrain LAI and its response to eCa. Indeed, current predictions of LAI under eCa 

were very different among models and larger than the observations in the field (De Kauwe et 

al. 2014; Mahowald et al. 2016; Medlyn, et al., 2016) due to the lack of constraints besides 

carbon allocation (De Kauwe et al. 2014).  More factors thus need to be considered to predict 

LAI under rising Ca (e.g., constrain LAI with water balance: Yang et al., 2018). 

4.6. Conclusion 

This study used a process-based stand-scale model and quantified the ambient (~1500 g m-2 

yr-1) and response of GPP (12%) to eCa.  I also partitioned the Ca response and discovered 

that photosynthesis of the canopy was frequently electron-transport limited which constrained 

the Ca response.  The model also illustrated how a 12% increase of GPP could be reduced to 

8% in the field due to the inherent variability of the forest stands.  This study makes a major 
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contribution to the understanding of EucFACE by quantifying the amount of extra carbon 

input into the system and thus providing a reference for the studies of growth and soil 

respiration.  The conclusions in this study suggest that terrestrial biosphere models to 

consider the impact of electron-transport limited photosynthesis.  
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Chapter 5: Synthesis and future work 

The work in this thesis aimed to improve terrestrial biosphere models (TBMs), particularly 

for Australian ecosystems under changing climate conditions.  Rising Ca may stimulate plant 

growth, but the benefit could be offset by an increase in dryness, driven by rising temperature 

and potential changes in precipitation.  It is thus important for TBMs to be able to capture 

realistic plant responses to rising Ca and dryness.  The efforts here thus focused on three key 

components of TBMs which interact with water use and carbon uptake—LAI and gas 

exchange at leaf and canopy scales.  For LAI, the optimality model in this study innovatively 

balanced long-term LAI and leaf water use strategy.  For leaf-scale gas exchange, I 

introduced a non-stomatal limitation on photosynthesis and showed improved prediction with 

increasing atmospheric vapour pressure deficit.  For canopy scale gas exchange, I 

successfully identified and attributed the relative contributions of key drivers, which 

explained discrepancies between leaf-scale measurements and canopy-scale estimates of GPP 

and the response to elevated Ca.  This thesis thus identified several key gaps of current TBMs 

and employed newly available data and theory to provide solutions to fill these gaps.   

The results in this thesis strongly suggest that the stimulation of long-term terrestrial carbon 

storage due to rising Ca could be much smaller than that estimated at leaf scale in each site. 

Previous elevated Ca studies reported a 31% increase of leaf photosynthesis on average with 

an increase of Ca from 360 to 560 μmol mol-1 (Norby et al., 1999; Ainsworth and Rogers, 

2007; Norby and Zak, 2011). This number would be much smaller (roughly halved) at 

canopy and annual scales of each site if a large proportion of canopy carbon uptake is limited 

by RuBP-regeneration (Chapter 4). Moreover, if the future climate were to become hotter and 

drier, more frequent extreme conditions could future reduce the photosynthesis even further 

(Chapter 3), which is already widely observed globally across species and plant functional 

types (Tezara et al., 1999; Lawlor and Cornic, 2002; Lawlor and Tezara, 2009). Although 

there have been reports of an increase in LAI globally , which has been attributed to rising Ca 

(Yang et al., 2016; Zhu et al., 2016), the increase in LAI has a diminishing marginal return 

with rising Ca, and may be accompanied by a reduction of g1 in the long-term (Chapter 2). 

The combined effects thus could be that the future global terrestrial carbon storage shows 

limited response to the change of Ca. 
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5.1 Improving modelling of LAI  

Plant leaf water use must be coordinated with LAI in the long-term.  In order to scale our 

knowledge at the leaf scale, it is important to capture LAI and its response to rising Ca 

accurately.  Chapter 2 predicted optimal LAI with water balance taking leaf water use 

strategy into consideration.  This approach illustrated the viability of adding water balance as 

a new constraint on LAI prediction in TBMs (previously based on carbon allocation).   

I found that the parsimonious optimality model in Chapter 2 could successfully capture the 

long-term LAI across Australia. The optimality LAI agreed with both ground-based and 

satellite measurements.  This finding suggests the ecohydrological equilibrium theory could 

be used to improve predictions of foliage carbon allocation and LAI in existing TBMs.  An 

additional benefit of incorporating this optimality model into TBMs is to account for the 

impacts of increasing Ca with the respect of changing climate.  Despite the importance of LAI 

modeling and the improvements in Chapter 2, TBMs would also need to realistic 

representations of leaf gas exchange under increasing Ca and changing climate to account for 

the carbon flux dynamics.    

