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Abstract 

 

This thesis is presented as a series of four papers which describe new 

procedures for developing simple statistical models for accurately predicting 

perennial pasture production, and more generally agricultural production or 

yield, such as for crops, fruits, or pastures, based on relatively simple inputs.  

The models currently available for this purpose range from data-driven or 

empirical models to process-driven or mechanistic models.  Difficulties with 

empirical models arise in situations where there is a scarcity of real or 

experimental data, as may occur in cases of newly developed crop and pasture 

species or cultivars.  The disadvantages of mechanistic models are their 

complexity and resulting opacity, their high computational time requirements 

and the difficulties of extending them to new soils and sites and updating them 

with new trial data.  Developing an alternative model which avoids such 

difficulties was the motivation behind the work presented in this thesis.  

Specifically, a simple statistical model or emulator was developed utilising 

extensive data obtained from an existing comprehensive mechanistic 

agricultural production model.   

 

The question addressed by this study was whether emulators can be generated 

and successfully used to accurately predict agricultural production.  In this work, 

the biomass production of the perennial pasture species lucerne (Medicago 

sativa) was used as a case study in developing the emulator and testing its 

performance.  The original lucerne production data for model creation and 

statistical validation were obtained from APSIM (the Agricultural Production 

Systems sIMulator) and graphically examined to ascertain general trends and 

features (Chapter 2).  The resulting linear and cubic spline models were found to 

provide relatively simple emulators of APSIM lucerne biomass production 

(Chapter 3).  These emulators used only the meteorological variables of rainfall 

amount and frequency, radiation and temperature as inputs, and their functional 

forms were relatively simple.  Interestingly, the constructed cubic spline 

emulator, which contained both linear and random spline effects of these four 

meteorological variables, explained over 92% of the total variability in the 
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APSIM data.  Additionally, it was demonstrated that an emulator can be 

developed with a very narrow focus, in this case for a single site with a sandy 

soil in the wheatbelt of Western Australia.   

 

Naturally, an emulator based on data from a mechanistic model can only be as 

accurate as that mechanistic model.  To reduce this limitation, real data was 

incorporated into the emulator model along with expert opinion on the reliability 

of that data (Chapter 4).  Improvements in the resulting predictive model were 

appreciable, even with as little as eight experimental data points.  Furthermore, 

the range of applicability of an emulator is limited to that of the data used in its 

construction.  To minimise this limitation, a method was developed for 

expanding the scope of an existing emulator of biomass production to 

incorporate a wider range of factors, resulting in an emulator which predicts 

lucerne production on a range of soil types for the central wheatbelt region of 

Western Australia (Chapter 5).  Expanding the scope of the emulators was found 

to involve only the inclusion of linear effects of the additional variables and 

their associated data.  The resulting linear and cubic spline emulators that were 

constructed explained, respectively, 76% and 79% of the total variability in the 

data from APSIM.  

 

Overall, the studies conducted in this thesis convincingly show that simple 

emulator models can be constructed to predict agricultural production or yield, 

based on relatively simple inputs, with a degree of accuracy similar to that of the 

mechanistic model on which they are based.  These emulators can be extended 

relatively easily to predict in new locations, environments, or for new species, 

and their accuracy can be improved by incorporating new data as it becomes 

available.  Because they provide quick and accurate estimates of productivity 

under a range of different conditions, these emulators can be efficiently 

incorporated into more complex farming systems models, thus providing 

researchers, plant breeders and farmers with an invaluable tool for assessing the 

potential role of the species within the overall system.  Because they don’t 

require extensive empirical data, they can be used to assess the potential role of 

new species, cultivars or management approaches in new soils, climatic 
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conditions or farming systems, and thus have the potential to be an invaluable 

asset in the agricultural industry. 
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Glossary 

 

In this thesis, the following words and phrases have the specific meanings as 

described below. 

 

Agro-meteorological model:  a relatively simple model that uses a small 

number of meteorological factors to predict a single agricultural outcome. 

 

Empirical model (also known as a statistical, phenomenological, descriptive or 

data-driven model):  a model that describes functional relationships between 

observed ‘input’ data and observed ‘output’ data  

 

Emulator model (also known as a meta-model):  a relatively simple empirical 

or statistical model which is developed using data generated from an existing 

complex mechanistic simulation model rather than data observed directly in the 

real world 

 

Mechanistic model (also known as a process-driven, simulation, ontological, or 

explanatory model):  a model that represents the important mechanisms or 

processes underlying the system of interest. 

 

Sensitivity analysis:  analysis of the impact that the values of model parameter 

have on the output of the model.  Sensitivity analysis is often used to identify 

which parameters have the greatest impact on model output, and may vary 

several parameters simultaneously to account for interactions between them. 

The specific method used in this thesis examined the functional relationship 

between parameter values and output, and varied each factor separately while 

holding all other factors constant.  These other factors were fixed at one of 

several different values to allow for the determination of interactions. 
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Simulation mechanistic model (also known as a process-driven, simulation, 

ontological, or explanatory model):  a computer model that uses computational 

simulation to represent the important mechanisms or processes underlying the 

system of interest. 
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Chapter 1 

 

General Introduction 

 

There are a variety of existing plant growth models which are used to aid in the 

understanding and management of the biophysical processes that occur in 

nature.  These range from simple empirical, single input, single output models to 

very detailed, complex, mechanistic models which involve a vast number of 

diverse input factors and generate information on a great many output variables 

including plant biomass production.   

 

Examples of mechanistic plant growth models include: the Sustainable Grazing 

Systems (SGS) model (Johnson et al., 2003) for pasture production; generic crop 

models such as WOFOST (van Ittersum et al., 2003); specific cereal crop 

models such as CERES (Rickman and Klepper, 1991); and models for apple 

orchards such as APPLE (van Ittersum et al., 2003).  What these models have in 

common is that they use computer simulation to represent many of the 

biological processes involved with plant growth and development, with the aim 

of increasing the understanding of these processes and their underlying 

mechanisms, whilst also attempting to predict how the plants will mature 

(Bouman et al., 1996).  These models are not primarily data-driven but instead 

rely on the knowledge acquired about the processes of plant growth and 

development in order to formulate the relationships between the various inputs 

and outputs.  The amount of detail included in each process ensures a robust 

model with the ability to predict for a relatively wide range of situations, whilst 

also providing an explanation of the mechanistic processes underlying these 

predictions.  However, to achieve this usually requires a large number of inputs 

relating to numerous aspects of the many processes described in the simulation 

model.  This inevitably leads to increased complexity of the computer code and 

results in less clarity and transparency of how the processes are modelled 

(Holzworth et al., 2010).   

 

Simpler models tend to represent much fewer output variables using a very 

limited number of inputs.  Agro-meteorological models such as the French and 
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Schultz model (French and Schultz 1984), Pycal (Tennant and Tennant 1996), 

and STIN (Stephens et al. 1989) primarily use the amount of water available to 

the plant to determine growth and production.  However, their prediction ability 

is likewise limited to providing an estimate of potential water-limited yield, and 

ignores other limiting factors such as nutrients, weeds or pests which may have 

a significant impact on total production values.  Predictions from agro-

ecological models such as the von Liebig model (Holloway and Paris 2002), 

which forecasts actual yield based only on levels of fertilizer, are inadequate for 

Western Australian climates where water is almost always the main factor 

restricting production. 

 

At the other end of the scale, empirical models are purely data-driven and rely 

on using large amounts of data to determine the relationships between inputs 

and outputs (Høgh-Jensen et al., 2004; Lawson and Tabor, 2001).  Compared to 

complex simulation models, these models are relatively simple, transparent, 

easy to use, computationally undemanding and thus quick to run, and easily 

modified to take new data into account.  Robustness and accuracy of prediction 

from these models increase with increase in the amount of data available.  

However, these models are not useful in circumstances when there is not a lot of 

reliable field data or when this data does not accurately represent the conditions 

being investigated.  They simply describe relationships between observed data, 

and cannot be used to extrapolate to predict growth, production or yield in new 

situations beyond those in which the data used to construct them was collected.  

However, such situations are commonplace for plant breeders who are involved 

in developing new crop or pasture varieties.  Hence there is a need for a 

relatively simple statistical model or emulator, to “emulate” the way in which 

the mechanistic model predicts growth, production or yield.  However, this 

emulator would use much fewer inputs than the mechanistic simulation model, 

with similar prediction ability, but which is not reliant on large quantities of 

field data for determining relationships.   

 

Perennial pastures have come into prominence only within the last 5-10 years in 

Western Australia (Cocks, 2001; Dear and Ewing, 2008), where they provide 

feed for livestock during winter and can reduce or even replace the need for 
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expensive feed supplements during summer and autumn when annual pastures 

are dormant (Crawford and Macfarlane, 1995).  In addition, due to their deep 

roots and ability to utilise summer and autumn rainfall, they can ameliorate 

dryland salinity caused by rising water tables (Heng et al., 2001; Pannell and 

Ewing, 2006; Ward et al., 2001).  Some of the main factors that affect perennial 

pasture growth in Western Australia are: 

• ability to persist through a dry, hot summer 

• the actual length of the growing season 

• the amount and distribution of out-of-season (i.e. summer-autumn) 

rainfall 

• the grazing method, i.e. cut type and frequency 

• temperature extremes which, for example, can result in frost  

• soil type 

• plant available soil water holding capacity and fertility of soil  

 

Perennial pastures are likely to play an even more important role in Australian 

farming systems as climate change takes effect, and major research efforts are 

currently underway to identify and evaluate additional species with commercial 

potential (Bennett et al., 2011; Bennett et al., 2008; Dear and Ewing, 2008; Li et 

al., 2008; Real et al., 2006; Ryan et al., 2008).  Even the best-known perennial 

pasture species are much less researched and much less modelled and validated 

than crops such as wheat, and many of the additional species being explored 

have not previously been investigated in any detail.   

 

Consequently, the benefits of integrating a specific perennial pasture species, 

whether an existing species or a newly developed one, into an area of intended 

adoption cannot be pre-assessed using any of the currently existing models.  In 

particular, a farmer who is considering a major undertaking of this nature is 

currently unable to readily ascertain which species is likely to provide greater 

biomass production for the livestock, and hence improve profitability of the 

farm.  Perennial pasture species thus provide a perfect example case-study for 

developing methods for constructing simple statistical model that are not reliant 

on large quantities of field data. Therefore, this case-study was used in this 

thesis, although it must be stressed that the methods developed would be 
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applicable and useful in a much wider range of situations whenever we wish to 

predict growth or production relatively quickly, easily and transparently. 

 

To develop simple models to predict the growth and production of perennial 

pasture species, and thus facilitate low cost development and adoption of these 

species, it is especially important to:  

1. have a clear and transparent understanding of the factors driving 

perennial pasture production in better-researched and better-modelled 

species;  

2. use this understanding to formulate approaches for creating new 

relatively simple models of these species;  

3. investigate the possibility of increasing the prediction accuracy of these 

simple models by the incorporation of whatever historical real data is 

available (often very little); and  

4. develop methods for easily adapting these simple models of perennial 

pasture species to predict production in new locations, for new species or 

cultivars, and in changing climates without needing to undertake 

additional extensive, expensive field research. 

 

This thesis tackles each of these issues in a separate chapter.  A case study of 

lucerne (Medicago sativa) biomass production using data generated from the 

Agricultural Production Systems sIMulator (APSIM) was employed throughout 

this thesis in order to describe and clarify the methodologies used. 

 

APSIM is a mechanistic plant growth model created specifically for Australian 

climatic and environmental conditions (Wang et al., 2002) which deals with 

both the growth of single plant species as well as management on a whole farm 

basis.  It is a complex model consisting of several interlinked modules (Keating 

et al., 2003).  These modules have been developed by a team of software 

engineers and developers as well as experts in agriculture, soil science, ecology, 

and other fields of the biological sciences (Keating and Carberry, 1993).  

