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𝑚𝑎𝑥 maximum light use efficiency (g C MJ-1 PAR) 

LUE light use efficiency (g C MJ-1 PAR) 

WUE water use efficiency (g C kg-1 H2O) 

uWUE underlying water use efficiency (g C kg-1 H2O kPa0.5) 

PAR photosynthetically active radiation (W m-2) 

fAPAR fraction of vegetation absorbed photosynthetically active radiation (%) 

Rn net radiation (W m-2) 

fRn fraction of vegetation absorbed net radiation (%) 

fs stress factor (unitless, 0-1) 

PET potential evapotranspiration  (mm d-1) 

PT potential transpiration  (mm d-1) 

A assimilation  (µmol m-2 s-1 or g C m-2 d-1) 

PA potential assimilation  (µmol m-2 s-1 or g C m-2 d-1) 

NSE Nash-Sutcliffe efficiency 
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R2 coefficient of determination 

RMSE root mean square error 

PFT plant functional type 
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Abstract 

Understanding of the interaction between hydrological and ecological processes has significant 

implications in natural resources management especially under climate change. This thesis 

aims to investigate the coupled water and carbon cycles by developing simple but robust 

models to quantify and evaluate key ecohydrological variables therefore assist potential 

decision making requirement. 

The literature review stands upon the fundamental coupling relationship between water and 

carbon exchanges regulated by vegetation within the soil-plant-atmosphere continuum, which 

highlights the challenge and requirement of water modelling (including evapotranspiration (ET) 

and streamflow (Q)) considering carbon constraint (photosynthesis, quantified by gross 

primary production (GPP)), and vice versa. Across ecosystem and catchment scales, simple but 

robust models are developed and evaluated to understand and quantify the interactions and 

variations of these key ecohydrological variables, especially under anthropogenic climate 

change. Consistent findings following the motivation of this thesis demonstrate that: 

(1) The coupled relationship between water and carbon fluxes can be incorporated into canopy 

conductance to simulate ET and GPP simultaneously. A diagnostic model (PML_V2) with 

simple model structure and limited number of parameter is developed and examined at 9 

Australian eddy-covariance flux sites. Result shows that the model is simple and robust in 

estimating ET and GPP at ecosystem scale, indicated by NSE being about 0.70 and 0.66, and 

RMSE about 0.96 mm d-1 and 1.14 µmol m-2 s-1 for ET and GPP, respectively. The model can 

serve as a practical and reliable tool to quantify ET and GPP over larger spatial and longer 

temporal scales. 

(2) To simulate water (ET and Q) and carbon (GPP) processes at catchment scale, the PML-

V2 model is further incorporated to a traditional hydrological model (XAJ). The incorporation 

is done using PML_V2 to replace ET submodule of the original XAJ, and the updated XAJ 

model has 12 parameters. The updated XAJ model is preliminarily tested across 63 Australian 

catchments for Q and 13 eddy-covariance flux sites for ET and GPP. Result shows that the 

model performs reasonably well for estimating catchment Q (NSE about 0.64) and ET (R2 

about 0.5), not so well for GPP (R2<0.5). The updated XAJ hydrological model has potential 

to simulate hydrological consequence of atmospheric CO2 increase. Preliminary model 

experiment under 45% increase of atmospheric CO2 suggests a 12% increase in Q, with only 

4% decrease in ET as a result of stomata closure in vegetation. 
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(3) Vegetation control of water exchange via ET is further investigated by evaluating 

uncertainty in transpiration (T) estimates using PML_V2 model. It is shown that T estimates 

exhibit high variation across seasons and sites (with GPP taken as carbon constraint), which 

can be partially explained by vegetation leaf area index and precipitation, respectively. T 

estimates from PML_V2 model is further compared to that from a water use efficiency based 

ET partitioning method, with results indicating inconsistent quantity and variation in T/ET, 

which highlights the uncertainty in T estimates even with carbon constraint taking into 

consideration. 

(4) Based on the coupling relationship of water and carbon exchanges, carbon estimates can be 

constrained from vegetation water use in mechanism. This leads to the development of an 

analytical method to estimate maximum light use efficiency (𝑚𝑎𝑥) (that is key for estimating 

carbon) by implementing the water use efficiency principle. Examination of the method at 52 

eddy-covariance flux sites located across the globe suggests the simplicity and capability of 

the method in providing 𝑚𝑎𝑥  estimates across ecosystems dominated by different species 

(with different photosynthetic pathways, e.g., C3, C4) and biomes (with different plant 

functional types, e.g., forest, grass). The method enables water based interpretation of carbon 

process and the 𝑚𝑎𝑥 estimates can be used to simulate GPP with water constraint. 

This thesis provides systematic understanding of water and carbon processes over ecosystem 

and catchment scale using modelling approaches. Particularly, two ecohydrological models 

have been developed to simulate streamflow, evapotranspiration and gross primary production 

systematically. Variation and uncertainty of water estimates are investigated based on carbon 

constraint. An analytical method is developed to evaluate key parameter for GPP estimation 

based on vegetation water use. To better interpret and quantify key ecohydrological processes 

under anthropogenic and climate change impacts, the models built in this thesis need to be 

further developed through better model structure, advanced parameterization schemes or multi-

data sources. 

Key words: ecohydrology, water and carbon interaction, evapotranspiration, streamflow, 

light use efficiency, water use efficiency, model, climate change 
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Chapter 1. Introduction 

1.1 Background to the question 

The interaction between terrestrial vegetation and the water cycle is the core ecohydrological 

process that is investigated in this thesis. The overall objective is to provide a mechanistic 

understanding of plant regulation of both carbon and water processes via modelling and 

analytical approaches. As background supporting the research questions addressed within this 

thesis, this section introduces the relationship between carbon and water, how the two fluxes 

have been examined using modelling approaches, and the key challenges of ecological and 

hydrological processes induced by climate change. 

1.1.1 Relationship between water and carbon 

Terrestrial vegetation is the most important physical medium between the biosphere and the 

hydrosphere, linking the energy, water, and carbon exchanges of the Earth (Campbell & 

Norman, 1998; Eagleson, 2005). Driven by energy, the two fundamental ecohydrological 

processes, namely photosynthesis and evapotranspiration, are both regulated by vegetation to 

determine the largest carbon and water fluxes between the atmosphere and land the surface 

(Christian Beer et al., 2010; Good et al., 2015). Plants assimilate carbon dioxide (CO2) from 

the atmosphere by photosynthesis to produce carbohydrates for growth. At the same time, water 

is extracted from the root zone and lost through transpiration to support plant functioning. Thus, 

mass transfer of carbon and water are biophysically coupled through vegetation. 

The coupled relationship between water and carbon processes is inherently complex due to the 

response and feedback loop as (1) plants respond to water availability (i.e., changes to plant 

water status in response to soil moisture and precipitation), and (2) plant feedback on water 

availability (through transpiration to evapotranspiration), all of which are primarily driven by 

available energy and interrelated to each other within the soil-plant-atmosphere continuum 

(SPAC). 

From a response perspective, plants need water to assimilate carbon. In the short term (hours 

to days), plant water status, which depends on soil and atmospheric water status, controls the 

opening and closing of stomatal apertures in plant leaves (Passioura, 1982). Water vapour 

diffuses through stomatal apertures from the plant to the atmosphere as transpiration, and CO2 

diffuses from the atmosphere into the plant to be utilised for photosynthetic productivity. When 
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water is ample (wet soil and humid air), stomata tend to open (high stomatal conductance) 

resulting in higher rates of CO2 and water vapour transport, which leads to higher rates of 

photosynthesis and transpiration, respectively (Jarvis, 1976; Ju et al., 2006). However, when 

water is inadequate (dry soil and arid air), stomata tend to close (low stomatal conductance) 

and consequently sustain lower rates of photosynthesis and transpiration (Porporato et al., 

2001). Hence, plants response to environmental water status (soil and atmospheric) by 

controlling stomatal behaviour to balance the mass flow of carbon and water (i.e., minimising 

water use while maximising carbon gain) (Cowan, 1982; Wong et al., 1979). In the long term 

(seasonal and longer), plant responses to precipitation, which determines environmental water 

status and thus plant water status, control the number and behaviour of bulk stomata and 

thereby regulate land surface carbon and water exchange. This biophysical response 

accumulates at larger levels of plant organisation, where water availability determines plant 

morphology and phenology by allocating photosynthetic productivity to form roots, leaf area, 

canopy composition, and vegetation communities. Under certain conditions (e.g., sufficient 

radiation and nutrient availability), greater precipitation often sustains more plants, greater leaf 

area index (LAI), denser canopies, and a rich diversity of plant species. Consequently, 

accumulated number and opening of stomata lead to greater photosynthetic productivity and 

evapotranspiration across space and time. For instance, precipitation is generally more than 

3000 mm y-1 over the Amazon rainforests, constituting approximately 400 billion trees that 

account for up to a quarter of the total carbon uptake over the Earth’s land surface and a massive 

water consumption through evapotranspiration of over 1500 mm y-1 (Maeda et al., 2017). 

From a feedback viewpoint, plant water use subsequently influences environmental water 

status, which in turn regulates vegetation behaviour over multiple scales. For example, when 

vegetation persistently depletes soil moisture through transpiration to a critical level such as 

the wilting point, water stress is induced causing stomatal closure, which subsequently leads to 

decreased photosynthesis and transpiration (Zhou et al., 2014). When soil water stress is 

combined with high atmospheric water demand, biophysical failure, or die-off of plants, often 

occurs that further reduces photosynthesis and transpiration (Eamus et al., 2013). However, 

vegetation feedback on the water and carbon cycles is not simply a ‘negative’ effect. On larger 

spatiotemporal scales, the more water that is returned to the atmosphere, the more likely 

precipitation is going to occur. As a result of increased precipitation, water in the soil and the 

atmosphere is increased to form a more favourable environment for plants to grow, thereby 

increasing photosynthetic productivity and transpiration (Levis et al., 2000). In another case, 
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under enhanced CO2 (eCO2) conditions due to anthropogenic climate change, soil water can 

increase in response to reduced plant transpiration (since stomata tend to close under eCO2, i.e., 

‘water saving’ effect) (Cech et al., 2003). At the same time, soil water can also decrease because 

more water can be transpired by plants due to increased LAI as a result of enhanced 

photosynthesis (i.e., ‘greening’ or ‘fertilization’ effect) (Zhang et al., 2015). As such, the net 

effect of vegetation feedback on water and carbon balance depends on both ‘negative’ and 

‘positive’ impacts (Hovenden et al., 2014; Kergoat et al., 2002), which are often accompanied 

by great variation across ecosystems and climate conditions (Hovenden et al., 2019; Tietjen et 

al., 2017; Zeng et al., 2017). 

These complex response and feedback mechanisms demonstrate the pivotal role terrestrial 

vegetation plays in regulating water and carbon budgets, primarily through plant stomata within 

SPAC (Gentine et al., 2019). Therefore, understanding the biophysical interaction between 

water and carbon fluxes is significantly important. Better quantification of these two processes 

will improve essential resource management processes that include water availability and 

ecosystem productivity within and across the scope of ecohydrology. 

1.1.2 Water modelling with carbon constraint 

One of the fundamental questions in ecohydrology is how to quantify land surface water after 

precipitation. This includes water flux from the land surface to the atmosphere, i.e., 

evapotranspiration (Good et al., 2015; Wang & Dickinson, 2012), and the net difference 

between precipitation and evapotranspiration, i.e., streamflow (Donohue et al., 2012; Zhang et 

al., 2018). Although it is apparent and undisputedly acknowledged that evapotranspiration 

plays an essential role in linking the energy balance, water budget and carbon cycle, it is an 

important process that is difficult to directly measure or estimate. 

A wide variety of observational techniques have been developed to quantify evapotranspiration, 

including its three main components (transpiration, soil evaporation, and interception). Due to 

the physical differences among these components, each must be measured directly and 

separately (Stoy et al., 2019). However, this can be difficult. Chamber, porometer, sap flow 

and lysimeter techniques have been used to obtain transpiration and/or evaporation from leaves, 

plants for soil surface (Poyatos et al., 2016; Shuttleworth, 2007). For larger scales 

measurements (e.g., ecosystem, region, or continent), methods using stable isotopes, eddy 

covariance, Bowen ratio, and water balance (land surface or atmosphere) have been 

implemented to infer total evapotranspiration (Shuttleworth, 2007; Verstraeten et al., 2008). 
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Complimentary observations also involving radiometric spectral images from aerial and 

satellite sensors are indirect measurements that often need further translation through 

modelling to derive evapotranspiration over terrestrial surfaces (Kustas and Norman, 1996; Li 

et al., 2009). While these are considered important observational techniques, they are known 

to be complex, labour intensive and expensive, and have spatial and temporal limitations 

(Wang & Dickinson, 2012). 

A preferable approach for understanding and quantifying integrated ecohydrological processes 

across spatiotemporal scales is to use model in conjunction with measurement techniques. A 

large number of evapotranspiration studies have been conducted and numerous algorithms have 

been proposed. Because evapotranspiration is an important factor for both energy and water 

balances, it can be evaluated as either an energy term (from latent heat flux) or water flux, 

depending on the primary budget of consideration. Comprehensive reviews of typical 

evapotranspiration algorithms can be found in Li et al., (2009), Shuttleworth, (2007), 

Verstraeten et al., (2008), Wang and Dickinson, (2012) and Zhang et al., (2016). The current 

review provided here is distinguished from these previous works by taking the coupled water 

and carbon perspective, which is based on the fundamental interaction between vegetation and 

water as demonstrated earlier (Section 1.1.1). 

Evapotranspiration has traditionally been estimated based on the mechanistic approach of the 

Penman-Monteith method. Following the Monin-Obukhov Similarity Theory (MOST) (Monin 

& Obukhov, 1954), Penman (1948) first proposed the combined formulation of water vapour 

transport over a saturated surface subjected to both radiative and aerodynamic forcing, known 

as the Penman equation. Apart from thermodynamic control, Monteith (1965) later emphasised 

the physiological control of the water transfer process over vegetated surfaces by introducing 

the surface resistance (resistance is the inverse of conductance) term into the Penman equation. 

Since then, the Penman-Monteith equation has been extensively investigated and used for 

evapotranspiration estimation over the past half-century (Dolman et al., 2014). One of the 

primary challenges has always been parameterising the surface resistance term, as it is a 

conceptualised biophysical parameter that is difficult to observe or quantify directly (Zhang et 

al., 2016). Over vegetated surfaces fully coupled with the atmosphere, surface resistance can 

be viewed as determined only by plant biophysics. Therefore, bulk canopy resistance can be 

derived by integrating leaf level stomatal resistance (Jarvis & McNaughton, 1986). Considering 

the intrinsic coupling between water and carbon, this process-based modelling framework can 

be used to mechanistically incorporate carbon processes into evapotranspiration estimation. 
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Two stomatal conductance model, namely the Jarvis-Stewart model (Jarvis, 1976; Stewart, 

1988) and the Ball-Berry model (Ball et al., 1987), have been widely used for upscaling 

purposes. Both models are based on the empirical relationships found between stomatal 

conductance and environmental and/or biophysical variables, such as incident solar radiation, 

temperature (leaf Tleaf or air Tair), vapour pressure deficit (VPD), soil moisture (θ), CO2 

concentration (intercellular Ci or atmospheric Ca), and photosynthesis (Damour et al., 2010; 

Leuning, 1995; Tuzet et al., 2003). These two types of models differ from each other in 

fundamental ways, by accounting for carbon either implicitly through CO2 concentration 

(Jarvis-Stewart) or explicitly through photosynthesis (Ball-Berry). Specifically, while the 

Jarvis-Stewart model takes CO2 concentration (together with other environmental variables) as 

an independent stress factor to reduce maximum stomatal conductance, the Ball-Berry model 

explicitly expresses stomatal conductance as a function of photosynthesis (Collatz et al., 1991; 

Farquhar et al., 1980; Medlyn et al., 2011). Therefore, the Ball-Berry model is theoretically 

advantageous as photosynthesis and transpiration are mechanistically linked through stomatal 

conductance. Hence, the Ball-Berry model can be used to simulate both fluxes as integrated 

processes. 

Indeed, evapotranspiration (and other water fluxes including streamflow) need to be evaluated 

with carbon constrain due to physiological control by vegetation, and vice versa. Yet it has 

only  been in the past few decades (with studies initiated around the end of 20th century) that 

an emerging emphasis and attention has been given to develop coupled frameworks 

considering energy, water, and carbon budgets in order to address climate change challenges 

(e.g., eCO2, land use changes) (Sato et al., 2015). By far, only the third generation of land 

surface models (LSMs) are such process-based modelling schemes that incorporate and 

simulate energy, water, and carbon balances simultaneously (Pitman, 2003; Prentice et al., 

2015; Sato et al., 2015; Sellers, 1997; Zhao & Li, 2015). With meteorological forcing as inputs 

(e.g., radiation, temperature, precipitation), LSMs use combined series of sub-models to 

represent radiation, hydrological, and physiological processes using combined equation series 

to simulate key ecohydrological variables including evapotranspiration and photosynthesis 

(Zhao & Li, 2015). The coupled simulation of water and carbon processes using this 

complicated modelling framework is generally achieved in two steps: (1) simulating 

photosynthesis through empirical or biochemical photosynthesis sub-models, and (2) 

combining photosynthesis with transpiration though stomata conductance. For the first step, 

the most sophisticated biochemical model widely adopted is the well-known Farquhar et al. 
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(1980) method, with photosynthesis calculated as the minimum rate limited by either Rubisco 

carboxylation, ribulose-1,5-bisphosphate (RuBP), or triose phosphate utilization (TPU) 

(Farquhar & von Caemmerer, 1982; Sharkey, 1985). For the second step, the Ball-Berry model 

is applied, with stomatal conductance calculated as a function of photosynthesis from the 

previous step. The optimal water use efficiency (WUE, ratio of photosynthesis to transpiration) 

assumption is used to incorporate these two steps, where vegetation is assumed to regulate 

carbon gain and water loss to minimise WUE (maximising photosynthesis while minimising 

transpiration) (Cowan & Farquhar, 1977; Wong et al., 1979). Mathematically, this is achieved 

by solving the biochemistry model and stomatal conductance model iteratively (the FvCB 

modelling framework) (Collatz et al., 1991, 1992; Farquhar et al., 1980; Medlyn et al., 2011; 

Tuzet et al., 2003). When further upscaled to the bulk canopy, these sub-models are 

incorporated with ‘big-leaf’ or ‘multi-layer’ assumptions to formulate canopy to surface 

resistance, and further combined with a Penman-Monteith type of equation and energy balance 

(Shuttleworth & Wallace, 1985). As such, LSMs are capable of simulating energy, carbon, and 

water exchanges simultaneously. Typical LSMs such as SiB2 (Sellers et al., 1996) and CABLE 

(Wang & Leuning, 1998) all share this similar structure (Rogers et al., 2017). Such combined 

physical and biophysical modelling schemes are mechanistically profound, and hence have 

merit for comprehensive interpretation of the ecohydrological responses and feedbacks within 

the SPAC (Pitman, 2003; Prentice et al., 2015). 

However, the inherent complexity (with physical and biosphere processes represented in 

extensive detail) and focus (on climate and energy) inevitably limit LSMs for practical use. In 

fact, as a result of combining several of sub-models, LSMs often consist of many numerical 

equations (e.g., energy partitioning, water and carbon budgets) and a considerable number of 

parameters (e.g., biochemistry, biophysics, soil properties, land cover) (Prentice et al., 2015). 

Therefore, solving the equation series and calibrating the model parameters is often highly 

time-consuming and computationally expensive, and models tend to be subjected to 

equifinality (Haddeland et al., 2011; Long et al., 2014; Wood et al., 2011). Additionally, while 

the course spatial resolution (~100 km) of LSMs means that they can be conveniently 

incorporated with climate models at larger scales (e.g., continental to global), this course spatial 

resolution is problematic for finer scale investigations (e.g., site to catchment). This is 

especially the case for heterogeneous terrain features such as when topography, soil, and 

vegetation become dominant in regulating land surface processes (Zhao & Li, 2015). 

Additionally, LSMs exhibit noticeably high uncertainty in terms of water modelling, especially 
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regarding the components of evapotranspiration, despite the fact that total evapotranspiration 

is usually well constrained (through energy partitioning) (Anav et al., 2013; Miralles et al., 

2016; Murray-Tortarolo et al., 2013; Overgaard et al., 2006; Prentice et al., 2015; Wei et al., 

2017). Difficulties also remain because of poorly understood or incompletely represented 

hydrological processes, such as drainage, runoff routing, and groundwater storage., such so 

that error/uncertainty accumulates when reproducing runoff (Bierkens et al., 2015; Haddeland 

et al., 2011; Kauffeldt et al., 2016; Pitman, 2003; Prentice et al., 2015; Wood et al., 2011). 

In contrast to LSMs, traditional hydrological models tend to focus on water dynamics, with 

biological processes, especially carbon assimilation, commonly ignored despite their 

importance. Over the last decade, emerging emphasis have been put to incorporate vegetation 

dynamics into hydrological modelling (Donohue et al., 2007; Zhang et al., 2001). Studies in 

this area have shown that when vegetation features (e.g., LAI, rooting depth, fraction of 

absorbed PAR (fPAR)) were empirically incorporated into hydrological models, simulations 

of water flow (e.g., evapotranspiration, runoff) were improved in space and time (Zhang et al., 

2009), especially under shifting vegetation conditions (Zhou et al., 2013). This indeed 

emphasises the significant role vegetation plays in regulating the water cycle, although carbon 

processes are implicitly represented using vegetation indices (Donohue et al., 2012). At the 

current time, very few statistical (e.g., ‘black-box’), conceptual (e.g., rainfall-runoff model), or 

physical (e.g., distributed model) hydrological models (see hydrological model reviews by 

Devi et al., 2015; Wood et al., 2011) have explicitly incorporated carbon processes into their 

modelling schemes. Notwithstanding that some models have incorporated stomatal 

conductance, where the Jarvis-Stuart formula is used to account for environmental stresses (e.g., 

soil moisture, solar radiation, temperature, VPD) (Devonec & Barros, 2002; Garcia-Quijano & 

Barros, 2005; Yildiz & Barros, 2006; Zhang et al., 2009), these models nevertheless lack 

explicit carbon constraints. However, the challenge of applying the more biophysically based 

FvCB modelling framework remains because (1) photosynthesis is relatively complicated to 

simulate using the biochemical model (e.g., Farquhar method), (2) stomatal response and 

feedback require iterative numerical solutions to solve the biochemical-stomatal equation 

series, and (3) scaling from leaf to canopy and larger levels is difficult for such complicated 

mechanisms (Farquhar et al., 2001). This makes the coupling of biophysical processes into 

hydrological models challenging. Consequently, the comprehensive evaluation of terrestrial 

carbon and water cycles is difficult. 
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In summary, advanced ecohydrological models are still in high demand. Compared with the 

most sophisticated LSMs, less complicated models that are able to present key ecohydrological 

processes are required. Such models should accurately reproduce not only evapotranspiration 

(including its components) but also streamflow (Prentice et al., 2015). Also, the inadequate 

representation of biophysical process in traditional hydrological models should be improved to 

better simulate vegetation control over water estimates (transpiration and photosynthesis), 

thereby reducing possible uncertainty. As such, simple but accurate ecohydrological modelling 

scheme is a promising direction that needs further investigation. Such modelling will not only 

provide insightful understanding of hydrological and ecological interactions, but also enable 

sustainable management of resources (water and carbon) based on simple but credible 

simulations that are mechanistically reliable, especially under anthropogenic climate change 

(Gentine et al., 2019). 

1.1.3 Carbon estimation from a water perspective 

Compared with hydrological processes, photosynthesis is a fundamental biological process that 

is critical to all living organisms, yet even more difficult to measure or estimate due to its 

intrinsic complexity. Over the past few decades, extensive studies have been conducted to 

observe and simulate photosynthesis on leaf, plant, ecosystem, and regional scales (Wu et al., 

2016; Yin & Struik, 2009). A comprehensive review regarding measuring techniques can be 

found in Field et al. (2000). Due to the overall water focus of this thesis, only a brief 

introduction of the photosynthesis modelling approaches is provided here, covering both 

bottom-up and top-down schemes (for a comprehensive review, refer to Wu et al., 2016; Yin 

& Struik, 2009). Two of these methods are adopted and will be discussed in greater detail later 

in connection with the specific purposes of the simulations conducted in this study. 

In general, bottom-up algorithms for photosynthesis estimation can be categorised into three 

groups. The first group is the empirical light use efficiency (LUE) method as originated with 

Monteith, (1972, 1977). Similar to the Jarvis-Stuart stomatal conductance model, vegetation 

assimilation rate (A) is expressed simply as a function of maximum LUE multiplied by 

environmental stress factors scaled between 0-1 to downregulate the maximum. The 

physiological basis of this framework is that vegetation converts solar energy into biochemical 

energy (stored in carbohydrates) in a linear manner, and the actual conversion efficiency is 

often less than the optimal value because of limitations imposed by environmental constraints, 

such as light quality, temperature threshold, water, and nutrient availability (Medlyn, 1998; 
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Sinclair & Muchow, 1999). The second group is the semi-empirical model based on a light 

response curve, such as the representative hyperbola functions of Thornley (1970, 1976). 

Models in this category have similar photosynthetic response that follow the Michaelis-Menten 

kinetics, which describes a curvilinear response of enzyme reactions to environmental variables 

(e.g., light, CO2) (Maskell, 1928; Thornley, 1998). Either a rectangular or non-rectangular 

hyperbola function is preferred for simplicity or theoretical considerations, respectively 

(Johnson & Thornley, 1984; Xu et al., 2014; Ye et al., 2013). Lastly are the process-based 

biochemical photosynthetic models for C3 and C4 species, well-known as the FvCB model (von 

Caemmerer, 2000, 2013; von Caemmerer & Farquhar, 1981; Farquhar et al., 1980). This is the 

most sophisticated method, where photosynthetic rate is determined by the minimum of (a) 

electron transport, which is a function of photosynthetically active radiation (PAR), (b) enzyme 

kinetics, which represent the activity of the carboxylation enzyme (Rubisco) and (c) transport 

capacity, which describes the utilisation of photosynthetic products (Farquhar & von 

Caemmerer, 1982; Sharkey, 1985). A stomatal conductance (gs) model is required to be 

incorporated with this photosynthesis model due to its requirement of intercellular CO2 

concentration (Collatz et al., 1991; Ray Leuning, 1995; Tuzet et al., 2003). Numerical iteration 

can be applied to solved the coupled equation series in order to obtain photosynthesis estimates 

(Yin & Struik, 2009). 

Each of these three algorithms has its own merits and limits. For example, the extreme 

simplicity of the LUE method makes it practical and efficient for modelling purpose. Hence, it 

is the mostly widely used framework for estimating photosynthetic gross primary production 

(GPP), especially on large spatiotemporal scales combined with remote sensing data (Cheng et 

al., 2014; Gitelson et al., 2015; Prince, 1991; Zhang et al., 2017). Yet it is often criticised 

because the linear relationship used between absorbed photosynthetically active radiation 

(APAR) and GPP is contradictory to the nonlinear light response curve widely observed in leaf 

level experiments (Medlyn, 1998). In this regard, a hyperbolic function provides a more 

plausible solution for simulating the nonlinear relationship (Johnson & Thornley, 1984; 

Thornley, 1976). Yet the few model parameters (typically two or three) determined were found 

to be insufficient to account for other physiological attributes (such as nitrogen content) which 

significantly influence photosynthesis (Sinclair & Horie, 1989; Sinclair & Muchow, 1999; Xu 

et al., 2014). In contrast to the relative simplicity of the LUE models, the mechanistic FvCB 

framework is suitable for detailed representation of the interrelated biochemical and 

biophysical processes (e.g., electron transport, Rubisco activity, leaf nitrogen, mesophyll 
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conductance) (Flexas et al., 2008; Yin et al., 2004, 2006). However, such a coupled modelling 

scheme requires kinetic parameters that are often not available or not yet well quantified (e.g., 

maximum rate of Rubisco carboxylase activity (Vc,max), the maximum rate of photosynthetic 

electron transport (Jmax)) across spatiotemporal scales (Lin et al., 2015; Medlyn et al., 2002; 

Yin et al., 2006). Because of the great variation that exists in various environmental factors 

(e.g., Ta, VPD, Ca), additional uncertainty is likely to occur when scaling leaf photosynthesis 

up to canopy, regional, and global scales (Rogers et al., 2017; Wu et al., 2016; Yin et al., 2004). 

Apart from the physically-oriented methods mentioned above, estimates of photosynthesis can 

be inferred using top-down approaches, such as those based on WUE. In fact, this group of 

methods directly implements the coupling relationship between photosynthesis and 

transpiration. The framework follows the fundamental principle that photosynthesis and 

transpiration are both regulated by plant stomata which follows Fick’s law, so that if one of 

these two variables is known, or can be conveniently estimated, the other can be derived 

directly based on WUE (Ritchie, 1983; Sinclair et al., 1984; Tanner & Sinclair, 1983). Indeed, 

WUE is approximately constant when normalised by atmospheric water demand (potential 

evapotranspiration (PET) or VPD) (Beer et al., 2009; Zhou et al., 2014). Hence, given a certain 

amount of transpiration, assimilation can be easily estimated by multiplying transpiration with 

WUE normalised by PET or VPD. This is in fact a widely used framework within the crop 

modelling community for estimating carbon uptake (e.g., biomass, crop yield) (see the typical 

crop model APSIM (Holzworth et al., 2014; Keating et al., 2003; Wang et al., 2002)). Earlier 

studies as reviewed by Sinclair et al. (1984) and Tanner & Sinclair (1983) continue to play a 

significant role in more recent crop models (Holzworth et al., 2014). Generally, carbon 

assimilation estimates constrained by vegetation water use can be derived from the relationship 

between either (1) actual and maximum WUE or (2) actual WUE and environmental conditions 

(e.g., relative humidity or VPD, CO2 concentration) (Tanner & Sinclair, 1983). To describe 

photosynthetic productivity using these relationships, transpiration (either actual and/or 

potential) can be obtained by employing evapotranspiration models such as the Penman-

Monteith equation. When compared with the equation and parameter series required by the 

bottom-up approaches, the WUE method is theoretically sound and practically simple to use. 

Considering the overarching objectives of this thesis, the semi-empirical hyperbola 

photosynthesis model and Ball-Berry stomata conductance model were adopted to develop a 

carbon constrained ecohydrological model. The LUE framework was combined with WUE to 
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derive an analytical solution for a key parameter (constrained by vegetation water use) used to 

estimate GPP. 

1.1.4 Ecohydrological processes under climate change 

Evidence of climate change has been observed, and these changes will continue to pose 

significant challenges upon ecosystems, with subsequent consequences on the vital resources 

and services they provide to human society, including water and food (IPCC, 2014). One of 

the fundamental requirements for supporting sustainable development is advanced 

interpretation of ecohydrological processes within the SPAC (Eagleson, 1978; Hutjes et al., 

1998; Montanari et al., 2013). Extensive studies conducted during the past few decades have 

clearly shown that terrestrial ecosystems and the water cycle have been modified from both 

ecological and hydrological perspectives. 