5.2 Improving leaf gas exchange modelling 

In Chapter 2, I showed that an ecosystem optimal g1 could be predicted by ecohydrological 

equilibrium theory.  This conclusion was consistent with empirical studies on leaf (Kelly et 

al., 2015) and ecosystem scales (Lin et al., 2015; Prentice et al., 2014; Medlyn et al., 2017).  

Kelly et al. (2015) showed that plants exposed to short-term (~ weeks) water limitation 

reduce g1 but when exposed to prolonged drought (~ 6 months) maintain a ‘target’ g1 by 

reducing LAI.  This finding was also supported by the meta-analyses by Prentice et al. (2014) 

and Lin et al. (2015) who showed that the g1 increases with water availability.  Improving the 

accuracy of the g1 variable has been shown to improve the performance of the gas-exchange 

component of TBMs (De Kauwe et al., 2015) but it can be difficult to estimate without 

extensive data on different scales (Medlyn et al., 2017).  Our optimal g1 thus could be very 

useful and convenient for TBMs to use as a target value with variation modified by soil water 

availability (e.g., Keenan et al., 2010; Zhou et al., 2013; Smith et al., 2014; Drake et al., 

2017).  

This thesis also improved the performance of coupled leaf gas exchange models at high D, 

where models show large divergence (De Kauwe et al., 2015; Knauer et al., 2015; Franks et 

al., 2017).  In Chapter 3, I incorporated a non-stomatal limitation to photosynthesis at high D 

and demonstrate improvements in performance of model simulations of carbon and water 



105 
 

fluxes at leaf and canopy levels.  This finding is particularly important for TBMs because D 

is predicted to increase in the future (Novick et al., 2016) and thus have a potentially larger 

impact.     

5.3 Improving canopy gas exchange modelling 

Even with accurate LAI and leaf gas exchange models, the GPP of the canopy and its 

response to rising Ca might still be misrepresented.  The reason is that the canopy is more 

complicated system than a simple product of LAI and the leaf-level gas exchange.  As I 

showed in Chapter 5, the canopy carbon flux responded to eCa much less than that of the leaf 

because photosynthesis of the canopy was often electron transport regeneration limited. It is 

thus important for models to use realistic canopy structure representations (e.g., multi-layer 

models) to account for the impact of self-shading (Rogers et al., 2017).  

In Chapter 5, I quantitatively assessed the response of GPP to elevated Ca by isolating three 

important factors: the LAI, the ratio of electron transport limited to Rubisco limited 

photosynthesis, and photosynthetic acclimation. Although I demonstrated that GPP could 

increase by 13% with a Ca increase from 400 to 550 μmol mol-1, this prediction represents a 

relatively short-term (four years) response to CO2. This prediction assumes that the plants do 

not alter their water-use strategy with rising Ca. This assumption is supported by the leaf gas 

exchange data, which did not show a detectable change in g1 with eCa (Gimeno et al., 2016). 

Nevertheless, in Chapter 2, I showed that the optimal response to increasing Ca includes 

changes in LAI and g1 to maximise the carbon gain under high Ca.  For EucFACE, according 

to the model in Chapter 2, plants should reduce g1 in exchange for obtaining a higher LAI.  

The potential changes of LAI and g1 indicate that the short- and long-term (decadal) response 

of plants to rising Ca could be different and thus need to be modelled explicitly.  In Chapter 3, 

I showed that the leaf gas exchange could be further reduced due to non-stomatal limitation 

under dry air.  Since the air could be drier in the future due to rising temperature, the 

modelling of GPP response to rising Ca needs to account for the feedback between climate 

and plants.  

5.4 Future work 

This thesis improved three aspects of modelling Ca-plant-climate interactions in the future, 

but the conclusions were not tested in a dynamic TBM. There are several barriers to 

overcome before undertaking such a test, including the representation of dynamics in LAI 

and the availability of data to parameterise the non-stomatal limitation effect. Future work 

may thus benefit from addressing these limitations and using the findings to inform TBMs.   
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LAI variability  

The model presented in Chapter 2 predicts a long-term equilibrium LAI based on 

ecohydrological equilibrium but ignores the inter- and intra- annual variability of LAI.  