Therefore the knowledge from many disciplines has been integrated to give a 

comprehensive model of soil processes and plant development and growth 

(Boote, 1996).  Before a simulation can be conducted using APSIM, specific 
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values for thousands of parameters defining the soil and the plant species must 

be provided.  APSIM has recently incorporated modules for simulation of the 

perennial pasture species lucerne, bambatsi panic (Panicum coloratum) and 

Rhodes grass (Chloris gayana).  Since the module for lucerne is the most well-

established and well-validated of these (Probert et al., 1998; Robertson et al., 

2002) and lucerne is the most widely grown perennial legume in the southern 

cropping zone of Australia, it has been chosen as the particular case study 

species for this thesis.  

 

There are several ways to determine the relationships that have been coded 

within a simulation model.  One that is relatively easy and straightforward is to 

generate and graph the output of interest from the model for various 

combinations of inputs.  Care must be taken when selecting these combinations 

to ensure that a wide and extensive range of possible scenarios are covered so 

that the full and complete relationship is determined.  In Chapter 2 of this thesis, 

the primary drivers of lucerne biomass production are extracted from existing 

literature.  Sensitivity analysis is then used to examine the effect on APSIM-

generated lucerne biomass production of changing the levels of each of these 

drivers.   

 

Once these general relationships are ascertained, a number of simple potential 

statistical emulator models of APSIM-generated lucerne biomass production are 

developed for a particular site, soil type and management scenario (Chapter 3).  

Statistical emulators are different from other statistical models in that they are 

developed using data from existing simulation models.  Emulators are designed 

to eliminate a great deal of the complexity inherent in the simulation model to 

provide greater clarity and transparency to the modelling process.  While being 

less complex in design than the simulation model, they can still provide 

reasonably accurate predictions of the response of interest (Conti and O'Hagan, 

2010).  Moreover, statistical emulators can provide more than just a point 

estimate of the mean value of the response variable; they can also provide a 

confidence interval about this point estimate (Snedecor and Cochran, 1989).  

Simplicity of the resulting emulators was ensured by developing models which 

differ only in the form of the functions used to describe the main effects of the 
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inputs.  All interaction effects were assumed to be linear.  These emulators are 

statistically validated to determine the best model in terms of both fit and 

prediction capability.   

 

In Chapter 4 a method in then demonstrated for increasing the accuracy of 

predictions from these statistical emulators by integrating both existing 

experimental or field data and expert opinion on the reliability of this data or its 

applicability to the situation of interest.  For this purpose, I chose to adopt 

Bayesian methods of model updating using WinBUGS software.  WinBUGS is 

the Windows version of the “Bayesian inference Using Gibbs Sampling”, or 

Classic BUGS, program (Lunn et al., 2000).  Bayesian analysis is a statistical 

procedure which combines prior knowledge of the parameters of an underlying 

distribution with the likelihood that the observed data comes from that 

distribution, to give updated, and therefore improved, estimates of the parameter 

values.  Bayesian techniques have been extensively used in this way to update 

complex computer simulation models (Aalders, 2008; Aronica et al., 1998; 

Chulani et al., 1999; Jansen and Hagenaars, 2004; Larssen et al., 2006; Staubach 

et al., 2002; Van Oijen et al., 2005).   

 

Chapter 5 shows a relatively easy and efficient means of extending the scope of 

an existing emulator model to include additional inputs without having to re-

evaluate the emulator construction.  The emulator resulting from the work in this 

chapter is able to accurately predict lucerne biomass production at any location 

within the central wheatbelt region of WA in any of eight of the most prevalent 

soil types.  The benefits of such a general emulator are that a separate model 

need not be developed for each farm from this region to account for the weather 

and soil conditions of that farm.  Accuracy of predictions from this emulator is 

ensured from validation of the original simulation model and statistical 

validation of the existing single-site-soil emulator upon which construction of 

the general emulator is based. 

 

The thesis concludes with implications and limitations of the current research 

and remarks on potential future research. 
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ABSTRACT 

This paper demonstrates a methodology for using a form of sensitivity 

analysis to assess a complex computer simulation model of plant growth in 

order to determine the relationship between a particular response and its 

principal drivers.  This is the first step in the development of simple statistical 

models that accurately emulate this outcome of the computer simulation model 

using only these associated principal drivers as inputs.  It also has value in its 

own right, in that it reveals the essential features of how the relationships 

between the response of interest and its principal drivers are modelled in the 

simulation, which leads to a better conceptual understanding of the simulation 

model and may also reveal its limitations.  

To illustrate this methodology the Agricultural Production Systems 

sIMulator (APSIM) was used and relationships between meteorological and soil 

type input data and biomass production for the perennial pasture species lucerne 

(Medicago sativa) were examined.  It was hypothesised that, despite the 

underlying complexity of the APSIM model, this examination would reveal 

clear and relatively simple relationships between the principal drivers and the 
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resulting production, which would be suitable for constructing emulators.  It was 

found that the relationships between rainfall and biomass produced and between 

radiation and biomass produced are sigmoidal.  However, the relationships 

between temperature and biomass are more complex and are probably best 

approximated by models based on splines.   

Thus the relationships between input data and output data are simple enough 

to develop simple statistical models or 'emulators' capable of predicting APSIM-

generated above-ground lucerne biomass production using just meteorological 

input data.  The development and statistical validation of these emulators are 

then described in Chapter 3. 

 

Keywords: Lucerne, Sensitivity analysis, Perennial pasture, Simulation, Model 

simplification 

 

1. Introduction 

This paper demonstrates a methodology for using a form of model analysis 

or sensitivity analysis to assess a complex computer simulation model of plant 

growth in order to determine the relationship between a particular response and 

its principal environmental drivers.  This is the first step in the development of 

simple statistical models that accurately emulate this outcome of the computer 

simulation model using only these associated principal drivers as inputs.  The 

actual development of this emulator is discussed in Chapter 3.  The 

methodology also has value in its own right, in that it reveals the essential 

features of how the relationships between the response of interest and its 

principal drivers are modelled in the simulation, which leads to a better 

conceptual understanding of the simulation model and may also reveal its 

limitations. 

Computer simulation models (also known as mechanistic models or complex 

models) which represent plant growth have been developed to assist in the 

understanding and management of bio-physical processes that occur in nature.  

These models cover a large diversity of agricultural and ecological activity.  

There are models for animal production such as DairyMod (Johnson et al., 

2008), generic crop models such as SUCROS (van Ittersum et al., 2003), models 

for growth of parasitic plants (Hautier et al., 2010), models for vegetation 
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growth (Brolsma et al., 2010), and models for predicting the effect of cropping 

on field margin flora (Fargue-Lelièvre et al., 2011).  Such mechanistic models 

use computer simulation to represent many of the physical and biological 

processes involved in plant growth, thereby increasing the clarity and 

understanding of how these processes and their underlying mechanisms are 

involved in predicting plant development.  This is the strength of complex plant 

growth models: by taking a mechanistic approach, these physical and biological 

processes are represented at a relatively high level of detail and realism.   

However, there are disadvantages to using such a mechanistic and complex 

approach.  The high level of detail in the models can make them inaccessible to 

people who have limited understanding of biological processes.  For instance, 

yield prediction using these types of models requires extensive inputs such as 

detailed quantitative information, first on plant physiology and phenology for 

each new species, and then on soil characteristics and meteorological data for 

each new location.  Furthermore, such models may consist of several connected 

modules which are often developed by different people with particular areas of 

expertise.  As such, the models can lack transparency, which can make it 

difficult for even experienced agronomists to modify them for a new species or a 

new environment without specialised training.  Modification can be especially 

challenging in situations where not all of the requisite information is available or 

where significant structural changes are required because of a change in 

understanding of the driving processes (Holzworth et al. 2010). 

Simpler models can circumvent the difficulties associated with detailed 

mechanistic growth models.  For example, French and Schultz (1984) developed 

a very simple model that predicts potential wheat yield based solely on rainfall.  

This model accounts for about 70% of total variability in yield.  The Pycal 

model (Tennant, 1996) is basically the French and Schultz model modified to 

include stored water at the start of the season.  The Oliver model (Oliver et al., 

2009) is a modification to the French and Schultz model that includes an 

estimate of the amount of water lost from the soil through evapo-transpiration 

and also tracks stored soil water levels throughout the season.  The STIN model 

(Stephens et al., 1989) uses a simple regression on a water stress index to predict 

actual plant production.  The success and transparency of these types of models 

is due in part to the fact that they use only one or two factors to predict the 
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outcome.  However, this then limits their accuracy of prediction, since there are 

likely to be several additional factors significantly influencing plant production, 

and these factors are also likely to have significant interactions.   

Sensitivity analyses involving complex simulation models are not new to the 

world of agriculture or ecology (Cariboni et al., 2007; Jiménez-Martínez et al., 

2010; Adam et al., 2011).  Often such analyses are used in the development of 

the simulation model to identify which parameters are most important in 

affecting the model’s predictions (Saltelli et al., 2008).  However, here a form of 

detailed sensitivity analysis was used for a different reason: to clearly identify 

which driving environmental factors would be the most important to include in a 

simplified growth model, what functional forms could be used to model these 

factors, and how important it would be to include interactions between these 

factors in such a model.  Conducting such a sensitivity analysis would provide 

direct clarification and increased transparency of the modus operandi of the 

complex plant growth model, thus helping a wider audience with less 

specialised knowledge to better understand the overall outcomes of the ways in 

which the underlying processes have been modelled.  It would also facilitate the 

development of the previously-mentioned simplified growth model, which 

would then be based only on the principal drivers and their interactions as 

identified by the sensitivity analysis (Brooks et al., 2001). 

This approach has many other advantages.  It allows for examination of 

the internal workings of the complex plant growth model without having to 

acquire in-depth knowledge of the development, testing and application of this 

model.  Thus the simulation model is treated as a “black box” for the purposes 

of this analysis, and the focus is on determining the relationships between the 

principal drivers and the response of interest.  Time is not spent in revisiting the 

computer code which is assumed to have already been developed as well as 

extensively validated by experts.  Another advantage of this approach is that it is 

very simple and straightforward and can be easily generalised to apply to any 

computer simulation model to assess the relationships between any of its 

outcomes and the associated principal drivers.   

To demonstrate this methodology, perennial pasture production was 

assessed using the Agricultural Production Systems sIMulator (APSIM).  

APSIM is a mechanistic model of plant growth particularly suited for Australian 
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climatic and environmental conditions (McCown et al., 1996; Keating et al., 

2003).  APSIM is a complex model consisting of many interlinked modules 

(Keating et al., 2003).  It is very flexible since it contains generic modules for 

processes such as plant yield, which can be extended to represent new species or 

even individual varieties/cultivars.  Several modules can be linked together to 

create a model of a single paddock or a whole farm and these models can be 

modified by including or excluding modules as required (McCown et al., 1996).  

Therefore APSIM is a very valuable model in that it combines a vast amount of 

existing knowledge of biological processes into a single model which can be 

used to generate simulations of various scenarios, thus limiting the need for 

extensive and expensive experimentation.  This is the first time that such a 

sensitivity analysis has been reported for APSIM.   

For the current study, to simplify the sensitivity analysis of APSIM and 

also provide greater clarity of the methods used in the analysis, a single plant 

species was examined.  While APSIM was primarily developed as a cropping 

systems model (Wang et al., 2002), its developers have recently included 

modules for the simulation of the perennial pasture species lucerne (Medicago 

sativa) (Robertson et al., 2002), bambatsi panic (Panicum coloratum) 

(http://www.apsim.info) and Rhodes grass (Chloris gayana) (Lawes and 

Robertson, 2008).  Perennial pastures have increased in prominence in the 

cropping regions of Australia over the last 10 years as part of attempts to 

ameliorate dryland salinity and climate variability (Cocks, 2001; Dear and 

Ewing, 2008).  The APSIM lucerne module (Probert et al., 1998; Robertson et 

al., 2002) is probably the best studied, best represented and most validated of all 

the perennial pasture modules in APSIM and was therefore chosen as the 

example for this study.  