Within the SPAC, altered energy, carbon, and water exchanges have been observed in response 

to variations of key climate factors including temperature, water availability, and radiation as 

well as greenhouse gases (primarily CO2), along with distinct sensitivity across terrestrial 

ecosystem types (Seddon et al., 2016). For example, increased latent heat (evapotranspiration 

in the energy term) was found over grass ecosystems as a result of increased solar radiation 

and temperature (accelerated soil water depletion in response to increased temperature), while 

a more conservative response was found for forest ecosystems (less water loss to in response 

to increased temperature) (Teuling et al., 2010). In Australia, however, forests were shown to 

increase latent heat (151%) and carbon uptake (112%) during the 2012 heatwave, whereas 

woodlands experienced the opposite response (Van Gorsel et al., 2016). Other studies have 

also detected reductions in carbon uptake due to heat and water stress across a variety of 

ecosystems during the 2003 European drought (Ciais et al., 2005), the 2012 US summer 

drought (Wolf et al., 2016), and the 2013 southern China drought (Yuan et al., 2015). It is now 

widely acknowledged that ecosystems are vulnerable to decreases in water availability and 

increases in temperature (despite different response in direction and magnitude), known as the 

‘negative effect’ of climate change (Allen et al., 2010a; Tietjen et al., 2017). In addition, the 

‘positive effect’ is also evident as a result of elevated carbon dioxide concentration (eCO2) in 

the atmosphere. For instance, boosted carbon uptake through photosynthesis (known as 

‘greening’ or ‘CO2 fertilisation’) has been observed globally (Donohue et al., 2013; Zhu et al., 

2016). This is inevitably accompanied by physiology (stomatal closure) and structural (LAI) 

responses that subsequently influence ecosystem water use and climate feedback (Ainsworth 
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& Long, 2005; Ellsworth, 1999; Frank et al., 2015; Lee et al., 2001; Belinda E Medlyn et al., 

2001; Tenhunen et al., 1984; Uddling et al., 2009). Highly variable changes in vegetation 

growth, biochemistry and biophysics have been reported when considering different species 

(e.g., C3, C4 (Lee et al., 2001)) and biome groups (e.g., forests, grasslands (Ainsworth & Long, 

2005)) across leaf to ecosystem scales. Therefore, understanding modified ecosystem 

functioning due to climate change remains a major challenge. 

An acceleration of the water cycle has long been recognised as a result of global warming 

(IPCC, 2014). Key fresh water fluxes over and below land surfaces, including precipitation, 

evapotranspiration, streamflow, and groundwater, have been modified, echoing the changes of 

the hydrological cycle (Milly et al., 2005; Stocker & Raible, 2005). These changes can increase 

precipitation intensity, frequency and uncertainty of distribution of extreme events, which can 

lead to droughts (Dai, 2011; Trenberth et al., 2014) and floods (Hirabayashi et al., 2013) 

globally. Evapotranspiration is also altered simultaneously. Increases in evapotranspiration 

(+7.1 mm yr-1) have been detected during the 1982-1997 period followed by a period of stable 

evapotranspiration during 1998-2008 (Jung et al., 2010), and another period of increasing 

evapotranspiration afterwards (+0.88 mm yr-1) (Zhang et al., 2015). In addition to these global 

trends in evapotranspiration changes, significant variability of evapotranspiration and its 

components have been reported for different continents (e.g., Africa and America in contrast 

to Australia and Europe) (Zhang et al., 2016). As a result, water yield (the net difference 

between precipitation and evapotranspiration) has changed. For the driest continent, Australia, 

the impact can be extremely significant, where only a 1% decrease in rainfall can be amplified 

up to a 4.1% decrease in streamflow (Chiew, 2006; Van Dijk et al., 2013). Across the globe, 

with eCO2 impact on evapotranspiration through biophysical and physiological processes, 

streamflow has been found/projected to either decrease (Betts et al., 2007; Ukkola et al., 2015), 

increase (Gedney et al., 2006), or remain unchanged (Cheng et al., 2017; Piao et al., 2007; 

Yang et al., 2016). In addition to changes in surface water, groundwater is also facing direct 

and indirect threats in response to altered land surface processes. Extremely large variations of 

geophysical recharge and discharge can be induced by snow melting, rainfall patterns, 

ecosystem functioning, and human activities, with an uncertainty range of up to ±80% across 

continents (Green et al., 2011; Taylor et al., 2013). Systematically, the altered hydrosphere has 

significant impacts on and implication for on fresh water availability, which further modifies 

ecosystem functioning through SPAC. 
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In the facing of such challenges, mechanistic understanding of the bridging of ecohydrological 

processes between the biosphere and hydrosphere is central to providing fundamental support 

for resource management and climate adaptation and mitigation. Coupled relationship between 

carbon and water should be implemented when simulating the ecohydrological variables. 

Practical but robust modelling approaches need to be developed and investigated to evaluate 

variations of key processes under climate change. 

1.2 Statement of significance and knowledge gaps 

Key ecohydrological processes, including photosynthesis, evapotranspiration, and streamflow, 

are regulated by vegetation through biophysical and physiological responses and feedback. 

Significant challenges still remain in understanding and quantifying these processes, requiring 

further investigation to support natural resources management. 

Evapotranspiration and photosynthesis are often estimated separately using different diagnostic 

models at the ecosystem scale, regardless of the mechanistic link between the two processes 

(Leuning et al., 2008). Current models may not sufficiently represent the coupled relationship 

between carbon and water, thereby impeding accurate estimation of both fluxes (Liu et al., 

2017). Therefore, it is important to develop new models that simultaneously simulates 

evapotranspiration and photosynthesis. This will not only enable in-depth interpretation of the 

fundamental interactions of water and carbon processes, but will also enhance management of 

water and carbon resources across spatiotemporal scales. 

Existing process-based models represent carbon and water processes in extensive detail, yet 

fail to adequately reproduce hydrological variables (especially water yield) (e.g., LSMs, Sellers 

et al., 1996; Wang & Leuning, 1998). At the same time, traditional hydrological models almost 

completely lack representation of vegetation processes, and therefore are inadequate for 

evaluating the carbon influence on the water cycle (e.g., rainfall-runoff models, Zhao, 1992). 

At a catchment scale, simple but mechanistic ecohydrological models are required to provide 

accurate water estimate while considering vegetation regulation. This is especially important 

in the context of anthropogenic climate change, where the water cycle (evapotranspiration and 

streamflow) are likely to be altered, and hence water availability can vary greatly due to 

biophysical and physiological regulation (Lemordant et al., 2018; Ukkola et al., 2015). 

Accurate quantification of water processes and the variation induced by vegetation processes 

is crucial for water management and climate change mitigation. 
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Previous studies have suggested that high uncertainty remains in transpiration estimated by 

various evapotranspiration partitioning methods (Coenders-Gerrits et al., 2014; Jasechko et al., 

2013; Wang et al., 2014), even with carbon processes taking into consideration (Pagán et al., 

2019; Wei et al., 2017). As transpiration is inherently related to photosynthesis which also 

determines the dominant proportion of vegetated land surface water loss, evaluating the 

uncertainty of spatial and temporal variations in transpiration is of great importance. High 

uncertainties in transpiration estimates can be misleading and hinder valid interpretation of 

biophysical processes. Currently it is unclear how estimates of transpiration vary between 

process-based and empirical models and whether model structure contributes to this uncertainty. 

This is particularly important for typical terrestrial ecosystems such as forests and grasslands, 

which together determine the largest proportion of the water and carbon balance on Earth. 

Photosynthesis is a vital yet difficult process to estimate. Models based on light use efficiency 

(LUE) are widely used to estimate photosynthesis across spatiotemporal scales due to their 

simplicity (Monteith, 1972, 1977). However, all LUE models are subject to parameterisation 

difficulties, especially regarding the determination of maximum LUE. Recent studies have 

reported a wide range of this parameter, and controversial views have evolved to interpret its 

behaviour (Gitelson et al., 2018; Kergoat et al., 2008; Prince, 1991; Zhang et al., 2018). Yet 

currently there has been little discussion based on coupled carbon and water relationship for 

estimating maximum LUE. Estimating photosynthesis parameters based on vegetation water 

use is theoretically advantageous, and the results can be used to estimate ecosystem 

photosynthesis with higher reliability. 

In summary, better understanding of the key ecohydrological variables and the interactions 

between them requires credible and practical algorithms. For either water or carbon estimates, 

it is theoretically preferable and practically necessary that the other process is taken into 

consideration. As such, both water and carbon fluxes should be estimated based on a coupled 

relationship. Models should incorporate core ecohydrological processes, and at the same time 

maintain a balance between simplicity and credibility. The models and analysis can serve as 

fundamental tools to simulate/forecast water and carbon fluxes across different ecosystems and 

climate. Results of this study can be further implemented to inform water resources and 

ecosystem functioning management, and to support climate change adaptation and mitigation. 
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1.3 Research questions and objectives 

The overall aim of this thesis are to understand vegetation regulation of key ecohydrological 

processes (including evapotranspiration and streamflow as well as photosynthesis), and to use 

analytical and modelling approaches that are simple yet mechanistic to investigate and quantify 

the variation and uncertainty of these processes across different ecosystems under climate 

change. These major aims correspond to the significant research gaps outlined above, and can 

be structured as four specific research questions: 

1. How can estimate ecosystem evapotranspiration and gross primary production be 

estimated with a simple but process-based model that employs the coupled relationship 

between transpiration and photosynthesis regulated by plant stomata? 

2. How can runoff be estiamted considering plant regulation of evapotranspiration and 

carbon assimilation at a catchment scale with a practical yet mechanistically sound 

modelling scheme, and how can their variability in response to anthropogenic climate 

change (eCO2) be investigated? 

3. What is the uncertainty in estimated transpiration (a major component of 

evapotranspiration) constrained by carbon assimilation? 

4. How can the photosynthesis parameter be quantified from a plant water use perspective 

by employing the coupled water and carbon relationship at an ecosystem scale? 

Four specific research objectives were defined to address these questions as elaborated below. 

1. Develop a simple but mechanistic model to estimate both evapotranspiration and gross 

primary production following biophysical and physiological principles. 

The evapotranspiration mechanism was well established by the Penman-Monteith equation, 

where surface conductance accounts for simultaneous stomatal regulation of both 

transpiration and photosynthesis. However, the coupled relationship between water loss 

and carbon gain is either neglected or extensively presented in existing models for 

evapotranspiration estimation. An intermediate modelling relationship, which would be 

structurally simple and physiologically sound, is needed to simultaneously quantify 

evapotranspiration and gross primary production at an ecosystem level. This can be 

achieved by (1) combining and integrating and intermediate photosynthesis model and a 

stomatal conductance model to formulate surface conductance, and (2) incorporating the 

surface conductance into the Penman-Monteith (PM) equation for both evapotranspiration 
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and gross primary production estimation. Following this rationale, a new model will be 

developed and evaluated at nine Australian eddy covariance flux sites. 

2. Develop a simple ecohydrological model on catchment scale that incorporates water 

and carbon processes to simulate gross primary production, evapotranspiration and 

streamflow, and investigate their variations under eCO2 

Catchment ecohydrological processes (including gross primary production, 

evapotranspiration, and streamflow) are subjected to eCO2 (anthropogenic climate change) 

via plant biophysical and physiological response and feedback. While LSMs describe 

energy and vegetation processes in extensive detail but are less satisfactory in estimating 

streamflow, traditional hydrological models (e.g., rainfall-runoff model) provide credible 

water estimates, yet lack biophysical representation of vegetation processes. Hence, a 

practical and credible modelling framework is required to investigate eCO2 impact on 

major ecohydrological processes. This can be achieved by developing a simple 

ecohydrological model that incorporates primary vegetation processes (i.e., photosynthesis 

and stomatal conductance) into a rainfall-runoff model. As such, gross primary production, 

evapotranspiration, and streamflow can be simulated simultaneously without sacrificing 

model simplicity and accuracy of water simulation, and eCO2 influence on these key 

variables can be investigated. 

3. Evaluate uncertainty of evapotranspiration partitioning constrained by vegetation 

carbon uptake comparing process-based and empirical methods. 

Vegetation water use (transpiration) is interrelated to photosynthesis and constitutes the 

largest proportion of evapotranspiration. Hence, transpiration is at the core of 

understanding vegetation regulation of ecohydrological processes. Partitioning of 

evapotranspiration into transpiration (the biophysical process) and evaporation (the 

physical process), however, exhibits high uncertainty using either process-based or 

empirical approaches, even with carbon constraints taken into consideration. To evaluate 

the uncertainty of transpiration estimates constrained by photosynthesis, a process-based 

model and an empirical algorithm is applied to partition evapotranspiration into 

transpiration and evaporation. The ratio between transpiration and evapotranspiration is 

then calculated to (1) investigate the variation of vegetation water use over space and time 

for two distinct ecosystem types and (2) evaluate the results from the two partitioning 

methods and attribute model uncertainty. 
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4. Derive key parameter for carbon estimation from a vegetation water use perspective 

based on the WUE principle. 

Maximum light use efficiency (𝑚𝑎𝑥 , LUE under optimal conditions) is a critical and 

challenging parameter for estimating ecosystem gross primary production based on the 

LUE modelling scheme. A wide range of 𝑚𝑎𝑥  values have been reported for different 

species (e.g., C3, C4) and biomes (e.g., forests, grasslands) based on observational and 

modelling approaches. The high uncertainty exhibited by these values needs further 

investigation. Previous algorithms used for 𝑚𝑎𝑥 parameterisation are often complex and 

they neglect the coupled relationship between carbon and water. Therefore, a simple but 

biophysically robust method for estimating 𝑚𝑎𝑥  is important and greatly needed. The 

mechanistic coupling between vegetation water use and carbon gain provides an insightful 

perspective for estimating 𝑚𝑎𝑥. With WUE bridging transpiration and photosynthesis, an 

analytical method can be derived to estimate 𝑚𝑎𝑥 from a vegetation water use perspective. 

The WUE-based 𝑚𝑎𝑥 has the potential to be incorporated into LUE models for credible 

carbon estimation and related uncertainty analysis. 

1.4 Thesis outline 

This thesis covers two primary aspects in ecohydrological knowledge, i.e., vegetation processes 

and hydrological processes. The research questions were constructed to enhance the 

understanding of the interactions between the biosphere and hydrosphere from a modelling 

perspective. Following the consecution of model development and analysis, the thesis is 

structured in six chapters. The first chapter (Chapter 1) provides research background and the 

last chapter (Chapter 6) summarizes the overall contribution of knowledge. The other four 

chapters (Chapter 2-5) are analytical solutions corresponding to the four interrelated research 

questions contributing to the overall objective of this study. Two chapters (Chapters 2 and 5) 

from this thesis are based on journal articles which have been submitted or published in leading 

ecohydrological journals. The outline of this thesis is summarized in Figure 1.1. 
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Figure 1-1. Outline of the thesis. Abbreviations see glossary. 

 

Chapter 1 introduces the background of the overall scope of this research. Based on the 

fundamental vegetation-water processes, this chapter outlines the challenges and knowledge 

gaps in ecohydrological modelling by reviewing previous studies. Four aspects are identified 

regarding practical and credible modelling of key ecohydrological variables: (1) estimating 

evapotranspiration and photosynthesis simultaneously, (2) investigating evapotranspiration 

and streamflow variation considering photosynthesis under anthropogenic climate change, (3) 

evaluating uncertainty of transpiration estimates considering photosynthesis constraints, and 

(4) deriving photosynthesis parameters from transpiration. This chapter provides theoretical 

and methodological foundations for this thesis. 

Chapter 2 corresponds to the first aspect of the study, which aims to quantify photosynthesis 

and evapotranspiration fluxes simultaneously using a simple yet process-based model. A new 

ecohydrological model (named as PML_V2) is developed in this chapter by incorporating and 

integrating a semi-empirical photosynthesis model and stomatal conductance model into the 

Penman-Monteith equation. The model is tested at an ecosystem scale using water and carbon 

fluxes observed at nine Australian eddy covariance flux sites. Results show that the model is 

capable of reproducing both photosynthesis and evapotranspiration across different biome and 

climate conditions, with explicit merit in simplicity and accuracy. 
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Chapter 3 corresponds to the second aspect of the study, which is a follow-on study of the first 

aspect. This chapter aims to investigate streamflow estimates and their variation in response to 

plant carbon uptake and water use under anthropogenic climate change, using a simple but 

mechanistic modelling framework. A more comprehensive ecohydrological model is 

developed by incorporating the PML_V2 model into a conceptual hydrological model. The 

model is evaluated against streamflow observations at the catchment scale, then used to 

investigate the eCO2 impact on streamflow through physiological responses of vegetation via 

evapotranspiration and photosynthesis. Modelling experiments at 63 Australian catchments 

show that vegetation regulates photosynthesis and transpiration to increase catchment water 

yield in response to eCO2, with significant variance across different catchments. 

Chapter 4 addresses the third aspect of the study which considers the significant role that 

transpiration plays in regulating the water cycle (both mechanistically and under climate 

change). This chapter focuses on the uncertainty of transpiration estimates based on carbon 

constraints. Transpiration is partitioned from total evapotranspiration using the PML_V2 

model and the result is compared with that from an empirical method, both based on the 

coupling relationship between transpiration and gross primary production. The ratio between 

transpiration and total evapotranspiration (T/ET) is used to evaluate the variation and relative 

uncertainty of the evapotranspiration partitioning methods at the ecosystem level. Results show 

that the T/ET estimates vary greatly from different models, with high uncertainty in both 

quantity and temporal variation across globally distributed grasslands. Differences are 

attributed to model structure and parameterization and variation in T/ET across spatiotemporal 

scales can be explained by vegetation index and climate conditions. 

Chapter 5 is the reversed perspective of the previous three study aspects (water focus 

considering carbon constraints), which seeks to estimate the carbon uptake parameter from a 

vegetation water use viewpoint. This is a standalone chapter where an analytical solution is 

derived to estimate maximum light use efficiency from WUE principles. The method requires 

only four variables and is capable of distinguishing photosynthetically different species and 

producing robust estimates of maximum light use efficiency across biomes. When compared 

with other algorithms, this method is advantageous in terms of vegetation water use constraints, 

and the estimates can be used for credible quantification of gross primary production. 

Chapter 6 is the final chapter and synthesizes all of the knowledge contributions from the 

previous chapters. The main findings and conclusions of this thesis are summarized here. 
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Limitations of the study and its findings, as well as future research directions, are briefly 

discussed. 

Regarding the publications related to each of the main chapters: 

Chapter 2 is based on the paper entitled “Use of satellite leaf area index estimating 

evapotranspiration and gross assimilation for Australian ecosystems”, which has been 

published in Ecohydrology (https://doi.org/10.1002/eco.1974). 

Chapters 3 and 4 are extended from international conference abstracts entitled “Estimating 

water and carbon fluxes using a simple diagnostic model” (MODSIM, Dec 2017, Hobart 

Australia), and “Uncertainty of transpiration estimates from a coupled water and carbon model 

in grassland ecosystems” (AGU fall meeting, Dec 2018, Washington, D.C., USA), respectively. 

Chapter 4 is also partly drawn from the collaborative research article “Coupled estimation of 

500 m and 8-day resolution global evapotranspiration and gross primary production in 2002–

2017”, which has been published in Remote Sensing of Environment 

(https://doi.org/10.1016/j.rse.2018.12.031). 

Chapter 5 is based on the submitted paper entitled “Estimating ecosystem maximum light use 

efficiency based on the water use efficiency principle”, which is currently under internal review 

with expected resubmission to Geophysical Research Letters. 
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Chapter 2. Use of satellite leaf area index estimating 

evapotranspiration and gross assimilation for Australian ecosystems 

This chapter is based on the following manuscript: 

Gan, R., Zhang, Y., Shi, H., Yang, Y., Eamus, D., Cheng, L., Chiew, F.H.S., Yu, Q. (2018). 

Use of satellite leaf area index estimating evapotranspiration and gross assimilation for 

Australian ecosystems. Ecohydrology, DOI: 10.1002/eco.1974 

Highlights 

 The widely used Penman-Monteith-Leuning (PML) evapotranspiration model was 

modified to estimate gross primary production 

 The PML_V2 model is simple, easily implemented and takes remote sensing vegetation 

data as model inputs 

 It performs well for estimating both evapotranspiration and gross primary production 

at nine flux sites across Australia 

Abstract 

Accurate quantification of terrestrial evapotranspiration and ecosystem productivity are of 

significant merit to better understand and predict the response of ecosystem energy, water and 

carbon budgets under climate change. Existing diagnostic models have different focus on either 

water or carbon flux estimates with various model complexity and uncertainties induced by 

distinct representation of the coupling between water and carbon processes. Here we propose 

a diagnostic model to estimate evapotranspiration and gross primary production that is based 

on biophysical mechanism yet simple for practical use. This is done by coupling the carbon 

and water fluxes via canopy conductance used in the Penman-Monteith-Leuning equation 

(named as PML_V2 model). The PML_V2 model takes Moderate Resolution Imaging 

Spectrometer (MODIS) leaf area index and meteorological variables as inputs. The model was 

tested against evapotranspiration and gross primary production observations at nine eddy-

covariance sites in Australia, which are widely spread across climate conditions and 

ecosystems. Results indicate that the simulated evapotranspiration and gross primary 

production by the PML_V2 model are in good agreement with the measurements at 8-day 

timescale, indicated by the cross-site Nash-Sutcliffe Efficiency being 0.70 and 0.66, R2 being 

0.80 and 0.75 and root mean square error being 0.96 mm d-1 and 1.14 µmol m-2 s-1 for 
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evapotranspiration and gross primary production, respectively. As the PML_V2 model only 

requires readily available climate and MODIS vegetation dynamics data and has few 

parameters, it can potentially be applied to estimate evapotranspiration and carbon assimilation 

simultaneously at long-term and large spatial scales. 

Key words: evapotranspiration, gross primary production, canopy conductance, eddy 

covariance, modelling 

2.1 Introduction 

The critical biophysical link between terrestrial water and carbon cycle is stomatal aperture. At 

leaf level, it not only regulates water vapour diffusion from leaves to the atmosphere 

(transpiration), but also controls plant fixation of carbon dioxide (CO2) from the atmosphere 

through photosynthesis (carbon assimilation) simultaneously (Baldocchi et al., 1991). At 

ecosystems level, evapotranspiration (ET) and gross primary production (GPP) play vital roles 

in determining the global water and carbon balance (Beer et al., 2010; Jasechko et al., 2013). 

The degree of stomatal control on these water and carbon fluxes is quantified by bulk stomatal 

conductance (i.e., canopy conductance), estimate of which yet remains a major challenge for 

accurate estimate of ET and GPP (Kelliher et al., 1995).  

Over decades, coupled carbon-water models based on diverse structure and parameterisation 

schemes have been developed to estimate canopy conductance (Gc) for such purpose. They can 

roughly be classified into two groups. One is the ‘top-down’ method, which utilises observed 

water and carbon exchanges to deduce Gc directly (Baldocchi et al., 1991; Granier et al., 2000; 

Stewart, 1988; Yebra et al., 2015, 2013). Due to the lack of consideration regarding the 

interrelated water and carbon processes, these models have difficulties in interpreting the 

underlying mechanism and uncertainties in predictions. The other one is ‘bottom-up’ upscaling 

approach, which usually integrates individual leaf stomatal response to environmental and 

physiological controlling factors up to canopy scale (Bonan et al., 2014, 2012; Cox et al., 1998; 

Dai et al., 2004; Running & Coughlan, 1988; Sellers, 1997; Tuzet et al., 2003; Wang et al., 

2011). Models developed in this way tend to imply mechanistic equations to represent water 

loss and carbon fixation interactively from leaves to canopy, from stand to regional scales. 

Although these process-based models are widely used, the relatively high complexity turns out 

to impede general application and the performance can vary greatly across spatiotemporal 

scales (Bonan et al., 2014; De Kauwe et al., 2015; Morales et al., 2005; Wang et al., 2011). 
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Therefore, credible and feasible modelling scheme of water and carbon fluxes is still highly 

required and representation of a practical yet biophysically based Gc model remains elusive.  

Numerous models have been developed to estimate ET (Norman et al., 1995; Bastiaanssen et 

al., 1998a, 1998b; McVicar & Jupp, 2002; Cleugh et al., 2007; Mu et al., 2007; Leuning et al., 

2008; Zhang et al., 2009; Guerschman et al., 2009; Sun et al., 2011; Long and Singh, 2012; 

Yang et al., 2013; Fang et al., 2015) and GPP (Running et al., 2004; Ma et al., 2014; Yang et 

al., 2015; Yebra et al., 2015; Hu et al., 2017), from stand to regional and global scale during 

the past few decades. On the one hand, the Penman-Monteith (PM) equation (Monteith, 1965) 

based ET models have been proven as biophysically solid, which is often applied in 

combination with land surface information (e.g., radiation and vegetation) derived from 

remotely sensed imageries (Cleugh et al., 2007; Leuning et al., 2008; Mu et al., 2011; Morillas 

et al., 2013; Mallick et al., 2015; Zhang et al., 2016, 2017). However, carbon flux and the 

corresponding stomatal response are usually neglected in these models, which could induce 

uncertainties regardless of structure and conductance formulation (Liu et al., 2017). On the 

other hand, to couple carbon and water fluxes, biochemical photosynthesis models (Farquhar 

& von Caemmerer, 1892; Collatz et al., 1991) are commonly incorporated into stomatal 

conductance (gs) models (e.g., Ball-Berry model) (Jarvis, 1976; Ball et al., 1987; Stewart, 1988; 

Collatz et al., 1991; Leuning, 1995; Tuzet et al., 2003; Medlyn et al., 2011) to obtain Gc and 

thereby simulate ET and GPP in earth system schemes (Sellers et al., 1996; Kowalczyk et al., 

2006; Bonan et al., 2012). Additionally, there are also models that implies empirical carbon 

uptake function together with conductance models, where GPP is calculated by simply 

multiplying light use efficiency with environmental constrains (Hu et al., 2017; Liu et al., 2017). 

These coupled model structure can vary greatly according to the principles applied to 

conceptualise the canopy structural (e.g., big-leaf or multilayer) and physiology (e.g., sunlit 

and shaded) properties, as well as the photosynthesis model used to estimate assimilation rate 

(Wang & Dickinson, 2012; Zhu et al., 2016). As a result, evaluation of the model uncertainty 

in ET and GPP estimates remains difficult and application problematic.  

Recognizing the relative advantages of satellite-based PM model in estimating ET, and the 

common employment of photosynthesis model in combination with gs model, this study 

therefore explores the possibility of developing a relatively simple yet physiologically based 

model that couples water and carbon flux into Gc to calculate ET and GPP simultaneously. The 

couped model should be easily applicable using readily available environmental variables as 

model inputs only and have few parameters that are easy to be parameterised, yet maintain 
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basic physiological fundamentals. To achieve this, a Ball-Berry gs model developed by Yu et 

al. (2004, 2001) and a hyperbola assimilation formula by Thornley (1976) is incorporated and 

integrated to derive a novel Gc model, which is then introduced into a remotely sensed data 

based PM model (Leuning et al., 2008; Zhang et al., 2016, 2017). In this way, GPP can be 

calculated as canopy assimilation and ET can be calculated from PM equation, respectively. 

The objectives of this study are as follows:   

(1) Upscaling the assimilation and gs model to obtain the coupled Gc model that is then 

introduced to the PM equation;  

(2) Applying this simple coupled model together with remotely sensed leaf area index (LAI) 

to simulate ET and GPP; and  

(3) Using carbon and water flux observations at flux towers to test the model performance.  

2.2 Model Development 

2.2.1 PML Model and Canopy Conductance 

The two main components of terrestrial ET are transpiration from vegetation canopy (Et) and 

evaporation from soil surface (Es). Among the satellite based ET models (Cleugh et al., 2007; 

Mu et al., 2007, 2011; Leuning et al., 2008), the Penman-Monteith-Leuning (PML) model 

(Leuning et al., 2008) has routinely been used to estimate terrestrial ET and its components as 

a process-based approach (Zhang et al., 2017, 2016; Zhou et al., 2013). Hence, the PML model 

is used in this study as the prototype to develop a coupled water and carbon model. In the PML 

model, Ec and Es are explicitly accounted for in the form of latent heat flux (λE) following: 

𝜆𝐸 = 𝜆𝐸𝑐 + 𝜆𝐸𝑠                                                           (Eq.2-1) 

𝜆𝐸𝑐 =
𝜀𝑄𝐴,𝑐+(𝜌𝑐𝑝/𝛾)𝐷𝑎𝐺𝑎

𝜀+1+𝐺𝑎/𝐺𝑐
                                                      (Eq.2-2) 

𝜆𝐸𝑠 =
𝑓𝜀𝑄𝐴,𝑠

𝜀+1
                                                                 (Eq.2-3) 

where λ is the latent heat of evaporation (MJ kg-1), QA is the total available energy (W m-2), 

which is partitioned into canopy (QA,c) and soil (QA,s) available energy according to τ = exp(-

kA·LAI), where τ = QA,s/QA, kA is extinction coefficient of QA and LAI is leaf area index derived 

from satellite imageries (Fisher et al., 2008; Leuning et al., 2008). In this model, transpiration 

is calculated by applying the PM equation exclusively to the canopy (Eq.2-2), where ε is the 

ratio of slope of the curve relating saturation water vapour pressure to temperature ( , kPa 
oC-
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1) over the psychrometric constant (γ, kPa ˚C
-1), ρ is the air density (kg m-3), Da is the water 

vapour pressure deficit (VPD) of the air (kPa), Ga is the aerodynamic conductance (m s-1), 

which is estimated following Leuning et al. (2008). Gc is the canopy conductance to water 

vapour (m·s-1). 

Yet no carbon flux is explicitly taken into account in the PML model, the parameter Gc in Eq.2-

2 provides the vital connection between plant biophysical process (i.e., stomatal control) and 

the environmental variables (e.g. solar radiation, humidity) (Hirose, 2005; Kelliher et al., 1995; 

Leuning et al., 2008), which can be calculated as: 

𝐺𝑐 =
𝑔𝑠,𝑚𝑎𝑥

𝑘𝑄
𝑙𝑛 {

𝑄ℎ+𝑄50

𝑄50 exp(−𝑘𝑄𝐿𝐴𝐼)+𝑄50
} 

1

1+𝐷𝑎 𝐷50⁄
                                        (Eq.2-4) 

where gs,max is the maximum stomatal conductance of the leaves at the top of the canopy (m s-

1), Qh is the photosynthetically active radiation (PAR) (W m-2), kQ is the extinction coefficient 

of PAR, Q50 and D50 are the canopy absorbed PAR (W m-2) and VPD (kPa) when gs = gs,max/2, 

respectively. This formulation of Gc is integrated from leaf level stomatal response to PAR 

only, with the carbon flux neglected and other environmental conditions assumed optimal. 