However, TBMs need to be able to predict a far more dynamic LAI: varying from some 

optimum value based on seasonal phenology and water availability. One way my research 

could be used to bridge the gap would be as a mechanism to identify the environmental target 

LAI, which would govern the long-term allocation to foliage. It would need to be 

accompanied by a dynamic sub-module to represent phenology at intra-annual timescales 

with the inter-annual variability represented by the annual water availability to the plants. 

This approach, combining optimisation with water availability, was taken by Neilson (1995) 

and Haxeltine et al. (1996). Neilson (1995) calculated the LAI that maximises GPP 

constrained by soil water content within each month. The inter- and intra- annual variability 

of LAI is thus represented by the change of optimal LAI of each month.  Haxeltine et al. 

(1996) used the water deficit calculated as the difference between potential 

evapotranspiration and soil water supply to predict daily fraction of absorbed 

photosynthetically active radiation that maximised carbon uptake. Essentially, both Neilson 

(1995) and Haxeltine et al. (1996) applied the ecohydrological equilibrium theory to a sub-

annual temporal resolution to account for the inter- and intra- annual variability of LAI.  I 

envisage that a TBM incorporating my long-term equilibrium approach could first consider 

using the LAI from the equilibrium model as a target, with the LAI dynamics predicted by 

water and carbon balance (e.g., Battaglia et al. 2004). A synthesis of optimal LAI and 

process-based hydraulic models (Fatichi et al., 2016) thus could improve the modelling of 

both vegetation and soil moisture in the future.  

Australia is dominated by evergreen angiosperm trees and grassland.  The inter- and intra- 

annual variation of LAI is predominately driven by water availability (e.g., Ma et al., 2013; 

Broich et al., 2014).  At EucFACE, for instance, the LAI varies temporally from 0.2 to >2 m2 

m-2, correlating with soil moisture (Figure 4.2) and demonstrating the impact of water on the 

inter- and intra- annual variation of LAI in a mature evergreen woodland. The predicted LAI 

of EucFACE by current models showed distinct LAI variability among each other and did not 

agree with the observed LAI response to soil moisture (Medlyn et al., 2016). Similarly, in a 

prairie heating study in the US, the models failed to capture the observed intra-annual 

variation of LAI which was obviously driven by water availability (De Kauwe et al., 2017). 

The mismatch among the models and between the predictions and observations is due to the 
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lack of proper representation of carbon-water interaction in the models.  The findings in this 

thesis improved the carbon flux predictions under future climate.  This is a very important 

step to advance the predictions of the of the dynamics in the TBMs (e.g., root and leaf 

phenology).  Future studies may consider using this information to predict optimal carbon 

allocation scheme which would allow the plants to adaptively adjust their strategies (e.g., 

timing of leaf flushing and abscission) according to the changing environment (e.g., Franklin 

et al., 2012; Manzoni et al., 2015).   

Non-stomatal limitation  

In Chapter 3, I showed the importance of non-stomatal limitation on leaf and canopy carbon 

and water fluxes.  The empirical approach incorporated in this study successfully improved 

the performance of the model when compared with leaf gas exchange data and whole-tree sap 

flow measurements.  However, the empirical relationship may not generalise to other 

sites/species.  More efforts are needed to assess the effect of non-stomatal limitation globally 

and explore the mechanism(s) that cause non-stomatal limitation. Currently, two processes 

are most plausible explanations: the down regulation of carboxylation (Lawlor and Cornic, 

2002; Lawlor and Tezara, 2009) and the reduction of mesophyll conductance (Flexas et al., 

2008).  The two plausible causes are mathematically equivalent (Dewar et al., 2017), but the 

down regulation of carboxylation is the more testable hypothesis due to its parsimony and 

data availability.   

Future TBMs could adopt a mechanistic representation of non-stomatal limitation when new 

approaches emerge. In the interim, comparing the half-hourly predictions of TBMs to eddy 

covariance carbon and water fluxes particularly for the sites experiencing frequent high D 

(i.e., 20% daytime D >2kPa) could help assess the impact of nonstomatal limitation across 

sites and species. The findings of this global analysis could be directly used in TBMs to 

improve leaf gas exchange modelling, particularly under high D.   

Testing with global data  

I have focused on evaluating models against data from Australian woody ecosystems, 

demonstrating only the applicability of the conclusions to evergreen ecosystems in relatively 

dry environments.  However, the conclusions may hold across ecosystems and plant 

functional types.   