Note that while many papers have focused on validating the APSIM model 

using field or experimental data (Asseng et al., 2000; Verburg and Bond, 2003; 

Yunusa et al., 2004), this study has instead focused on using sensitivity analysis 

to analyse APSIM itself to elucidate the relationships that exist between the 

meteorological and soil input data and the resulting lucerne biomass production 

predicted by APSIM, based on the accumulated wisdom of the experts that has 

been coded into the APSIM model.  It was hypothesised that, despite the 

intricacies of the internal structure of APSIM and the numerous and varied input 
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factors generally required to produce accurate simulations from this model, this 

exploration would reveal relatively clear and simple relationships between input 

environmental data and the resulting simulated biomass production, thus clearly 

illustrating which drivers are most important, and how these principal drivers 

affect lucerne biomass production in APSIM.  In Chapter 3, a simple statistical 

model, known as an emulator, of APSIM-generated lucerne biomass production 

which is based only on these principal drivers is developed. 

 

2. Methods 

Data for this study were generated exclusively from APSIM by running 

simulations using the lucerne module.  It is assumed that the main factors that 

affect lucerne growth in Western Australia are plant specific attributes, soil 

types and characteristics, pasture management such as grazing frequency, 

amount and distribution of rainfall, air temperature extremes, as well as 

radiation levels and day length.  Previous extensive studies (Leach, 1970; 

Brownlee, 1973) indicate that the optimal grazing frequency for lucerne is 

between 6 and 8 weeks and so lucerne was assumed to be harvested every two 

months and grazing frequency was not further examined in this study.  

The weather file for Badgingarra, Western Australia, (Latitude 30.34° S - 

Longitude 115.54° E) was used as the base file for meteorological data and this 

file was modified as needed to examine the effects of meteorological factors on 

above-ground biomass production.  Badgingarra was chosen as a location 

“where climatic conditions do not greatly constrain lucerne growth” (Robertson, 

2006).  This meteorological data was obtained from the Australian Bureau of 

Meteorology SILO database (www.bom.gov.au/silo) and is described in Jeffrey 

et al. (2001).  The file contained historical daily information including rainfall, 

radiation, and maximum and minimum temperatures for approximately 100 

years (1889-2006).   

To thoroughly research the full range of effects of rainfall, radiation, 

temperature and soil type on APSIM-generated lucerne biomass production, 

simulations were run over a very wide range of meteorological values, many of 

which represented extreme, idealised or even unrealistic conditions.  The main 

purposes of investigating this extended range of environmental conditions were 

to ensure that an emulator developed as a consequence of this study would be 
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broad enough to cope with any environment that is found in Western Australia, 

and to explore the limitations in APSIM’s range of validity.  However, in each 

case, a comparison was made with actual weather data from Badgingarra.  The 

purpose of this comparison was to show the trends and limits of actual biomass 

production that occur with the real weather of this site as opposed to what can be 

achieved in the “manufactured environments” of extreme or idealised 

conditions.   

Using APSIM simulation, lucerne was planted on 15/05/1889 (early 

autumn).  1889 is the year in which the first readings are available from the 

Badgingarra weather file.  Plants were allowed to develop under the actual 

climatic conditions present at Badgingarra for the first eleven years until 

monitoring was started on 01/12/1900.  This was to ensure that the plants would 

start out at the same level of growth at the beginning of the monitoring period 

for each simulation run and that only production of well-developed lucerne 

would be monitored.  Starting the monitoring in 1900 ensured that there would 

still be ample years of simulation data available for detailed trend analysis.  

Once monitoring was started, plants were cut to a height of 70 mm and 

harvested every two months.  Lucerne biomass production monitoring was 

initiated on 01/12/1900 and continued at 2-monthly intervals (to coincide with 

cut times) until 30/11/2006.  Note that APSIM assumes that, once planted, 

lucerne will continue to grow indefinitely unless deliberately killed. 

Soils in APSIM are defined by several parameters.  New soils can be created 

by altering some or all of these parameter values.  While the standard practice is 

to assign the soil type that is most consistent with soils actually found at a given 

site, for the purposes of this study of the effects of soil type on biomass 

production in APSIM, three disparate soil types were considered and their 

parameters were derived from previously surveyed soils.  Important parameter 

values that are applicable to lucerne growth and development in each of these 

soil types are given in Table 1.  In this version of APSIM, pH is assumed to 

have no effect on plant growth and P is assumed to be non-limiting, as is N 

because lucerne is a legume. 
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Table 1.  Soil and plant information relevant to lucerne growth and development 

in the three soil types assessed in this study as coded in APSIM. 

Soil type Maximum potential root depth
§
 (m) PAWC

† 
(mm) 

Poor sand 2.1 54.9 

Gravelly, loamy sand 2.5 111.6 

Red/gray clay 1.8 134.7 

§ Lucerne roots extend to a maximum depth of 2 m in APSIM. 

† PAWC = plant available water capacity 

 

2.1 Changing rainfall 

Effects of rainfall on biomass were examined first, since rainfall has been 

shown to be the main driver of pasture biomass production in Western Australia 

(Hill, 1996).  Several simulations were run using a single soil type to eliminate 

variability in biomass due to differences in soil types.  The original Badgingarra 

weather file was altered from 01/12/1900 by fixing daily solar radiation (mj/m
2
) 

at one of three levels (12, 20, 28) and average daily air temperature (
o
C) at one 

of three levels (15, 23, 30).  The levels of radiation and temperature were chosen 

to span a range of growing radiation and temperature conditions for lucerne in 

Western Australia.  Since APSIM requires maximum and minimum 

temperatures as inputs, the daily average temperatures were converted into 

equivalent maximum and minimum values with a difference (Temp Diff) of 10
 

o
C between them.  Thus nine new weather files were created, each with daily 

rainfall at its actual values as recorded in the original weather file.  With 

temperature and radiation fixed, any variation in biomass is solely attributed to 

the variation in rainfall amount and distribution. 

Then to separate the effects of rainfall amount and frequency on biomass, 

these nine weather files were further modified by changing the actual rainfall, 

thus creating three additional weather files for each of the nine previously 

created files.  Rain was systematically set to fall every 7, 14 or 28 days with the 

amount that fell on each occasion decreasing by a certain percentage every two 

months from an initial value at 01/12/1900.  Rainfall was set to decrease (as 

opposed to increase) across time in order to prevent drying out of the soil profile 

during the early stages of the simulation runs, which might have stunted plant 

growth.  For rain falling every 7 days the initial amount was set at 100 mm per 

rainfall event and the decrease was 1.47%.  For rain falling every 14 days the 
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initial amount was 200 mm and the decrease was 2.94%.  For rain falling every 

28 days the initial amount was 400 mm and the decrease was 5.88%.  Thus the 

total amount of rain in a given two month period was the same regardless of 

rainfall frequency.  These percentages were chosen to ensure that rainfall 

reached 0 mm several months before the end of the monitoring period in 

November 2006. 

The first set of simulations were run using poor sand and these thirty-six 

modified weather files as inputs.  Total rainfall for each 2-month period was 

plotted against total lucerne biomass production for that period. 

 

2.2 Changing soil type 

The method described in the section above was repeated using gravelly 

loamy sand, and red/gray clay, soils of markedly different water-holding 

capacities (Table 1).  Consequently the effects of changes in soil type and also 

any interaction effects of soil type and rainfall on lucerne biomass production 

were able to be observed.  All subsequent simulations were run using poor sand 

as on the whole the trends and patterns observed in the results were the same 

across all three soil types, despite the notable differences in their water-holding 

capacities.    

 

2.3 Changing radiation 

The effects of solar radiation on biomass production in APSIM were then 

investigated.  In this case, rainfall amount and frequency were fixed at 10 mm, 

20 mm or 30 mm to fall every 7 days.  Temp levels and Temp Diff were fixed to 

be the same as in the Changing rainfall section.  Also as in the Changing 

rainfall section, 9 weather files were created using actual radiation data from 

Badgingarra.  Then an additional file was created for each of these.  In these 

additional files, radiation was set to decrease by 0.054 mj/m
2
 every two months 

starting from 35 mj/m
2
, thereby reducing to approximately 0 mj/m

2
 by the end 

of the monitoring period.  Simulation results from these 18 weather files were 

used to plot average radiation for each 2-month period against total lucerne 

biomass production for that period. 
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2.4 Changing temperature 

The effects of air temperature were considered using an analogous process to 

those described above.  Rainfall amount and frequency were fixed at the same 3 

levels as in the Changing radiation section, radiation was fixed at the same 3 

levels as in the Changing rainfall section, and 9 weather files were created using 

actual temperature data from Badgingarra.  Then 3 additional weather files were 

created for each of these 9 files.  Temp Diff values (
o
C) of 5, 10 and 15 were 

analysed using initial maximum temperatures (
o
C) of 37.5, 40 and 42.5, 

respectively, to ensure that daily average temperature in a given two month 

period was the same regardless of the value of Temp Diff.  Daily maximum and 

minimum temperatures were decreased by 0.0545
 o

C every two months so that 

average daily temperatures reduced to approximately 0
 o

C by the end of the 

monitoring period.  Results from simulations using these 36 weather files were 

used to plot daily average temperature for each 2-month period against total 

lucerne biomass production for that period. 

 

3. Results 

The primary interest of this study is in the pattern of the trends observed 

when the values of a factor or factors are varied, and not in the values 

themselves that are observed for either the factors or the resulting biomass 

produced.  Therefore the actual levels of biomass produced and the rainfall, 

radiation or temperature values at which maximum production occurred are 

rarely mentioned in this section. 

It should be noted that the biomass levels reached in some of these 

simulations were on occasions much higher than those that were obtained using 

the actual data at Badgingarra.  This is due to the fact that the process of the 

sensitivity analysis leads to some simulations under extreme conditions that are 

not likely to be observed in reality.  In particular, the process of the sensitivity 

analysis that seeks to explore the full range of values of driving factors breaks 

the natural correlations between driving factors.  High rainfall, high radiation 

and high temperatures are unlikely to occur together in Badgingarra for 

example.  However, these simulation runs at extreme values were necessary to 

reveal in full detail the trends resulting from varying each factor.  
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3.1 Changing rainfall 

In general, increasing rainfall resulted in an increase in biomass from zero to 

an upper limit, where this upper limit depended on both temperature and 

radiation. 

The graphs relating to actual rainfall showed high variability in APSIM-

generated lucerne biomass with the variability being similar for all temperature 

and radiation combinations examined (Figure 1).  This variability resulted from 

the differing rainfall frequencies that naturally occurred with actual rainfall.  

Examination of the results from the modified weather files for a fixed 

temperature (maximum = 20 
o
C, minimum = 10 

o
C), fixed radiation (28 mj/m

2
), 

and fixed 2-monthly rainfall (approximately 150 mm) showed that decreasing 

rainfall frequency resulted in an increase in 2-monthly biomass production.  

Decreasing the rainfall frequency also tended to increase the variability in the 

biomass response to rainfall at high radiation levels.  However there was little 

difference between the trends shown across these frequencies and therefore 

rainfall frequency was held constant at seven days in future investigations. 

The results from the modified weather files showed more clearly than those 

from the actual weather files, other impacts of changing rainfall on biomass.  

Once a lower rainfall threshold had been reached, biomass increased linearly 

from zero with increasing rainfall, to an upper limit at a higher rainfall 

threshold.  The rainfall thresholds and the upper biomass limits were affected by 

radiation, air temperature and frequency of rainfall.   