Detailed deduction of Eq.2-4 can be found in Kelliher et al. (1995) and Leuning et al. (2008). 

Soil evaporation (Es) in Eq.2-3 is calculated by reducing the Priestley-Taylor equilibrium 

evaporation (Priestley and Taylor, 1972) with a soil evaporation coefficient f that reflects the 

influence of water limitation on evaporation. A relatively robust formula developed by Zhang 

et al. (2010) is adopted in this study to estimate f as a variable controlled by precipitation and 

equilibrium evaporation (Fisher et al., 2008; Morillas et al., 2013; Zhang et al., 2010), which 

is expressed as: 

𝑓𝑍ℎ𝑎𝑛𝑔 = min {
∑ 𝑃𝑖
𝑖
𝑖−𝑛

∑ 𝐸𝑒𝑞,𝑠,𝑖
𝑖
𝑖−𝑛

 , 1}                                                    (Eq.2-5) 

where n is the length of the ‘time lag’ used to balance soil water content after precipitation, Pi  

is precipitation in the ith day (mm d-1), Eeq.s.i is the equilibrium Es (mm d-1). For each of the ith 

day in the time series, f is calculated as the accumulative proportion of precipitation to soil 

evaporative demand of the previous n days (Zhang et al., 2010). Because f is insensitive to 

variations in n, after a sensitivity analysis, n = 32 days is given in Eq.2-5 in this study. 

2.2.2 Coupled Canopy Conductance Model 

As mentioned above, carbon assimilation is not considered in Eq.2-4 for calculating the key 

parameter Gc. To estimate the closely coupled water and carbon fluxes, this study tries to 
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formulate a novel Gc model that maintains biophysical meanings yet based on simple modelling 

framework for practical benefit. Following the upscaling principles, our canopy level Gc model 

is elaborated from leaf level gs model and is given as follows: 

𝐺𝑐 = ∫ 𝑔𝑠𝑑𝑙
𝐿𝐴𝐼

0
= 𝑚

𝑃1

𝑘(𝑃2+𝑃4)
{𝑘𝐿𝐴𝐼 + 𝑙𝑛

𝑃2+𝑃3+𝑃4

𝑃2+𝑃3 exp(𝑘𝐿𝐴𝐼)+𝑃4
} 

1

1+𝐷 𝐷0⁄
              (Eq.2-6) 

where GPP is calculated as: 

𝐺𝑃𝑃 =  𝐴𝑐,𝑔 =
𝑃1𝐶𝑎

𝑘(𝑃2+𝑃4)
{𝑘𝐿𝐴𝐼 + 𝑙𝑛

𝑃2+𝑃3+𝑃4

𝑃2+𝑃3 exp(𝑘𝐿𝐴𝐼)+𝑃4
}                                  (Eq.2-7) 

Detailed deduction of the Gc model and definition of each variable are illustrated in appendix. 

Hence, a coupled Gc formula is obtained. This model can therefore be used to replace the 

original Gc equation (Eq.2-4) in the PML model to simulate ET, and GPP can be calculated by 

implementing Eq.2-6. The advantage of this coupled water and carbon PM model is that it 

requires routine environmental variables only for ET and GPP simulation, and has few 

parameters which maintain the physiological significances of stomatal response and 

assimilation process. Owing to the capacity of estimating ecosystem carbon fixation and water 

loss at the same time, this model is herein named as PML_V2 model. A summary of the seven 

parameters in this model is given in Table 2-1. 

 

Table 2-1.  Details of Seven Parameters in the PML_V2 Model 

Parameter symbol Definition Unit 
Allowed 

range 

α 
Initial slope of the light response curve to assimilation 

rate (i.e. quantum efficiency) 
µmol CO2 (µmol PAR)-1 0.01-0.07 

ƞ 
Initial slope of the CO2 response curve to assimilation 

rate (i.e. carboxylation efficiency) 
µmol m-2 s-1 (µmol m-2 s-1)-1 0.01-0.07 

m Stomatal conductance coefficient - 2-20 

Vm,25 
Notional maximum catalytic capacity of Rubisco per 

unit leaf area at 25 ˚C 
µmol m-2 s-1 10-120 

D0 Water vapour pressure deficit of the air kPa 0.5-1.5 

kQ Extinction coefficient of PAR - 0.1-1 

kA Extinction coefficient of available energy - 0.5-0.8 
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2.3 Data and Methods 

2.3.1 Eddy Covariance observations 

The eddy covariance observations of energy, carbon and water exchange have been widely 

used to interpret terrestrial ecosystem processes. The OzFlux (http://www.ozflux.org.au/) is 

part of the Australian Terrestrial Ecosystem Research Network (TERN) and the global flux 

network (https://fluxnet.ornl.gov/). Within Australian continent, OzFlux provides continuous 

micrometeorological measurements of over 30 flux sites that covers most Australian climate 

range and ecosystem types (Isaac et al., 2016). This provides us the excellent dataset for model 

development and testing for the distinct Australian ecosystems.  

Observations of water and carbon flux at nine flux sites in OzFlux network were used to 

evaluate the proposed PML_V2 model (Figure 2-1). The following criteria were used to filter 

available flux sites and measurements: (1) the flux site should have more than two years of 

continuous observations (since 2000), (2) observations of low confidence were excluded and 

the reliable data should be more than 80% within each year at each site, and (3) half-hourly 

observations of each variable were filtered to obtain daytime measurements only and further 

processed to obtain daily observations. Night time observations were eliminated using the 

incoming shortwave radiation (Rs) greater than 20 W m-2 to avoid micrometeorological and 

instrument uncertainties (Ershadi et al., 2014; Isaac et al., 2016). Daytime GPP was calculated 

as the difference of observed net ecosystem exchange (NEE) and daytime ecosystem 

respiration (Rd), where Rd is estimated from observed night time ecosystem respiration (Bruhn 

et al., 2011; Papale et al., 2006; Reichstein et al., 2005; Shi et al., 2014). The GPP calculated 

from this algorithm was used as the observed GPPobs for model use. The daily dataset is further 

aggregated to obtain 8-day average values in accordance with the temporal resolution of remote 

sensed LAI (Hu et al., 2017; Papale & Valentini, 2003; Shi et al., 2014). 

http://www.ozflux.org.au/
https://fluxnet.ornl.gov/
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Figure 2-1. IGBP Land Cover Type Classification across Australia and locations of the flux 

sites used in this study. Remote sensing land cover data was downloaded from Moderate 

Resolution Imaging Spectrometer MCD12Q1 product. 

 

In total, nine Australian flux sites with 45 site-years (482 site-months) of in situ eddy 

covariance measurements were selected at last for further analysis. These sites represent a wide 

range of Australian climate regions from tropical to temperate and across five different plant 

functional types (PFTs), including 3 savannas (SA), 1 woody savanna (WSA), 2 grasslands 

(GRA), 1 open shrub land (OSH) and 2 evergreen broadleaf forests (EBF). Site details are 

presented in Table 2-1. 

 

Table 2-1.  Details of The Nine Australian Flux Sites Used in This Study to Evaluate The 

PML_V2 model. 

Site  

Code 

Site 

Name 
Climate* PFTs 

S E Canopy 

Height 

 (m) 

Annual 

Precipitation  

(mm/year) 

Tair(˚C) LAI (m2 m-2) Period 

Reference 
Latitude Longitude Range Range 

Start-End 

(year) 

AU-ASM Alice Springs  Mulga TR OSH -22.28 133.25 6.5 306 -4~46 0.18~0.61 2011~2012 (Cleverly et al., 2013) 

AU-Ade Adelaide River TR SA -13.08 131.12 16.4 1730 16~36 0.60~1.74 2007~2008 (Beringer et al., 2016) 

AU-DaP Daly River Pasture TR GRA -14.06 131.32 1.8 1250 15~31 0.53~3.68 2007~2012 (Beringer et al., 2016) 
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AU-Das Daly River Uncleared TR SA -14.16 131.39 16.4 1170 12~37 0.72~2.00 2007~2012 (Beringer et al., 2016) 

AU-Dry Dry River TR SA -15.26 132.37 0.15 895 14~37 0.82~1.65 2010~2012 (Beringer et al., 2016) 

AU-How Howard Springs TR WSA -12.50 131.15 16 1700 20~33 0.76~2.36 2004~2012 (Beringer et al., 2016) 

AU-Stp Sturt Plains TR GRA -17.15 133.35 0.5 640 11~39 0.23~1.02 2010~2012 (Beringer et al., 2016) 

AU-Tum Tumbarumba T EBF -35.66 148.15 40 1000 -10~30 2.72~5.52 2001~2012 (Leuning et al., 2005) 

AU-Wom Wombat State Forest T EBF -37.42 144.09 25 650 1~30 3.24~5.32 2011~2012 (Van Gorsel et al., 2016) 

* Climate is categorised into tropical (TR) and temporal (T). 

 

In situ eddy covariance energy flux data werse eliminated when λE observations were  negative 

and ||Rn – G| - |H + λE|| > 250 W m-2 to ensure the surface energy balance closure, where Rn , 

G and H are  the measured net radiation, ground heat flux and sensible heat flux, respectively 

(Cleugh et al., 2007; Leuning et al., 2008; Wilson et al., 2002). Consequently, the observed λE 

is used in the parameterisation and evaluation of the PML_V2 model. 

2.3.2 Remotely Sensed Data 

Remotely sensed LAI with the temporal resolution of 8-day and the spatial resolution of 1km 

was acquired from MODIS products (MOD15A2) (http://daac.ornl.gov). At each flux site, LAI 

data lie in the 3 × 3 km centred grid matrix according to the flux coordinates was selected to 

obtain LAI time series. The 3 × 3 km centred grid data is used to reduce the mismatch between 

the course MODIS pixels and the footprint size of the flux sites (Shi et al., 2014). The 8-day 

data was processed through quality control, interpolation and filtering using the TIMESAT tool 

(Jönsson & Eklundh, 2004) to obtain high quality LAI for model use (Zhang & Wegehenkel, 

2006). 

Additionally, remote sensed ET from MOD16A2 and GPP from MOD17A2, with 8-day 

temporal resolution were downloaded from the Numerical Terradynamic Simulation Group 

(NTSG) (http://www.ntsg.umt.edu), which were then extracted at each flux site for comparison 

with the PML_V2 modelled results. 

2.3.3 Evaluation of Model Performance 

The global optimisation method –genetic algorithm– in MATLAB® (The MathWorks, Inc.) 

was used to calibrate the PML_V2 model parameters at each flux site. A multi-objective cost 

function (Fcost) was setup to maximise the sum of the Nash-Sutcliffe efficiency (NSE) between 

simulated and observed ET and GPP as: 

𝐹𝑐𝑜𝑠𝑡 = 𝑁𝑆𝐸𝐸𝑇 + 𝑁𝑆𝐸𝐺𝑃𝑃                                                (2-8) 

http://daac.ornl.gov/
http://www.ntsg.umt.edu/
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𝑁𝑆𝐸𝐸𝑇 = 1 −
∑ |𝐸𝑇𝑠𝑖𝑚,𝑖−𝐸𝑇𝑜𝑏𝑠,𝑖|

2𝑁
𝑖=1

∑ |𝐸𝑇𝑜𝑏𝑠,𝑖−𝐸𝑇𝑜𝑏𝑠|
2𝑁

𝑖=1

                                             (2-9) 

𝑁𝑆𝐸𝐺𝑃𝑃 = 1 − 
∑ |𝐺𝑃𝑃𝑠𝑖𝑚,𝑖−𝐺𝑃𝑃𝑜𝑏𝑠,𝑖|

2𝑁
𝑖=1

∑ |𝐺𝑃𝑃𝑜𝑏𝑠,𝑖−𝐺𝑃𝑃𝑜𝑏𝑠|
2𝑁

𝑖=1

                                       (2-10) 

Where subscripts obs and sim represent observation and simulation, respectively. N is the 

length of the 8-day time series at each site. Thus, estimates of ET and GPP using the PML_V2 

model was evaluated using the NSE of 8-day ET and GPP, respectively. At each flux site, the 

four parameters are optimised to maximise NSEET + NSEGPP as given in Equation 8-10 using 

available data. Optimised parameters that gives the best estimation of both ET and GPP with 

maximum Fcost are selected as the site-specific parameter set. 

In addition to NSE, we also used the standard metrics for evaluating model performance, 

namely the linear regression slope, the coefficient of determination (R2) and the Root Mean 

Square Error (RMSE), as given below: 

𝑅2        = (
∑ (𝑋𝑠𝑖𝑚,𝑖−𝑋𝑠𝑖𝑚)(𝑋𝑜𝑏𝑠,𝑖−𝑋𝑜𝑏𝑠)
𝑁
𝑖=1

√∑ (𝑋𝑠𝑖𝑚,𝑖−𝑋𝑠𝑖𝑚)
𝑁
𝑖=1

2
∑ (𝑋𝑜𝑏𝑠,𝑖−𝑋𝑜𝑏𝑠)
𝑁
𝑖=1

2
)

2

                             (2-11) 

𝑅𝑀𝑆𝐸 = √
1

N
∑ (𝑋𝑠𝑖𝑚,𝑖 − 𝑋𝑜𝑏𝑠,𝑖)
𝑁
𝑖=1                                                    (2-12) 

where X represents the evaluated variable, either ET or GPP in this study. Higher slope, NSE 

and R2 and lower RMSE indicates good model performance. 

Two experiments were set to evaluate the ability of the model in estimating ET and GPP. Firstly, 

the PML_V2 model was calibrated at each flux site using all available data individually. In this 

way, model performance and parameter variability are examined across sites. Secondly, the 

available data at each flux site was split into half and each of the half data set was used to 

calibrate the model in turn. The predicted ET and GPP from the validation period was then 

accumulated to obtain continuous time series at each site as predictions. This experiment tests 

the robustness of the model in predicting ET and GPP. 

2.4 Results 

2.4.1 Sensitivity Analysis 

Among the seven parameters (Table 2-1), previous studies have shown that D0, kQ and kA are 

insensitive parameters to estimate ET in the PML model (Leuning et al., 2008; Zhang et al., 

2008). Similarly, we conducted a sensitivity analysis for all the parameters in the PML_V2 
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model. With all of the seven parameters optimized, the values ranged between 0.50–1.5 for D0, 

0.10–0.82 for kQ and 0.50–0.80 for kA across the nine sites. However, when given D0=0.7, kQ= 

0.6 and kA=0.7 as constants, we yield identical estimates for the rest four parameters (α, ƞ, m, 

and Vm,25) and the statistics of simulated ET and GPP (data not shown). Thus, a similar 

conclusion was drawn that performance of the PML_V2 model is relatively insensitive to 

variations in D0, kQ and kA. Therefore, all the following results are presented with only the free 

parameters: α, ƞ, m, and Vm,25 optimised in this study. Additionally, as the model is relatively 

insensitive to variations in the atmospheric CO2 concentration and the observation is not readily 

available, Ca is given as 380 µmol mol-1 despite the value can vary in reality. Since water and 

carbon fluxes are coupled via Gc (Section 2.2), the sensitivity of Gc to variations in α, ƞ, m, and 

Vm,25 is herein examined as shown in Figure 2-1.  

As can be seen from Figure 2-2, lower α results in a lower Gc and so does ƞ. With α or ƞ 

increasing to its upper limit (i.e., 0.07), the sensitivity of Gc to these two parameters reduces to 

a smaller degree than that of their lower limits. However, it is not the case for m, where Gc 

shows an equal variation degree within the allowed limits. As for Vm,25, variation in Gc within 

lower Vm,25 values (below 70 µmol m-2 s-1) is much higher than that of larger Vm,25 range 

(70~120 µmol m-2 s-1). Hence the model performance is likely to be relatively sensitive in 

variations of the parameter ƞ and m but less so in α and Vm,25. Further model experiment 

indicates that the parameterised values of ƞ and m show a larger variation across biomes, which 

means they are key parameters that control ET and GPP estimates in this model. 

 

 

Figure 2-2. Response of Gc to (a) α , (b) ƞ , (c) m , (d) Vm,25 . Except when varied, parameter 

values are α = 0.04, ƞ = 0.03, m = 10, Vm,25 = 50 µmol m-2 s-1. Rs = 500 W m-2, PAR is 

assumed to be 0.45Rs, D = 1 kPa, D0 = 0.7 kPa, Pa = 100 kPa, Tair = 25 ˚C, Ca = 380 µmol 

mol-1, kA = kQ = 0.6. 
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2.4.2 Parameterization 

For individual parameterisation at each flux site, the optimised values of the four parameters 

are presented in Table 2-3. All of the parameters vary within a wide range across sites in general. 

The initial slopes of the assimilation response curves to light (α) and CO2 (ƞ) ranged between 

0.05–0.07 (µmol CO2 (µmol PAR)-1) and 0.013–0.063 (µmol m-2 s-1 (µmol m-2 s-1)-1), 

respectively. While α shows a relatively small variation amongst nine sites (average 0.067 

µmol CO2 (µmol PAR)-1), smaller ƞ values were detected at two forest sites (about 0.015 µmol 

m-2 s-1 (µmol m-2 s-1)-1) when compared to that of the non-forest sites in general (between 0.013-

0.063 µmol m-2 s-1 (µmol m-2 s-1)-1). Besides, stomatal conductance coefficient (m) ranged from 

5.75 to 20 across all biomes. In addition, Vm,25 also varied considerably from 34 µmol m-2 s-1 

at DaP to 120 µmol m-2 s-1 at five different sites (Das, Dry, ASM, Tum and Wom). However, 

no clear pattern was observed for the difference in m and Vm,25 values across biomes. 

 

Table 2-2. Optimised Parameter Values of the PML_V2 Model at Nine Australian Flux Sites 

Site Name PFT 
Optimized Parameter Values 

α ƞ m Vm,25 

ASM OSH 0.07 0.026 5.7 120 

Ade SA 0.07 0.063 13.4 36 

DaP GRA 0.07 0.013 9.75 34 

Das SA 0.07 0.024 12.2 120 

Dry SA 0.07 0.020 8.6 120 

How WSA 0.07 0.028 16.5 108 

Stp GRA 0.07 0.022 20 82 

Tum EBF 0.06 0.014 14.7 120 

Wom EBF 0.05 0.015 12.6 120 

Parameter Range 0.01-0.07 0.01-0.07 2-20 10-100 

* The model is calibrated by maximizing NSEET + NSEGPP using all available data at each site independently. 

 

2.4.3 Model Calibration 

Site-specific parametrisation results are used to evaluate the model performance with the 

parameters α, ƞ, m, and Vm,25 optimised. Figure 2-3 presents the statistics of simulated ET and 

GPP at 8-day temporal resolution when compared to observations. It can be seen that the model 

performs well in simulating both ET and GPP. Collectively, the model explains 80% and 71% 

of variations in ET and GPP, respectively, with the average NSE values at 0.71 for ET and 0.63 
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for GPP across biomes. This indicates a reasonably high degree of estimating water and carbon 

fluxes using the PML_V2 model. This is further evident from a large linear regression slope 

and lower RMSE values (Figure 2-3). Additionally, the PML_V2 model performed slightly 

better in 8-day ET estimates than GPP. On average, the model explains 9% higher of ET 

variation than that of GPP, yet with a much smaller difference in NSE (about 0.07). The lower 

slopes of GPP indicate that the algorithm tends to underestimate GPP by 20-40% across sites. 

 
Figure 2-3. Statistics of model performance at 8-day time scale for ET and GPP estimates. 

The parameters are derived from independent optimisation using all available data at each 

site. Nash-Sutcliffe efficiency (NSE), coefficient of determination (R2), linear regression 

slope and RMSE, root mean square error of simulation against observation for both ET and 

GPP are presented. 

 

Except general good performance, the model can successfully capture seasonal variation in ET 

and GPP as well. The observed and simulated 8-day time series ET and GPP are presented in 

Figure 2-4 and Figure 2-5 for each of the nine study sites, respectively. Result in Figure 2-4 

indicates that the model is capable of reproducing seasonal pattern in actual ET, yet a slightly 

better performance can be found during higher precipitation periods when compared to that of 

lower precipitation periods for most sites. The higher consistency between simulated and 

observed ET is detected for forest sites (Tum and Wom) than non-forest sites throughout the 

year, especially during lower precipitation periods. Additionally, the PML_V2 model could 

also reproduce reasonably good temporal dynamics for GPP (Figure 2-5).  Using observed GPP 

as benchmark, the best model performance was found at the grassland site DaP (NSE=0.85), 
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followed by the forest site Wom (0.79) and two savanna sites Das (R2=0.74) and Ade (R2=0.73). 

However, the model performs worst at the grassland site Stp (R2=0.59). The seasonal variation 

in GPP tends to be overestimated during lower GPP periods where water availability 

(precipitation) is limited, especially for non-forest biomes (SA, OSH and GRA).  

 

Figure 2-4. Time series of 8-day average ET and precipitation in mm d-1 at nine flux sites. 

Observed ET is derived from latent heat flux measurements. Simulated ET is result yielded 

from PML_V2 model with four parameters optimised at each site independently (i.e., Table 

2-3). 

 

Figure 2-5. Time series of 8-day average GPP in µmol m-2 s-1 at nine flux sites. Observed 

GPP is derived from carbon flux measurements. Simulated GPP is result yielded from 

PML_V2 model with four parameters optimised at each site independently (i.e., Table 2-3). 
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2.4.4 Model Validation 

Time series derived from the half-split validation experiment (section 3.3) were used to 

evaluate the model robustness of predicting ET and GPP. For each of the nine sites, we split 

the data into half and used each half data for calibration and the remaining half for validation 

in turn. Thereby the ET and GPP predictions during each of the half validation period is yield 

by applying the model with optimised parameters obtained from calibration period. Since the 

two parameter sets yield for each site are very close to those optimised with all data at the same 

site in general, the two half predictions are merged into a full time series at each site to evaluate 

model performance.  

Collectively, the cross site average NSE, R2 and slope are 0.70, 0.80 and 0.97 for 8-day ET and 

0.61, 0.71 and 0.54 for 8-day GPP, respectively. RMSE is 0.95 mm d-1 for ET and 1.02 µmol 

m-2 s-1 for GPP across sites (data not shown). This result is very close to that of calibration 

(Figure 2). Figure 2-6 presents the model performance degradation from calibration to 

validation, as indicated by the statistical difference between the two at each site. As can be seen 

that there is only slight degradation found in both ET and GPP. NSE and R2 of 8-day ET was 

nearly identical with that of model calibration, with the maximum difference of NSE found at 

Ade and Das, yet the overall RMSE increased less than 0.1 mm d-1. Additionally, despite the 

minor degradation in R2 value for 8-day GPP at most sites, maximum decrease in NSE is found 

at ASM and Tum (0.05), followed by Ade (0.03) and Stp (0.02), and RMSE increased less than 

0.12 µmol m-2 s-1 for all sites, which indicate a marginal degradation in general. Note that a 

better validation is detected for GPP at Stp in terms of R2 and for ET at Tum in terms of RMSE, 

yet the difference is minor. This is caused by optimising the Eq. 2-11, where the optimal 

solution is achieved by compromising NSE between GPP and ET. When the ET validation 

increases, the GPP validation depredates to obtain better overall results. The overall results 

imply that the PML_V2 model is of high robustness in predicting both ET and GPP. 

 



49 

 

 

Figure 2-6. Degradation of model performance from calibration to validation at each of the 

nine sites. Statistics shown are the difference of R2, NSE and RMSE as validation minus 

calibration, with the black and shaded symbols representing the values of ET and GPP, 

respectively. 

 

2.5 Discussion 

2.5.1 Model Parameters 

The values of the optimised parameters were comparable to previous studies. The average 

quantum efficiency α yield from PML_V2 (0.067 µmol CO2 (µmol PAR)-1) is consistent with 

the values in Yu et al. (2004). Results with the four parameters calibrated show that α is clearly 

different between forest and non-forest sites. Lower α values (about 0.58 µmol CO2 (µmol 

PAR)-1) in site Tum and Wom indicate the heterogeneity in the radiation response in these 

energy-limited ecosystems, whereas higher α (0.070 µmol CO2 (µmol PAR)-1) at other sites 

represents a roughly similar pattern of light response among savanna, shrubs and grassland for 

their patchy vegetation cover. The estimated carboxylation efficiency ƞ is generally lower in 

forest sites (about 0.015 µmol m-2 s-1 (µmol m-2 s-1)-1) and higher at non-forest sites (vary from 

0.013 to 0.63 µmol m-2 s-1 (µmol m-2 s-1)-1). This implies that the woody ecosystem is relatively 

insensitive response to changes in CO2 concentration than herbaceous ones. Meanwhile, the 

stomatal conductance coefficient m shows a wide variation across biomes, which all fall into 

the optimal range. In addition, smaller Vm,25 values were found in Ade, DaP and Stp with all 
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the rest sites having larger Vm,25 values. As canopy conductance became insensitive at high 

Vm,25 values (Figure 2-2), this could be a result of the fixed a and b given as a constant under 

25 ˚C and 41 ˚C in the model as mentioned above. 

In the PML_V2 model, α was calibrated as a constant whereas in reality, it could change with 

water availability, being higher in the wet season but lower in the dry season as higher water 

availability usually induces higher quantum efficiency (Eamus et al., 2013). Further study is 

required to obtain α that varies against water factors such as precipitation or soil water content, 

to improve model performance in the dry season. Besides, we introduced a notional catalytic 

capacity Vm,25 into the model, which is different from the commonly used maximum 

carboxylation rate Vc,max, yet a similar optimal range was given for optimisation (Kattge & 

Knorr, 2007; Bonan et al., 2012). Although Vm,25 has been adjusted to temperature accordingly, 

it should be noted that the obtained values is different from those of Vc,max. However, the model 

performance is relatively insensitive to variations of this parameter at 8-day temporal scale 

despite the leaf level internal control of conductance to photosynthesis (Chen et al., 1999). 

2.5.2 Comparison with MODIS products and other studies 

The MODIS products are widely used to map global ET and GPP and compare with modelled 

results. We hereby conducted a brief comparison of the predicted results using PML_V2 model 

with that derived from MODIS product. MODIS ET (MOD15A2) (ETMODIS) and GPP 

(MOD17A2) (GPPMODIS) time series was extracted and processed at the nine study sites. The 

predicted ET and GPP from PML_V2 model were compared with ETMODIS and GPPMODIS at 8-

day scale against observations as shown in Figure 2-7. As expected, MODIS products perform 

worse than PML_V2 model in general. Despite negative NSE values of MODIS (set to zero in 

Figure 2-7(a) and (d)), the average R2 yield from MODIS products across sites is 0.68 for ET 

and 0.51 for GPP, which explains 12% and 22% less variations in ET and GPP when compared 

to PML_V2 model, respectively. Moreover, the RMSE values of PML_V2 are clearly lower 

than that of MODIS. Specifically, ETMODIS tends to underestimate actual ET at non-forest sites 

(i.e., Ade, Das, Dry, How, ASM and Stp), especially during low precipitation periods, but 

overestimates at forests (i.e., Tum and Wom) throughout the study period (data not shown). 

This suggests that it is hard to satisfactorily use the globally parameterised two MODIS 

products for Australian biomes, where the proposed PML_V2 model is of high reliability and 

robustness in ET and GPP estimate. 
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Figure 2-7. Statistic comparison of PML_V2 model (in validation mode) and MODIS 

products at nine Australian flux sites. NSE, R2 and RMSE are given for ET (a-c) as black and 

GPP (d-f) as shaded symbols, respectively. The negative NSE values of MODIS products in 

(a) and (d) are set to zero to indicate low performance. 

 

In addition, we also compared our modelled results with other two coupled models at sites 

where available, namely How and Tum which are commonly used in the literature. Only the 

site-specific parameterisation performance is used for fair comparison as given in Table 2-4. 

On average, the R2 and RMSE of ET is better or about the same with that obtained by Hu et al. 

2017 and Yebra et al. (2013), and GPP is closely comparable, or better than the simulation 

yield by Hu et al. (2017) and Yebra et al. (2015) using their coupled model. This gives us 

confidence that the PML_V2 model proposed here is relatively simple yet reliable to estimate 

ET and GPP. 

 

Table 2-3. Model comparison with MODIS and reference at two Flux Sites (How and Tum). 

Shown are the Coefficient of Determination (R2) and Root mean square error (RMSE) 

derived from the PML_V2 model predictions and results from literature. 

Reference 
Temporal 

Period 

Temporal 

Resolution 

How  Tum 

ET ET GPP GPP  ET ET GPP GPP 

R2 
RMSE 

mm d-1 
R2 

RMSE 

µmol m-2 s-1 
 R2 

RMSE  

mm d-1 
R2 

RMSE 

µmol m-2 s-1 

This study 2001-2012 8-day 0.76 1.01 0.75 1.04  0.84 0.84 0.81 1.09 
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Yebra et al.  

(2015, 2013) 
2001-2006 

16-day(ET)  

 8-day(GPP) 
0.79 0.14 0.76 1.17  0.68 0.52 0.53 1.85 

Hu et al. 

(2017) 
2001-2006 8-day 0.67 0.90 0.57 1.79  0.85 0.84 0.78 2.43 

 

2.5.3 Model uncertainty 

The advantage of the PML_V2 model is, as described in the Eq. 2-6, inclusion of both energy 

and carbon responses in a simple coupled formulation, which keeps the biological energy-

driven mechanism, and includes CO2 as an independent environmental constraint (Thornley, 

1976, 1998a; Kelliher et al., 1995). Compared with the eddy covariance observations, the 

PML_V2 model yield satisfactory estimates of ET and GPP in general (Figure 2-3, 2-4), with 

slightly better performance for ET than GPP detected (Figure 2-3, 2-5). This could be a result 

of the following factors. First, available energy is the foremost environmental driving variable 

triggering stomatal activities, rather than CO2 concentration. The PML_V2 model kept the 

energy-driven response of stomata to multiple environmental variables, yet the photosynthesis 

model was introduced. This induces a lower model sensitivity of simulating ET with the energy 

driven Gc formula, in which GPP was calculated as a relatively weak carbon constrain. Second, 

regarding the two components of ET, transpiration through stomata in the PML_V2 model 

depends on canopy interaction with the atmosphere, whereas soil evaporation is not related to 

stomatal behaviour. The uncertainty of estimated transpiration from the carbon constraint is 

mitigated by evaluating total ET as the sum of transpiration and soil evaporation. Third, GPP 

is controlled not only by PAR and temperature but also other environmental factors such as 

soil moisture (Eamus et al., 2013; Cleverly et al., 2016a) and atmospheric CO2 concentration 

(Donohue et al., 2013), which is not explicitly considered in the present PML_V2 model due 

to model simplicity and data availability concern. However, among the nine flux sites used in 

our study, seven of which are located in warm and arid environments where the ecosystems are 

water limited (Figure 2-4, 2-5). Vegetation in these ecosystems relies on water availability and 

may have developed deep root system to support growth during relatively short dry period. 