Firstly, observations around the world have shown a clear dependence of LAI on water 

availability (Iio et al., 2015).  The observed greening trend over most parts of the world (Zhu 
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et al., 2016; Yang et al., 2016) also agreed with the predicted change of LAI in Chapter 2. 

These facts show that ecohydrological equilibrium theory could be used to improve the LAI 

prediction globally.  

The reduction of photosynthesis under high D has long been reported world-wide (Tezara et 

al., 1999; Lawlor and Cornic, 2002; Lawlor and Tezara, 2009).  Although the empirical 

relationship used in Chapter 3 might not hold universally, the indication that non-stomatal 

limitation is important for leaf gas exchange modelling is strong given the widely observed 

midday reduction of photosynthesis and decrease of mesophyll conductance at high water 

deficit.  

The transition from Rubisco to electron-transport limited photosynthesis has also been noted 

as a key factor determining the ecosystems response to rising CO2 (Rogers et al., 2017).  

EucFACE has high PAR (2600 MJ m-2 yr-1) and low LAI (~0.9 m2 m-2) so the canopy 

photosynthesis was expected to be mainly limited by Rubisco activity. However, as I have 

shown in Chapter 4, the canopy GPP of EucFACE was largely limited by electron transport.  

These findings suggest that electron transport limited photosynthesis could have a large 

impact in other ecosystems with lower PAR and higher LAI.   

Consequently, existing evidence strongly suggests that the findings in this thesis will apply to 

other ecosystems and species.  Future studies thus could benefit from testing the conclusions 

in this thesis with data from other sites and species. The results of those studies could directly 

address the key gaps in current TBMs.   

Incorporating the impact of nutrient availability  

The carbon cycle and nutrient cycle are inter-dependent (e.g., Meyerholt and Zaehle, 2018).  

EucFACE, for instance, has a relatively low LAI (0.9 m2m-2) for its precipitation (800 mm yr-

1), presumably due to the nutrient limitation of the site (Crous et al., 2015). The observed 

photosynthetic acclimation might also be a result of nutrient limitation (e.g., Luo et al., 2004) 

or optimal nutrient allocation (e.g., Franklin, 2007) under elevated Ca. Since nutrient 

limitation has been shown to be a major limiting factor in terrestrial ecosystems (Elser et al., 

2007), the interaction of these processes thus needed to be clarified before theoretical and 

mechanistic models could be presented.  McMurtrie et al. (2008) applied an optimality model 

to account for the influence of nitrogen on LAI and stomatal conductance.  These studies 

demonstrated the practicability of simple approaches to account for nutrient.  The findings in 

this thesis could be useful to provide information of the leaf dynamics, the leaf 
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photosynthesis, and the biomass production, all of which could lead to mechanistic methods 

to predict the impact of fire and nutrients.    

 

Conclusion 

This thesis addressed several key gaps in current TBMs by using a synthesis of data and 

modelling approaches.  The body of work adds insight into the constraints on tree leaf area, 

how plants respond to high D and how the response of photosynthesis scales from the leaf to 

the canopy in response to elevated Ca.  The major findings of this thesis could be readily and 

beneficially incorporated into TBMs.  The ecohydrological equilibrium theory could benefit 

the current models by predicting the paired optima of LAI and g1.  The optima could improve 

the predictions of carbon, water, and energy fluxes, especially under future climate and 

increasing Ca.  In addition, non-stomatal limitation could be a significant factor under high 

atmospheric water demand.  Incorporating both optimal g1 and non-stomatal limitation would 

thus be crucial under future conditions (i.e., change of water balance accompanied with 

increasing Ca).  Although the increase of Ca is expected to stimulate growth, the stand-scale 

model in this study showed the impact of Ca on the canopy to be much smaller than that on 

leaf scale due to electron transport limited photosynthesis.  These findings quantitatively 

showed the impacts of the factors (i.e., LAI, g1, and electron transport limited photosynthesis) 

that caused most of the uncertainties in current TBMs (e.g., Zaehle et al., 2014; Medlyn et al., 

2016) and the factors that were not extensively explored in TBMs (i.e., non-stomatal 

limitation).  Consequently, current TBMs should benefit from updating the LAI and leaf gas 

exchange components under rising Ca and changing climate.  
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Supplementary Material for Chapter 2 

Figure S.1. Climate inputs.  Values shown are the mean over 21 years (1991-2011) 

aggregated from Whitley et al. (2014).  Note the log scale of mean annual precipitation (a).  