Increasing the radiation from 12 mj/m
2
 to 28 mj/m

2
 increased the maximum 

level of biomass and the rainfall at which the maximum biomass was reached, 

but the rate of change in biomass remained constant.  In contrast, increasing the 

average temperature from 15 
o
C to 30 

o
C reduced the maximum level of 

biomass, increased the rainfall at which the maximum biomass was reached, and 

decreased the rate of change in biomass.  There was also an interaction between 

radiation and average temperature with the effect of radiation on maximum 

biomass decreasing as temperature increased.  At an average temperature of 15 

o
C maximum biomass increased by approximately 5 t/ha when radiation 

increased from 12 mj/m
2
 to 28 mj/m

2
, whereas at 30 

o
C the maximum biomass 

increased by only 2 t/ha for the same increase in radiation. 
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It is noticeable that for all of the response lines, for each radiation level, 

there was some variation in biomass as rainfall increased above that required to 

produce maximum biomass.  This is an artifact that arises because the number of 

days in a 2-month period can vary between 59 and 62.  This artifact is also 

present in Figure 4 in relation to radiation and in Figure 5 in relation to 

temperature.  There were several noticeable gaps in the data from just under 300 

mm to over 400 mm where there were no data points, indicating that rainfall 

levels when averaged over any 2-month period did not occur in this range at 

Badgingarra.  This arises simply as a consequence of the way in which the 

periods have been defined and would not be present if cutting and monitoring 

had taken place more frequently.  For similar reasons, there were gaps in the 

data in Figure 4 and Figure 5 relating to radiation and temperature, respectively. 

 

3.2 Changing soil type 

There was a slight decrease in the maximum biomass reached on gravelly, 

loamy sand compared with the other two soils but this was only seen at high 

radiation in combination with low rainfall frequency (Figure 2 and Figure 3).  

There seemed to be more variability in predicted biomass in the panel for actual 

rainfall for red, brown sandy loam over clay than for either poor sand or for 

gravelly, loamy sand.  The same levels of maximum biomass were reached in 

both poor sand and in red, brown sandy loam over clay for each temperature-

radiation combination.  However, in red, brown sandy loam over clay there was 

less variability in maximum biomass reached as well as in the rate of biomass 

increase, compared with poor sand.  Nevertheless, the trends and patterns 

observed were the same across all three soil types on the whole, which was why 

further analyses were conducted only for poor sand.  

 

3.3 Changing radiation 

The panel of graphs relating to biomass versus actual radiation showed 

clusters of points which correspond to the different 2-month periods in each year 

(Figure 4).  For rain of 20 mm and 30 mm falling every 7 days, biomass clearly 

increased with increasing radiation for all temperatures. 

The panel of graphs for 2-monthly decreasing radiation showed that biomass 

increased from zero to a maximum once a radiation threshold was reached.  The 



 

  23 

maximum biomass was dependent on both the amount of rainfall available and 

also the temperature.  At low temperatures, greater radiation was required to 

initiate biomass production than was required at medium or high temperatures, 

but this seemed to be independent of rainfall level.  Similarly at low 

temperatures, greater radiation was required to reach maximum biomass 

production.  As rainfall increased, maximum biomass production was attained at 

higher radiation levels.  Once maximum biomass production was reached, 

biomass declined slightly or remained constant as radiation increased, 

depending on temperature and rainfall.   

 

3.4 Changing temperature 

Biomass declined with increasing actual temperature regardless of radiation 

or rainfall levels (Figure 5).  As in the earlier graphs showing actual radiation, 

clusters of points correspond to the different 2-month periods in each year.  The 

change in the rate of decrease of biomass production for temperature values at 

around 25 
o
C for some graphs (mainly those at medium and high radiation and 

rainfall levels and low Temp Diff levels) reflected the effects of exceeding 

optimal lucerne growing temperatures (Dolling, 2006). 

The panels with decreasing temperatures showed a more complete biomass 

response to temperature, as the range of temperatures has been extended beyond 

the 2-month averages at Badgingarra.  Very low temperatures resulted in no 

biomass.  Biomass then increased rapidly to a maximum with both the 

maximum and the temperature at which this maximum was reached being 

dependent on rainfall, radiation and the level of Temp Diff.  Further increases in 

temperature then resulted in a gradual decrease in biomass to low levels. 

At low radiation levels there appeared to be little effect of rainfall or Temp 

Diff on the response of biomass to changes in temperature.  At high radiation 

levels and medium or high levels of rainfall there was clearly greater biomass 

produced for a given average daily temperature than for corresponding low 

levels of rainfall. 

There appeared to be an interaction effect of rainfall with Temp Diff and 

radiation.  At low rainfall, biomass production reached greater maximum levels 

with decreasing Temp Diff.  However at medium and high levels of rainfall, this 

occurred only for high radiation; for both medium and low radiation there was 
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no change in maximum biomass produced with changes in either Temp Diff or 

rainfall. 

 

 

Fig 1:  Effects of changes in rainfall amount and frequency on APSIM-

generated lucerne biomass production in a poor sand soil.  The black dashed 

vertical and horizontal lines on the extreme left panels show the predicted 

biomass for a rainfall of 150 mm and thus help to elucidate how an increase in 

rainfall frequency for a fixed amount of rainfall results in a decrease in 

harvested biomass. 
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Fig 2:  Effects of changes in rainfall amount and frequency on APSIM-

generated lucerne biomass production in a gravelly, loamy sand soil. 
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Fig 3:  Effects of changes in rainfall amount and frequency on APSIM-

generated lucerne biomass production in a red/gray clay soil. 
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Fig 4:  Effects of changes in radiation on APSIM-generated lucerne biomass 

production in a poor sand soil. 
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Fig 5:  Effects of changes in temperature on APSIM-generated lucerne biomass 

production in a poor sand soil. 

 

4. Discussion 

This study reveals that there are clear and relatively simple relationships 

between the lucerne biomass predicted by APSIM and the meteorological input 

factors that were considered.  Surprisingly, there was no visible effect of soil 

type on APSIM-generated lucerne biomass production with simulated regular 

rainfall, in spite of the large differences in the water-holding capacity of the 3 

soil types used (Table 1).  This failure of soil type to demonstrate any effect on 

APSIM-generated lucerne biomass production probably reflects the regularity of 

the simulated rainfall which means no very large or very small rainfall events 

occurred. This resulted in plants being able to take up all soil water at each 

rainfall event, except that which evaporated, as the amount of rainfall never 
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exceeded the soil water holding capacities of any of the soils.  The fact that soil 

type made some difference with real rainfall reflects the fact that real rainfall 

was much more variable, with occasional large rainfall events and more frequent 

but irregular small rainfall events.  Large rainfall events potentially exceeded 

soil water holding capacity, especially if occurring in close succession, and thus 

the amount of water from these events taken up by plants depended on the soil 

capacity.  Similarly, the amount of water from very small rainfall events not 

evaporating and thus available to plants would also depend on soil water holding 

capacity.  Thus it is expected that if lower or higher rates of rainfall had been 

tested, and if these occurred in less regular patterns, then soil type would have 

had more of an effect in APSIM.  

The relationships between rainfall and biomass produced and between solar 

radiation and biomass produced are essentially sigmoidal, with a close to linear 

relationship between a minimum and maximum threshold.  Sigmoidal functions 

are not uncommon in the field of biology and are often used to model growth of 

ecological populations and other natural processes (Berger, 1981; Streibig, 

1988; Barrow and Mendoza, 1990).  The negligible differences in the maximum 

biomass production due to rainfall frequency are due to the regularity of the 

simulated rainfall patterns as explained above; at more extreme frequencies, or 

with less regular patterns, more of an effect would be expected to be eventually 

revealed.  

The relationships between temperature and biomass are indicated by 

unimodal functions that increase to a single maximum and then steadily 

decrease thereafter.  This probably reflects the fact that some processes within 

the APSIM simulation depend on temperature, with maximum efficiency at an 

intermediate optimal temperature and reduced efficiency at more extreme higher 

and lower temperatures.  While these effects could be modelled with piece-wise 

linear functions, or quadratics, the intricacies shown in these graphs suggest that 

they are probably best approximated by splines rather than by curves with a 

relatively simple functional form.  The advantages of splines are that they are 

simple to construct and can flexibly approximate complex functional forms with 

a high degree of accuracy.  Splines have been used for modelling a variety of 

natural phenomena, such as bacterial swimming speed (Stock, 1976), air 
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pollution (Leitenstorfer and Tutz, 2007), breast cancer survival (Gray, 1992) and 

soil temperatures (Yang, 2004). 

Notwithstanding these main effects, it is the effect on APSIM-generated 

lucerne biomass production of the interaction between the amount and 

frequency of rainfall, solar radiation and air temperature that precisely defines 

the shape of the overall response surface.  This study suggests that noticeable 

high-order interaction effects exist between rainfall amount, solar radiation, 

daily average temperature and the difference between maximum and minimum 

daily temperatures.  For example, in Fig. 3, the minimum threshold for rainfall 

amount where biomass starts to increase is higher when rain falls every 14 days 

than every 7 days, and higher still when it falls only every 28 days.  This is 

probably due to the fact that more rainfall will be lost to evaporation when 

rainfall occurs in smaller more frequent amounts, and so more rainfall overall is 

required for the same effect.  Other interactions give similar insights into the 

overall effect of the interaction between the collective processes underlying the 

APSIM simulation, and will also need to be included in emulators. 

Little knowledge of the internal formulation and constructs involved in the 

APSIM model were required in obtaining these trends and patterns.  Despite 

this, the characteristics of the relationships modelled in APSIM between the 

primary drivers of lucerne biomass production and the resulting production 

output have not only been demonstrated, but have been shown to be 

fundamentally relatively basic.  The implication is that this methodology can be 

used to examine any complex mechanistic model to efficiently elicit the effects 

of the main drivers on a specific outcome; importantly, detailed knowledge of 

the structure and composition of the mechanistic model is not required to 

accomplish this task. 

These findings support the development of a statistical emulator of APSIM-

generated lucerne biomass production that includes sigmoidal functions to 

represent the effects of rainfall amount and solar radiation, a spline function to 

represent the effect of temperature and some (possibly linear) higher-order 

interaction effects of these variables.  This statistical emulator and other 

plausible emulator models of APSIM-generated lucerne biomass production are 

constructed, statistically validated and compared in Chapter 3. 
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5. Conclusion 

This study revealed simple relationships between the meteorological data 

and soil type data that drives the complex growth model APSIM and the lucerne 

biomass predictions it outputs.  These results increase the general transparency 

of the APSIM model and, by extension, other similar complex growth 

simulators.  They also highlight the viability of building emulators for APSIM 

and other growth simulators, and give a good indication of what functional 

forms may be used for such emulators. 
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ABSTRACT 

A new methodology was developed to create statistical emulators from an 

existing complex simulation plant growth model in order to provide simple 

models for predicting perennial pasture production based on meteorological 

data. The goal was to find emulators that could fit simulation data and also 

provide reliable predictions of new simulation output.  Four types of statistical 

emulators were compared: linear models, nonlinear models, linear splines and 

cubic splines.  These emulators varied in complexity due to the use of different 

functional forms to fit the main effects and different methods to determine 

model parameters.  Two methods of model validation were used to ensure that 

the emulator selected provided a good fit to the initial simulation output and 

gave adequate predictions of future simulation output.   

The various techniques of model development and validation were 

illustrated using the Agricultural Production Systems sIMulator (APSIM) plant 

growth model.  The effects of rainfall amount, rainfall frequency, temperature 

and radiation on APSIM-generated biomass production of the perennial pasture 

species lucerne (Medicago sativa) were used as a case study.  The best statistical 
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emulator was the cubic spline.  The novel approach illustrated here provides a 

rigorous, flexible and powerful means of developing and testing emulators for 

any complex simulation model.   