This can be an explanation for less satisfactory model performance at the non-forest sites, 

where high GPP periods are underestimated by our model. However, when precipitation 

remains extremely low, GPP is again water limited during long dry periods, yet the model lacks 

the water constrain in calculating GPP during these periods. Additionally, these warm and dry 

ecosystems are sensitive to variations in CO2 concentration, yet which value is given as 380 

µmol mol-1 across sites. As the study period is relatively short, this is a fair assumption but not 



53 

 

for long term pattern. The model performance is likely to be improved by introducing other 

environmental constrains such as precipitation and soil moisture into the model. At specific 

sites, the model well captured the GPP variation throughout the study period at EBF sites (i.e., 

Tum and Wom), but less so at OSH (ASM) and GRA (Stp and DaP) sites during both peak and 

low GPP periods. Considering the fact that the peaks at ASM and Stp were real (Cleverly et 

al., 2013; Eamus et al., 2013) and contributes greatly to the global carbon sink anomaly (Poulter 

et al., 2014; Cleverly et al., 2016b), the relatively less satisfactory model performance on high 

and low GPP values can be explained as a result of using NSE as the objective function to 

parameterise the PML_V2 model (Eq. 2-11, 2-12). NSE could induce sub-optimal solutions 

when the dataset contains extremely large values. For ASM, with only two years data available, 

extreme high GPP observations at the beginning of 2011 can cause large uncertainties in model 

performance, thus bring large bias for GPP peaks in wet season and minima in dry season 

(Figure 4). For Stp and DaP, extreme low GPP observations occur repeatedly each year and 

hence jeopardise the overall model performance. Additionally, the photosynthesis principles 

adopted in PML_V2 model is relatively simple and empirical (rectangular hyperbola), which 

generally accounts for C3 rather than C4 species. Despite there is a fair difference between C3 

and C4 assimilation process, and some of the non-forest sites are partly C4 grass dominated, the 

model fails to distinguish this difference thus lead to poor results at these sites. Further 

investigation is required to test how and to what level would the biological process influence 

modelled ET and GPP. 

It is also noteworthy that we adopted the big-leaf scaling-up method to obtain canopy level 

carbon uptake and conductance, which could induce uncertainties in ET and GPP estimates 

due to scaling effect. In fact, there is a diffuse difference of radiation between sunlit and shaded 

leaves, which means the water vapour flux and assimilation rate can vary greatly between the 

these two type of leaves and the effect is detectable at canopy level (Irmak et al., 2008; Zhang 

et al., 2011). However, this difference is neglected in the big-leaf approach thus bring 

uncertainties for simulating ET and GPP. The canopy heterogeneity at both horizontal and 

vertical direction also means the bulk canopy conductance and assimilation is not simply the 

sum of the leaf level water loss and carbon gain. Hence, higher accuracy of ET and GPP 

estimates are expected by taking such scaling issues into consideration in future study. 
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2.6 Conclusions 

This study developed a coupled PML_V2 model to estimate evapotranspiration and carbon 

assimilation using a relatively simple structure while retaining reasonable biophysical 

significance. The model was examined against observations from eight flux sites that cover a 

wide range of climate and biome types in Australia. The model performed well in both ET and 

GPP simulation at 8-day temporal scale. Sensitivity analysis and validation experiment as well 

as comparison with other modelled results further demonstrate that the proposed PML_V2 

model is good for estimating ecosystem water and carbon fluxes. This is an ongoing study. We 

are testing its performance in other parts of world,  and integrating the PML_V2 model into 

catchment hydrological modelling for broader ecological and hydrological applications from 

catchment to region. 

Appendix 

The canopy conductance Gc in the PML_V2 model is deducted from stomata conductance as 

follows: 

The widely used Ball-Berry gs model (Ball et al., 1987) was developed from leaf gas exchange 

experiments as: 

𝑔𝑠 = 𝑔0 +𝑚
𝐴𝑛ℎ𝑠

𝐶𝑠
                                                           (2-A1)              

where g0 is the value of gs at the light compensation point (mol m-2 s-1), m is stomatal 

conductance coefficient, Cs is leaf surface CO2 concentration (µmol mol-1), hs is relative 

humidity and An is net assimilation rate (µmol m-2 s-1). As stomata response to leaf surface 

VPD (Ds) rather than hs, Leuning (1995) replaced hs in Eq.2-A1 with a hyperbolic constrain of 

Ds to gs and gave: 

𝑔𝑠 = 𝑔0 +𝑚
𝐴𝑛

(𝐶𝑠−𝛤)(1+𝐷𝑠 𝐷0⁄ )
                                                   (2-A2)              

in which 𝛤  is CO2 compensation concentration (µmol mol-1) and D0 is a parameter that 

represents the sensitivity of gs to Ds. Note that above mentioned gs models (Eq. 2-A1 and Eq. 

2-A2) simulates stomatal conductance to carbon flux, and the stomatal conductance to water 

vapour can be approximated as 1.6 times of that to carbon flux (Medlyn et al., 2011; Yebra et 

al., 2015). 
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To obtain gs according to Eq. 2-A1 or Eq. 2-A2, the biochemical photosynthesis model 

developed by Farquhar et al. (1980) is commonly implemented to calculate An, in which the 

rate of CO2 uptake is limited either by Rubisco activity (Jc), electron transport (Je) or 

exportation or utilisation capacity of photosynthetic products (Js) (Collatz et al., 1991). 

Although this method is widely used, parameters of this model are difficult to obtain, and the 

description of the underlying processes remains elusive (Thornley, 1998b). 

On the aware of practicability of the model, we therefore intend to develop a simple and 

coupled Gc model based on gross photosynthesis and stomatal response. According to Yu et al. 

(2001), considering the fact that gs increases immediately with light incidence, An should be 

replaced by gross assimilation rate (Ag, µmol m-2 s-1) and use Cs instead of Cs−𝛤 in Eq.2-A2. 

Additionally, Ag and go goes to zero in dark, Ds and Cs can be approximated using Da and Ca, 

respectively, Yu et al. (2004) suggests that gs can be written as a function of Ag, Ca and Da at 

leaf level as: 

𝑔𝑠 = 𝑚
𝐴𝑔

𝐶𝑎(1+𝐷𝑎 𝐷0⁄ )
                                                           (2-A3) 

in which Ca is the atmospheric CO2 concentration, the gross assimilation Ag is calculated 

following Thornley (1976) as a rectangular hyperbola function to both PAR and Ca as: 

𝐴𝑔 =
𝐴𝑚𝛼𝐼𝜂𝐶𝑎

𝐴𝑚𝛼𝐼+𝐴𝑚𝜂𝐶𝑎+𝛼𝐼𝜂𝐶𝑎
                                                      (2-A4) 

where  is the initial slope of the light response curve to assimilation rate (i.e. quantum 

efficiency) (µmol CO2 (µmol PAR) -1),  is the initial slope of the CO2 response curve to 

assimilation rate (i.e. carboxylation efficiency) (µmol m-2 s-1 (µmol m-2 s-1)-1), I is the incident 

flux of PAR (µmol m-2 s-1), which is converted from PAR to photon flux assuming 4.6 µmol 

photons per Joule (Oleson et al., 2010), and Am is the maximum photosynthetic rate obtained 

when both I and Ca are saturating (µmol m-2 s-1). 

Values of the light and carbon saturated rate of photosynthesis (Am) is sensitive to species and 

can be reached either by Rubisco-limited Jc, electron-limited Je or transport-capacity-limited 

Js in the Farquhar model (Farquhar & Sharkey, 1982), with the other environmental factors 

(e.g., water status) are assumed optimal (Thornley, 1998b). Given that the three limitation rates 

of assimilation (Jc, Je and Js) are all directly or indirectly related to the maximum catalytic 

capacity of Rubisco (Vc,max), we simplify the photosynthesis model by using a notional capacity 

Vm, to represent Am in Eq.2-A4. As Vm is a kinetic parameter needs to be adjusted to temperature, 

it can be described by the equation (Campbell & Norman, 1998; Katul et al., 2010, 2000):  
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𝑉𝑚 =
𝑉𝑚,25 exp[𝑎(𝑇−25)]

1+exp[𝑏(𝑇−41)]
                                                     (2-A5) 

where Vm,25 is the value of Vm when T = 25 ˚C, T (˚C) is temperature, a and b are temperature 

coefficients given as 0.031 and 0.115, respectively (Campbell & Norman, 1998). Note that the 

Vm introduced here is different from those used as Vc,max. At this point, Eq.2-A3 can be rewritten 

into: 

𝑔𝑠 = 𝑚
𝑉𝑚𝛼𝐼𝜂

𝑉𝑚𝛼𝐼+𝑉𝑚𝜂𝐶𝑎+𝛼𝐼𝜂𝐶𝑎
 

1

1+𝐷 𝐷0⁄
                                            (2-A6) 

On the canopy scale, we can hence calculate gross assimilation rate (Ac,g) from Eq.2-A4 and 

canopy conductance (Gc) from Eq.2-A6 following the integration principle. The light 

extinction law 𝐼 = 𝐼0exp (−𝑘𝑙) is adopted here to obtain: 

𝐴𝑐,𝑔 = ∫ 𝐴𝑔𝑑𝑙
𝐿𝐴𝐼

0
=

𝑉𝑚𝛼𝜂𝐶𝑎

𝑘(𝑉𝑚𝛼+𝛼𝜂𝐶𝑎)
{𝑘𝐿𝐴𝐼 + 𝑙𝑛

(𝛼𝑉𝑚+𝛼𝜂𝐶𝑎)𝐼0+𝜂𝑉𝑚𝐶𝑎

(𝛼𝑉𝑚+𝛼𝜂𝐶𝑎)𝐼0 exp(−𝑘𝐿𝐴𝐼)+𝑉𝑚𝜂𝐶𝑎
}         (2-A7) 

where I0 is the flux density of PAR at the top of the canopy (µmol m-2 s-1), l is the unit leaf area 

(m2 m-2), k = kQ is the extinction coefficient. To simplify, we have: 

𝑃1 = 𝑉𝑚𝛼𝐼0𝜂,     𝑃2 = 𝑉𝑚𝛼𝐼0,    𝑃3 = 𝑉𝑚𝜂𝐶𝑎,     𝑃4 = 𝛼𝐼0𝜂𝐶𝑎                   (2-A8) 

As a result, canopy gross assimilation rate, or ecosystem GPP is simplified as: 

𝐺𝑃𝑃 =  𝐴𝑐,𝑔 =
𝑃1𝐶𝑎

𝑘(𝑃2+𝑃4)
{𝑘𝐿𝐴𝐼 + 𝑙𝑛

𝑃2+𝑃3+𝑃4

𝑃2+𝑃3 exp(𝑘𝐿𝐴𝐼)+𝑃4
}                                  (2-A9) 

Furthermore, by integrating Eq.2-A6 up to canopy level, one can obtain the following new Gc 

model: 

𝐺𝑐 = ∫ 𝑔𝑠𝑑𝑙
𝐿𝐴𝐼

0
= 𝑚

𝑃1

𝑘(𝑃2+𝑃4)
{𝑘𝐿𝐴𝐼 + 𝑙𝑛

𝑃2+𝑃3+𝑃4

𝑃2+𝑃3 exp(𝑘𝐿𝐴𝐼)+𝑃4
} 

1

1+𝐷 𝐷0⁄
           (2-A10) 
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Chapter 3. A simple ecohydrological model for estimating streamflow, 

evapotranspiration, and gross primary production for Australian 

catchments 

This chapter is based on the following international conference abstract: 

Gan, R., Zhang, Y., Yu, Q. (2019). A simple ecohydrological model for estimating streamflow, 

evapotranspiration and gross primary production for Australian catchments. The 23rd 

International Congress on Modelling and Simulation (MODSIM), Canberra, 1-6 December 

2019 (submitted) 

Highlights 

 A simple ecohydrological model was developed by incorporating a conceptualised 

hydrological model with a process-based evapotranspiration and gross primary 

production model. 

 The ecohydrological model was tested at 63 Australian catchments against streamflow, 

evapotranspiration, and gross primary production observations. 

 Results showed that the biophysical response of stomatal conductance to increased CO2 

led to increased streamflow, decreased evapotranspiration, and increased gross primary 

production across the study catchments. 

Abstract 

Streamflow (Q), evapotranspiration (ET), and gross primary production (GPP) are interrelated 

ecohydrological processes which are driven by energy to determine the water and carbon 

budgets of the land surface. Plants regulate these processes. However, existing models either 

extensively or inadequately represent the coupled relationship between water and carbon as 

regulated by plant stomata, which limits their capability to evaluate climate change-induced 

impacts on Q, ET, and GPP. Here we propose an intermediate solution for simultaneously 

estimating Q, ET, and GPP using a simple ecohydrological model. The model was developed 

from a conceptual hydrological model and a process-based ET and GPP model having only 12 

free parameters. The model was tested against observed daily Q from 63 catchments and ET 

and GPP from 13 adjacent eddy covariance flux sites across Australia. Results showed that the 

simulated Q was in good agreement with the observed Q, with Nash-Sutcliffe Efficiency of 
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about 0.64 averaged across the 63 catchments. Simulations of ET and GPP at the catchment 

scale were comparable to the observations from their adjacent flux sites. Model experiment 

showed that with a 45% increase in CO2, Q is increased by 12%, which was three times the 

decrease in ET (-4%). The model had a simple structure and required few parameters, thus 

having the potential to be used for estimating Q, ET, and GPP for other catchments located 

inside and outside of Australia, and for investigating CO2-induced variations in these key 

ecohydrological processes via plant biophysical responses. Further study will be required to 

better constrain ET and GPP simulations and incorporate physiological feedback under 

elevated CO2. 

Key words: streamflow, evapotranspiration, gross primary production, anthropogenic climate 

change, eCO2 

3.1 Introduction 

Steadily increasing atmospheric CO2 concentrations have profound implications for 

determining the terrestrial water and carbon budgets via interrelated climatological and 

ecohydrological processes (Allen and Ingram, 2002; Eagleson, 2005; Huntington, 2008; 

Morton, 1983). In response to elevated CO2 (eCO2), plant regulated biophysical and 

physiological responses and feedback can induce significant variations in water and carbon 

exchanges, including streamflow (Q), evapotranspiration (ET), and gross primary production 

(GPP) (Huntington, 2008; Piao et al., 2007; P. J. Sellers et al., 1996; Ukkola et al., 2015). In 

general, plants tend to close their stomata under eCO2, and transpiration is thus suppressed 

(‘water-saving’ effect) (Ainsworth and Long, 2005; Eamus, 1991; Ellsworth, 1999; Medlyn et 

al., 2001; Uddling et al., 2009). This leaf-level biophysical response can decrease ET via 

supressed transpiration (a dominant component of ET (Coenders-Gerrits et al., 2014; Jasechko 

et al., 2013; Wang et al., 2014)), leading to increased soil water availability that may generate 

more Q on the catchment scale (Cao et al., 2010; Gedney et al., 2006). At the same time, eCO2 

boosts photosynthesis, leading to greater GPP and stimulated plant growth, i.e., vegetation 

‘greening’ or ‘fertilization’ effect (Donohue et al., 2013; Zhu et al., 2016). Such structural 

feedback following ‘greening’ (with increased leaf area, bulk stomatal conductance, and 

transpiration) offsets the ‘water-saving’ effect, thus leading to increased ET and decreased Q 

(Betts et al., 1997; Piao et al., 2007; Ukkola et al., 2015). Heterogenic environmental conditions 

(e.g., climate and land surfaces) further complicate the net effect (amplitude and magnitude) of 

eCO2, thereby inducing highly uncertain variations in Q, ET, and GPP across spatiotemporal 
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scales (Ainsworth and Long, 2005; Eamus, 1991; Gedney et al., 2006; Piao et al., 2007; Ukkola 

et al., 2015; Yang et al., 2016), and reinforcing the need for reliable and systematic 

investigations. 

Numerous models have been developed to evaluate water and carbon budgets, traditionally via 

different trajectories with focus on either of these two processes separately. On the one hand, 

hydrological models (metric (e.g., unit graph), conceptual/lumped (e.g., rainfall-runoff, RR) 

and physically-based) provide reliable water estimates (i.e., Q, ET) within a practical and 

robust framework (e.g., simple model structure and few parameters) (Rodda and Robinson, 

2015). However, the vegetation processes are often neglected or over-simplified. For example, 

most recent models have attempted to incorporate vegetation indexes and/or stomatal functions 

that consider eCO2 effects in the physically-based hydrological models, yet stomatal 

conductance and leaf area index (LAI) are represented as semi-empirical functions only 

responding to CO2 concentration without photosynthesis being considered (Niu et al., 2013; 

Wu et al., 2012). The lack of a process-based representation of carbon uptake is inadequate to 

mechanistically evaluate the eCO2-induced variations in water flux. On the other hand, the 

state-of-the-art Land Surface Models (LSMs) or the Dynamic Global Vegetation Models 

(DGVMs) describe multi-disciplinary processes (i.e., energy, water, carbon, nutrient) between 

the land surface and the atmosphere in exhaustive detail (Prentice et al., 2007; Sato et al., 2015; 

Zhao & Li, 2015). As a result, they generally have a sophisticated series of equations and a 

considerable number of parameters (Pitman, 2003). Operating at a fine temporal resolution 

(seconds/hours) but a course spatial resolution (several degrees), these models can be 

conveniently coupled with General Circulation Models (GCMs), and are thus advantageous for 

systematically investigating integrated interactions across atmosphere, biosphere and 

hydrosphere, including eCO2-induced challenges (Cao et al., 2010; Piao et al., 2007; Sellers et 

al., 1996, 1997). However, except for ET and GPP, such frameworks often fail to represent 

water flow (within land surface, subsurface, and interactions), and as a result they produce less 

reliable water estimates, especially of Q at a catchment scale (Overgaard et al., 2006; Wang 

and Dickinson, 2012). Therefore, hydrological models or the LSMs and DGVMs are still 

limited regarding the balance between practicability and accuracy. As water availability is a 

primary resource that is determined by Q, which depends on both ET (via water balance) and 

GPP (via physiological regulation), a simple but reliable modelling framework which 

maintains fundamental mechanisms will be beneficial. 
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Conceptual hydrological models such as the rainfall-runoff (RR) models are widely used for Q 

estimation (Zhang & Chiew, 2009; Zhao, 1992). With a water focus, RR models have a simple 

model structure and few parameters, and thus are practical and accurate water modelling 

schemes, yet they seldomly consider vegetation processes (Zhang et al., 2009). Because 

vegetation is important in regulating water dynamics, there have been attempts to incorporate 

vegetation information into hydrological models (Donohue et al., 2007; Donohue et al., 2012). 

Such studies have proven that the accuracy of RR models can be improved by incorporating 

vegetation indexes (e.g., leaf area index (LAI)) (Li et al., 2009; Zhang et al., 2009; Zhou et al., 

2013). However, vegetation indexes such as LAI are only a semi-empirical representation of 

how vegetation regulates water exchanges through ET. Taking the PML model proposed by 

Leuning et al., (2008) (which has been incorporated with RR models) as a representative 

example, the underlying assumption is that canopy conductance only responds to energy 

availability and its attribution to the canopy and soil surface (via LAI using Beer’s law) and 

atmospheric water demand (via VPD). This approach is inadequate in terms of (1) a 

mechanistic principle, as canopy conductance not only responds to energy and VPD, but also 

to CO2 concentration due to the coupled stomatal regulation of both water loss (transpiration) 

and carbon uptake (photosynthesis), and (2) practical use, either used by itself or combined 

with and RR model (Li et al., 2009; Morillas et al., 2013; Zhang et al., 2009; Zhou et al., 2013). 

Such models are incapable of evaluating carbon constraints on water dynamics (ET and/or 

streamflow) explicitly. Therefore, not considering CO2 response mechanics could hamper RR 

modelling in simulating hydrological processes and in predicting Q under climate change. To 

further reduce uncertainty in water estimates, it is necessary for hydrological models to include 

eCO2-induced variations in key ecohydrological processes. 

Based on the above concerns, the overall objective of this study was to find an intermediate 

solution for ecohydrological modelling that would produce acceptable estimates of the quantity 

and variation of Q, ET, and GPP. The specific objectives were to: (1) develop a simple 

ecohydrological model for simultaneously estimating Q, ET, and GPP; (2) examine the model 

simulations at the catchment scale using available data; and (3) investigate the variations of Q, 

ET, and GPP induced by vegetation responses to eCO2. 
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3.2 Model development 

3.2.1 Xinanjiang model 

The Xinanjiang (XAJ) model is a representative conceptual RR model proposed by Zhao, 

(1992) that has been which widely used for streamflow estimates for catchments located across 

continents including Australia (Li et al., 2009; Zhang et al., 2009; Zhou et al., 2013). XAJ 

consists of four semi-empirical sub-models that are linked through ‘water buckets’ representing 

ET, runoff generation, separation, and routing processes, respectively. The ET sub-model in 

XAJ is based on potential ET (PET) driven by radiative forcing and its balance with water 

availability through layers of soil water ‘buckets’. The model has 14 free parameters that 

require calibration. Detailed XAJ model structure, linkages between water storages (‘buckets’), 

and parameters are summarised in Figure 3-1. 

 

Figure 3-1. The Xinanjiang (XAJ) model structure, water storages (in boxes), and parameters 

(on arrow lines). The evapotranspiration sub-model is highlighted in the blue box, which will 

be revised later to alignment with the objectives of this study. 

3.2.2 PML_V2 model 

The PML_V2 model is a process-based model that simultaneously simulates both ET and GPP 

(Gan et al., 2018). The model is based on the Penman-Monteith (PM) equation (Monteith, 1965) 

and its further-developed version that uses remote-sensing data for ET estimation (PML) 

(Cleugh et al., 2007; Leuning et al., 2008). PML_V2 is a simple and robust modelling 

framework which has been validated and implemented for global ET and GPP simulation 

Ex exponent of the free water capacity curve 
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(Zhang et al., 2019). The PML_V2 model uses remotely-sensed LAI to simulate ET and GPP 

as: 

𝜆𝐸𝑇 =
𝜀𝐴𝑐 + (𝜌𝑐𝑝/𝛾)𝐷𝑎𝐺𝑎

𝜀 + 1 + 𝐺𝑎/𝐺𝑐
+
𝑓𝜀𝐴𝑠
𝜀 + 1

                                 (𝐸𝑞. 3 − 1) 

𝐺𝑐 = 𝑚 
𝐺𝑃𝑃

𝐶𝑎

1

1 + 𝐷𝑎 𝐷0⁄
                                               (𝐸𝑞. 3 − 1.1) 

𝐺𝑃𝑃 =
𝑃1𝐶𝑎

𝑘(𝑃2 + 𝑃4)
{𝑘𝑃𝐴𝑅𝐿𝐴𝐼 + 𝑙𝑛

𝑃2 + 𝑃3 + 𝑃4
𝑃2+𝑃3 exp(𝑘𝐿𝐴𝐼) + 𝑃4

}                   (𝐸𝑞. 3 − 2) 

𝑃1 = 𝑉𝑚𝛼𝐼0𝜂,     𝑃2 = 𝑉𝑚𝛼𝐼0,    𝑃3 = 𝑉𝑚𝜂𝐶𝑎,     𝑃4 = 𝛼𝐼0𝜂𝐶𝑎             (𝐸𝑞. 3 − 2.1) 

𝑉𝑚 =
𝑉𝑚,25 exp[𝑎(𝑇𝑎 − 25)]

1 + exp[𝑏(𝑇𝑎 − 41)]
                                       (𝐸𝑞. 3 − 2.2) 

In Eq.3-1 (ET), 𝜆 is the latent heat of evaporation (MJ kg-1), 𝐴 is available energy, 𝐴𝑐 and 𝐴𝑠 

are 𝐴 attributed to the canopy and the soil surface, respectively. According to Beer’s law: 

𝐴𝑠/𝐴 = exp (−𝑘𝐴𝐿𝐴𝐼), in which 𝑘𝐴 is the extinction coefficient of 𝐴, LAI is the leaf area 

index, which can be derived from satellite images (Fisher et al., 2008; Leuning et al., 2008). 

𝜀 = s/𝛾, where s = 𝑑𝑒∗/𝑑𝑡 is the slope of the curve relating saturation water vapour pressure 

(𝑒∗) to temperature (kPa ̊ C-1), 𝛾 is the psychrometric constant (kPa ̊ C-1), and 𝜌 is the air density 

(kg m-3). 𝐷𝑎  is the atmospheric water vapour pressure deficit (VPD, kPa), 𝐺𝑎  is the 

aerodynamic conductance (m s-1), which is a function of wind speed and will be estimated 

following Leuning et al. (2008). 𝐺𝑐 is the canopy conductance to water vapour (m s-1), which 

is a function of  GPP, VPD, and atmospheric CO2 concentration (𝐶𝑎, parts-per-million (ppm)) 

(Eq.3-1.1) (Gan et al., 2018). m is the stomatal conductance coefficient. 𝑓 is a parameter that 

varies between 0 and 1, and is estimated as a function of precipitation and equilibrium soil 

evaporation according to Morillas et al., (2013) and Zhang et al., (2010). 

In Eq. 3-2 (GPP), 𝐼0 is the incident photon flux of photosynthetically active radiation (PAR)  

(µmol m-2 s-1), which can be converted from PAR in the energy term (MJ m-2 s-1) to photon 

flux assuming 4.6 µmol photons per Joule (Oleson et al., 2010). 𝑘𝑃𝐴𝑅  is the extinction 

coefficient of PAR. 𝛼 is the initial slope of the light response curve to assimilation rate (i.e. 

quantum efficiency, µmol CO2 (µmol PAR)-1). 𝜂 is the initial slope of the CO2 response curve 

to assimilation rate (i.e. carboxylation efficiency, µmol m-2 s-1 (µmol m-2 s-1)-1). 𝑉𝑚,25 is the 

notional maximum catalytic capacity of Rubisco per unit leaf area at 25 ˚C, a and b are 
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empirical temperature coefficients set to 0.031 and 0.115, respectively (Campbell and Norman, 

1998). 

The PML_V2 model contains seven parameters, of which five are relatively insensitive (Gan 

et al., 2018; Leuning et al., 2008). Therefore, only two parameters, namely m and 𝜂, require 

optimisation in order to implement the model for estimating ET and GPP. 

3.2.3 Incorporating PML_V2 into the Xinanjiang model 

The ET sub-model in the XAJ model has previously been replaced by the more process-based 

ET model (i.e., the PML model (Leuning et al., 2008)) to simulate ET and Q simultaneously 

using remotely-sensed vegetation indexes (Li et al., 2009; Zhou et al., 2013). Here we 

incorporate the carbon process into the RR model by replacing the ET sub-model in the original 

XAJ model (Figure 3-1) with the PML_V2 model (named hereafter as XAJ-PML_V2 model 

herein). Since PML_V2 model explicitly represents canopy conductance in response to carbon 

uptake (GPP) and CO2 (Eq.3-1, 2), the revised XAJ-PML_V2 model is mechanistically more 

integrated and capable of evaluating CO2 impacts on water dynamics. Therefore, the XAJ-

PML_V2 model is expected to (a) provide water and carbon estimates including Q, ET, and 

GPP, and (b) be capable of investigating variations in these ecohydrological variables in 

response to increased CO2 through vegetation. 

We further modified the GPP function (Eq. 3-2) in the XAJ-PML_V2 model to account for the 

environmental (soil and/or atmospheric) water stress on carbon uptake and canopy conductance. 

The modified GPP function is: 

𝐺𝑃𝑃 =
𝑃1𝐶𝑎

𝑘(𝑃2 + 𝑃4)
{𝑘𝑃𝐴𝑅𝐿𝐴𝐼 + 𝑙𝑛

𝑃2 + 𝑃3 + 𝑃4
𝑃2+𝑃3 exp(𝑘𝐿𝐴𝐼) + 𝑃4

} · min(𝑓𝑉𝑃𝐷 , 𝑓𝑆𝑊𝐶)    (𝐸𝑞. 3 − 3) 

𝑓𝑉𝑃𝐷 = 
1

1 + 𝐷𝑎 𝐷0⁄
    𝑎𝑛𝑑    𝑓𝑆𝑊𝐶 = 𝑊/𝑊𝑚                              (𝐸𝑞. 3 − 3.1) 

where 𝑊 is the soil water content calculated as a water balance state variable over each time 

step, 𝑊𝑚 is the maximum value of 𝑊, which is a free parameter in the original XAJ model. In 

this way, carbon uptake is dynamically constrained by the water balance using Eq. 3-3. The 

environmental constraints induced by atmospheric (𝑓𝑉𝑃𝐷) and soil water status (𝑓𝑆𝑊𝐶) are well-

known to covary with each other, thus only the minimum of the two is used in this study to 

avoid duplication of the limiting influence of both VPD and SWC. 
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To this end, the ecohydrological model XAJ-PML_V2 was developed, and contains 17 free 

parameters. four parameters of the original XAJ ET sub-model (𝑈𝑀 , 𝐿𝑀 , 𝐷𝑀 , and C) were 

replaced by seven parameters in PML_V2 model (𝛼, 𝜂, 𝑚, 𝑉𝑚,25, 𝐷0 , 𝑘𝑄 , 𝑘𝐴). Among the 

seven new parameters introduced, 𝛼, 𝑉𝑚,25, 𝐷0, 𝑘𝑄, and 𝑘𝐴 are relatively insensitive (Gan et 

al., 2018; Leuning et al., 2008), thus constant values are used in this study. Therefore, only 12 

parameters require optimisation to simultaneously simulate Q, ET, and GPP, including the two 

sensitive parameters, i.e., 𝜂 and 𝑚 in PML_V2 and the other 10 parameters in XAJ. 

3.3 Data and Methods 

3.3.1 Catchments and eddy covariance flux sites 

Catchment meteorological data, remotely-sensed LAI, and Q time series were obtained from 

the collation of 780 Australian unregulated catchments from Zhang et al., (2011), which 

spanned a temporal period from 1975 to 2012. In this collation, the 0.05°×0.05° grid daily time 

series of meteorological data was from the SILO Data Drill of the Queensland Department of 

Natural Resources and Water (https://www.dnrme.qld.gov.au/), which is interpolated from 

point measurements by the Australian Bureau of Meteorology (http://www.bom.gov.au/). 

Daily LAI data were obtained from the Moderate Resolution Imaging Spectroradiometer 

(MODIS, product MOD15A2) with 8-day temporal resolution and 1-km spatial resolution 

(https://modis.gsfc.nasa.gov/data/). These data were processed after quality control and 

interpolation over each catchment. Only data from 63 catchments in this collation were selected 

and used to test the proposed XAJ-PML_V2 model. This is because the model simultaneously 

simulates Q, ET, and GPP, yet only Q observations were available at the catchment scale. ET 

and GPP were measured at a few adjacent eddy covariance flux sites close to the catchments 

in this catchment collation (distance between catchment and flux sites <50 km). Locations of 

the selected 63 catchments and the flux sites are shown in Figure 3-2. 

https://www.dnrme.qld.gov.au/
https://modis.gsfc.nasa.gov/data/


72 

 

 

Figure 3-2. Location of 63 Australian catchments (cyan polygons) and 13 eddy covariance 

flux sites (black labels) used in this study. Distance between the flux sites and the geological 

centre of each catchment were calculated according to their coordinates. Only the catchments 

within 50 km distance from the flux sites were selected. Aridity index was calculated as the 

ratio of long-term annual potential evapotranspiration to precipitation for each catchment. 