 

Alternative hypotheses test in Chapter 2 

There are several potential options to calculate the key parameters (i.e., Marea, tf, WT, and Rm) 

in the model.  It is therefore important to investigate how the underlying assumptions differ 

among equations and how those differences affect the predictions.  In the following section, 

we compared the alternative functions to those implemented, illustrated the differences 

among the assumptions, and explained the reasoning behind our choice of assumptions for 

the final model.    
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Text S.1.The transpiration fraction   

The final model included the assumptions that the transpiration fraction varies with LAI 

(Eqn. 1; Wang et al., 2014) and with precipitation (Eqn. 2; Zhang et al. 2001).  An alternative 

potential assumption is to take transpiration as a constant fraction (0.8) of precipitation as in 

McMurtrie et al. (2008).  A constant transpiration fraction resulted in higher prediction at low 

observed LAI (red dots and lines in Figure S.2 a and b).  Including the Zhang et al. (2001) 

relationship with precipitation only slightly improved the result (orange dots and lines in 

Figure S.2 a and b).  Assuming the transpiration fraction to be a function of LAI gave the 

lowest results of all three assumptions tested here (blue dots and lines in Figure S.2 a and b).  

Although calculating transpiration fraction as a function of LAI added complexity and 

required iteration, we included this assumption in the final model for its fitness to data (blue 

line in Figure S.2b).  Alternatively, it may be viable to reduce prediction error at high AI by 

increasing respiration cost at high AI empirically (see following section).    

 

Figure S.2. Impact of different transpiration fraction assumptions on Lopt.  Panel (a) shows 

the impact of different assumptions along the Aridity Index (gradient) and how they 

compared to observations.  The Lopt from final model are the blue dots. “WT=f(WMAP)” means 

substituting Eqn. 1 with a constant fraction of 1. “WT =0.8* WMAP” means neither Eqn. 1 nor 

2 is used but instead a constant fraction is implemented (0.8).  Panel (b) shows scatter plot of 

measured and modelled LAI with the solid line being 1:1 ratio and dashed lines regression 

colored by assumptions.  
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Text S.2. Maintenance respiration 

Rm, maintenance respiration per unit leaf area (μmol m-2 leaf s-1), is a key factor in 

determining the cost of leaf growth.  The final model assumed a constant value (1.59 μmol m-

2 s-1).  This section explained the alternative assumptions we considered for Rm and showed 

how they affected the model predictions.  We fitted an empirical relationship between Rm and 

WMAP (R2 = 0.36) to data from the Australian subset of the GLOBRESP dataset (Atkin et al., 

2015): 

𝑙𝑛(𝑅𝑚) = 𝑎𝑟 ∙ ln(𝑊𝑀𝐴𝑃) + 𝑏𝑟    (S1) 

where ar and br are fitted parameters, -0.589 and 4.235, respectively.   

A constant Rm was chosen over the empirical relationship for the final model because: (i) the 

Rm-WMAP relationship does not improve prediction at low in situ LAI (AI from 3 to 7 in 

Figure S.3a); (ii) the final model captured the observations better overall (blue dashed line 

was closer to 1:1 ratio than the orange dashed line in Figure S.3b); (iii) a climate-modified Rm 

added unnecessary complexity to the model assumptions.   

Eqn. S1 predicts an exponential decline of Rm with WMAP (Figure S.3c).  However, the impact 

of incorporating this relationship on model predictions did not follow the same pattern.  The 

difference between the two assumptions was negligible at low LAI because when LAI is very 

low, Rm has limited impact on the optimization compared to the exponential relationships of 

fAPAR and transpiration fraction to LAI (Eqn. 1).  However, at high LAI, both fAPAR and 

transpiration fraction were nearly saturated and thus a small change in Rm has a large impact 

on the prediction.  

The impact of the Rm assumption would be larger if the model did not include the 

transpiration fraction to LAI relationship.  As mentioned in the previous section, the model 

prediction could be improved by either incorporating the transpiration fraction – LAI 

relationship or a climate-modified Rm.  The transpiration fraction – LAI assumption is more 

empirically justifiable, but requires iteration to solve.  It may thus be possible to improve the 

computational efficiency of the model by using an empirical Rm-WMAP relationship instead of 

the transpiration fraction-LAI relationship, but this risks the limited applicability of the 

empirical relationship.   
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Figure S.3. Comparison of the impacts of different Rm assumptions. Panel (a) shows Lopt 

under different Rm assumptions compared to the in situ measurements along an AI gradient. 