 

Keywords: Statistical emulator; Linear mixed effects model; Model validation; 

Cubic splines; APSIM; Medicago sativa 

 

1. Introduction 

 

In Chapter 2, the characteristics of the relationships modelled in APSIM 

between the primary drivers of lucerne (Medicago sativa) biomass production 

and the resulting production output were demonstrated.  It was also 

demonstrated that these relationships are fundamentally very simple.  APSIM-

generated lucerne biomass production followed a sigmoid curve with either 

increasing rainfall or with increasing solar radiation, and followed a concave 

unimodal curve with increasing daily average temperature.  Changes in rainfall 

frequency (days between rainfall events) were also shown to affect APSIM-

generated lucerne biomass production.  There was clear evidence of high-order 

interactions between these input variables.  It was surmised, based on these 

findings, that a simple statistical model or emulator of APSIM-generated lucerne 

biomass production could be developed relatively easily and quickly.   

This paper demonstrates the construction and statistical validation of several 

candidate emulator models for APSIM-generated lucerne biomass production 

with only meteorological factors as inputs.  These models have several 

advantages over APSIM in predicting lucerne biomass production.  Emulators 

are designed to eliminate a great deal of the complexity inherent in the 

simulation model to provide greater clarity and transparency to the modelling 

process.  While being less complex in design than the simulation model, they 

can still provide reasonably accurate predictions of the response of interest 

(Conti and O'Hagan, 2010).  Moreover, statistical emulators can provide more 

than just a point estimate of the mean value of the response variable; they can 

also provide a confidence interval about this point estimate (Snedecor and 

Cochran, 1989). 

One common method for constructing statistical emulators involves the use 

of Bayesian analysis to create Gaussian process emulators (O'Hagan, 2006).  
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These emulators model the simulation response as a Gaussian process of the 

simulation model inputs.  The fundamental concept of a Gaussian process is that 

small differences in inputs will result in small differences in outputs.  Classical 

modelling methods such as polynomial regression (Kleijnen, 2006) along with 

Fourier models and splines (Barton, 1998) are alternative means by which 

statistical emulators have been created. 

Statistical model validation is used to ensure that a statistical model not only 

provides a good fit to the existing data, but also gives adequate predictions of 

future observations.  In the case of a statistical emulator, the existing data is the 

data from the simulation model that is used to build the emulator and future 

observations are potential future predictions of the simulation model (Bastos and 

O'Hagan, 2009).  Model validation can involve both graphical and numerical 

techniques.  Graphical methods can include plots of emulator predictions against 

new simulation-generated output and scatter plots of residual errors against 

fitted values from the emulator model, but these provide only a subjective 

evaluation (Mayer and Butler, 1993).  Numerical methods such as bias, the r
2
 

statistic, and the root mean square error provide a more quantitative means of 

validation, but each method tends to focus on only a limited aspect of the 

relationship between the emulator model data and the simulation model data 

(Walther and Moore, 2005). 

The primary aim of this paper is to develop and compare statistical 

emulators for APSIM-generated lucerne biomass production based on four 

levels of model complexity.  A secondary aim is to use two methods of 

statistical model validation to determine which of the four emulators provides 

the best model in terms of fit and predictive ability.  The use of more than one 

method of both model fitting and model validation ensures the robustness of the 

resulting emulators.   

 

2. Methods 

 

2.1 Case study 

 

A dataset of lucerne biomass production (dry) was generated from APSIM 

using weather data from the Badgingarra Weather Station, Western Australia 

(Latitude 30.34° S - Longitude 115.54° E) taken from the Australian Bureau of 
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Meteorology SILO database (www.bom.gov.au/silo) as described in Jeffrey et 

al. (2001).  This file contained historical daily information including rainfall 

(mm), radiation (mj/m
2
) and maximum and minimum temperatures (

o
C) for 

approximately 100 years (1889 – 2006).  Using APSIM simulation, lucerne was 

planted on 15/05/1889 (early autumn) and allowed to mature for the first eleven 

years until monitoring was started on 01/12/1900.  The initial growth for 11 

years before monitoring commenced was to ensure that only production of well-

developed plants was assessed.  The standard practice is to assign the soil type 

that is most consistent with soils actually found at a given site, but for the 

purposes of this study of developing a statistical emulator, all simulations were 

run in a simple sandy soil.  Full details of the dataset used can be found in 

Chapter 2. 

Daily average temperature was calculated from this weather data and the 

dataset consisting of these readings, along with the resulting biomass production 

generated by APSIM, was consolidated into 2-monthly readings from 

01/12/1900 to 30/09/2006 to give a total of 641 data points.  It was also 

standardised so that each 2-month period had 61 days.  The resulting dataset was 

split to obtain two sets of almost equal size.  One set, known as the Fitting Set, 

was used to develop the statistical emulators, while the other set, known as the 

Validating Set, was used independently to determine the predictive ability of 

these statistical emulators.  Each set had more than 300 data points, thus 

ensuring the reliability of the models developed. 

Initially the data were split on the basis of time, with Set 1 containing all the 

values from 01/12/1900 to 30/11/1953, and Set 2 containing the remaining 

values.  However, since the weather data prior to the 1960s were based solely on 

interpolations from nearby weather stations, it was noted that this data split 

could result in differences due to background causes such as climate change 

between the Fitting Set and the Validating Set, which could then contribute to 

invalidation of the fitted models.  So another method of data splitting was also 

considered.  To minimise any loss of the correlation between years that existed 

in the original dataset, the second method of data splitting consisted of dividing 

the data into groups of 4 consecutive years and these groups were numbered 

sequentially.  Set 3 contained all the odd-numbered groups and Set 4 contained 

the even-numbered groups.  Models were then developed using each set in turn 
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as the Fitting Set, with the corresponding remaining data forming the Validating 

Set. 

 

2.2 Emulator construction 
 

All statistical modelling was carried out using R (R Development Core 

Team, 2009).   

Results from Chapter 2 indicated that the main effects of rainfall amount 

(RAmt) and radiation (Radn) on APSIM-generated biomass production could be 

modelled using sigmoid curves, while a unimodal function could be used to 

model the main effect of daily average temperature (Temp).  However, 

examination of the data indicated that simpler models might also provide a 

reasonable fit to the relationships between APSIM-generated lucerne biomass 

production and either RAmt or Radn, as most of the variation in biomass 

appeared to be linear.  There was also evidence of effects of rainfall frequency 

in days (RFreq) and interactions between all these terms.  However it was 

unclear what functional forms these effects might take.   

 

2.2.1 Linear emulator 

 

The linear emulator included the linear main effects of RAmt, RFreq, Radn, 

both linear and quadratic effects of Temp, as well as linear interactions between 

these variables.  These models were fitted using the R ‘lm’ function (Chambers, 

1992).   

 

2.2.2 Non-linear emulator 

 

In the non-linear emulator, non-linear parametric models were fitted to the 

relationships between the dependent and independent variables.  These non-

linear models were fitted using the 4-parameter logistic function (SSfpl) for 

RAmt and the 3-parameter logistic function (SSlogis) for Radn because an 

initial examination indicated that the lower asymptote was zero for Radn but 

was non-zero for RAmt.  A simple linear model was fitted for RFreq and a 

quadratic polynomial for Temp.  All first-order interactions of these variables 

were included in the model as interactions between linear effects.  This model 
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was referred to as the fitted full non-linear emulator.  Higher order interactions 

were not investigated for non-linear models due to problems with convergence 

of the iterative processes involved in determining the least squares estimates of 

the parameters and the belief that they would not be significant given the 

variability in the response variable.  Non-linear modelling was carried out using 

the R ‘nls’ function (Crawley, 2007; R Development Core Team, 2009).   

 

2.2.3 Spline emulators 
 

One means of incorporating more flexibility into the emulator to account for 

non-linear variation in the response is to base the emulator on semi-parametric 

regressions or p
th

-order splines.  A spline is a piecewise polynomial function 

which has knots at various points along the real axis where the segments join 

(Smith, 1979; Wand, 2000).  A p
th

-order spline is made up of p
th

-order 

polynomials which join smoothly up to the (p-1)
th

 derivative at each knot 

(Friedman, 1991).  In particular, linear splines and cubic splines were examined.  

A linear spline, also called a piecewise linear model, is composed of line 

segments that join to one another to form a continuous function.  Linear splines 

do not join smoothly at the knots; they are not continuously differentiable.  The 

R ‘segmented’ function (Muggeo, 2008) was used to obtain the parameter 

values for the linear spline by an iterative process.  Interaction effects were not 

examined in this case since their inclusion would have resulted in models that 

were too complicated and unwieldy to be useful.   

 

Cubic splines are constructed from segments of third-order polynomials 

which are constrained to blend smoothly where the segments join.  Cubic splines 

were fitted to the main effects of RAmt, RFreq, Radn and Temp while all 

interactions of RAmt, RFreq, Radn and Temp were fitted as linear effects.  

These models, known also as linear mixed effects models (Verbyla et al., 1999), 

were fitted using the R ‘asreml’ function (Gilmour et al., 2007) which allocated 

two components to each spline; a linear trend component and a component 

which represented the variability about that trend.  In this procedure the linear 

trend was fitted as a fixed effect and the variability about that trend was fitted as 

a random effect.  It is commonly assumed that cubic splines have a tendency to 

overfit and thus may not provide good predictions (Wold, 1992)  Methods to 
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avoid overfitting include selection of the number of knots (Friedman, 1991).  

Therefore several numbers of knots were tested and the minimum number that 

was sufficient to ensure that the shape of the curve did not change markedly 

with a further increase in the number of knots was chosen.  In this case, 12 knots 

was sufficient.  Table 1 summarises the models that have been fitted to each 

independent variable. 

 

The saturated models for each of these emulators are shown in the 

Appendix. 

 

Table 1:  The emulators fitted to each of the independent variables in this study. 

Linear emulators Non-linear emulators Spline emulators Independent 

variable
†
 Linear Quadratic Linear Quadratic Logistic Linear Cubic 

RAmt X    X
1
 X X 

RFreq X  X   X X 

Radn X    X
2
 X X 

Temp X X X X  X X 

† RAmt = rainfall amount, RFreq = rainfall frequency, Radn = radiation, Temp = temperature 
1
 4 parameter logistic 

2
 3 parameter logistic 

 

2.3 Model selection 
 

The emulators described above represent the initial Full Models for each 

emulator.  Model selection was then carried out based on backward selection 

from this Full Model. Each term of the Full Model was then omitted 

sequentially, starting with the highest order term(s), to create several nested 

submodels (not shown).  Each submodel differed from its preceding neighbour 

by the elimination of only one term.  Adjacent pairs of models of this sequence 

(starting with the Full Model) were compared using analysis of variance 

(ANOVA), or residual maximum likelihood (REML) in the case of cubic spline 

models.  This comparison was used to determine if the term dropped from the 

model was significant (P<0.05).  If so, then the preceding neighbour model was 

taken as the Simplified Full Model.  For the spline models, all variance 

components were examined and the random model was simplified, where 

possible, on the basis of likelihood ratio tests prior to examination of the fixed 
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effects as outlined above.  The Simplified Full Model produced for each of the 

emulator functions is shown in the Results section.   

Many plant growth models have been constructed with a limited set of 

variables and it may therefore be possible to exclude some of the variables from 

the Simplified Full Model when constructing other candidate models for the 

emulator functions.  For this reason a number of models which include subsets 

of the independent variables were also considered.  French and Schultz (1984) 

suggest that potential plant growth throughout Southern Australia is influenced 

mainly by rainfall, with rainfall accounting for about 70% of total production 

variability.  Work from Chapter 2 indicated that RAmt may have more effect on 

APSIM-generated lucerne biomass production than RFreq.  Therefore one 

model chosen for assessment contained the main effect of RAmt only (ID=1 in 

Table 2) while another model contained the main effects of both RAmt and 

RFreq (ID=2 in Table 2) but excluded Temp and Radn.  All other models 

contained the effects of both RAmt and RFreq as well as various combinations 

of the other independent variables (Radn, Temp, Temp
2
) to create five more 

models (ID=3-7 in Table 2).   