 

ET and GPP data from 13 eddy covariance flux sites were obtained from the OzFlux website 

(http://www.ozflux.org.au/) as part of the Australian Terrestrial Ecosystem Research Network 

(TERN). These flux sites have continuous observations over a minimum of 3-year period until 

the end of 2012 (aligned with the catchment data coverage) (Isaac et al., 2016). The selected 

flux sites cover the major climate and ecosystem types on the Australian continent, including 

five plant functional types (PFTs): savanna (SAV), woody savanna (WSA), grassland (GRA), 

wetland (WET), and evergreen broadleaf forest (EBF). The half-hourly data were processed 

and gap filled into daily time steps following the methods described by Shi et al., (2014) and 

Gan et al., (2018). Then the daily ET and GPP time series were used as observations to compare 

with the XAJ-PML_V2 model simulations. Selected information about the 13 flux sites and 

the adjacent 63 catchments areas is summarised in Table 3-1 (see Figure 3-2 for locations). 
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Table 3-1. Summary information for the 13 flux sites and their adjacent 63 catchments 

used in this study. 

Flux Site 

Code 

PFT 

Type 

Number of 

Catchments with 

Distance <50km 

Average 

Distance 

(km) 

Average 

Forest Ratio of 

Catchments (%) 

Long-term 

Precipitation 

(mm yr-1) 

Ade SAV 7 34 9.0 1532 

DaP GRA 1 44 15.2 1319 

DaS SAV 1 44 15.2 1319 

Dry SAV 1 47 17.0 896 

Fog WET 1 25 6.4 1631 

Gin WSA 4 31 30.5 606 

How WSA 2 34 9.6 1630 

RDF WSA 1 35 14.6 1060 

Rig GRA 8 30 42.8 799 

Tum EBF 9 33 59.2 974 

Wac EBF 12 34 45.5 870 

Whr EBF 7 33 30.7 594 

Wom EBF 11 28 49.5 751 

*For a given flux site, average distance is the mean distance of a number of catchments selected (Number of 

Catchments) that are within 50km. Also shown is the long-term average forest ratio and precipitation of the 

catchments adjacent to each flux site. PFT as plant functional type. Full names of the flux sites can be found at 

http://www.ozflux.org.au/monitoringsites/. 

 

3.3.2 Model evaluation 

The XAJ-PML_V2 model was calibrated against Q observations at each of the selected 63 

Australian catchments. Nash-Sufficient-Efficiency (NSE) was used to evaluate the accuracy of 

the simulated daily Q against observed daily Q. The 12 model parameters were optimised using 

a Genetic Algorithm (GA) to maximise the NSE as: 

𝑁𝑆𝐸𝑄 = 1 −
∑ |𝑄𝑠𝑖𝑚,𝑖 − 𝑄𝑜𝑏𝑠,𝑖|

2𝑁
𝑖=1

∑ |𝑄𝑜𝑏𝑠,𝑖 − 𝑄𝑜𝑏𝑠|
2𝑁

𝑖=1

                                            𝐸𝑞. 3 − 4 

where Q is daily streamflow, subscripts obs and sim represent observation and simulation, 

respectively. N is the length of the daily time series at each catchment. Parameters that gives 

the best estimation of Q with maximum 𝑁𝑆𝐸𝑄 were selected as the catchment-specific 

parameter set. 

In addition to NSE, we also used the coefficient of determination (𝑅2) and linear regression 

slope (referred to hereafter as slope) to evaluate the model performance. 𝑅2 was calculated as: 

𝑅2        =

(

 
∑ (𝑄𝑠𝑖𝑚,𝑖 − 𝑄𝑠𝑖𝑚)(𝑄𝑜𝑏𝑠,𝑖 − 𝑄𝑜𝑏𝑠)
𝑁
𝑖=1

√∑ (𝑄𝑠𝑖𝑚,𝑖 − 𝑄𝑠𝑖𝑚)
𝑁
𝑖=1

2
∑ (𝑄𝑜𝑏𝑠,𝑖 − 𝑄𝑜𝑏𝑠)
𝑁
𝑖=1

2

)

 

2

               𝐸𝑞. 3 − 5 

http://www.ozflux.org.au/monitoringsites/
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High values of NSE, 𝑅2, and slope (approaching 1) indicated that the simulated Q values from 

the XAJ-PML_V2 model were close to observed Q values. 

These statistical metrics were also used for evaluating the model performance of ET and GPP 

estimates at each catchment, with simulations from XAJ-PML_V2 compared with the 

observations from adjacent flux sites (distance <50 km from the centre of the catchment). ET 

and GPP from nearby flux sites were used in this study because they were the most reliable 

observations at the ecosystem scale based on our current knowledge. However, the NSE values 

of ET and GPP were not incorporated directly to optimise the model parameter set. This was 

because (1) the observations from a given flux site covered a much smaller spatial footprint 

(ecosystem scale, usually <5 km) than the streamflow spatial footprint (catchment scale, >10 

km), and (2) the flux sites available were often located outside the selected catchments. Thus, 

flux site observations were not equivalent to catchment observations and thus are only used as 

a supplementary reference. Nonetheless, it was assumed that ET and GPP at the flux sites 

should be comparable to ET and GPP of their adjacent catchments, at least in terms of temporal 

characteristics due to climate and/or geographical similarity. 

A modelling experiment was conducted to investigate the variation of Q, ET, and GPP under 

an increased CO2 scenario. The model was first calibrated using an atmospheric CO2 

concentration of 380 ppm to simulate benchmark values of Q, ET, and GPP. Then the CO2 

concentration was increased by about 45% to 550 ppm and the calibrated model parameters 

were used to simulate ET, GPP, and Q. 550 ppm was set as the elevated CO2 scenario according 

to the Free-air CO2 Enrichment (FACE) experiments (Ainsworth and Long, 2005).  For each 

of the 63 catchments, the simulated time series of Q, ET and GPP based on 380 ppm and 550 

ppm were then compared to calculate the relative variation as: 

𝑋𝑣𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 = (𝑋550 − 𝑋380)/𝑋380 ∗ 100                                 𝐸𝑞. 3 − 6 

where 𝑋 represents the simulated Q, ET, and GPP values at the designated CO2 concentrations. 

The 𝑋 values were then used to evaluate the CO2 impact on water and carbon processes. 

3.4 Results 

3.4.1 Model performance 

The XAJ-PML_V2 model performance for Q, ET, and GPP are summarised in the statistics 

shown in Figure 3-3. When compared with Q observations at the catchment scale, the model 



75 

 

was capable of reproducing streamflow across the 63 catchments, with median NSE, 𝑅2, and 

slope of 0.64, 0.68, and 0.9, respectively. When compared with ET observations at adjacent 

flux sites, the model gave ET estimates that had performance statistics that were generally 

comparable to those obtained for Q, with median NSE and 𝑅2 values of about 0.44 and slope 

of about 0.82. In contrast, there was a much greater difference between simulated (catchment) 

and observed (flux site) GPP, where all three of the performance statistics were below 0.25. 

This was expected since GPP was not a part of the water balance components and model 

calibration always mimics the best possible streamflow time series. Despite the scale 

discrepancy between catchment and flux sites, the model was still capable of simulating daily 

ET for catchment areas that compared well with flux site observations. 

 

Figure 3-3. Summary of XAJ-PML_V2 model performance for streamflow (Q), 

evapotranspiration (ET), and gross primary production (GPP) across 63 (N) Australian 

catchments. The model was calibrated against observed daily Q at the catchment scale only. 

Simulated ET and GPP were compared with observed ET and GPP from adjacent eddy 

covariance flux sites near these catchments. Nash-Sutcliffe Efficiency (NSE), coefficient of 

determination (𝑅2), and linear regression slope (slope) are shown across 63 catchments. The 

solid line in each box represents the median value, whiskers are the 5th and 95th percentiles, 

open circles represents outliers. The 25th and 75th percentiles are shown as the lower and 

upper boundaries of each box. 

 

The model performance statistics described above were for daily. The model was further 

evaluated for monthly values grouped by the 13 flux sites. Simulated and observed Q, ET, and 

GPP from corresponding catchments (Table 3-1) are compared in Figure 3-4.1, 2, and 3, 
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respectively. For monthly Q, the model performed well for most catchments (𝑅2>0.7), except 

those close to Dry and Gin (𝑅2≤0.6) (Figure 3-4.1). For ET, the simulated ET at the catchment 

level explained 15~70% of the variation in observed ET for 11 out of the 13 flux sites, all 

except Fog and Whr (<1%) (Figure 3-4.2). The simulated monthly catchment GPP values were 

different from GPP values observed at the flux sites (Figure 3-4.3). Simulated GPP values 

explained the highest amount of observed variation at at Das (61%) and Fog (51%), but less 

than 40% at all the other flux sites.  

 

Figure 3-4.1. Simulated monthly catchment streamflow (Q, mm month-1) vs observed 

streamflow grouped by adjacent flux sites for 63 Australian catchments. The reference 1:1 

line (dashed grey) and the linear regression line (y = ax+b, solid black) are shown for 

comparison. 
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Figure 3-4.2. Simulated monthly evapotranspiration (ET mm month-1) vs observed ET from 

grouped by adjacent flux sites for 63 Australian catchments. The reference 1:1 line (dashed 

grey) and the linear regression line (y = ax+b, solid black) are shown for comparison. 
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Figure 3-4.3. Simulated monthly gross primary production (GPP g C m-2 month-1) grouped 

by adjacent flux sites for 63 Australian catchments. The reference 1:1 line (dashed grey) and 

the linear regression line (y = ax+b, solid black) are shown for comparison. 

 

3.4.2 Model experiment 

eCO2 influences streamflow through water balance via ET. Over vegetated surfaces, ET is 

predominantly determined by plant water use (transpiration), which is controlled by canopy 

conductance. Plant biophysical regulation of canopy conductance in response to increased CO2 

is thus important for understanding variations in the water balance. Here we conducted (1) a 

sensitivity analysis to show how canopy conductance changes in response to eCO2, and (2) a 

model experiment to investigate the variations in Q, ET, and GPP under eCO2. Sensitivity 

analysis (Figure 3-5) showed that when atmospheric CO2 increased by 45% and all other 

variables were kept constant, average assimilation rate increased by about 24%. At the same 

time, average canopy conductance was reduced by about 14%. The magnitude of increase in 

assimilation and decrease in conductance increase along with increase in LAI. This indicates 

that the higher the vegetation density, the more significant the biophysical response is to eCO2. 

It is expected that under variable environmental conditions (reality), the magnitude of 

assimilation rate and canopy conductance can vary greatly across spatiotemporal scales. Hence, 

the variations in Q, ET, and GPP due to such biophysical responses can vary greatly across 

different ecosystems and catchments. 
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Figure 3-5. Sensitivity of carbon assimilation rate and canopy conductance to increased in 

atmospheric CO2 concentration. Ca = 380 (ppm, or µmol mol-1) was set as the benchmark, Ca 

= 550 µmol mol-1 was the eCO2 scenario. Environmental variables were given as Pa = 90 

kPa, Rs = 500 W m-2, PAR was set as 0.45 of Rs, Tair = 25 ˚C, VPD = 3 kPa. Parameters were 

D0 = 0.7 kPa, α = 0.103, ƞ = 0.04, kQ = 0.6, m = 9, Am,25 = 100 µmol m-2 s-1. CO2 was 

prescribed to increase by 45% (380 ppm set as benchmark elevated to 550 ppm). Variation in 

assimilation rate and canopy conductance was calculated according to Eq. 3-6. 

 

Based on the model calibration and experiment (Section 3.3.2), results shown in Figure 3-6 

indicate that the model predicts great variation in monthly Q, ET and GPP in response to a 45% 

increase in CO2 concentration across the 63 study catchments. Although there was great 

variation in magnitude across each catchment, the overall trend was that multi-year average 

monthly ET decreased by less than 10% and GPP increased by less than 40%. As a result, Q 

increased by less than 25% in general. When the catchments are grouped by their adjacent flux 

sites (Table 3-2), it can be seen that the variations in Q, ET, and GPP ranged between 8 and 

18% (average 12%), 2 and -7% (average -4%), 19 and 33% (average 23%), respectively. This 

demonstrates that under eCO2, less water will be returned from land surfaces to the atmosphere 

via ET, and more carbon will be fixed by plants (increased water use efficiency). In terms of 

water availability, the relatively small decrease in ET of about -4% was amplified three times 

to increase streamflow of about 12%. Catchments grouped in EBF showed lower decreases in 

ET (less than about 2%) than those grouped in the non-forests (SAV, GRA, WSA) (over 5%) 

in general. Yet no significant difference was found for Q and GPP variations across different 

PFTs. 
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Figure 3-6. Variation in multi-year average monthly Q, ET, and GPP in response to 

increased atmospheric CO2 concentration. CO2 increase by 45% (from 380 ppm to 550 ppm). 

For all three variables, simulated values with the 380 ppm CO2 concentration were used as 

benchmark. Variation was calculated as the difference between simulated values under 380 

ppm and those under 550 ppm (Eq. 3-6). The solid line in each box represents the median 

value, whiskers are the 5th and 95th percentiles, solid circles represents outliers. The 25th and 

75th percentiles are shown as the lower and upper boundaries of each box. 

 

Table 3-2. Summary of variation in Q, ET, and GPP grouped according to flux site. 

site Ade DaP DaS Dry Fog Gin How RDF Rig Tum Wac Whr Wom 

PFT SAV GRA SAV SAV WET WSA WSA WSA GRA EBF EBF EBF EBF 

∆GPP (%) 22.16 19.24 19.24 22.03 21.06 33.16 22.97 19.24 23.28 24.43 21.63 26.49 24.33 

∆ET (%) -5.58 -6.22 -6.22 -0.93 -7.09 1.74 -6.16 -6.22 -1.90 -2.03 -2.04 -1.35 -2.21 

∆Q (%) 9.65 13.05 13.05 14.15 9.63 12.92 7.91 13.05 11.77 13.18 9.05 10.29 17.49 

*positive value denotes increase and negative value denotes decrease. 63 catchments grouped by their adjacent 

flux site. 
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3.5 Discussion 

3.5.1 Advantages of the simple ecohydrological model 

As discussed in Section 3.1, while the RR models are accurate and simple for water estimates 

and lack physiological constraints, LSMs and DGVMs represent energy, water, and carbon 

exchange in extensive detail and thus are complicated and exhibit high uncertainties 

(Overgaard et al., 2006; Pitman, 2003; Rodda and Robinson, 2015; Zhao and Li, 2015). Simple 

ecohydrological models such as XAJ-PML_V2 as developed in this study provide an 

intermediate solution by incorporating key ecohydrological processes. These types of models 

are advantageous because (1) the major water and carbon fluxes are simultaneously quantified 

by Q, ET, and GPP. This allows systematic interpretation of the behaviour of key water and 

carbon exchanges as a whole at the catchment scale. The model (only calibrated for Q) achieved 

satisfactory simulations of ET, but not GPP since GPP is not part of the water balance 

components. The simulations can be used to understand the interactions between water flow 

and ecosystem functioning from a holistic viewpoint rather than investigating each of them 

separately; (2) the model maintains high performance of Q simulation with Q and ET explicitly 

constrained by carbon estimates (GPP). This indicates that introducing carbon processes into 

hydrological modelling does not necessarily sacrifice model accuracy on water estimates or 

simplicity on model structure and parameter. Specifically, with only 12 model parameters in 

the XAJ-PML_V2 model, it is relatively simple and effective when compared with other 

models as discussed above; and (3) uncertainty in water estimates with carbon constraint can 

be reduced if XAJ-PML_V2 model can also be also calibrated against observed or remotely-

sensed GPP estimates (see discussion in Section 3.5.3). ET components include biophysical 

transpiration from vegetation and physical evaporation from wet surfaces. Because 

transpiration contributes a significant proportion of ET and mechanistically links water and 

carbon processes. If transpiration is estimated without considering carbon constraint, the 

mechanism will be incorrectly represented in the model. As a result, the estimated ET 

partitioning process will be biased, regardless of the overall quantity, i.e., ET can be accurate. 

This impedes in-depth interpretation of the model behaviour and the substantial 

physical/biophysical process. However, to validate this assumption, further data and 

investigation are required to evaluate the accuracy and reliability of the ET estimates including 

the components of ET and its impact on Q regime in greater detail. 
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3.5.2 Ecohydrological response to eCO2 

We showed that although Q, ET, and GPP varied greatly in response to eCO2 across the 63 

catchments (Figure 3-6), the overall trends were for GPP to increase, ET to decrease and Q to 

increase (Table 3-2). This is to be expected because currently the XAJ-PML_V2 model only 

simulates enhanced photosynthesis and stomatal closure in response to eCO2, which in fact 

means the ‘water-saving’ effect only (Figure 3-5). ‘Water-saving’ under eCO2, however, can 

further boost photosynthesis and increase LAI, which consequently leads to an increase in bulk 

stomatal conductance and transpiration. Such structural feedback over the long-term and over 

large spatial scale is not yet incorporated into the model. Therefore, variations in Q, ET, and 

GPP as shown in this study only evaluated the ‘response’ rather than the ‘net’ effect considering 

‘feedback’ under eCO2. However, our quantified increase in GPP, i.e., 23% on average, is 

comparable with the range of that reported by the FACE experiments conducted at the 

ecosystem level, where CO2 concentration was increased from ambient to 475-600 ppm 

(mostly 550 ppm, the same as used in our model experiment), carbon assimilation increased 

about 20-45% on average (ranging between about 5-60%) across grasses, shrubs, legumes, and 

trees (Ainsworth and Long, 2005). This indicates that our model provides reliable 

quantification of enhanced carbon uptake under eCO2. For ET, our simulations showed a 

variation of about -4%, which is comparable to that reported by Cheng et al. (2014) for an 

energy-limited forest catchment in Australia, where a simple ecohydrological model (WAVES) 

was used to show that the changes in ET were less than -2.5% (for simulations with CO2 

concentration of 550 ppm compared with 370 ppm). Furthermore, our estimated increase in Q 

(about 12%) is in agreement with that of Gedney et al., (2006), who suggested that the observed 

increasing trend in Q across global catchments could be explained by stomatal closure using 

an LSM. These comparisons suggest that our model is capable of evaluating variations in Q, 

ET, and GPP induced by vegetation biophysical responses under eCO2. 

However, as noted above, further development will be required for the XAJ-PML_V2 model 

to enable investigation of the ‘net’ effect to accounting for ‘feedback’ processes. Currently the 

model does not allocate carbon uptake to generate LAI as an interactive process but rather uses 

remotely-sensed LAI as model inputs. Further research following this study should be 

conducted to employ either an empirical relationship between LAI and GPP, or a process-based 

algorithm to attribute GPP to dynamically simulate LAI. This is necessary because both the 

magnitude and direction of variations in ecohydrological processes especially Q and ET, can 
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be altered through such ‘feedback’ processes, as suggested by many other authors (Betts et al., 

1997; Cheng et al., 2014; Piao et al., 2007; Ukkola et al., 2016, 2015; Yang et al., 2016). The 

current debate over the eCO2 effect on ecohydrological processes is partially due to the variety 

of different models used in different studies and their underlying assumptions which can give 

contradictory results. The XAJ-PML_V2 model with further development could serve as a 

practical tool to contribute integrative quantification and evaluation of ecohydrological 

processes regarding this cutting-edge topic. 

3.5.3 Potential limitations and implications 

Due to current data availability limits, the proposed model was only calibrated against 

catchment Q observations, whereas the other key ecohydrological variables, i.e., ET and GPP, 

were only compared to observations at adjacent flux sites close to catchments. Despite the fact 

that the eddy covariance observations used in this study were already the most advanced and 

reliable data available at the ecosystem level, measurements made at flux sites have only 

limited spatial coverage that is considerably smaller than that of observed catchment 

streamflow (Section 3.3). It is widely acknowledged that ET and GPP are difficult to directly 

observe over large scales, but our simulations could possibly be calibrated/validated against 

ET and GPP simulations from other models, such as the MODIS product (MOD16A2 for ET 

and MOD17A2 for GPP) (Mu et al., 2011, 2007; Running and Zhao, 2015), the MTE product 

(Jung et al., 2017, 2011, 2009; Tramontana et al., 2016), or the LSM simulations (Beer et al., 

2010; Dai et al., 2003; Le Quéré et al., 2014; Miralles et al., 2011). The gridded time series of 

ET and GPP from these simulations could be extracted according to catchment boundaries and 

then averaged to compare with those simulated from the XAJ-PML_V2 model. Further studies 

could also be conducted to include more PFTs under different climate conditions to investigate 

the difference in variation across catchments dominated by various ecosystems (Cheng et al., 

2014; Yang et al., 2016). Such comparisons would provide deeper understanding of the model 

performance and the physical processes. 

This study only focused on historical climate conditions by using the available meteorological 

observations. Climate change scenarios could be incorporated to predict variations in Q, ET, 

and GPP in the near future when the CO2 concentration is predicted to reach 550 ppm. As the 

interactions between climate and ecohydrological processes could be significantly different 

from those under current conditions, it can be assumed that greater variations will be found in 

Q, ET, and GPP. This should be considered during further model development to account for 



84 

 

‘feedback’ as a primary condition that will result in more robust predictions of variations in 

water and carbon budgets. 

3.6 Conclusion 

In this study, a new ecohydrological model was developed to simultaneously simulate Q, ET, 

and GPP. The model is simple in structure and contains only 12 free parameters. The model 

was calibrated against daily Q observations from 63 Australian catchments and was then used 

to estimate ET and GPP, which were then evaluated against observations from 13 adjacent 

eddy covariance flux sites. Results showed that the model was good at simulating Q, and 

simulated ET reasonably well, but not GPP. This indicates that it is possible to develop a 

practical ecohydrological model that simulates key ecohydrological processes without 

sacrificing model simplicity and accuracy, but that improvement in GPP estimation is still 

required. An additional model experiment showed that when CO2 concentration increased by 

45% (from 380 ppm to 550 ppm), the model predicted a 12% increase in Q as a result of a 4% 

decrease in ET across 63 catchments. This result demonstrated the importance of vegetation 

biophysical regulation in response to eCO2 and highlighted the requirement of incorporating 

not only response but also feedback processes when considering an integrated water and carbon 

system. The model has the potential to be further implemented, validated, and developed for a 

more comprehensive understanding of the ecohydrological processes and their variations under 

climate change that includes eCO2.  
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Chapter 4. Uncertainty of grassland ecosystem transpiration estimates 

from a coupled water and carbon model 

This chapter is based on the following international conference abstract: 

Gan, R., Zhang, Y., Yu, Q. (2018). Uncertainty of transpiration estimates from a coupled water 

and carbon model in grassland ecosystems. The American Geophysical Union Fall Meeting 

(AGU), Washington D.C., USA, 10-14 December 2018 (poster presentation) 

Highlights 

 Ecosystem evapotranspiration is partitioned based on the coupled relationship between 

transpiration and carbon uptake for 15 grasslands sites widely distributed across the 

globe. 

 Contributions of transpiration to total evapotranspiration exhibit strong variation and 

uncertainty across seasons and sites despite the shared ecosystem type. 

 Variations in partitioning of evapotranspiration can be partially explained by temporal 

variations of leaf area index and spatial variations of precipitation. 

Abstract 

Evapotranspiration (ET) partitioning plays a significant role in interpreting ecosystem 

regulation of energy, water, and carbon budgets. Estimating transpiration (T) is a difficult but 

important task as it not only dominants ET, but also links water and carbon exchanges through 

biophysical processes. This study employed a process-based model (PML_V2) to partition ET 

into T and evaporation (E) constrained by carbon uptake at fifteen grassland ecosystems widely 

distributed across the globe. The model was optimised to obtain best ET and gross primary 

production (GPP) estimates (Nash-Sutcliffe Efficiency and coefficient of determination (R2) 

over 0.8 for ET and about 0.7 for GPP). The T estimate was then used to calculate the ratio of 

T/ET to evaluate ET partitioning. Results showed that T/ET exhibits strong seasonal variations, 

with ET generally dominated by T during the peak growing season. Distinct T/ET values were 

found for different grasslands, which varied between 0.1 and 0.87 and averaged about 0.53 

across sites. Regression analysis demonstrates that seasonal variation of T/ET could be partially 

explained by leaf area index (LAI) (exponential relationship, R2>0.8 for seven out of 15 sites), 

whereas the spatial variation in T/ET was related to precipitation gradient (natural logarithm 

relationship, R2=0.5 across 89 site-years). When T/ET from the PML_V2 model was compared 
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with that of an empirical ET partitioning method based on underlying water use efficiency 

(uWUE), the PML_V2 model tended to give higher T/ET estimates under high precipitation 

and LAI (~0.7) but lower estimates under low precipitation (~0.3). The uWUE algorithm 

produced relatively constant values of T/ET (~0.45) despite different climate and vegetation 

conditions. This implies that high uncertainty still remains in ET partitioning using either 

process-based or empirical methods even with carbon constrain taken into consideration. This 

study demonstrated the climate and vegetation control of ET partitioning across spatiotemporal 

scales and supported the necessity for further evaluation of model uncertainty with regards to 

estimates of ET components. 

Key words: evapotranspiration partitioning, transpiration, model, uncertainty, grassland, eddy 

covariance 

4.1 Introduction 

Transpiration (T) is the critical link of the energy and mass exchanges within the soil-plant-

atmosphere continuum as it is a dominant component of evapotranspiration (ET) and a 

biophysical process closely coupled with carbon uptake (Coenders-Gerrits et al., 2014; Fatichi 

and Pappas, 2017; Good et al., 2015; Hatfield and Dold, 2019; Katul et al., 2012; Lian et al., 

2018; Miralles et al., 2016; Schlesinger and Jasechko, 2014; Wong et al., 1979). Better 

understanding and quantification of T, including its spatiotemporal variation and controlling 

factors, is thus of great significance for evaluating energy, water, and carbon budgets over 

terrestrial ecosystems (Katul et al., 2012). Measurements of T can be obtained by using 

chambers, lysimeters, sap flow gauges and isotope techniques (Kool et al., 2014). However, 

despite the importance of filed observations of T, such methods are often costly and labour 

intensive and subject to space and time limitations (Wang & Dickinson, 2012). A practical and 

popular alternative is to derive T by partitioning ET using modelling approaches (Hu et al., 

2017; Lian et al., 2018; Prentice et al., 2014; Wang et al., 2014; Wei et al., 2017; Zhang et al., 

2016). 

Numerous models have been implemented to partition ET into its biotic component (T) and its 

purely physical component, evaporation (E) at site, ecosystem, and global scales. Significant 

uncertainty remains across studies as indicated by the various range of T/ET values (20-90%) 

reported in the literature (Anderson et al., 2017; Stoy et al., 2019; Wei et al., 2017). While the 

most sophisticated climate and land surface schemes (e.g., GSWP, CLMs, STEAM) tend to 

give lower T/ET estimates ranging from 20 to 60%, the relatively simple models (e.g., PML, 
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PT-JPL) estimate T/ET close to isotopic and measurement-based values of about 65% (Gu et 

al., 2018; Guan and Wilson, 2009; Schlesinger and Jasechko, 2014; Wei et al., 2017). However, 

it is not yet clear how T/ET varies from season-to-season and site-to-site (such as with T/ET 

estimates from PML (Leuning et al., 2008; Zhang et al., 2016)). Also known is the uncertainty 

of ET partitioning in the absence of validation with observations and/or mechanistic constraints 

of the closely coupled carbon process (Fatichi and Pappas, 2017; Hu et al., 2009; Kool et al., 

2014; Sutanto et al., 2012; Talsma et al., 2018). In addition to T/ET research with models 

varying in degrees of complexity, other research has been conducted to quantify the 

partitioning of ET based on the coupled relationship between transpiration and photosynthesis. 

Representative studies, such as Scanlon & Sahu (2008), Scott & Biederman (2017), Zhou et al. 

(2016) and Li et al, (2019), have all followed the fundamental principle that water loss and 

carbon gain are simultaneously regulated by plant stomata, and thus water flux can be inferred 

from carbon flux by differentiating stomatal fluxes (T and carbon uptake) and non-stomatal 

fluxes (E and respiration). These methods are usually empirical but mechanistically 

advantageous (de Wit, 1958; Hanks, 1983), and often uses the most reliable data from eddy 

covariance flux sites (Li et al., 2019; Zhou et al., 2018). However, due to the inherent 

complexity of T and the various assumptions employed by different methods, there is no single 

method capable of reproducing T/ET accurately across a wide range of climate and ecosystems 

(Wang et al., 2014; Zhou et al., 2018). Therefore, evaluating ET partitioning across models, 

e.g., process-based to empirical models, could be helpful in providing systematic interpretation 

(Gu et al., 2018; Wei et al., 2017). 

In quantifying T/ET, it is not yet clear what factors and to what extent T/ET is controlled across 

space and time. Both climatic (e.g., precipitation, potential ET) and vegetation (e.g., LAI, EVI, 

NDVI) information have been used to explain the variability of T/ET. Controversial 

conclusions have been made that T/ET can be either dependent (in terms of timing, Knauer et 

al., 2018) or independent (in terms of amount, Schlesinger & Jasechko, 2014) of precipitation. 

While some studies have shown that EVI and LAI can explain up to 75% of the variation in 

T/ET (Zhou et al., 2018, 2016), others have found that only ~43% of the T/ET variation was 

explained by EVI or LAI (Gu et al., 2018; Wang et al., 2014). Fatichi and Pappas (2017) found 

no significant relationship between T/ET and LAI. Such inconsistences suggest that there is 

still a lack of in-depth understanding regarding the ecohydrological processes involved with 

T/ET, as well as evaluation and prediction of climate and vegetation responses and feedback, 
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thus requiring further investigation to better guide agricultural, hydrological, and ecological 

management of natural resources (Katul et al., 2012; Kool et al., 2014). 

Grasslands cover 20 to 40 % of total land surface of the Earth (Goldewijk et al., 2007), and 

thus play a significant role in determining terrestrial energy, water, and carbon balances 

(Hovenden et al., 2019, 2014; Teuling et al., 2010). However, the spatial coverage of grasslands 

(in terms of leaf area index) varies from site to site and normally exhibits strong seasonal 

variability, which suggests that T/ET should also vary largely across sites. Therefore, grassland 

is an ideal ecosystem type to examine the uncertainties of ET partitioning using a coupled water 

and carbon model, i.e., the PML_V2 model (Gan et al., 2018). Furthermore, grasslands are an 

important ecosystem type to study because they are highly sensitive to climate change. Besides, 

grasslands have relatively simple species composition which minimises the possible 

uncertainty of ET partitioning and its attribution to controlling factors when compared to more 

complex ecosystems (e.g., rain forest). The PML_V2 model is a practical process-based 

algorithm that is consistent with the PML model (Leuning et al., 2008; Zhang et al., 2016), 

which has been shown to reasonably estimate T/ET on a global scale (Gu et al., 2018; Wei et 

al., 2017), but is further constrained by carbon processes (Gan et al., 2018). As stated above, 

multi-model comparisons could be beneficial (especially when T observations are not 

available), and the results from PML_V2 can be compared to those of a typical empirical 

method based on carbon uptake, as proposed by Zhou et al. (2016). As such, the specific 

objectives of this study were to (1) partition ET using the PML_V2 model for a variety of 

grassland ecosystems, (2) evaluate the spatial and temporal variation of T/ET and its 

controlling factors, and (3) investigate the uncertainty of ET partitioning based on two different 

methods (PML_V2 and uWUE). 