Note that the final model uses constant Rm (blue dots).  Panel (b) shows the difference 

between constant Rm and the final model.  Panel (c) shows the tested Rm-WMAP relationship 

with the dashed line indicating the value used in the final model and grey dots being the 

measurements from the Australian subset of the GLOBRESP dataset (Atkin et al., 2015).  

Note that different assumptions are used here and in Figure S.4d.  
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Text S.3. Leaf economics 

The parameters describing leaf economics in the model are Rm, Marea , and tf, which are 

assumed constant in this study (Method and Table 2.1).  Previous studies (e.g. Wright et al., 

2004) have suggested correlations among Rm, Marea, and tf.  In this section, we test the 

alternatives of calculating Rm, Marea, and tf with empirical relationships and the impacts on 

predictions.  

tf correlates best with Marea according to GLOPNET data set (R2 = 0.44; Wright et al., 2004): 

𝑙𝑛(𝑡𝑓 ) = 𝑎𝑙 ∙ 𝑙𝑛(𝑀𝑎𝑟𝑒𝑎) − 𝑏𝑙      (S2) 

where al and bl are fitted parameters equal to 1.14 and -5.64, respectively.  Similarly, Rm can 

be expressed as a function of Marea: 

𝑙𝑛(𝑅𝑚) = 𝑎𝑟𝑚 ∙ ln(𝑀𝑎𝑟𝑒𝑎) − 𝑏𝑟𝑚     (S3) 

where arm and brm are fitted parameters and equal to 0.63 and -2.94, respectively.  Here, Eqn. 

S3 was derived from the Australian subset of GLOBRESP (Atkin et al., 2015) with an R2 of 

0.25. Marea correlates best with mean annual precipitation according to the same data set (R2 = 

0.22; Atkin et al., 2015): 

𝑙𝑛(𝑀𝑎𝑟𝑒𝑎) =  𝑎𝑚  ∙ ln (𝑊𝑀𝐴𝑃) + 𝑏𝑚    (S4) 

where am and bm are fitted parameters with value of -0.36 and 7.52, respectively.   

Although these relationships are statistically significant, we did not implement them in the 

final model because making Marea and tf functions of climate had no effect on model 

predictions in dry regions (AI>2 in Figure S.4 a and b).  The reason is that the carbon 

investment per unit time (proportional to Marea / tf) and Rm is relatively insensitive to climate 

(Figure S.4 c and d). (ii) The regression line between the final model and observations was 

closer to 1:1 ratio than the one based on leaf economics (blue versus orange dashed lines in 

Figure S.4b).  For parsimony, the final model thus used the constant Marea and tf.  The values 

Marea and tf in the final model were based on GLOPNET, while the Marea correlation with 

WMAP was derived from GLOBRESP. The reason we tested the correlation from GLOBRESP 

is that the same correlation is not significant in GLOPNET.  We chose to use the constant 

values of Marea and tf from GLOPNET because tf is not reported in GLOBRESP. We thus 

used values from one data set for consistency.  Consequently, the grey line in Figure S.4c was 

not the mean of the dots.    
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Figure S.4. Lopt based on leaf economics compared to that of the final model.  Panel (a) 

shows Lopt based on leaf economics and final model compared to the measurements along an 

AI gradient.  Panel (b) shows the scatter plots of measurements against leaf economics and 

final model.  Panel (c) shows the change of leaf carbon investment (Marea / tf) over a rainfall 

gradient.  Panel (d) shows the change of Rm based on Marea over a rainfall gradient.  The 

solid lines show the regression.  The grey dashed lines in (c) and (d) mark the values used in 

the final model.  The grey dots are measurements.  
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Figure S.5.  Relationships of Jmax measured at growth temperature with (q) WMAP and (b) 

QPAR.  The inter-site variability of Jmax is larger than the change over climate gradient, 

resulting in little predicting power of climate over Jmax.  
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Supplementary Material for Chapter 3 

Figure S.6.  Modelled transpiration (E) compared to sap flow estimated by heat pulse sensors 

(measured E) of ambient (R2, R6) and elevated rings (R1,R4, R5) in 2013.  The data of ring 3 

already shown in the main text. Panels (a) and (b) show the result from original MAESTRA.  

Panels (c) and (d) show the result from MAESTRA with V-D hypothesis.  The solid lines in 

Panels (a) and (c) show the daily average while the shade shows hourly variation (standard 

deviation).   
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