 

Table 2:  The potential emulator models fitted using each emulator function 

ID Independent variables
†
 in model Linear Non-linear Linear spline Cubic spline 

1 RAmt � � � � 

2 RAmt, RFreq � � � � 

3 RAmt, RFreq, Radn � � � � 

4 RAmt, RFreq, Temp � � � � 

5 RAmt, RFreq, Radn, Temp � � � � 

6 RAmt, RFreq, Temp, Temp
2
 � � X X 

7 RAmt, RFreq, Radn, Temp, Temp
2
 � � X X 

8 Full Model � � X � 

† RAmt = rainfall amount, RFreq = rainfall frequency, Radn = radiation, Temp = temperature 

 

2.4 Emulator validation 
 

Validation of the emulator models shown in Table 2 was carried out in two 

ways (Snee, 1977).  The first method (Validation Method 1) used the mean 
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squared prediction error (MSPE) which measured the prediction capability of 

the model parameterised by the Fitting Set, on the Validating Set (Neter et al., 

1989; Stevenson et al., 2005). 

 MSPE = ∑
=

−
*

1
*

2)ˆ(n

i

ii

n

YY
,   (1) 

where  Yi is i
th

 response value from the Validating Set,  

 iŶ  is predicted value of Yi using the model parameterisation from the 

Fitting Set,  

and  n* is the number of observations in the Validating Set 

 

If the value of this statistic is close to the Mean Square Error (MSE) from 

the fitting set, then the MSE is considered to give an indication of the predictive 

capability of the fitted model (Neter et al., 1989).   

The second method of model validation (Validation Method 2) involved the 

calculation of a Prediction Sum of Squares (PRESS) statistic for the fitted model 

from each dataset.  The PRESS statistic is an adjustment to the residual sum of 

squares (SSE) to account for the leverage of each data value (Allen, 1974).  The 

leverage of a data value, hii with 0 ≤ hii ≤ 1, is the amount of influence that the 

value has in defining the shape of the fitted model (Wei et al., 1998). 

 PRESS = 2

1

)
1

(∑
= −

n

i ii

i

h

e
,  (2) 

where  ei is the ordinary residual  

and hii is the i
th

 leverage value calculated as the i
th

 diagonal element of 

the hat matrix (ie the n × n matrix formed by the least squares 

estimates of the parameter values of the fitted model) except in the 

case of models fitted using the nls function when 

 hii = ∑
=

p

k
ik

q

1

2  i=1..N   

where  Q = [qik]N x p is the orthogonal matrix of the QR decomposition of the 

Jacobian matrix of model parameters (St Laurent and Cook, 1992; 

1993; Rivals and Personnaz, 2004). 
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Thus data values with high leverage increase the PRESS value.  PRESS values 

which are close to the corresponding SSE values imply that the MSE can be 

used as an indicator of the predictive ability of the model (Neter et al., 1989).   

MSPE/MSE and PRESS/SSE ratios were calculated for each potential 

emulator model with Fitting Set and Validating Set combinations as shown in 

Table 3.  This table simply defines a notation which is then used in Table 4 for 

clarity.  The closer these ratios were to 1 for each of the four datasets, the 

greater the predictive ability of the corresponding model. 

 

Table 3:  Ratios calculated using the different Fitting Set and Validating Set 

combinations for each Validation Method. 

Fitting Set Validating Set Validation Method 1 Validation Method 2 

Set 1 Set 2 

1SetMSE

MSPE








 

1SetSSE

PRESS








 

Set 2 Set 1 

2SetMSE

MSPE








 

2SetSSE

PRESS








 

Set 3 Set 4 

3SetMSE

MSPE








 

3SetSSE

PRESS








 

Set 4 Set 3 

4SetMSE

MSPE








 

4SetSSE

PRESS








 

 

Thus from each emulator function, the best model(s) in terms of both fitting 

ability and predicting ability were those which, across all four datasets, had low 

MSE values and at the same time had MSPE/MSE and PRESS/SSE ratios close 

to 1  

The Akaike Information Criterion, known as AIC (Akaike, 1974), and the 

Bayes Information Criterion, known as BIC (Schwarz, 1978), were used as 

guides for comparison of the selected non-nested models (Hastie et al., 2009).  

The model with the lowest AIC and BIC was considered to be the best in terms 

of predictive ability (Hastie et al., 2009).  Thus the single model which gave the 

best emulation of APSIM-generated biomass production was determined.  The 

variance components for the random effects and the coefficients of the fixed 

effects of this model, along with their associated standard errors, were then 
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obtained by fitting this model using the entire dataset originally generated from 

APSIM for this study. 

 

3. Results 

 

In this section, all models have been shown using symbolic representation 

(Wilkinson and Rogers, 1973) for convenience and clarity. 

 

Simplified Full Models for each emulator type are shown below: 

Linear: 1 + RAmt + Radn + Temp + Temp
2
 + RAmtRadn + RAmtTemp 

 + RAmtTemp
2
 + RadnTemp + RadnTemp

2
 

Non-linear:  1 + SSfpl(RAmt) + RFreq + RAmtRFreq + SStpl(Radn) + 

RAmtRadn + Temp 

Cubic spline: 1 + lin(RAmt) + spl(RAmt) + RFreq + lin(Radn) + spl(Radn) 

 + lin(Temp) + spl(Temp) + RAmtRFreq + RAmtRadn + 

RAmtTemp 

 + RFreqRadn + RFreqTemp + RadnTemp + RAmtRFreqRadn 

 + RAmtRadnTemp 

 

where  AB represents the product of the terms A and B,  

and {A, B, C} ⊂  {RAmt, RFreq, Radn, Temp, Temp
2
}. 

 

Note that there was no simplification of the full model for the linear spline 

emulator since interactions were not included in the model, and elimination of 

first order effects was considered in the other models listed in Table 2. 
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Table 4:  Regression results from model fitting and validation.  The models in bold text had acceptable validation statistics and low MSE. 
 MSPE/MSE PRESS/SSE MSE (× 10

6
) Emulator 

function Independent variables
†
 in model Set 1 Set 2 Set 3 Set 4 Set 1 Set 2 Set 3 Set 4 Set 1 Set 2 Set 3 Set 4 

Linear RAmt 0.96 1.06 0.97 1.04 1.01 1.01 1.01 1.01 1.55 1.48 1.55 1.49 

 RAmt, RFreq 0.96 1.06 0.97 1.04 1.02 1.02 1.02 1.02 1.55 1.48 1.55 1.49 

 RAmt, RFreq, Radn 0.96 1.06 0.97 1.05 1.02 1.02 1.02 1.02 1.54 1.47 1.54 1.47 

 RAmt, RFreq, Temp 1.01 1.09 0.98 1.05 1.02 1.02 1.02 1.02 0.72 0.69 0.73 0.70 

 RAmt, RFreq, Radn, Temp 1.06 1.09 0.95 1.07 1.03 1.03 1.03 1.03 0.59 0.58 0.62 0.58 

 
RAmt, RFreq, Temp, Temp2 0.93 1.13 0.90 1.15 1.03 1.03 1.03 1.03 0.61 0.55 0.62 0.55 

 
RAmt, RFreq, Radn, Temp, Temp

2
 0.98 1.14 0.87 1.18 1.04 1.04 1.03 1.04 0.48 0.45 0.51 0.43 

 
Simplified full model 1.27 1.05 1.07 1.11 1.07 1.08 1.07 1.08 0.19 0.21 0.21 0.20 

Non- RAmt 0.97 1.03 1.05 0.98 1.03 1.02 1.03 1.03 1.21 1.17 1.17 1.21 

linear RAmt, RFreq 0.97 1.03 1.06 0.97 1.03 1.03 1.03 1.03 1.20 1.17 1.14 1.21 

 RAmt, RFreq, Radn 0.97 1.03 1.05 0.97 1.05 1.04 1.05 1.04 1.20 1.17 1.16 1.21 

 RAmt, RFreq, Temp 0.97 1.03 1.05 0.97 1.04 1.04 1.04 1.04 1.21 1.17 1.16 1.21 

 RAmt, RFreq, Radn, Temp 0.96 1.05 1.04 0.99 1.06 1.05 1.06 1.05 1.27 1.17 1.21 1.24 

 
RAmt, RFreq, Temp, Temp

2
 0.99 1.03 1.07 0.96 1.05 1.05 1.05 1.05 1.33 1.20 1.29 1.36 

 
RAmt, RFreq, Radn, Temp, Temp2 0.98 1.02 1.05 0.98 1.07 1.07 1.07 1.07 1.39 1.34 1.35 1.40 

 
Simplified full model 1.04 0.97 1.18 0.88 24.98 29.66 29.70 13.78 1.15 1.16 1.09 1.26 

Linear  RAmt 0.96 1.11 1.09 1.00 1.03 1.03 1.03 1.03 1.20 1.14 1.14 1.19 

spline RAmt, RFreq 1.03 1.05 1.19 0.96 1.07 1.06 1.08 1.06 1.01 1.00 0.97 1.04 

 RAmt, RFreq, Radn 1.03 1.04 1.20 1.00 1.10 ─ 1.11 1.09 0.56 0.99 0.53 1.04 

 RAmt, RFreq, Temp 2.46 5.43 0.98 2.16 1.11 1.10 1.11 1.09 0.37 0.36 0.41 0.36 

 RAmt, RFreq, Radn, Temp 1.44 3.31 3.09 1.96 ─ 1.13 ─ 1.13 0.18 0.16 0.18 0.17 

Cubic  RAmt 0.97 1.03 1.03 0.97 1.03 1.03 1.03 1.03 1.20 1.18 1.17 1.22 

spline RAmt, RFreq 1.06 1.00 1.09 0.93 1.05 1.05 1.06 1.04 1.02 1.07 1.02 1.12 

 RAmt, RFreq, Radn 1.02 1.26 1.08 0.97 1.14 1.18 1.16 1.14 0.37 0.33 0.35 0.37 

 RAmt, RFreq, Temp 1.21 1.07 0.91 1.18 1.13 1.10 1.10 1.12 0.36 0.39 0.42 0.36 

 RAmt, RFreq, Radn, Temp 1.10 1.12 0.85 1.16 1.13 1.13 1.13 1.13 0.17 0.17 0.19 0.16 
 

Simplified full model 1.30 1.27 1.01 1.18 1.17 1.17 1.19 1.17 0.16 0.15 0.17 0.16 

† RAmt = rainfall amount, RFreq = rainfall frequency, Radn = radiation, Temp = temperature 

─ PRESS is undefined due to observations with high leverage values 
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Table 5:  Potential emulator models with acceptable validation statistics and low MSE.  The models in bold had the lowest AIC and 

BIC values across all datasets. 

  AIC BIC 

Emulator 

function 
Symbolic representation of model

†
 

Set 1 Set 2 Set 3 Set 4 Set 1 Set 2 Set 3 Set 4 
All Data 

2
adjR  

1 + RAmt + RFreq + Temp 5203 5269 5384 5094 5222 5288 5403 5113 67.2% 

1 + RAmt + RFreq + Radn + Temp 5142 5215 5331 5036 5165 5238 5354 5059 72.5% 

1 + RAmt + RFreq + Temp + Temp2 5152 5201 5333 5021 5174 5223 5356 5043 73.0% 

Linear 

1 + RAmt + RFreq + Radn + Temp + Temp
2
 5079 5133 5269 4948 5105 5159 5295 4974 78.3% 

1 + lin(RAmt) + spl(RAmt) + lin(RFreq) + spl(RFreq) + 

lin(Temp) + spl(Temp) 
4426 4505 4616 4341 4464 4543 4655 4379 82.7% 

Cubic 

spline 
1 + lin(RAmt) + spl(RAmt) + lin(RFreq) + spl(RFreq) + 

lin(Radn) + spl(Radn) + lin(Temp) + spl(Temp) 
4179 4241 4363 4083 4227 4289 4411 4131 92.2% 

†  RAmt = rainfall amount, RFreq = rainfall frequency, Radn = radiation, Temp = temperature 
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Table 4 showed that MSE ranged from 0.15×10
6
 for the simplified full cubic 

spline emulator model when fitted using Set 2, to 1.55×10
6
 for the two simplest 

linear emulator models (the one including RAmt and the one including RAmt 

and RFreq) when fitted using either Set 1 or Set 3.  Ratios for MSPE/MSE 

ranged from 0.85 to 5.43 and ratios for PRESS/SSE ranged from 1.01 to 29.70.  