4.2 Methods and materials 

4.2.1 Methodology 

The PML_V2 model is based on the satellite-based ET model developed by Cleugh et al. (2007) 

and Leuning et al. (2008), and estimates ET and its components, namely T and E, in the form 

of latent heat as: 

𝜆𝐸𝑇 = 𝜆𝑇 + 𝜆𝐸                                                                (4-1) 

𝜆𝑇 =
𝜀𝐴𝑐+(𝜌𝑐𝑝/𝛾)𝐷𝐺𝑎

𝜀+1+𝐺𝑎/𝐺𝑐
                                                       (4-2) 



95 

 

𝜆𝐸 =
𝑓𝜀𝐴𝑠

𝜀+1
                                                                  (4-3) 

where 𝜆  (MJ kg-1) is the latent heat of vaporisation of water, 𝐴𝑐 and 𝐴𝑠 are the available energy 

(𝐴, W m-2) over vegetated and soil surfaces, respectively; ε=/γ, where  (kPa ̊ C-1) is the slope 

of the curve between saturation water vapour pressure and temperature; γ (kPa ˚C-1) is the 

psychrometric constant; ρ (kg m-3) is the density of the air; cp (kJ kg-1) is the specific heat 

capacity of the air; D (kPa) is the atmospheric water vapour pressure deficit (VPD); 𝐺𝑎 (m s-1) 

is the aerodynamic conductance, which is a function of wind speed and can be estimated 

following Leuning et al. (2008); and f is related to the moisture near the soil surface, which can 

be estimated following Zhang et al., (2010). According to the mechanistically coupled 

regulation of plant stomata to both water and carbon exchanges, canopy conductance (𝐺𝑐, m s-

1) to water vapour should be constrained by carbon uptake, which can be written as (Gan et al., 

2018): 

𝐺𝑐 = 𝑚
𝐺𝑃𝑃

𝐶𝑎
 

1

1+𝐷 𝐷0⁄
                                                           (4-4) 

where GPP (μmol m−2 s−1) is the gross primary production of the canopy, 𝐶𝑎 (parts per million, 

ppm) is the concentration of carbon dioxide in the atmosphere, and 𝑚  is the stomatal 

conductance coefficient. 

It can be seen from Eq. 4-2 and 4-4 that T in the PML_V2 model is calculated from GPP, which 

means that T is constrained by the carbon uptake of the canopy. Previous studies on water use 

efficiency (WUE, GPP/T) have shown that WUE is relatively constant when normalised by 

atmospheric water demand (potential ET (PET) or VPD) (de Wit, 1958; Hanks, 1974; Ritchie, 

1983; Sinclair et al., 1984). This implies that under a certain environmental condition, GPP can 

be used to inform/derive T. Therefore, this study assumed that when simulated GPP is close to 

observed GPP, simulated T will be close to actual T (as observed T was not available). Thus, 

the PML_V2 model is optimised to minimise the difference between simulated and observed 

values of both ET and GPP. As such, ET partitioning based on the PML_V2 model was 

achieved by simulating ET and GPP simultaneously. All of the seven model parameters were 

optimised to obtain the best simulation and ET partitioning. 

Zhou et al., (2016) proposed an analytical method based on underlying WUE (uWUE) to 

directly estimate T from GPP observations. The method employs the above-mentioned 

relationship between T and GPP when normalised by VPD (Zhou et al., 2014). By assuming a 

maximum uWUE (uWUEp) when T approaches ET under full vegetation coverage during 
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growing season, T/ET can be estimated as the ratio between apparent uWUE (uWUEa) and 

uWUEp, that is: 

𝑢𝑊𝑈𝐸 =
𝐺𝑃𝑃√𝑉𝑃𝐷

𝑇
                                                              (4-5) 

𝑇

𝐸𝑇
=
𝑢𝑊𝑈𝐸𝑎

𝑢𝑊𝑈𝐸𝑝
                                                                 (4-6) 

The method uses eddy covariance flux site observations and has been tested against observed 

T (Zhou et al., 2018). For a specific flux site, the uWUE method requires ET, GPP and VPD 

measurements at half-hourly intervals. The site specific uWUEp is estimated as the 95-quantile 

regression slope of GPP·VPD0.5 over ET (forced through the origin), and the uWUEa is 

estimated as the linear regression slope using data from each period of interest (daily or longer 

temporal scale). Then ET is partitioned by the ratio of uWUEa/uWUEp. 

As both the PML_V2 model and the uWUE method partitions ET based on carbon uptake as 

quantified by GPP, it was expected that the T/ET estimates from these two methods were likely 

to be comparable. The T/ET values were also compared to investigate temporal and spatial 

variations as well as the controlling factors. 

4.2.2 FLUXNET data and remote sensing data processing 

The meteorological and flux observations were derived from the global FLUXNET2015 Tier2 

data set (https://fluxnet.fluxdata.org/), for eddy covariance flux sites identified as being 

grassland. To meet model requirements (both PML_V2 and uWUE methods), the data for 37 

flux sites were processed using standard protocols (Reichstein et al., 2005) after screening, 

quality control, energy balance, and gap filling following similar principles as used by Gan et 

al. (2018) and Zhang et al. (2019). This resulted in 89 site-years of data at 15 flux sites (Table 

4-1). The selected flux sites spanned a wide range of climate (annual precipitation ranging 

between 200 and 1700 mm y-1) and vegetation (LAI ranging between 0.2 and 4.1 m2 m-2) 

conditions. ET derived from latent heat (LE) measurements (converted by latent heat of 

vaporisation of water, λ=2.45 MJ kg-1) and GPP (generated from night time partitioning 

algorithm based on net ecosystem carbon exchange) were consistently used as observations in 

this study. Half-hourly meteorological and flux observations were aggregated to daily averages 

and used for modelling purpose. 

At each of the 15 flux sites, remotely-sensed LAI time series from the Moderate Resolution 

Imaging Spectroradiometer (MODIS, product MOD15A2) were obtained and processed to 

represent the site level vegetation index following the same procedure as Gan et al. (2018). 

https://fluxnet.fluxdata.org/
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Only the pixels within the 1×1 km centred grid specified by the flux site coordinates were 

selected and composed to match the footprint of the measurements. The LAI data covered a 

maximum temporal period of 14 years (from 2001 to 2014). The 8-day time series were 

interpolated into daily data to conform with in-situ observations, which were then used together 

to optimise the PML_V2 model parameters and obtain ET, GPP, and T simulations. 

 

Table 4-1. Summary information for the grassland eddy covariance flux sites used in this 

study. 

Site Code Country Site name Latitude Longitude Period 
Precipitation 

mm y-1 

LAI 

m2 m-2 

AT-Neu Austria Neustift 47.12 11.32 2003-2012 852 1.39 

AU-DaP Australia Daly River Savanna -14.06 131.32 2008-2013 1111 1.42 

AU-Stp Australia Sturt Plains -17.15 133.35 2009-2014 708 0.49 

CH-Cha Switzerland Chamau 47.21 8.41 2006-2014 1136 4.13 

CH-Fru Switzerland Früebüel 47.12 8.54 2007-2014 1651 1.56 

CH-Oe1 Switzerland Oensingen grassland 47.29 7.73 2003-2008 1100 1.08 

CN-Cng China Changlin 44.59 123.51 2008-2010 300 0.46 

CN-Du2 China Dangxiong 42.05 116.28 2007-2008 283 0.42 

DE-RuR Germany Rollesbroich 50.62 6.3 2012-2014 1033 1.68 

IT-MBo Italy Monte Bondone 46.01 11.05 2003-2013 1214 0.95 

IT-Tor Italy Torgnon 45.84 7.58 2009-2014 920 0.74 

US-ARb USA 

ARM Southern Great 

Plains burn site- 

Lamont 

35.55 -98.04 2005-2006 591 1.13 

US-ARc USA 

ARM Southern Great 

Plains control site- 

Lamont 

35.55 -98.04 2005-2006 614 1.13 

US-SRG USA Santa Rita Grassland 31.79 -110.83 2008-2014 420 0.4 

US-Wkg USA 
Walnut Gulch Kendall 

Grasslands 
31.73 -109.94 2004-2014 407 0.27 

* Precipitation and LAI are presented as multiyear average during the study period. LAI is based on the remotely-

sensed product MOD15A2 from MODIS. Further details of the flux sites can be found at 

https://fluxnet.fluxdata.org/. 

 

4.3 Results 

4.3.1 PML_V2 model parameterization and performance 

At each of the 15 flux sites, the seven model parameters of the PML_V2 model were optimised 

to obtain the best estimates of both ET and GPP when compared with observations at the 8-

day time step (Table 4-2). All of the optimised parameters fell into their theoretical ranges, yet 

they varied greatly despite the shared grassland ecosystem type. The quantum and 

carboxylation efficiencies (α and ƞ) ranged between 0.03 and 0.10 (μmol CO2 (μmol PAR)-1) 

and between 0.011 and 0.060 (µmol m-2 s-1 (µmol m-2 s-1)-1), respectively. Both the stomatal 

conductance coefficient (m) and Vm,25 varied considerably between 2 and 38 and 5 and 120 

(µmol m-2 s-1), respectively. In addition, 11 of the 15 sites had a value of 0.5 kPa for the 

https://fluxnet.fluxdata.org/
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insensitive parameter D0 (all sites except AT-Neu, CH-Cha, IT-MBo and IT-Tor). For the 

radiative extinction coefficients, while the optimised kQ ranged between 0.1 and 1.0, kA showed 

a relatively narrower (0.5 to 0.9). The various parameter sets indicated distinct ecosystem 

functioning across sites under different environments (Table 4-1). 

 

Table 4-2. Optimised PML_V2 model parameters at 15 eddy covariance flux sites. 

site 

unit 
α 

μmol CO2 (μmol PAR)-1 
ƞ 

μmol m−2 s−1 (μmol m-2 s-1)−1 

m 

- 
Vm,25 

μmol m−2 s−1 
D0 

kPa 

kQ 

- 

kA 

- 

AT-Neu 0.100 0.044 6.80 120.0 2.00 1.00 0.90 

AU-DaP 0.030 0.017 8.14 12.9 0.50 0.10 0.50 

AU-Stp 0.100 0.023 12.10 5.9 0.50 0.10 0.90 

CH-Cha 0.100 0.033 10.00 5.0 1.89 0.58 0.50 

CH-Fru 0.098 0.038 38.26 45.9 0.50 1.00 0.78 

CH-Oe1 0.100 0.047 14.50 35.6 0.50 1.00 0.50 

CN-Cng 0.058 0.026 9.20 15.3 0.50 0.10 0.90 

CN-Du2 0.048 0.011 5.86 11.9 0.50 0.10 0.50 

DE-RuR 0.074 0.050 14.97 24.7 0.50 1.00 0.76 

IT-MBo 0.099 0.040 9.06 26.3 2.00 0.80 0.90 

IT-Tor 0.087 0.037 10.25 22.7 1.00 0.81 0.90 

US-ARb 0.017 0.045 9.75 25.2 0.50 0.10 0.54 

US-ARc 0.019 0.059 10.92 14.9 0.50 0.23 0.50 

US-SRG 0.073 0.019 5.56 10.7 0.50 0.10 0.90 

US-Wkg 0.069 0.018 2.00 9.4 0.50 0.10 0.90 
* The parameters were optimised to maximise NSEET + NSEGPP independently at each of the study sites using all 

available data. ‘-’ denotes unitless. 

 

When simulated ET and GPP were compared to observations, statistics showed that the overall 

model performance was satisfactory (Figure 4-1), as evidenced by high values of NSE, R2, and 

slope (close to 1) and low values of RMSE (close to 0). NSE, R2, and slope values averaged 

across the 15 study sites were 0.81, 0.83, 0.91, respectively, and RMSE was 0.53 (mm d-1) for 

ET. For GPP, the average NSE, R2, and slope is 0.71, 0.74, and 0.67, respectively, and RMSE 

was 1.74 (µmol m-2 s-1). The model performed the best for both ET and GPP at IT-Tor, US-

ARb and US-ARc (NSE >0.85), whereas less satisfactory results were found at US-Wkg for 

ET (NSE<0.7) and CH-Cha for GPP (NSE=0.5). The model tended to simulate comparable 

quantities of ET (slope>0.75) for all sites, but underestimated GPP at five of the flux sites 

(slope<0.6). Relatively high RMSE was found for ET at AU-DaP (about 0.75 mm d-1) and for 

GPP at CH-Cha (about 3.5 µmol m-2 s-1). However, the overall statistics indicated reliable ET 

and GPP simulations across the 15 flux sites. Therefore, the simulated times series were used 

to further analyse uncertainties of ET partitioning. 

 



99 

 

 

Figure 4-1. Statistics of model performance for 8-day time scale simulated ET and GPP. The 

model was optimised independently at each site based on available data. Nash-Sutcliffe 

efficiency (NSE), coefficient of determination (R2), linear regression slope (Slope) and 

RMSE (Root Mean Square Error) values were based on simulated versus observed data for 

both ET (yellow) and GPP (green). 

 

4.3.2 Estimates of ET components 

Simulated ET and T by PML_V2 were used to calculate the transpiration ratio (T/ET) (Figure 

4-2). At each of the 15 study sites, T and ET estimates are averaged for each site-year and then 

the mean values were used to calculate the ratio of T/ET. It can be seen that, despite the shared 

ecosystem type, T/ET varied greatly from 0.09 (US-Wkg) to 0.87 (CH-CHa) across the 89 site-

years (average of 0.55). For flux sites with a minimum of five years of data, the interannual 

variation of T/ET was the largest at AU-Stp (range of about 0.3 to 0.5, average of 0.42 across 

6 years) and the smallest variation was observed at US-Wkg (average value close to 0.1 across 

11 years). However, the variation of annual T/ET wass less than 0.1 at several individual sites, 

which indicates consistent performance of ET partitioning at the annual scale using the 

PML_V2 model. 
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Figure 4-2. Multiyear average T/ET estimates by the PML_V2 model. N represents the 

number of years used at each study site. The mean (solid diamond (number in black) and 

median (horizontal line) values are shown in each box. Values for individual site-years are 

shown as circles, and the 25th and 75th percentiles are shown as the lower and upper 

boundaries of each box. Whiskers represent the 5th and 95th percentiles. 

 

4.3.3 Spatiotemporal dynamics and controlling factors of T/ET 

The estimates of T/ET by the PML_V2 model and the uWUE method were compared to 

examine the spatiotemporal dynamics of ET partitioning and its controlling factors. Significant 

differences were found between the two methods. The mean T/ET from both methods (when 

T estimates were divided by observed ET) were relatively close (0.53 from PML_V2 and 0.45 

from uWUE) across sites. However, a much wider range of T/ET was found for PML_V2 

(about 0.1 to 0.9) when compared with that of uWUE (0.2 to 0.6). The maximum and minimum 

T/ET values estimated by the PML_V2 model were found at CH-Cha and US-Wkg, while those 

values by the uWUE method were found at CN-Du2 and AU-DaP, respectively. When the 

seasonal (monthly) time series of T/ET were compared, the two models presented larger 

discrepancies in terms of temporal variations (Figure 4-3). In general, T/ET based on the 

PML_V2 model exhibited stronger seasonal variation than T/ET based on the uWUE method, 

with higher values observed during the growing season (LAI/LAImax>0.2) and lower values 

during the other months across multiple years (except US-ARb and US-ARc (northern 

hemisphere), AU-DaP, AU-Stp (southern hemisphere)). At sites where the PML_V2 model 

gave significantly higher T/ET estimates (AT-Neu, CH-Cha and CH-Fru), growing season 
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T/ET was estimated to be about double the value of T/ET from the uWUE method. However, 

similar T/ET estimates by both algorithms were obtained for the other sites. Considering both 

seasonality and quantity, T/ET estimates from PML_V2 corresponded the well T/ET from 

uWUE at only three sites, namely CH-Oe1 (0.46 vs 0.52), CN-Cng (0.39 vs 0.35) and CN-Du2 

(0.25 vs 0.18). Seasonal variation in T/ET from both methods was generally in good agreement 

with variations in precipitation and LAI, especially at sites where precipitation and LAI showed 

strong seasonality, such as at CH-Cha and CH-Fru. 

 

 

Figure 4-3. Multiyear average of monthly T/ET from the PML_V2 model (turquoise) and the 

uWUE method (yellow green)  at each flux site. T estimates from both PML_V2 and uWUE 

were divided by observed ET to obtain the T/ET ratios (values of T/ET larger than 1 are not 

shown). LAI values normalized by their maximum value are shown as dashed green lines 

(LAI/LAImax, where LAImax was set to 6). Monthly precipitation averaged across site-years is 

shown in light blue bars. 

 

In addition to magnitude and temporal variations, seasonal T/ET estimates from the PML_V2 

model and the uWUE method presented different relationships with LAI and precipitation 

(Figures 4-4, 4-5). Seasonal variations in T/ET from the PML_V2 model were well explained 

by monthly LAI, with R2>0.8 (natural exponential regression, T/ET = a+b∙exp(-LAI)) for seven 

out of the 15 flux sites (namely AT-Neu, CH-Cha, CH-Fru, CH-Oe1, DE-RuR, IT-MBo and 

IT-Tor). Yet comparable statistics were found only at four sites for T/ET based on the uWUE 

method (IT-MBo, IT-Tor, US-ARb and US-ARc). The largest discrepancy between the two 
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algorithms with regard to LAI explaining variations in T/ET was found at AT-Neu, CH-Cha, 

and CH-Fru, with the PML_V2 model outperforming the uWUE method (R2≥0.8 from 

PML_V2 compared to R2≤0.5 from uWUE). However, the reverse was observed at two other 

sites, namely US-SRG and US-Wkg (R2<0.02 from PML_V2 and R2>0.6 from uWUE). The 

relationships between monthly T/ET and LAI were mostly positive (T/ET increasing with 

increasing of LAI) for both methods, yet negative relationships were found for the PML_V2 

model at sites where maximum LAI<1.5 (AU-DaP, AU-Stp, CN-Cng, CN-Du2, US-SRG, and 

US-Wkg). 

 

 

Figure 4-4. Relationship between monthly LAI and T/ET from the PML_V2 model 

(turquoise) and the uWUE (yellow green) method for each of the 15 flux sites. The natural 

exponential regression was performed between LAI and T/ET based on the two ET 

partitioning algorithms, with the fitted equation and R2 shown accordingly. 

 

Across sites and years, spatial variations of T/ET was well explained by precipitation (Figure 

4-5). Annual precipitation explained 50% of the variation in T/ET across the 89 site-years based 

on PML_V2 partitioning, with higher precipitation corresponding to higher T/ET. This was not 
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the case for T/ET based on uWUE partitioning, where precipitation only explained 17% of the 

variation in T/ET. In fact, when the study sites were grouped by climate (precipitation) and 

vegetation index (LAI) gradients, it was found that the PML_V2 model gave T/ET estimates 

that varied along with the precipitation and LAI gradients, while uWUE gave relatively 

constant T/ET estimates across the gradients (Table 4-3). Across wet, medium and dry sites 

with average precipitation ranging from 700 to 1100 mm y-1 and average LAI ranging from 0.6 

to 2 m2 m-2, PML_V2 estimated T/ET to vary between 0.3 and 0.7, while uWUE estimated 

T/ET close to 0.45, regardless of the different water availability (precipitation) and vegetation 

(LAI) conditions across sites. 

 

Figure 4-5. Relationship between annual precipitation (converted to natural logarithm) and 

T/ET from the PML_V2 model (turquoise) and the uWUE method (yellow green). N 

represents the total number of years across 15 flux sites. 

 

Table 4-3. T/ET from the PML_V2 model and the uWUE method grouped by precipitation 

and LAI gradients. Values of precipitation, LAI, and T/ET are shown as averages across sites. 

Group 
Precipitation 

mm y-1 
Number of Sites 

LAI 

m2 m-2 

T/ET 

PML_V2 

T/ET 

uWUE 

Wet >1100 4 1.828 0.69 0.47 

Medium 700~1100 4 1.075 0.64 0.46 

Dry <700 7 0.635 0.33 0.42 
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4.4 Discussion 

4.4.1 Variation and uncertainty of T/ET estimates 

Constrained by GPP, the PML_V2 model was capable of partitioning ET into its components, 

with comparable T/ET values as reported in previous by experimental studies (Table 4-4). 

Across a variety of grasslands, PML_V2 estimated T/ET to range between 0.21 and 0.87 

(Figure 4-2) (except at US-Wkg), which is in good agreement with the range of values shown 

in Table 4-4 (0.32-0.77) reported in previous research. Based on isotope observations, Hsieh 

et al. (1998) demonstrated that T/ET increased with increasing precipitation, with T/ET values 

of about 0.3 at relatively dry sites (precipitation about 300 mm y-1), 0.6 at intermediate sites 

(precipitation about 500-1300 mm y-1), and 0.7 at a wet site (precipitation over 2000 mm y-1). 

This increasing trend aligns well with our ET partitioning result using the PML_V2 model as 

summarized in Table 4-3, where similar T/ET values were found across the precipitation 

gradient, i.e., about 0.3, 0.6, and 0.7 at the dry, intermediate, and wet sites, respectively. Our 

modeled T/ET was also close to that from other studies based on isotopes, lysimeters, and sap 

flow gauges (Bachand et al., 2014; Ferretti et al., 2003; Flumignan et al., 2011; Roupsard et al., 

2006; Wang et al., 2013), especially during the growing season. Although observational T/ET 

was not available at our study sites, it can be seen that reasonable ET partitioning can be 

obtained through with the PML_V2 model, with avalues that are comparable to values reported 

by these experiment-based studies. 

 

Table 4-4. Summary of previously published T/ET observed at grassland and cropland sites. 

Type Ecoregion Country Lat Long Location Period Method of 

measurement 

T/ET 

% 

LAI Prcp 

mm y-1  

Reference 

GRA Trop- 

Grassland 

USA 40.70 -106.80 Colorado: 

Central Plains 

Experimental 

Range 

Dec 1993 - 

Nov 1994 

isotope 0.56 - 320 (Ferretti et al., 

2003) 

GRA Grassland New 

Mexico 

32.30 106.80 Jornada 

Experimental 

Range 

1991 - 1992 micro-

lysimeters, 

Bowen ratio 

energy balance 

0.45 - 241 (Dugas et al., 1995) 

CRO Crop-

wetland 

USA 38.60 -121.60 Yolo Bypass, 

Sacramento 

River 

Watershed 

2000/2001 -

2009/2010 

(July -June) 

Hydrologic and 

tracer mass 

budgets 

0.55~ 

0.74 

- 420 (Bachand et al., 

2014) 

CRO Crop (young 

coffee tree) 

Brazil 23.30 -51.20 Londrina, 

Parana State 

Sep 2004 - 

Aug 2006 

weighting 

Lysimeters, 

micro-

lysimeters 

0.65 2.7-9.6 1211.4 (Flumignan et al., 

2011) 

CRO Trop-

Crop(coconu

t) 

Vanuatu -15.40 167.20 Espiritu 

Santo 

Oct 2001 - 

Sep 2004 

EC, sapflow 0.68 2.95 2763 (Roupsard et al., 

2006) 

GRA grassland USA 34.98 -97.52 Kessler Farm 

field 

Laboratory, 

Oklahoma 

May-Jun 

2011 

isotope, 

chamber 

0.65~ 

0.77 

 - 911.4 (Wang et al., 2013) 

CRO crop Argentina -28.50 -66.82 Aimogasta, 

La Rioja 

2006-2007, 

May, Aug, 

Nov, Jan, 

Mar 

sapflow, 

lysimeter 

0.75  - 455 (Rousseaux et al., 

2009) 
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GRA pasture grass USA 19.6 -155.5 Kohala 

Peninsula, 

Hawaii 

Dec 1993-

Nov 1994, 

Mar 1995-

Sep1995 

isotope 0.32 - 316 (Hsieh et al., 1998) 

GRA pasture grass USA 19.6 -155.5 Kohala 

Peninsula, 

Hawaii 

Dec 1993-

Nov 1994, 

Mar 1995-

Sep1995 

isotope 0.59 - 500 (Hsieh et al., 1998) 

GRA pasture grass USA 19.6 -155.5 Kohala 

Peninsula, 

Hawaii 

Dec 1993-

Nov 1994, 

Mar 1995-

Sep1995 

isotope 0.61 - 1287 (Hsieh et al., 1998) 

GRA pasture grass USA 19.6 -155.5 Kohala 

Peninsula, 

Hawaii 

Dec 1993-

Nov 1994, 

Mar 1995-

Sep1995 

isotope 0.72 - 2240 (Hsieh et al., 1998) 

* T/ET studies conducted over croplands are also included here for comparison. Lat, latitude; Long, longitude; 

Prcp, precipitation; Trop-, tropical; GRA, grassland; CRO, cropland. 

 

The PML_V2 model gave extremely high estimates of T/ET (close to 1) during the non-

growing season months (May to September) at AU-DaP and AU-Stp, which is not likely to be 

true in reality (under very low precipitation and LAI). This finding could be a result of (1) 

precipitation interception not being considered in this study, which ccould contribute a 

significant proportion of ET during non-growing season months; and (2) the energy 

partitioning principle used in this model. With LAI approaching its minimum value (about 0.6), 

the big-leaf assumption used in the PML_V2 model still allocated a considerable proportion of 

incident radiation to the canopy (based on Beer’s law, kA>0.5, Table 4-2) regardless of the land 

cover profile. This in turn could induce an overestimation of canopy conductance and thus 

transpiration. Furthermore, it is known that the extinction coefficient varies along with 

vegetation growing stages (Zheng et al., 2018), yet the constant kA was optimised as an site-

specific parameter. This is inappropriate in principle considering that the value of kA could be 

different across seasons, which may lead to distinct ET partitioning results. Additionally, the 

low T/ET estimates found at US-Wkg are a result of the overall low vegetation coverage, where 

LAI is generally below 0.5 throughout the annual cycle (Figure 4-3). As GPP is underestimated 

at similar sites with dry climate (GPP slope<0.5, AU-Dap, AU-Stp, US-SRG, precipitation 

<100 mm during most months), high uncertainty of T estimates is expected even though the 

total amount of estimated ET seems reasonably accurate (ET slope>0.75). Additionally, LAI 

as used by the PML_V2 model was derived from remotely-sensed images rather than from in-

situ observations. Therefore, the T/ET uncertainty could also be induced by remotely-sensed 

LAI time series. Observed values of T, E, or LAI and further investigation of the model 

assumptions will be required to quantitively evaluate the uncertainty in ET partitioning based 

on the PML_V2 model. Advanced measurements, such as those available from SAPFLUXNET 

when it is publicly released, will provide a powerful dataset to evaluate the uncertainty of ET 

partitioning (Poyatos et al., 2016). Similar datasets can be incorporated with the methods used 
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in this study as well as other models outside this study to evaluate T/ET at larger spatial and 

longer temporal scales. 

4.4.2 Controlling factors of T/ET 

This study attempted to explain the temporal and spatial variations in T/ET using two widely 

used explanatory factors: a physiological factor (i.e., LAI) and a climatic factor (i.e., 

precipitation). At stand level, ET partitioning is expected to vary along with seasonal LAI 

during a year. Because LAI controls energy partitioning, it thus determines T/ET. This is 

explicitly expressed in the PML_V2 model because (1) the total available energy is allocated 

to vegetated and soil surfaces based on Beer’s law as a function of LAI, and (2) the canopy 

conductance is calculated from GPP, which is also directly a function of LAI (Gan et al., 2018). 

As a result, LAI can explain up to 94% of the variation in T/ET using this model (R2>0.8 for 

seven out of 15 sites, Figure 4-3). However, the same regression analysis based on the PML_V2 

model performed worse at other sites, where T/ET was better explained by LAI based on 

uWUE partitioning. This illustrates that although both partitioning methods are constrained by 

GPP, the T estimates can be distinct from each other, thus leading to different relationships 

between T/ET and LAI. At this point, it is difficult to conclude which method performs the 

best with the respect to ET partitioning (in the absence of observed T and/or E). Yet the results 

of this study clearly demonstrated that LAI controls the seasonality of T/ET. In terms of spatial 

variations, precipitation (precipitation converted by natural logarithm) explained about 50% of 

the variation in T/ET across the 89 site-years when the PML_V2 model was used, but only 17% 

of the variation in T/ET when the uWUE method was used. This indicated that the PML_V2 

model tended to produce variable T/ET along the precipitation gradient, but with the uWUE 

method T/ET was not so strongly influenced by precipitation. In principle, vegetation coverage 

(LAI) and plant growth (GPP) should be greater under ample water availability when compared 

with water-limited environment. Under high precipitation conditions, T values are more likely 

to reach the total value of ET. Simulations with the PML_V2 model agree well with this 

conclusion and with previous studies (Hsieh et al., 1998; Li et al., 2019). The relatively 

conservative T/ET estimates from the uWUE method, however, did not show this trend. This 

is likely explained by the underlying assumptions used in this method. Specifically, a constant 

uWUEp was estimated as the linear slope of 95th quantile regression to assume that T 

approaches ET. This statistical treatment can be problematic under relatively invariant high or 

low vegetation coverage conditions, where uWUEa is close to uWUEp over most periods (such 
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as at CH-Cha), and where T could hardly reach ET due to low LAI (such as at US-Wkg). The 

constant uWUEp is also inappropriate when inferring T from GPP because uWUE can vary in 

response to different environmental parameters (e.g., water, CO2). Others researchers have also 

highlighted the importance of radiation in determining uWUE (Boese et al., 2017) and the 

difference between leaf and canopy scale uWUE (Medlyn et al., 2017). Therefore, the uWUE 

method will require further investigation and validation to be used for ET partitioning. A more 

recent ET partitioning method based on stomatal conductance proposed by Li et al. (2019) and 

a machine learning method (TEA) proposed by Nelson et al. (2018) could be compared with 

the PML_V2 model to investigate the uncertainty of T/ET estimates constrained by carbon 

processes. 