The simplified full model for each of the emulator functions had at least one 

high validation ratio (MSPE/MSE or PRESS/SSE).  In the case of the non-linear 

emulator function, this model also had high MSE values. 

Of the eight linear emulator models considered, only those models 

containing the effect of temperature had acceptable MSE values.  The models 

which also included a quadratic term for temperature had considerably lower 

MSE values and also good validation statistics.   

The non-linear emulator models had high residual errors as shown by their 

high MSE values, indicating that the models did not fit the original data well. 

The three simplest linear spline emulator models had high MSE values, 

while the remaining models had low MSE values but some high validation ratios 

(>2.0).  The two simplest cubic spline emulator models had high MSE values.  

Of the four remaining models, the one including RAmt, RFreq, Radn and Temp, 

but excluding interactions, had both low MSE values and good validation 

statistics. 

In Table 5 it is clear that the cubic spline models had considerably lower 

AIC and BIC values than the linear emulator models.  This indicates that the 

cubic spline models selected from Table 4 gave a better trade-off between 

accuracy and model complexity (as measured by the number of parameters) than 

the linear models, and suggests that the cubic spline emulators were the most 

efficient predictive models among the alternatives given in Table 5.  In 

particular, the cubic spline emulator with four independent variables (RAmt, 

RFreq, Radn and Temp) was the single most efficient predictive emulator since 

it consistently had the lowest AIC and BIC values across all the datasets.   

Each of the six emulators from Table 4 was now fitted to the whole dataset, 

permitting comparisons between the fitted values from the model and the actual 

values generated from APSIM.  Fig. 1 confirms that the emulator that best fits 

the original simulation data is the cubic spline with four independent variables.  

None of the models fitted particularly well for very low levels of simulated 
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biomass, but the cubic spline emulator with four independent variables showed 

the least deviation from the line of best fit.  In addition, this emulator was the 

only one that fitted well at high levels of simulated biomass.   

The presence of clusters of points, with some close to the line of best fit and 

some further away from this line, which is seen in each of the panels, suggests 

that all of the emulators fit well in certain seasons but not in others.  Figs 2-7 

compared the APSIM generated biomass and the predicted biomass from each 

of the selected emulator models with the associated rainfall separately for each 

season. 

Examination of the four linear emulator graphs (Figs 2-5) showed that, in 

general, predictions from the linear emulators did not fit the simulation data very 

well in any of the months, but particularly in the predominantly wet months 

(June-September) when there was high biomass production.  Emulator fits did 

improve with increase in complexity of the linear emulator.  This was most 

noticeable in the drier months of December-March, but it was also present in the 

April-May period.  Comparison of Fig. 4 and Fig. 5 shows that the inclusion of 

radiation effects tended to decrease the emulator fit in the drier months from 

October to May. 

In contrast, the two cubic spline emulator graphs (Figs 6-7) show that overall 

predictions from these emulators did fit the simulation data well.  Increasing the 

complexity of the emulator did increase the model fit throughout the year in 

both wet and dry periods.  The notable exception was during the October-

November period, when the inclusion of radiation in the emulator model tended 

to decrease the model fit. 

For each of the six emulator models selected, predictions from the model did 

not fit the simulation data well during occasions of higher than usual biomass 

production in relation to rainfall. 
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Figure 1: Comparison of fitted values from the six emulators against APSIM-

generated lucerne biomass at Badgingarra in sandy soil.  The y=x line has been 

shown in each panel for reference. 
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Figure 2:  Comparison of APSIM-generated biomass (actual, ○) and predicted 

biomass from the linear emulator that included rainfall amount, rainfall 

frequency and temperature (predicted, ∆), with the associated rainfall for each 

season. 
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Figure 3:  Comparison of APSIM-generated biomass (actual, ○) and predicted 

biomass from the linear emulator that included rainfall amount, rainfall 

frequency, radiation and temperature (predicted, ∆), with the associated rainfall 

for each season. 
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Figure 4:  Comparison of APSIM-generated biomass (actual, ○) and predicted 

biomass from the linear emulator that included rainfall amount, rainfall 

frequency, and both linear and quadratic effects of temperature (predicted, ∆), 

with the associated rainfall for each season. 
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Figure 5:  Comparison of APSIM-generated biomass (actual, ○) and predicted 

biomass from the linear emulator that included rainfall amount, rainfall 

frequency, radiation and both linear and quadratic effects of temperature 

(predicted, ∆), with the associated rainfall for each season. 
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Figure 6:  Comparison of APSIM-generated biomass (actual, ○) and predicted 

biomass from the cubic spline emulator that included rainfall amount, rainfall 

frequency and temperature (predicted, ∆), with the associated rainfall for each 

season. 
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Figure 7:  Comparison of APSIM-generated biomass (actual, ○) and predicted 

biomass from the cubic spline emulator that included rainfall amount, rainfall 

frequency, radiation and temperature (predicted, ∆), with the associated rainfall 

for each season. 
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4. Discussion 

 

The cubic spline emulator which included rainfall amount, rainfall 

frequency, radiation and temperature was the best emulator in terms of both 

fitting ability and predicting ability.  This model provided reasonable fits to the 

existing data as indicated both analytically through the MSE and R
2
 statistics 

and graphically through diagnostic plots.  This model had good predictive 

ability as assessed using two separate statistical techniques.   

The superiority of this model is somewhat surprising in light of the tendency 

of cubic spline models to overfit in comparison to simple linear models (Wold, 

1992).  However, the use of two methods of model validation and, in particular, 

the use of the MSPE statistic to provide external validation using a different 

dataset from that used for model fitting, has confirmed that the chosen emulator 

model did not overfit the data, possibly due to the relatively small number of 

knots used. 

The benefits of this approach to developing statistical emulators for complex 

plant growth models are numerous.  The ease of fitting and statistically 

validating the models, as well as the transparency of the process make it equally 

usable by non-statisticians and statisticians.  The emulator produced can be used 

to produce relatively quick but accurate estimates of biomass production under 

different weather conditions.  At any point in time, the emulator can be used to 

make a prediction of future biomass production over a period of time based on 

an average weather scenario, or on recent historical data combined with average 

weather scenarios for the near future.  It can also be used to quickly produce a 

distribution of possible production results over a period of time, based on a 

collection of historical weather records, in order to quantify uncertainty in a 

seasonal biomass production forecast.  Another advantage is that the simplicity 

of the statistical emulator that is developed facilitates its incorporation into more 

complex models that require biomass production estimates, such as models 

simulating the agro-ecological dynamics of farming systems over a number of 

years (Lawes and Renton, 2010). 

There have been some limitations on this study.  The linear spline emulators 

examined here did not include any with interaction terms, due to the fact that 

inclusion of interactions with this type of model would increase the complexity 
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of the models beyond the scope of this study.  While Chapter 2 showed trends in 

the data which are consistent with models that contained mixtures of several 

modelling functions, including nonlinear models for rainfall amount and for 

radiation, these mixture models were also excluded from this study.  Since 

nonlinear modelling methods involve iterative processes to find parameter 

values, convergence of the mixture could depend heavily on the particular initial 

parameterisation used in the nonlinear model.  In addition, the complexity of the 

resulting mixture model may well approach that of the original simulation model 

for which a simple statistical emulator is being sought. 

The emulator developed in this study was built and tested for its ability to 

predict biomass production for a particular species, at a single site, on a 

particular soil type.  There are many potential uses for such an emulator, and 

there is no reason why a number of emulators could not be built in a similar 

fashion for different species, sites or soil types as required.  However, expanding 

the current approach to enable the development of emulators for a wider range 

of soil types, species or locations would increase its usefulness and power.  

Further work could also investigate methods for using real data as it becomes 

available to calibrate models initially created using simulated data, in order to 

increase emulator prediction accuracy.  

In conclusion, the approach demonstrated in this paper is a powerful means 

of creating and testing relatively simple emulators of complex growth models, 

which can make similar predictions to the complex models, but with much 

improved computational efficiency and transparency.  
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ABSTRACT 

The primary motivation for the work reported in this chapter was the 

development of a method of calibrating, or updating, an existing emulator of 

plant (lucerne) biomass production using the small amount of real data available 

from a particular site with a specific soil profile, in order to further improve the 

emulator’s predictive ability for that site and soil.  Bayesian methods of model 

updating were adopted for this purpose.  At both the sites considered in this 

study, the number of real data points available for calibration was small.  As a 

consequence, there was only marginal improvement in prediction accuracy with 

the inclusion of real data.  Nevertheless, this improvement was noticeable, with 

even as few as eight additional real data points.  The methodology described in 

this study was found to be able to accommodate differences in levels of 

competition from plants of other species, between that assumed when 

constructing the initial emulator and that which existed for the real data used to 

update this emulator. 
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1. Introduction 

 

Complex plant growth models, also known as mechanistic or simulation models 

are useful in agriculture for many reasons.  Bouman et al. (1996) suggest that 

the initial development of these models was intended to provide better insight 

into the mechanisms underlying the biological processes which they were 

designed to model.  They can be used to provide predictions of plant responses 

to varying conditions without having to wait for corresponding conditions to 

actually occur or for the appropriate passage of time (Franco et al., 2011).  They 

can also be used to assess the potential of certain crops in various soils under 

differing climatic conditions without the expense and inconvenience of planting, 

cultivating and harvesting the crops in the natural world (Suriyagoda et al., 

2010).  They can provide predictions of crop growth and development under a 

range of likely future environmental scenarios.  Examples of complex plant 

growth models include GRASSGRO (Clark et al., 2000) for pasture production, 

FORGRO (van Ittersum et al., 2003) for pine forests, CERES (Rickman and 

Klepper, 1991) for wheat and EcoMod (Johnson et al., 2008) for whole farm 

management and economics. 

 

These mechanistic models capture numerous biophysical processes at a high 

level of detail and this can create problems.  These models inevitably require 

extensive and detailed inputs and are often time-consuming to run.  They 

contain intricate and interconnected computer coding that is difficult to modify, 

especially in situations such as those resulting from a change in understanding 

of the driving processes which require significant structural changes to the code 

(Holzworth et al., 2010).  Much simpler empirical agro-meteorological models 

have also been developed, and these overcome many of the difficulties 

associated with complex plant growth models (French and Schultz, 1984; Oliver 

et al., 2009; Tennant, 1996).  However, these models generally use only one or 

two of the most influential factors to predict the outcomes.  This limits their 
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prediction accuracy as other less influential factors can often significantly affect 

these outcomes. 

 

In Chapter 3 a statistical emulator was developed to predict biomass production 

for the perennial pasture species lucerne (Medicago sativa).  The model 

emulates the Agricultural Production Systems sIMulator or APSIM, a complex 

plant growth simulation model (Keating et al., 2003; Robertson et al., 2002) 

which means that it was developed using predictions from APSIM rather than 

real data.  It overcomes both APSIM’s need for large, detailed input datasets and 

some of the restrictions imposed by over-simplistic models which predict 

lucerne.  It also fills an intermediary position between the complex plant growth 

model and the simple agro-meteorological model by incorporating much of the 

simplicity of the less complex model with much of the predictive power of the 

mechanistic model.  However, since the model emulates APSIM, predictions 

from the emulator are limited in accuracy by the accuracy of predictions from 

APSIM itself.   