4.5 Conclusions 

This study used a simple process-based carbon and water model to partition ET into T and E 

across 15 grassland flux sites widely distributed across the globe. Results showed that the 

model was capable of simulating reliable ET and GPP estimates, with mean NSE of 0.8 and 

0.7, respectively. The T/ET estimates from the PML_V2 model ranged between about 0.1 and 

0.9, and averaged about 0.5, a value that was close to observation-based values reported in the 

literature. The seasonal variations of ET partitioning as indicated by monthly T/ET values can 

likely be explained by variations in LAI, and the spatial pattern of T/ET across site-years was 

positively related to precipitation. Comparisons between T/ET from the process-based 

PML_V2 model and the empirical uWUE method showed that high uncertainty existed in T 

estimates, where the seasonality and explanatory factors exhibited significant differences 

between the two at most of the study sites. Greater attention should be given evaluating ET 

components, especially T, even with carbon constraint taken into consideration. Underlying 

model assumptions and principles are likely to explain controversial estimates of T/ET from 

different models. Further datasets and investigations will be required to validate the models 

and to evaluate uncertainties in order to enhance process-based understandings and to guide 

natural resources management policies under climate change. 
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Chapter 5. Estimating ecosystem maximum light use efficiency based 

on the water use efficiency principle 

This chapter is based on the following manuscript: 

Gan, R., Zhang, L., Wang, E., Woodgate, W., Zhang, Y., Haverd, V., Kong, D., Fischer, T., 

Chiew, F.H.S., Yu, Q. (2019). Estimating ecosystem maximum light use efficiency based on 

the water use efficiency principle. (Under internal review) 

Highlights 

 An analytical method of estimating maximum light use efficiency was developed based 

on the intrinsic coupling between water and carbon fluxes 

 The method is simple and requires only four variables that are routinely measured at 

eddy covariance flux sites 

 The method provides robust estimates of maximum light use efficiency for C3 and C4 

species, with small variation between years and between sites for the same plant 

functional type 

 The maximum LUE estimate can be used with LUE models to robustly estimate gross 

primary production 

Abstract 

Light use efficiency (LUE) defines the vegetation efficiency of converting radiative energy 

into biochemical energy through photosynthesis. Estimating the maximum LUE (𝑚𝑎𝑥 ) is 

critical yet problematic for quantifying gross primary production (GPP) using LUE-based 

models. This paper describes an analytical method for estimating 𝑚𝑎𝑥 based on the coupled 

relationship between plant water use and carbon gain. Unlike other complex parameterisation 

schemes, this water use efficiency (WUE) method is simple and requires only four variables 

readily available at eddy covariance flux sites. The WUE-based estimates of 𝑚𝑎𝑥 compared 

favourably with values reported in the literature, and clearly distinguished 𝑚𝑎𝑥 between C3 

(1.48±0.33 g C MJ−1 PAR ) and C4 (2.63±0.21 g C MJ−1 PAR ) dominated ecosystems. The 

range in 𝑚𝑎𝑥 for different years and sites within a plant functional type was relatively narrow. 

The WUE-based 𝑚𝑎𝑥 estimate is theoretically constrained by vegetation water use and can be 

directly incorporated into LUE models to estimate GPP across different ecosystems. 
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5.1 Introduction 

Vegetation converts solar energy into biochemical energy stored in carbohydrates through 

photosynthesis. At the ecosystem level, the efficiency of this process can be quantified as the 

ratio of gross primary production (GPP) to photosynthetically active radiation (PAR), 

commonly known as light use efficiency (LUE) (Monteith, 1977, 1972). The theoretical 

maximum value of LUE (𝑚𝑎𝑥) under optimal conditions (Bolton and Hall, 1991) is usually 

downregulated due to biophysical and environmental constraints to obtain the actual amount 

of carbon assimilation, i.e., 𝑚𝑎𝑥 =  𝐺𝑃𝑃/(𝑃𝐴𝑅 ∙ 𝑓𝐴𝑃𝐴𝑅 ∙ 𝑓𝑠), where 𝑓𝐴𝑃𝐴𝑅 is the fraction of 

absorbed PAR determined by light conditions and canopy properties, and 𝑓𝑠  is the 

environmental stress factor representing limits induced by temperature, and availability of 

water and nutrients  (Monteith, 1972). This is a practical and widely adopted conceptual 

framework for GPP simulation across spatiotemporal scales (Landsberg and Waring, 1997; 

Potter et al., 1993; Running et al., 2004; Veroustraete et al., 2002; Xiao et al., 2004; Yuan et 

al., 2007). The accuracy of such GPP models, however, relies heavily on the parameterisation 

of 𝑚𝑎𝑥 (Cramer et al., 1999; Ruimy et al., 1999; Wei et al., 2017). 

Previously published experiments have shown that 𝑚𝑎𝑥  values for different species and 

biomes can vary by a factor of five for different species and biomes based on experimental 

evidence (Choudhury, 2000; Gitelson and Gamon, 2015; Medlyn, 1998). Early studies 

conducted by Monteith, (1977, 1986) suggested an average 𝑚𝑎𝑥 of about 1.5 g C ∙ MJ−1 for C3 

plants and 2.4 g C ∙ MJ−1  for C4 plants. However, other studies found 𝑚𝑎𝑥  values varied 

greatly from 0.24 to 4.82 g C ∙ MJ−1 for various plant types (see Prince, 1991). Consequently, 

discussions have centred on whether 𝑚𝑎𝑥 is a consistent or variable parameter across species 

and biomes with different physical environments (Field, 1991; Gitelson et al., 2018; Kergoat 

et al., 2008; Medlyn, 1998; Prince, 1991; Ruimy et al., 1994; Zhang et al., 2018). While a 

consistent 𝑚𝑎𝑥 is often interpreted as a result of an evolutionary plant response to resource 

availability (Field, 1991; Gitelson et al., 2018; Monteith, 1977), evidence to the contrary can 

be explained by biotic and abiotic factors attributed to plant or ecosystem types (Albrizio and 

Steduto, 2005; Gallagher and Biscoe, 1978; Landsberg and Waring, 1997; Prince, 1991; 

Sinclair and Muchow, 1999), light quality (Choudhury, 2000; Wang et al., 2018), water 

availability (Passioura, 1982; Shi et al., 2014), nitrogen (Kergoat et al., 2008; Sinclair and 

Horie, 1989) and atmospheric CO2 concentration (Dewar et al., 1998; Norby et al., 2003) from 
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both observational and theoretical perspectives (Medlyn, 1998; Ruimy et al., 1994). It is 

important to understand how 𝑚𝑎𝑥 varies across different species (i.e., C3 and C4) and biomes 

(e.g., forests to grasslands) to allow more robust estimation of GPP (Gitelson and Gamon, 2015; 

Prince, 1991; Wohlfahrt and Gu, 2015). 

Various methods have been used to estimate 𝑚𝑎𝑥  and they fall into two broad categories: (1) 

fitting light response curves, and (2) inverting the LUE model (i.e., 𝑚𝑎𝑥 = 𝐺𝑃𝑃/(𝑃𝐴𝑅 ∙

𝑓𝐴𝑃𝐴𝑅 ∙ 𝑓𝑠)). In the first category, 𝑚𝑎𝑥 is a fitted parameter based on the Michaelis-Menten 

light response curve fitted to observed GPP and absorbed PAR data (He et al., 2014; Wang et 

al., 2010; Wei et al., 2017). The estimation is largely determined by the choice of either a linear 

or nonlinear model, with results varying by a factor of two (Ruimy et al., 1995). The second is 

the most commonly used approach (Chen et al., 2011; Gitelson et al., 2018; Sánchez et al., 

2015), where 𝑚𝑎𝑥 estimation relies on the parameterisation of 𝑓𝐴𝑃𝐴𝑅 and 𝑓𝑠 for a given GPP 

and PAR using the LUE framework. Specifically, 𝑓𝐴𝑃𝐴𝑅  partitions available energy to 

vegetated and soil surfaces, and is usually derived from a vegetation index (VI) (Mu et al., 

2007) and/or Beer’s law using VI and a light extinction coefficient (𝑘𝐴𝑃𝐴𝑅) (Yuan et al., 2010). 

𝑓𝑠  is a multiplicative limiting factor varying from 0 to 1 to account for temperature, water 

(soil/atmospheric), and nutrient conditions. On an ecosystem scale, 𝑚𝑎𝑥  can be calibrated 

against GPP using various 𝑓𝐴𝑃𝐴𝑅  and 𝑓𝑠 schemes, often with (a) remotely-sensed VI images 

(e.g., leaf area index (LAI), normalised difference vegetation index (NDVI) and enhanced 

vegetation index (EVI)) scaled to match the flux site foot-print (Li et al., 2012; Yuan et al., 

2014) independently or in combination with constant 𝑘𝐴𝑃𝐴𝑅, and with (b) 𝑓𝑠 as a multiplied 

limiting factor, based on water, nutrients, temperature, and other limiting variables obtained 

in-situ or from remotely-sensed data (Yuan et al., 2007). Although this approach of employing 

VI and 𝑓𝑠 to estimate 𝑚𝑎𝑥 is practical, there are challenges that need to be overcome. First, 

there is a spatiotemporal discrepancy between the footprint of flux measurements (typically 

half-hourly, less than 1-3 km2) (Chen et al., 2012) and that of remotely-sensed VIs (typically 

8+ days, 101-102 km2) (Chen et al., 2008; Fu et al., 2014). Second, 𝑘𝐴𝑃𝐴𝑅 is not invariant, as it 

varies with canopy properties, seasonality, and vegetation type (Woodgate et al., 2015; Zhang 

et al., 2014). Therefore, 𝑓𝐴𝑃𝐴𝑅 can be biased when it is calculated from the remotely-sensed 

VIs and/or constant 𝑘𝑃𝐴𝑅, and may not accurately represent the local vegetation profile. Third, 

the use of the multiplied limiting factor 𝑓𝑠  can be ambiguous. For example, soil moisture, 

vapour pressure deficit, and temperature are widely acknowledged as covariant variables, yet 

they are often multiplied as independent factors to formulate 𝑓𝑠 . Additionally, the scale 
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discrepancy similar to VIs also applies for 𝑓𝑠  when the limiting factors are obtained from 

remote sensing images. Thus, difficulties and uncertainties still remain in quantifying 𝑓 as a 

combination of VIs (with/without 𝑘𝑃𝐴𝑅) and 𝑓𝑠. Not surprisingly, a large range of 𝑚𝑎𝑥 values 

have been reported across species (e.g., C3 to C4) and biomes (e.g., forests to grasslands). This 

variability further introduces high uncertainties into model-derived GPP estimates, especially 

for multi-model and multi-scale assessments (even within the LUE framework) (Chen et al., 

2011; Ruimy et al., 1999; Yuan et al., 2014; Zheng et al., 2018). These challenges highlight 

the need for a better understanding of this parameter and developing a reliable method for 𝑚𝑎𝑥 

estimation that is robust and independent of 𝑓. 

The objectives of this study were to develop a new method for estimating 𝑚𝑎𝑥 that does not 

depend on the stress factor 𝑓, and to characterise the variability of 𝑚𝑎𝑥 across different species 

and biomes. For the first objective, we derived and tested a simple method for estimating 𝑚𝑎𝑥 

from a coupled water and carbon perspective based on the water use efficiency (WUE) 

principle. For the second objective, we evaluated and characterised the variation of 𝑚𝑎𝑥 at 

globally distributed eddy covariance flux sites for C3 and C4 species as well as major biome 

types. Our results can be implemented into GPP models that are based on the LUE framework 

and will be useful for informing uncertainty analysis regarding carbon cycle simulations. 

5.2 Materials and Methods 

5.2.1 Derivation of light use efficiency from the water use efficiency principle 

The intrinsic coupling of carbon uptake and water loss through vegetation stomata is commonly 

quantified by WUE, which is the ratio of actual CO2 assimilation (A, g C m−2d−1 ) to 

transpiration (T, mm d−1). For modelling purpose, A and T are usually assumed to reach their 

theoretical maximum, as potential assimilation (PA) and potential transpiration (PT), 

respectively when they are not subject to resource constraints (e.g., soil water availability) 

(Hanks, 1974). The relationship between actual and potential assimilation and transpiration has 

been extensively used in biomass prediction (Monteith, 1986; Ritchie, 1983; Sinclair and Horie, 

1989), and is often given in the following form (de Wit, 1958; Hanks, 1983, 1974; Monteith, 

1986; Stewart et al., 1977) 

𝐴

𝑃𝐴
=
𝑇

𝑃𝑇
                                                                    𝐸𝑞. 5 − 1 
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This empirical relationship implies the assumption that a fractional change in assimilation is 

associated with a corresponding fractional change in transpiration, due to the simultaneous 

stomatal control of both carbon and water fluxes (Monteith, 1988). By rearranging Eq. 5-1, we 

can obtain an explicit expression of WUE as follows 

𝑊𝑈𝐸 =
𝐴

𝑇
 =  

𝑃𝐴

𝑃𝑇
                                                             𝐸𝑞. 5 − 2 

In order to derive 𝑚𝑎𝑥  from this equation, a straightforward method is to express PA by 

applying the LUE framework using 𝑚𝑎𝑥. Specifically, the potential assimilation rate under 

non-stressed conditions for a certain canopy can be calculated as 

𝑃𝐴 = 𝑚𝑎𝑥  𝑃𝐴𝑅 𝑓𝐴𝑃𝐴𝑅                                                         𝐸𝑞. 5 − 3 

where PAR is photosynthetically active radiation (MJ m−2 d−1), 𝑚𝑎𝑥 is maximum light use 

efficiency (g C MJ−1PAR), 𝑓𝐴𝑃𝐴𝑅 is the fraction of PAR that is absorbed by the canopy. For 

simplicity and consistency, PAR here is defined as the proportion of incident shortwave 

radiation (Rs) that falls into the 400-700 nm waveband, which is calculated as 0.45×Rs 

throughout this study (Britton and Dodd, 1976; Monteith, 1972). 

Additionally, for the PA/PT term in Eq. 5-2, we assumed that the denominator (PT) for a given 

canopy could be approximated from potential evapotranspiration (PET) by attributing total 

PET to the vegetated area (Brisson et al., 1993; Childs et al., 1977; Guan & Wilson, 2009; 

Impens & Lemeur, 1969). Therefore 

𝑃𝑇 =  𝑃𝐸𝑇 𝑓𝑅𝑛                                                             𝐸𝑞. 5 − 4 

where 𝑓𝑅𝑛  is the fraction of net radiation (Rn) that is absorbed by the canopy. Detailed 

elaboration of this equation is referred to in Text S1 (supporting information). We further 

assumed that the fraction of absorbed PAR approximated the fraction of absorbed Rn over the 

same canopy, i.e., 𝑓𝐴𝑃𝐴𝑅 ≈ 𝑓𝑅𝑛. Therefore 

𝑃𝑇 =  𝑃𝐸𝑇𝑓𝐴𝑃𝐴𝑅                                                        𝐸𝑞. 5 − 4𝑎 

By substituting Eq. 5-3 and Eq. 5-4a to Eq. 5-2, fAPAR is eliminated to give: 

𝐴

𝑇
=
𝑚𝑎𝑥 𝑃𝐴𝑅

𝑃𝐸𝑇
                                                            𝐸𝑞. 5 − 5 

To obtain 𝑚𝑎𝑥, we simply rearranged this equation: 

𝑚𝑎𝑥 =
𝐴 ∙ 𝑃𝐸𝑇

𝑇 ∙ 𝑃𝐴𝑅
                                                            𝐸𝑞. 5 − 6 
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𝑜𝑟        𝑚𝑎𝑥 = 𝑊𝑈𝐸 
𝑃𝐸𝑇

𝑃𝐴𝑅
=

𝐴

𝑃𝐴𝑅
∙

1

𝑇/𝑃𝐸𝑇
                                    𝐸𝑞. 5 − 6𝑎 

Eq. 5-6 shows that 𝑚𝑎𝑥 is linearly related to actual assimilation and transpiration (or WUE, 

Eq. 5-6a) and is dependent on radiation (PAR) and atmospheric water demand (PET) 

conditions.  This equation does not require additional information such as canopy profile (VIs, 

𝑘𝑃𝐴𝑅), a and stress factor (𝑓𝑠), or other variables needed by the LUE framework to parameterise 

𝑓 at flux sites. Alternatively, T/PET can be interpreted as 𝑓 (Eq. 5-6a), which corresponds to 

the effective fraction of PAR that is ultimately converted to biochemical energy stored in A. 

At an ecosystem scale, the use of T/PET is advantageous as it avoids the difficulty and 

uncertainty of calculating 𝑓𝑃𝐴𝑅 based on 𝑘𝑃𝐴𝑅 (fitted parameter with ambiguous mechanism) 

and VIs (e.g., NDVI, EVI, LAI) as well as 𝑓𝑠 (e.g., temperature, water, nutrients) derived from 

observational and/or remote sensing techniques as discussed in the Introduction. 

Among the four variables required in Eq. 5-6, PET and PAR are relatively easy to obtain from 

readily available meteorological measurements at flux sites. PAR can be calculated from Rs 

observations (calculated as 0.45×Rs throughout this study). As for PET, we simply adopted the 

radiation-based Priestley-Taylor equation (Priestley and Taylor, 1972), which is one of the 

most widely used methods to account for atmospheric water demand in hydrological and land 

surface modelling (Maes et al., 2018; Milly and Dunne, 2016; Pagán et al., 2019). Additionally, 

since A can be reasonably approximated by GPP at an ecosystem level, the only variable 

required to apply Eq. 5-6 is transpiration (T). It is widely acknowledged that T is difficult to 

measure directly and its simulation exhibits high uncertainty and large discrepancies based on 

the choice of methods (Medlyn et al., 2017; Wang et al., 2014; Wei et al., 2017; Zhou et al., 

2018). However, ET can be easily derived from latent heat flux observations and can be used 

as a reasonable approximation of T under certain conditions (Knauer et al., 2018; Zhou et al., 

2018). In this study we adopted the common assumption that ET is a reasonable approximation 

of T under conditions of high vegetation cover and negligible soil evaporation during rain-free 

periods. Consequently, Eq. 5-6 becomes 

𝑚𝑎𝑥 =
𝐺𝑃𝑃 ∙ 𝑃𝐸𝑇

𝐸𝑇 ∙ 𝑃𝐴𝑅
                                                    𝐸𝑞. 5 − 7 

As a result, 𝑚𝑎𝑥 can be estimated from GPP, ET, PAR, and PET. For practical purposes, 𝑚𝑎𝑥 

can be estimated as the slope of the linear regression between GPP∙PET and ET∙PAR. This 

method for estimating 𝑚𝑎𝑥 is herein referred to as the WUE-based method in the following 

discussions and throughout this paper. The analysis was performed under R studio with the 

linear regression method (https://cran.r-project.org/). 

https://cran.r-project.org/
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5.2.2 FLUXNET data and vegetation index 

To test the WUE-based method of determining 𝑚𝑎𝑥 , meteorological and eddy covariance 

measurements at 52 flux sites (318 site-years of observation) were obtained from the 

FLUXNET database (http://fluxnet.fluxdata.org/). A brief description of the selected sites is 

presented in Table S5-1 and Figure S5-1. Half-hourly observations of latent heat flux 

(LE,W m−2), Rn (W m−2), Rs (W m
−2), and air temperature (Ta, °C) were used. Estimates of 

GPP derived from the night time partitioning algorithm provided by FLUXNET were adopted 

as GPP observations in this study. PET was calculated from the Priestley-Taylor equation with 

the multiplication factor αPT set to 1.26. As stated earlier, PAR was taken as 45% of the total 

Rs. The selected global flux sites included seven plant functional types (PFTs) where high 

vegetation coverage was observed during the growing season, including evergreen broadleaf 

forests (EBF), deciduous broadleaf forests (DBF), evergreen needle leaf forests (ENF), 

grasslands (GRA), woody savannas (WSA), wetlands (WET) and croplands (CRO). Three crop 

sites with an annual soybean (Glycine max L.) (C3) and maize (Zea mays L.) (C4) rotation were 

selected to represent C3 and C4 species in order to determine the effect of different 

photosynthetic pathways on 𝑚𝑎𝑥. 

The original half-hourly data were filtered to retrieve reliable observations according to 

standardised quality control protocols (Reichstein et al., 2005). The following criteria were 

used for further screening of available data for 𝑚𝑎𝑥 estimation: (1) only daytime observations 

with Rs greater than 20 W m−2 were used; (2) negative values of LE and GPP were eliminated; 

(3)  data on rainy days (rainfall > 0.5 mm) and the subsequent two days were excluded to focus 

only on transpiration (Beer et al., 2009; Knauer et al., 2018); (4) only growing season dates 

with high vegetation coverage present were used; and (5) a minimum of 10 days of valid 

observations during each growing season were required for robust regression analysis. The 

growing season was defined according to Zhou et al., (2014, 2016) as the days when daytime 

average GPP exceeded 10% of 95th percentile of daily GPP at a given site. High vegetation 

coverage was further ensured by high daily values of LAI in addition to the GPP selection 

criterion. Observations during days when LAI exceeded a certain threshold (LAI≥2) were used 

to assure conditions where ET was a reasonable representation of T (Ritchie, 1983). 

At each of the study sites, LAI was estimated using remotely-sensed LAI (8-day, 500m 

resolution) from MODIS (MOD15A2 product) using observations within a 1 km × 1 km cell 

centred on the site coordinates (Gan et al., 2018). Original 8-day LAI time series were (a) 

http://fluxnet.fluxdata.org/data/fluxnet2015-dataset/
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filtered according to quality flags to select reliable entries, (b) smoothed using Savitzky-Golay 

filter, and (c) linearly interpolated to determine daily values (Zhang et al., 2019). These daily 

LAI time series were then used to assist data screening during the growing season at each site. 

5.3 Results 

5.3.1 Comparison of 𝒎𝒂𝒙 estimates for C3 and C4 species 

Long-term site-level estimates of 𝑚𝑎𝑥 are illustrated in Figure 5-1 (a) and (b) for typical C3 

and C4 species, respectively, at US-Ne2 (maize-soybean rotation, irrigated) (Eq. 5-7). Taking 

Figure 5-1 (a) as an example, long-term 𝑚𝑎𝑥 of soybean was estimated as the linear regression 

slope between GPP∙PET and ET∙PAR (Section 2.1), using data from the soybean growing 

seasons over multiple years (Section 2.2). The regression was forced to pass through the origin 

to be consistent with the fact that both photosynthesis and transpiration reach zero when 

stomata are closed. A strong linear correlation was found between GPP∙PET and ET∙PAR, with 

the coefficient of determination (𝑅2) equal 0.96 (p < 0.001). The long-term 𝑚𝑎𝑥 was then 

estimated as 1.47 g C MJ−1 PAR for soybean (C3) at this site. To examine the applicability of 

the method for C4 species, we performed the same regression during the maize years as shown 

in Figure 5-1 (b). As expected, a clear difference was detected for the regression slope between 

soybean and maize. While exhibiting the same high coefficient of determination as soybean 

years, maize years presented a much higher 𝑚𝑎𝑥 value of 2.53 g C MJ−1 PAR. 
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Figure 5-1. Comparison of 𝑚𝑎𝑥 estimates for C3 and C4 species at US-Ne2 (soybean grown 

in Nebraska, USA in 2002, 2004, 2006, and 2008 and maize grown in all other years) based 

on hourly observations during 2001-2012. The 𝑚𝑎𝑥 was estimated to be 1.47 g C MJ−1 PAR 

for C3 (soybean) and 2.53 g C MJ−1 PAR for C4 (maize) based on linear regression forced 

through the origin. ‘n’ represents the number of available hourly observations at this site. 

 

The WUE-based method also provided comparable estimates of 𝑚𝑎𝑥 for C3 and C4 crops at 

two adjacent sites, namely US-Ne1 (continuous maize, irrigated) and US-Ne3 (maize-soybean 

rotation, rain fed), with strong linear correlation (𝑅2 ≥ 0.95) and 𝑚𝑎𝑥  estimated at 2.62 

g C MJ−1 PAR for maize at US-Ne1 (irrigated), and 1.84 and 2.87 g C MJ−1 PAR for soybean 

and maize at US-Ne3 (rain-fed), respectively (Table S5-1). These estimates were close to those 

obtained at US-Ne2 shown in Figure 5-1. 

The robustness of the method was further examined on an annual scale, with 𝑚𝑎𝑥 from each 

site-year calculated and summarised in Table 5-1. For soybean, the average annual 𝑚𝑎𝑥 across 

US-Ne1, US-Ne2, and US-Ne3 was about 1.6 g C MJ−1 PAR, with a standard deviation (SD) 

of 0.21 g C MJ−1 PAR and a coefficient of variation (CV) of about 13% across 6 site-years. For 

maize, the annual mean 𝑚𝑎𝑥 was about 2.63 g C MJ−1 PAR, with an SD of 0.21 g C MJ−1 PAR 

and a CV of about 8% across 15 site-years. It can be seen that the annual average value of 𝑚𝑎𝑥 

for maize was significantly higher than that of soybean, which agrees well with the long-term 

value estimated at US-Ne2.  The greater 𝑚𝑎𝑥  estimates for C4 species obtained here 

corresponds well with its genetically determined higher photosynthetic capacity compared with 

the C3 species, which demonstrates the applicability of the WUE-based method for 

distinguishing C3 and C4 dominated ecosystems. 

 

Table 5-1. Summary of mean annual 𝑚𝑎𝑥 estimates across species and biomes. Cross site 

averages of annual 𝑚𝑎𝑥 (± one standard deviation (SD)), coefficients of determination (𝑅2), 

and coefficient of variation (CV) are presented. CRO-C3 and CRO-C4 groups were generated 

from US-Ne1, US-Ne2, and US-Ne3 data sets in years when soybean (C3) and maize (C4) 

were grown. N represents available number of years for each species or biome group. 

 

PFT 𝑚𝑎𝑥 𝑅2 CV (%) Number of Site-year (N) 

CRO-C4 2.63 ± 0.21 0.97 7.96 15 

CRO-C3 1.60 ± 0.21 0.97 12.94 6 

CRO 1.71 ± 0.38 0.94 22.09 13 

DBF 1.57 ± 0.23 0.89 14.96 46 

EBF 1.65 ± 0.38 0.84 22.73 39 

ENF 1.80 ± 0.52 0.88 28.93 112 
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GRA 1.34 ± 0.34 0.92 25.39 57 

WET 1.00 ± 0.36 0.94 35.56 14 

WSA 1.14 ± 0.22 0.93 19.43 3 

Average 

(except C4) 
1.48 ± 0.33 0.91 22.30 305 

*𝑚𝑎𝑥 estimates are shown in the table. An 𝑚𝑎𝑥 value is estimated for each year of data at each 

site (see Column 5). Column 2 shows the mean of these max estimates and the standard 

deviation, with the CV (percentage of the ratio between standard deviation and mean) shown 

in Colum 4. 𝑅2 is calculated between GPP∙PET and ET∙PAR at each site-year. Plant functional 

types (PFTs) are defined as: CRO-C3: soybean cropland; CRO-C4: maize cropland; CRO: other 

cropland (species unspecified); DBF: deciduous broadleaf forests; EBF: evergreen broadleaf 

forests; ENF: evergreen needle leaf forests; GRA: grasslands; WET: wetlands and WSA: 

woody savannas. 

 

5.3.2 Variations of 𝑚𝑎𝑥 across different biomes 

Site-specific 𝑚𝑎𝑥 was also calculated using all available data during the growing season at 

each of the 52 flux sites (Table S5-1). A summary of cross-biome 𝑚𝑎𝑥 estimates is presented 

in Figure 5-2. 𝑚𝑎𝑥 exhibited considerable variation within and across biome types. Among all 

natural ecosystems, forests (DBF, EBF, and ENF) presented slightly higher photosynthetic 

capacity (greater 𝑚𝑎𝑥) when compared with non-forests (GRA, WET, and WSA). Broadleaf 

forests (DBF and EBF, 11 sites) with high vegetation coverage during the growing season had 

similar average 𝑚𝑎𝑥 estimates that fell in a narrow range between 1.50-1.58 g C MJ−1 PAR. 

These values were in good agreement with the C3 crop (1.66 g C MJ−1 PAR). ENF presented 

the largest variation, with 𝑚𝑎𝑥 ranging from about 0.9 to 2.4 g C MJ−1 PAR, and the average 

of 1.58 g C MJ−1 PAR was comparable to that of the C3 crop. Non-forest GRA and WSA had 

much lower 𝑚𝑎𝑥 (less than 1.2 g C MJ−1 PAR on average). In addition, wetlands were the least 

efficient in terms of light use for photosynthesis with the lowest 𝑚𝑎𝑥  of only about 0.83 

g C MJ−1 PAR. For the four cropland sites under agricultural management (with C3 or C4 

species unspecified), 𝑚𝑎𝑥 varied from about 1.3 to 2.0 g C MJ−1 PAR with an average of about 

1.62 g C MJ−1 PAR. All natural systems dominated by C3 vegetation had much lower 𝑚𝑎𝑥 

values than the C4 crop. Although ENF and CRO had a few large values that exceeded 2 

g C MJ−1 PAR, most C3 dominanted ecosystems had mean 𝑚𝑎𝑥  values generally below 2 

g C MJ−1 PAR. In contrary, 𝑚𝑎𝑥 for the C4 crop was obviously larger than 2.4 g C MJ−1 PAR. 
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Figure 5-2. Estimated long-term 𝑚𝑎𝑥 for different biomes using the WUE-based method at 

52 eddy covariance flux sites. For each biome group, the mean value of 𝑚𝑎𝑥 across sites is 

shown as a black outline circle and the median value is shown as coloured horizontal line 

(both within the box). The 25th and 75th quantiles are shown as the lower and the upper 

boundaries of each box, respectively. CRO-C3 and CRO-C4 are the 𝑚𝑎𝑥 estimates at US-

Ne1, US-Ne2, and US-Ne3 from available years when soybean and maize was grown. ‘n’ 

represents the number of flux sites within each biome group. Abbreviations for plant 

functional types are given in Table 5-1. 

 

For each site-year, annual 𝑚𝑎𝑥 was calculated to examine the interannual consistency of the 

WUE-based method and the results are summarized in Table 5-1. There results showed that 

the interannual variation was small for most biome types as indicated by low SD and CV. The 

largest CV was found for ENF and WET (about 29 and 35%, respectively), and the minimum 

CV was found for CRO-C4 (about 8%). Overall CV was about 20% across all C3 dominated 

ecosystems. High coefficient of determination values (R2=0.91, mean annual) also provided 

evidence of the robustness of this method across the annual scale for different biome groups. 

5.4 Discussion 

5.4.1 Comparison of 𝑚𝑎𝑥 from different methods 

The 𝑚𝑎𝑥 values estimated here for different species and biomes using the WUE-based method 

were generally similar to the values reported from experimental and modelling studies in the 

literature. The 𝑚𝑎𝑥 values estimated for the C3 and C4 crops at US-Ne1, US-Ne2, and US-Ne3 
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are summarised and compared with values reported in the literature in Figure S5-2. Based on 

measured green LAI and intercepted PAR at the same sites, Gitelson et al. (2018) reported 

relatively similar 𝑚𝑎𝑥 values to those determined in our study for soybean and maize of about 

1.45 and 2.23 g C MJ−1 PAR, respectively. Our estimates were slightly higher (1.66 and 2.67 

g C MJ−1 PAR), but were close to these observation-based results. Our 𝑚𝑎𝑥 estimates were 

almost identical to those obtained by Nguy-Robertson et al. (2015) for both soybean (1.72 

g C MJ−1 PAR) and maize (2.42 g C MJ−1 PAR), and comparable to those of Chen et al. (2011) 

for maize (1.95 g C MJ−1 PAR) using optimised LUE models. Additionally, our estimates were 

in good agreement with the chlorophyll-based 𝑚𝑎𝑥 values suggested by Zhang et al. (2017, 

2016), where C3 𝑚𝑎𝑥 was less than 2 g C MJ−1 PAR and C4 had 𝑚𝑎𝑥 close to 3 g C MJ−1 PAR. 

These comparisons showed that the WUE-based method can provide reasonable estimates of 

𝑚𝑎𝑥 for species with distinct photosynthetic capacity differences. 

For the other biome types, the WUE-based method also produced 𝑚𝑎𝑥 estimates that were 

similar to those reported in the literature (summarised in Figure S5-3). Our WUE-based 𝑚𝑎𝑥 

estimates were close to those from the EC-LUE model across most biomes (DBF, EBF, ENF, 

GRA, and WSA). The estimates were also similar to the results obtained with two other models, 

namely MODIS and CFix reported by Yuan et al. (2014). However, small differences were 

found between the WUE-based 𝑚𝑎𝑥 estimates here and the results of Yuan et al. (2014) for 

broad leaf forests (DBF and EBF) when compared with other biome types on average, except 

for one model (VPRM). Major differences for forest and crops were found when compared 

with other biomes from Wang et al. (2010) and the MODIS look-up-table (Running and Zhao, 

2015). The differences between our WUE-based method and these modelling results can be 

partly attributed to the difficulty in parameterising the 𝑓 factor (i.e., VIs, 𝑘𝑃𝐴𝑅, 𝑓𝑠) in the LUE 

model (as explained in the Introduction), which contains scale discrepancy and covariant issues. 

The uncertainty in parameterising the 𝑓 factor is a major limitation of the LUE model, and can 

result in errors and inconsistent estimates of 𝑚𝑎𝑥 (Yuan et al., 2014; Zheng et al., 2018). 

We also compared our WUE-based 𝑚𝑎𝑥 values to the values determined from experimental 

studies. In the original LUE study, Monteith (1972, 1977) suggested a relatively consistent 

𝑚𝑎𝑥 of about 1.4 g C MJ−1 PAR for C3 crops. However, lower 𝑚𝑎𝑥 values that varied between 

0.2-1.5 g C MJ−1 PAR were found for woody vegetation (Raymond Hunt, E., 1994). Other 

experimental results presented a wider range of 0.2-4.8 g C MJ−1 PAR as summarised by Prince 

(1991). In comparison, our 𝑚𝑎𝑥 estimates showed a narrower range of variation between 0.83-

1.66 g C MJ−1 PAR  for C3 dominated ecosystems, which agreed well with these previous 
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studies. The biomass measurements conducted by Cannell et al. (1988) estimated 𝑚𝑎𝑥 of 1.5 

to 1.6 g C MJ−1 PAR for the broad-leaf forests (DBF and EBF), which is practically the same 

as the WUE-based 𝑚𝑎𝑥 estimates in this study (1.50 to 1.58 g C MJ−1 PAR). Since it is difficult 

to obtain ground-truth measurements for such a wide range of biome types globally distributed, 

we can infer from the above modelling and experimental comparisons that the WUE method 

is reliable for 𝑚𝑎𝑥 estimation in accordance with current knowledge. 

5.4.2 Advantages of the WUE-based method for estimating 𝑚𝑎𝑥 

The WUE-based method proposed in this study provides a new perspective and a coupled 

approach for estimating ecosystem scale 𝑚𝑎𝑥 . Unlike traditional methods that require 

parameterisation (e.g., GPP at light saturation point) by fitting the Michaelis-Menten function, 

the WUE-based method does not require any a-priori parameterisation. The WUE-based 

method is relatively simple to use, requiring only four variables that are routinely measured at 

flux sites to estimate 𝑚𝑎𝑥. A limitation of obtaining 𝑚𝑎𝑥 by reversing the LUE models is the 

consideration of water (e.g., soil moisture) as an abiotic limit for carbon assimilation (He et al., 

2014; Hu et al., 2018; Wagle et al., 2016; Yuan et al., 2014), implying that limited water 

availability constrains carbon assimilation. The intrinsic biophysical coupling between water 

loss and carbon gain, however, demonstrates that the two depend on each other and constrain 

each other interactively (Katul et al., 2010; Medlyn et al., 2011). Accordingly, the energy-

converting efficiency of carbon processes should be related to the water use efficiency. The 

WUE-based method presents this coupling relationship explicitly, where 𝑚𝑎𝑥 is a function of 

WUE (biophysical processes), environmental conditions (atmospheric water demand (PET), 

and energy availability (PAR)). The WUE-based method directly conceptualises and presents 

the joint regulation of vegetation on both water and carbon processes. 

Our results also demonstrate that the WUE-based method is simple and robust for 𝑚𝑎𝑥 

estimation. The much higher 𝑚𝑎𝑥 for C4 crops which have a different photosynthetic pathway 

than for C3 plants is clearly distinguishable. The method produced reliable 𝑚𝑎𝑥 estimates for 

C3 and C4 that were comparable with values reported in the literature (Section 4.1, Figure S5-

2). The method was also capable of producing consistent 𝑚𝑎𝑥 for different ecosystems under 

a wide range of climate, in agreement with previous studies (Figure S5-3). For the cropland 

flux sites used in this study (Table 5-1), the slightly wider variation of 𝑚𝑎𝑥  estimates 

(CV=22%) is likely due to possible changes in species grown within and across the crop sites 

and years (possible C3 and C4 rotation), and this may require further information and 
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investigation. For other ecosystems, the variation in the 𝑚𝑎𝑥values, across the different years, 

and across the different sites within a plant functional type, was also relatively small (standard 

deviation was generally less than 25% of the mean). Previous studies have demonstrated that 

canopy characteristics (Sánchez et al., 2015), water availability, and nutrients (Christina et al., 

2015) as well as radiation conditions (Gitelson et al., 2015; Wang et al., 2018) could contribute 

to variations in 𝑚𝑎𝑥. The possible interannual variation of 𝑚𝑎𝑥induced by such biophysical 

and environmental factors was explicitly presented in our method, shown by Eq. 5-6. A further 

analysis between the biophysical underlying water use efficiency (uWUEa=GPP∙VPD0.5/ET, 

Zhou et al. (2014)) and annual 𝑚𝑎𝑥 (Figure S5-4) showed that photosynthetic capacity co-

varied with the vegetation water use and the atmospheric water demand. 

5.4.3 Possible implications and limitations 

The WUE-based 𝑚𝑎𝑥  estimates can be directly incorporated with LUE models at local to 

regional scales according to species and biome types for GPP estimation. With a narrow range 

of 𝑚𝑎𝑥  (0.83-1.62 g C MJ−1 PAR for C3 dominated ecosystems, Figure 5-2), uncertainty of 

the GPP estimate is likely to be reduced using our 𝑚𝑎𝑥 values across different ecosystems 

(compared with other parameterisation schemes, Figure S5-3). Moreover, this WUE-based 

method uses T/PET as a top-down limiting factor instead of the ambiguous 𝑓 in the LUE model. 

This treatment not only simplifies the parameterisation of 𝑚𝑎𝑥, but also avoids the possible 

uncertainties brought about by multiplying various limiting factors (e.g., LAI, VPD, soil water, 

etc.) to quantify 𝑓. Additionally, because all variables required by this WUE-based method are 

readily available at flux sites, local 𝑚𝑎𝑥 estimates can be easily obtained with high credibility. 

Measurements from these flux sites are considered highly reliable and accurate as eddy 

covariance represents the state of the art technique. As such, 𝑚𝑎𝑥 estimates using the WUE-

based method are likely to be more robust than estimates from traditional methods, and the use 

of this method can help to assess model uncertainty in GPP estimation. This is especially true 

when model structure and data reliability require further evaluation, while the 𝑚𝑎𝑥 value is 

theoretically and biophysically consistent. 

A limitation of the WUE-based method for estimating 𝑚𝑎𝑥 is the assumption that transpiration 

(T) can be approximated by total evapotranspiration (ET) under high vegetation coverage. 

While this assumption is valid under complete or high vegetation coverage across the landscape, 

T can be considerably less than ET in non-forest ecosystems (WET, GRA, and WSA). More 

accurate 𝑚𝑎𝑥 estimates would be possible from transpiration measured with sap flow gauges 
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and/or isotopic techniques (Roupsard et al., 2006; Wang et al., 2014; Wei et al., 2017). For 

simplicity, this study also assumed that the fraction of absorbed PAR is the same as that of 

absorbed Rn. This assumption needs to be explored further for different canopy characteristics 

(e.g., leaf inclination angle, nutrient status, phenology) and climate and radiation conditions 

(e.g., direct and diffuse radiation, atmospheric CO2 concentration) (Dai et al., 2004; Turner et 

al., 2003; Wang et al., 2018). 

5.5 Conclusion 

This study proposed a new method to estimate 𝑚𝑎𝑥 based on the water and carbon coupling 

principle. The method was examined at 52 global flux sites across different vegetation species 

and biome types. Results showed that the method was capable of distinguishing vegetation 

types with different photosynthetic pathways. The estimated 𝑚𝑎𝑥  for seven main biomes, 

globally distributed, agreed well with experimental and modelling methods. The WUE-based 

method is simple and the 𝑚𝑎𝑥 estimates could be incorporated into LUE models for better 

GPP simulation. The method could also be used to better understand the behaviour and 

variation of this parameter across species and biomes considering interrelated water and carbon 

processes. 
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According to Priestley & Taylor (1972), potential evapotranspiration (PET) can be calculated 

as 

𝑃𝐸𝑇 = 𝛼𝑃𝑇
 

+ 
𝑅𝑛                                             𝐸𝑞. 5 − 𝑠1 

where 𝑅𝑛 is total net radiation,  is the slope of saturation vapour pressure versus temperature, 

  is the psychrometric constant. 𝛼𝑃𝑇 is the Priestley Taylor coefficient. 

Similarly, potential transpiration (PT) can be calculated for a vegetated surface as 

𝑃𝑇 = 𝛼𝑃𝑇
 

 + 
𝑅𝑛_𝑐                                                        𝐸𝑞. 5 − 𝑠2 

where 𝑅𝑛_𝑐 is the net radiation of a canopy. 𝑅𝑛_𝑐 can be estimated using the fraction of 𝑅𝑛 (𝑓𝑅𝑛) 

absorbed by vegetation as 

𝑅𝑛𝑐 = 𝑅𝑛𝑓𝑅𝑛                                                                  𝐸𝑞. 5 − 𝑠3 

By combining Eq. 5-s1, 5-s2, and 5-s3, one can get 

𝑃𝑇 = 𝛼𝑃𝑇
 

+ 
𝑅𝑛𝑓𝑅𝑛                                                          𝐸𝑞. 5 − 𝑠4 

Further substituting 𝛼𝑃𝑇
 

+
𝑅𝑛 by Eq. 5-s1, we have 

𝑃𝑇 = 𝑃𝐸𝑇𝑓𝑅𝑛                                                                𝐸𝑞. 5 − 𝑠5 

Eq. s5 is used as Eq. 5-4 in the main manuscript. Previous studies that also used the fraction 

analogy to estimate PT from PET are found in Brisson et al. (1993), Guan & Wilson (2009), 

Impens & Lemeur (1969), and Childs et al., (1977). 
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Figure S5-1. Mean annual precipitation (vertical axis) and temperature (horizontal axis), 

respectively at the flux sites used in this study. Plant functional type abbreviations used to 

represent biome groups were cropland (CRO), deciduous broadleaf forest (DBF), evergreen 

broadleaf forest (EBF), evergreen needle leaf forest (ENF), grassland (GRA), wetland 

(WET), and woody savanna (WSA). 
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Figure S5-2. Comparison of mean 𝑚𝑎𝑥 for C3 (soybean) and C4 (maize) crops from 

observational and modelling approaches at flux sites US-Ne1, US-Ne2, and US-Ne3. Error 

bars represent one standard deviation about the mean where data were available. Horizontal 

axis labels indicate the following: ‘Green LAI’ is from Gitelson et al. (2018), based on 

measurements of green LAI and intercepted PAR; ‘Direct/Diffused light’ is from Nguy-

Robertson et al. (2015), where direct and diffused light is considered using an LUE-based 

model; ‘CASA model’ is from Chen et al. (2011), where the Carnegie-Ames-Stanford-

Approach (CASA) is optimised with MODIS data; ‘Chlorophyll-based’ is from Zhang et al. 

(2016, 2017), where PAR absorbed by canopy chlorophyll is used to optimise a satellite-

based Vegetation Photosynthesis Model (VPM). All units of 𝑚𝑎𝑥 were converted to 

g C MJ−1 PAR. 
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Figure S5-3. WUE-based  𝑚𝑎𝑥 estimates from this study compared with different LUE-

based modelling approaches across ecosystems. MOD17: look-up-table based on PFT from 

Running and Zhao 2015. LUE: a LUE model optimized at China flux sites from Wang et al. 

(2010). Other models optimized at 156 global flux sites from Yuan et al. (2014): CASA: 

Carnegie–Ames–Stanford Approach; CFix: Carbon Fix; CFlux: Carbon Flux; EC-LUE: Eddy 

Covariance-Light Use Efficiency; MODIS-GPP: Moderate Resolution Imaging 

Spectroradiometer GPP algorithm; VPM: Vegetation Production Model; VPRM: Vegetation 

Production and Respiration Model. Biome types grouped and colored by PFT following the 

same as Figure S5-1. 
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Figure S5-4. Relationship between the estimated 𝑚𝑎𝑥 and the underlying water use efficiency 

(uWUEa = GPP∙VPD0.5/ET) across biome types. Biome types grouped and colored by plant 

functional type as in Figure S5-1. 
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Table S5-1. Summary of the 52 eddy covariance flux sites used in this study. Site descriptions include site identifier (ID), site name, latitude, 

longitude, plant functional type (PFT), period of record (Years), mean annual precipitation (Prcp mm/y) and mean annual temperature (MAT 
oC). PFT abbreviation were cropland (CRO), deciduous broadleaf forest (DBF), evergreen broadleaf forest (EBF), evergreen needle leaf forest 

(ENF), grassland (GRA), wetland (WET) and woody savanna (WSA). C3 refers to soybean and C4 refer to maize at site US-Ne1, US-Ne2, US-

Ne3. Estimated 𝑚𝑎𝑥 and uWUEa are also shown for each site, as well as R2 from the WUE-based method between GPP∙PET and ET∙PAR for 

𝑚𝑎𝑥 estimation. 

Site ID Site name PFT Latitude Longitude Years 
Prcp 

(mm/y) 

MAT 

(°C) 
𝑚𝑎𝑥 R2 

uWUEa 

AT-Neu Neustift GRA 47.12 11.32 2002-2012 620 6.82 1.86 0.90 14.56 

AU-DaP Daly River Savanna GRA -14.06 131.32 2008-2013 1357 25.72 1.02 0.93 8.43 

AU-Fog Fogg Dam WET -12.55 131.31 2006-2008 1443 25.56 0.51 0.86 3.39 

AU-How Howard Springs WSA -12.49 131.15 2002-2014 1489 27.30 1.06 0.94 7.14 

AU-Rig Riggs Creek GRA -36.65 145.58 2012-2014 436 15.87 1.40 0.93 9.52 

AU-Tum Tumbarumba EBF -35.66 148.15 2002-2014 919 9.75 1.73 0.78 10.33 

BR-Sa3 Santarem-Km83-Logged Forest EBF -3.02 -54.97 2002-2004 1405 25.69 1.15 0.82 7.00 

CA-Man 
Manitoba - Northern Old Black 

Spruce  
ENF 55.88 -98.48 2007-2008 

324 -0.97 1.20 0.81 6.96 

CA-NS2 UCI-1930 burn site ENF 55.91 -98.52 2002-2004 201 -1.45 1.35 0.90 8.44 

CA-SF1 
Saskatchewan - Western Boreal, 

forest burned in 1977 
ENF 54.49 -105.82 2003-2006 

418 0.20 1.27 0.91 8.38 

CA-SF2 
Saskatchewan - Western Boreal, 

forest burned in 1989 
ENF 54.25 -105.88 2002-2005 

265 -0.20 1.60 0.92 10.34 

CH-Cha Chamau GRA 47.21 8.41 2005-2014 1144 9.54 1.41 0.88 10.05 

CH-Fru Früebüel GRA 47.12 8.54 2005-2014 1183 7.76 1.35 0.91 7.34 

CH-Oe1 Oensingen grassland GRA 47.29 7.73 2006-2006 1567 9.28 0.75 0.94 6.26 

CN-Cha Changbaishan MF 42.40 128.10 2003-2005 468 4.36 1.86 0.90 11.45 
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CN-Din Dinghushan EBF 23.17 112.54 2003-2005 1344 20.51 1.34 0.87 7.43 

CN-Ha2 Haibei Shrubland WET 37.61 101.33 2004-2005 515 -1.63 0.89 0.93 5.08 

CN-Qia Qianyanzhou ENF 26.74 115.06 2003-2004 1067 18.55 1.29 0.87 8.02 

CZ-wet Trebon (CZECHWET) WET 49.02 14.77 2006-2014 624 8.33 1.22 0.92 8.33 

DE-Geb Gebesee CRO 51.10 10.91 2003-2014 549 9.79 1.76 0.91 12.27 

DE-Hai Hainich DBF 51.08 10.45 2002-2009 717 8.55 1.64 0.91 10.39 

DE-Lkb Lackenberg ENF 49.10 13.30 2013-2013 754 4.24 0.82 0.92 4.82 

DE-Obe Oberbärenburg ENF 50.79 13.72 2009-2014 1090 6.35 2.35 0.88 12.96 

DE-RuR Rollesbroich GRA 50.62 6.30 2011-2014 865 8.10 1.17 0.91 8.90 

DE-Seh Selhausen CRO 50.87 6.45 2009-2009 500 10.56 1.48 0.97 11.01 

DE-Tha Tharandt ENF 50.96 13.57 2002-2014 829 9.03 2.42 0.87 14.76 

FI-Hyy Hyytiala ENF 61.85 24.29 2002-2014 609 4.51 1.71 0.92 10.28 

FR-Fon Fontainebleau-Barbeau DBF 48.48 2.78 2005-2014 671 11.35 1.61 0.88 9.69 

FR-Gri Grignon CRO 48.84 1.95 2004-2007 654 11.05 1.94 0.96 12.30 

FR-LBr Le Bray ENF 44.72 -0.77 2002-2008 947 13.16 1.59 0.87 9.89 

GF-Guy Guyaflux (French Guiana) EBF 5.28 -52.92 2004-2014 3113 25.61 1.54 0.88 7.85 

IT-Cp2 Castelporziano2 EBF 41.70 12.36 2012-2014 868 16.08 1.36 0.75 8.36 

IT-Cpz Castelporziano EBF 41.71 12.38 2002-2008 855 15.72 1.88 0.85 11.46 

IT-Lav Lavarone ENF 45.96 11.28 2003-2014 1211 7.10 2.36 0.84 10.44 

IT-MBo Monte Bondone GRA 46.01 11.05 2003-2013 932 5.10 1.22 0.92 6.70 

IT-Tor Torgnon GRA 45.84 7.58 2008-2013 735 3.18 0.97 0.97 5.71 

NL-Hor Horstermeer GRA 52.24 5.07 2004-2011 1079 10.94 0.99 0.71 6.18 
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NL-Loo Loobos ENF 52.17 5.74 2002-2013 722 9.83 2.09 0.88 10.16 

RU-Fyo Fyodorovskoye ENF 56.46 32.92 2002-2014 541 5.21 1.48 0.80 8.26 

US-ARb 
ARM Southern Great Plains 

burn site- Lamont 
GRA 35.55 -98.04 2005-2005 

756 15.43 1.33 0.98 11.76 

US-ARc 
ARM Southern Great Plains 

control site- Lamont 
GRA 35.55 -98.04 2005-2005 

797 15.07 1.20 0.98 10.07 

US-Blo Blodgett Forest ENF 38.90 -120.63 2002-2007 1367 11.23 1.06 0.95 7.56 

US-Ha1 
Harvard Forest EMS Tower 

(HFR1) 
DBF 42.54 -72.17 2002-2012 

1251 8.08 1.85 0.84 11.12 

US-Me2 Metolius mature ponderosa pine ENF 44.45 -121.56 2002-2014 1144 21.78 1.21 0.94 7.15 

US-Myb Mayberry Wetland WET 38.05 -121.77 2012-2012 534 7.44 1.53 0.85 10.65 

US-NR1 
Niwot Ridge Forest (LTER 

NWT1) 
ENF 40.03 -105.55 2002-2014 

443 15.19 0.71 0.92 4.85 

US-Ne1 
Mead - irrigated continuous 

maize site 
CRO-C4 41.17 -96.48 2002-2012 

788 10.32 2.62 0.96 15.25 

US-Ne2 
Mead - irrigated maize-soybean 

rotation site 

CRO-C4 41.16 -96.47 
2003, 2005, 2007 

2009-2012 
843 10.29 2.50 0.96 15.87 

CRO-C3 41.16 -96.47 
2002, 2004, 2006, 

2008 
860 10.33 1.47 0.96 9.03 

US-Ne3 
Mead - rainfed maize-soybean 

rotation site 

CRO-C4 41.18 -96.44 
2003, 2005, 2007, 

2009, 2011 
712 9.94 2.87 0.96 18.90 

CRO-C3 41.18 -96.44 
2002, 2004, 2006, 

2008, 2010, 2012 
912 9.53 1.84 0.98 11.08 

US-Ton Tonzi Ranch WSA 38.43 -120.97 2005-2005 782 16.13 1.32 0.88 8.75 

US-Tw3 Twitchell Alfalfa CRO 38.12 -121.65 2013-2013 135 15.38 1.29 0.95 11.67 
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US-UMB 
Univ. of Mich. Biological 

Station 
DBF 45.56 -84.71 2002-2014 

600 7.15 1.42 0.90 9.25 

US-UMd UMBS Disturbance DBF 45.56 -84.70 2007-2014 710 7.17 1.38 0.87 9.23 
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Chapter 6. Final conclusions and future research 

 

6.1 Final conclusions 

Water and carbon exchanges over terrestrial ecosystems are of vital importance in determining 

ecohydrological processes, and there processes have significant implications for natural 

resources management that affect ecological, hydrological, and agricultural interests. This 

study systematically investigated the key water and carbon variables by developing and 

analysing ecohydrological models that are practical yet effective across a wide variety of 

ecosystems within the Australian continent and across the globe over multiple spatiotemporal 

scales. The simple ecohydrological models developed and analytical results presented in this 

study provide insights into the underlying relationship between water and carbon processes, 

and can be used to interpret quantity, variability and uncertainty of water and carbon estimates. 

To include carbon constraints on water estimates without compromising model simplicity and 

effectiveness, a simple canopy conductance model was developed and incorporated with the 

Penman-Monteith equation to simultaneously simulate water loss (i.e., ET) and carbon gain 

(i.e., GPP) over terrestrial ecosystems (Chapter 2). The model had seven parameters and used 

remotely-sensed LAI and routinely available meteorological inputs. Examination of the model 

across nine eddy covariance flux sites covering five Australian ecosystem types showed that 

the model generally performed well for both ET and GPP (NSE>0.65 and simulated values 

explained >75% of the variation of observed values). Sensitivity analysis indicated that the 

model could be further simplified by reducing the insensitive parameters (from 7 to 4). 

Comparison of ET and GPP estimates with the MODIS product further demonstrated the 

reliability of the model. Thus it is concluded that the model is robust and advantageous and has 

the potential to be used for longer temporal and larger spatial scales. 

To systematically evaluate the interrelated key ecohydrological processes under climate change, 

a simple ecohydrological model was developed to simultaneously estimate Q, ET, and GPP 

(Chapter 3). The model used a typical lumped hydrological model as the base model that was 

then further developed to incorporate the process-based canopy conductance model developed 

in the previous section of this thesis. Model performance was evaluated by comparing Q, ET, 

and GPP simulations to observations at catchment and eddy covariance flux site scales. Results 

demonstrated the overall satisfactory capability of the model, where NSE was about 0.64 for 

Q across 63 catchments and simulations of ET were comparable to observations at across 13 
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adjacent flux sites. Under the increased CO2 scenario (45% increase in CO2 concentration), the 

modeling experiment indicated an increase in Q (12%) and GPP (23%), but a decrease in ET 

(-4%) in response to biophysical regulation. A more significant change in ET found for non-

forest catchments (-5%) than for forest catchments (-2%). These results highlight the 

importance of vegetation control over key ecohydrological processes. The model is more 

advanced in representing physiological mechanisms while inheriting the simplicity and 

accuracy of traditional conceptual hydrological models (with only 12 free parameters and 

simple model structure). We consider the model to be more practical than most sophisticated 

modelling schemes. Therefore, the model developed here can serve as an intermediate solution 

to effectively quantify and evaluate variations in key ecohydrological variables including Q, 

ET, and GPP. 

To investigate ET partitioning based on carbon constraint, the coupled water and carbon 

canopy conductance model developed earlier in this thesis was used to partition ET into T and 

E at a wide variety of grassland sites across the globe (Chapter 4). The model was optimised 

to obtain the best ET and GPP estimates at individual sites (NSE and R2 > 0.7), then the T 

estimates were used to evaluate the variation, uncertainty, and controlling factors of T/ET 

across spatiotemporal scales. Results showed that with ET partitioning constrained by GPP, 

the T/ET estimates exhibited strong seasonality, with high T/ET (close to 1) during the growing 

season and low T/ET (close to 0) during the non-growing seasons. The average T/ET varied 

greatly across sites (0.10-0.87, averaging about 0.5). Seasonal variation of T/ET was well 

explained by LAI at seven out of 15, while the spatial variation was more likely to be explained 

by precipitation. Comparison of T/ET estimates with an empirical ET partitioning method 

which was also based on GPP demonstrated that the uncertainty of T/ET was more significant 

at high and low vegetated sites. Even though ET has been studied extensively as a single 

variable, this study emphasised the importance and challenge of evaluating ET components, 

including temporal and spatial variation of T and E and the factors controlling T/ET in order 

to enhance quantification and interpretation of ecohydrological process. 

In addition to investigating water processes based on carbon constraint as discussed in the 

above sections, this thesis also attempted to evaluate carbon processes from a water-based 

perspective as an integrated system (Chapter 5). The mechanistic coupling relationship 

between carbon uptake and vegetative water loss was employed to develop a new method for 

estimating the key parameter used for carbon quantification, namely the maximum light use 

efficiency (𝑚𝑎𝑥). The method used was a simple analytical approach which required only four 



146 

 

variables readily available at eddy covariance flux sites. The method provided reliable 

estimates of ecosystem 𝑚𝑎𝑥 for different species and biome groups widely distributed across 

the world. The estimated 𝑚𝑎𝑥  values (1.48±0.33 g C MJ−1 PAR  for C3 and 2.63±0.21 

g C MJ−1 PAR for C4 vegetation dominated ecosystems) based on vegetation water use can be 

used as an independent parameter set to better simulate GPP and investigate carbon and water 

interactions. 

6.2 Limitations and future research 

In spite of the overall contributions of this thesis presented above, there are a number of 

limitations which require further investigation in the future. 

(1) Model development. This is regarding the work summarized in Chapter 2. Although the 

PML_V2 model developed in this thesis produced reasonably accurate ET and GPP estimates, 

the model is only a diagnostic water and carbon model, but not a fully coupled one. This is 

because (a) the canopy conductance is only a function of energy availability and CO2 

concentration. This means the model simulates only one-direction (response) rather than two-

directions (response-feedback) stomata behavior. In fact, stomatal conductance varies along 

with carbon uptake and water loss interactively, thus requiring two-direction representation in 

the model. Further model development should consider interactive simulation of canopy 

conductance in relation to GPP and T; and (b) the model used LAI as an input to derive GPP, 

which is a diagnostic approach, but not actually the correct sequence. This is because 

vegetation uses photosynthetic production to generate leaves (resulting in LAI). Hence, LAI is 

a product of photosynthesis that in principle should be calculated from GPP. Incorporation of 

this sequence is important for evaluating eCO2 impact on ecohydrological processes, especially 

the variation of water and carbon estimates. To be specific, with increased CO2 in the 

atmosphere, GPP should increase due to the ‘fertilization’ effect, thereby leading to increased 

LAI. As a result, T will increase due to increased LAI (structural feedback), which in turn 

compensates for the T reduction that is a consequence of stomatal closure (biophysical 

response). Therefore, it is expected that significant uncertainty can exist in estimates and 

variations in water flows (ET, Q) and carbon budget in terms of both magnitude and direction. 

Hence, it appears that future model development will be required to incorporate interactive 

processes that support better and more robust quantification and interpretation of 

ecohydrological processes especially under a changing environment. 
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(2) Model validation. This is related to work summarized in Chapter 3 and Chapter 4. Although 

the model simulations have been validated against available datasets in this thesis, it is not yet 

clear whether (a) the components of ET are estimated appropriately, including the temporal 

and spatial characteristics. It was shown that even when ET was partitioned with carbon 

constraint considering the coupled relationship between T and GPP, there was still noticeable 

uncertainty in T/ET estimates (as seen with model comparison and observational values 

reported in the literature). Considering the critical role that T plays in regulating energy, water, 

and carbon budgets, it is suggested that further study should be undertaken to validate model 

simulations of not only the total value of ET, but also the components of ET based on available 

and reliable data. Such investigations will be especially important for eCO2 impact analysis 

and interpretation; (b) whether the catchment scale ET and GPP estimates are accurate/reliable. 

Due to data limitations, the ET and GPP estimates at catchment scale were only compared to 

the measurements made at adjacent flux sites in this thesis (Chapter 3). In principle there exits 

great spatial footprint discrepancy between the two measurement scales. Therefore 

observational ET and GPP values at catchment scale should be used to evaluate the model 

performance and robustness. However, such regional data are not available and almost 

impossible to obtain. Future study could either incorporate regional data products or conduct 

multi-model comparisons to investigate the reliability of the model simulations. 

(3) The 𝑚𝑎𝑥 estimates provided in Chapter 5 can be directly employed to develop a simple 

GPP model based on the LUE framework, similar to those GPP models based on remote 

sensing data. Moreover, with 𝑚𝑎𝑥  estimates constrained by vegetation water use (higher 

reliability), the parameterization of LUE models can be better evaluated and uncertainty 

accounted for by investigating other limiting factors that could be incorporated into the model 

rather than forcing 𝑚𝑎𝑥 to unrealistic values. Additionally, the 𝑚𝑎𝑥 method developed in this 

thesis was based on the assumption that WUE is relatively conservative after considering 

atmospheric water demand. In reality, WUE can vary under different conditions (e.g., 

temperature and nutrient stress). Thus further research is required to test the possible 

uncertainty due to such environmental limitations. 

 

 