 

The statistical emulator was based on APSIM predictions rather than real data 

because there was not enough real data available from which to develop a robust 

statistical model.  Thus the primary motivation for the work reported in this 

chapter was the development of a method of calibrating, or updating, the 

emulator using the small amount of real data available from a particular site with 

a specific soil profile, in order to further improve its predictive ability for that 

site and soil.  For this purpose, Bayesian methods of model updating were 

adopted.  

 

Bayesian analysis is a statistical procedure which combines prior information or 

belief about a predictive model with new data to give updated, and therefore 

improved, estimates of the parameter values of the predictive model (Box and 

Tiao, 1992).  The advantage of using Bayesian methods is that they allow a 

robust and formalised way of incorporating expert knowledge into a model, thus 

forcing the model to “learn” (Heckerman, 1997).  They also provide a means of 

specifying the degree of confidence in this expert knowledge by adjustment of 

the relative weight of the prior compared to the new data (West, 1984). 
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2. Methods 

 

All soils are classified according to Isbell (2002). 

 

2.1 Bayesian theory 

 

Bayesian analysis uses Bayes’ theorem to determine the most likely parameter 

values of a model given some data.  Bayes’ theorem states: 

 

( | ) ( ) ( | )p y p p yθ θ θ∝ ×  

where 

( )p θ  is known as the prior distribution and represents expert 

knowledge or information about the parameter θ; this 

information is independent of the data; in this case it is the 

emulator model that was developed using APSIM 

predictions, 

( | )p y θ  represents the likelihood of obtaining the data values for 

given values of the parameters, 

( | )p yθ  is known as the posterior distribution and represents the 

model parameter estimates given the data; in this case it is the 

updated model. 

 

The degree of confidence in the prior distribution relative to the data is given by 

the variances associated with the parameter estimates (Chulani et al., 1999; 

West, 1984).  Thus the posterior distribution is a weighted normalised product 

of the prior and the likelihood function. 

 

WinBUGS, which is the Windows version of the “Bayesian inference Using 

Gibbs Sampling”, or Classic BUGS, program (Lunn et al., 2000), was used for 

all Bayesian analyses.   
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2.2 Experimental data 

 

Two sets of experimental data were available to update the emulator model.  

The relative locations of these sites and weather stations are shown in Fig 1. 

 

One set of data was obtained from a lucerne cv. SARDI 10 paddock on the 

Grazing Systems Analysis project (Hyder et al., 2006) at the Mt Barker 

Research Station, Western Australia (Latitude: -34.62 S, Longitude: 117.64 E).  

The soil for the lucerne paddock is detailed in Table 3.  Lucerne was undersown 

with canola (Brassica napus) on 4 May 2005 and was managed to ensure 

establishment and survival through the subsequent 2 summers.  In general terms, 

this involved grazing the lucerne for periods of 3-6 days, taking care to prevent 

overgrazing of the lucerne crown.  Animals were then removed, lucerne biomass 

allowed to accumulate, and the procedure repeated throughout the summer.  The 

frequency of grazing varied between seasons depending on the growth of 

lucerne, which in turn was dependent on the availability of soil moisture and 

summer rainfall.   

 

During summer, lucerne above-ground growth was assessed using a calibrated 

visual appraisal method (Thompson et al., 1994).  Twenty two marker pins were 

placed in Dec 2007 in a Z-shaped pattern throughout the lucerne paddock.  Each 

pin was placed amongst lucerne plants such that a 0.1 m
2
 quadrat placed over 

the pin included lucerne.  Visual estimates of lucerne shoot biomass were made 

at each pin and converted to a measure of dry weight (kg DM/ha) using a 

calibration curve constructed from 5-10 quadrats which, after being visually 

assessed, were harvested by cutting all lucerne material to ground level using 

hand shears.  This calibrated visual technique is a standard procedure for 

assessing pasture productivity.  The harvested samples were sorted to remove 

non-lucerne material, dried at 60 
o
C and weighed.  The rate of growth of lucerne 

was estimated by the difference between the average lucerne DM in the paddock 

prior to grazing, minus that after grazing, divided by the number of days un-

grazed.  
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During the winter/spring growing season, lucerne biomass was assessed at 4-6 

week intervals using nine 1 × 1 m enclosure cages placed randomly in the 

paddock.  Total feed on offer (kg DM/ha) was estimated visually in the cages at 

the start and end of the growth period, and the difference divided by the number 

of days in the growth period to give pasture growth rate (kg DM/ha/day).  An 

un-calibrated visual estimate of lucerne as a percentage of the total DM in each 

cage was used to estimate the lucerne biomass at each assessment, and the 

lucerne growth rate was calculated for that growth period as described above.  In 

most cases, lucerne represented a very small proportion of the total DM during 

the winter/spring growing season due to the dominance of annual pasture 

species.  The dataset collected consisted of 18 readings, i.e. sampling times, for 

lucerne biomass between the end of 2006 and late 2010 as indicated in Table 1. 

 

A second set of data was collected from a farm in Meckering, Western Australia 

(Latitude -31.40 S, Longitude 117.18 E) where lucerne cv Sceptre was grown on 

4 soil types as described in Table 2.  Lucerne was established on 7 June 2001 

and managed according to best agronomic practice as described by Fedorenko et 

al. (2009).  All above-ground biomass produced between the time of sowing and 

22 Feb 2004 was harvested.  Harvesting occurred 8 times in this period at 

varying frequency depending on pasture production and grazing management.  

At each sampling date lucerne was cut using six 0.25 m² quadrats per soil type. 

These were processed independently, dried at 60°C and weighed.  The average 

of 6 replicates per soil type on each sampling date was used to update the 

emulator (Table 1). 

 

2.3 Prior information 
 

Prior information about the statistical emulator to be updated can include, but is 

not limited to, the explanatory variables included in the model, the functional 

form of the relationship between these variables, and the estimates and standard 

errors of the parameter values associated with each of these explanatory 

variables.  In this chapter, six statistical emulators with the same functional form 

and explanatory variables, but with different parameter values and standard 

errors, were examined.  The functional form of each emulator was the sum of 



 

  71 

the linear effects of total rainfall amount (mm), rainfall frequency (days between 

rainfall events) and average solar radiation (mj/m
2
) and both the linear and 

quadratic effects of daily average temperature (
o
C); no interactions were 

included in this model (Chapter 3).  This model was chosen because its relative 

simplicity facilitated the processes involved in updating a statistical emulator 

with real data and made it easier to explain the methods used.   

 

One source of prior parameter values for the linear emulator model (Chapter 3) 

was the emulator developed using meteorological data from Badgingarra, 

Western Australia, for APSIM-generated growth in a poor sandy soil, and is 

hereafter referred to as the Badgi emulator.  Alternative sources of prior 

parameter values were emulators constructed from APSIM output of biomass 

production for lucerne grown at the site and soil which most closely resembled 

that from where the experimental data was collected.  Table 2 gives a summary 

of information for each of these alternative emulators.  These emulators are 

hereafter referred to as either the Mt Barker emulator or the Meckering 

emulators.   

 

All of these emulators were developed in WinBUGS using a non-informative 

prior to ensure that the resulting parameter values were based only on the 

APSIM-generated data.  These emulators were designated as “un-updated” 

precision models since they were not updated using experimental data.  The 

prediction ability of the un-updated Badgi emulator was compared with the 

prediction ability of the un-updated Mt Barker emulator (Table 3) and separately 

with the prediction ability of each of the un-updated Meckering emulators 

(Table 4). 

 

When these emulators were developed in Chapter 3, to maintain simplicity of 

the resulting models, the correlations between these explanatory variables were 

assumed to be zero.  Therefore, the prior distribution for each of the model 

parameters was assumed to be independent and Normal, and was defined by 

their estimates and some associated measure of variability or uncertainty.   
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2.4 Calibration: combining prior information and experimental data 
 

When updating the emulator model with real data, precisions of prior estimates 

represent the weight placed on the prior as opposed to the real data.  These 

weights can be adjusted to indicate increased confidence in the extent to which 

the real data truly reflects the likely lucerne biomass production levels at that 

location and soil type.   

 

The estimates and variances of the parameter values obtained for the emulators 

from the three sites were used as separate sources of prior information.  The 

Badgi emulator was then updated with experimental data from each site and soil 

type.  The Mt Barker emulator was updated with experimental data from Mt 

Barker and the Meckering emulators were updated with experimental data from 

Meckering for the appropriate soil type.   

 

The updated models were developed using one of two measures of precision: 

first, where the precisions equal the inverse of the variances for the parameter 

estimates (designated as “full” precision) and second, where these precisions 

were reduced by a factor based upon the amount of variability in the 

experimental data that can be explained by the emulator (designated as 

“reduced” precision).  From Robertson et al. (2002), it was shown that APSIM 

was able to explain about 55% of the variability in the real lucerne biomass data 

that was used to validate APSIM.  The emulator created in Chapter 3 was 

estimated to explain 78% of the variability in APSIM-generated predictions.  

Thus the precision factor level chosen in this study was equal to 0.43 ÷ number 

of real data points, where 0.43 = 55% × 78%. 

 

The process of updating these emulators with real data to obtain the posterior 

distributions was achieved using Gibbs sampling (Gelfand and Smith, 1990; 

Geman and Geman, 1984), which is a Markov Chain Monte Carlo (MCMC) 

method (Hastings, 1970).  Convergence to the posterior distributions was 

checked by visual inspection of three chains with differing initial values for the 

model parameters using trace plots, autocorrelation plots and Brooks-Gelman-

Rubin (BGR) diagnostics (Lunn et al., 2000).  The first 50,000 burn-in iterations 
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were discarded and the next 100,000 iterations were used for inference of the 

posterior predictive distribution.  The results are presented both graphically 

(Figs 1-4) and analytically (Table 3). 

 

Table 1:  A summary of the real data collected from each of the sites used in this 

study.  This table also includes, for comparison, the number of data points from 

APSIM that were used to generate the initial emulator for each site. 

Site 
Cutting 

frequency 
Date range 

Number of real 

data points 

Number of APSIM 

data points 

Mt Barker Monthly 29/11/2007 – 30/05/2009 18 1284 

Meckering 3-monthly 24/10/2001 – 22/02/2004 8 428 
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Table 2:  Relevant information used to generate simulation data from APSIM, for each site from which real data was obtained for this 

study. 

Nearest weather station 

Site Actual soil
‡
 

Latitude Longitude Name 
APSIM soil category

*
 

Maximum potential 

root depth
§
 (m) 

PAWC
†
 

(mm) 

Mt Barker  Yellow and grey 

chromosol 

-34.62 S 117.64 E Mt Barker  S8: Loamy sand over clay 1.8 89.6 

Reticulate 

kandosol 

S1: Poor sand 2.1 54.9 

Yellow-orthic 

tenosol 

S2: Yellow deep sand 2.1 82.3 

Reticulate 

chromosol 

S3: Shallow duplex 1.8 57.3 

Meckering  

Yellow 

chromosol 

-31.45 S 117.22 E Aleppo 

S4: Gravelly loamy sand 2.5 111.6 

‡  Soils are classified according to Isbell (2002) 

§  Lucerne roots extend to a maximum depth of 2 m in APSIM. 

†  PAWC = plant available water capacity 

*  As defined for use in this study 
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Badgingarra

Mt Barker

Cunderdin

Farm
Aleppo

Meckering

Perth

N

100 km  

Figure 1:  Location of sites and weather stations used in this study. 



 

  76 

3. Results 

 

Table 3:  Posterior predictive distribution for average monthly lucerne biomass production (t/ha) at Mt 

Barker. 

Badgi Emulator Mt Barker Emulator Soil at Location from which 

Real Data was grown 

Relative Prior 

Precision
†
 PM

§
 95% PPI

‡
 PM 95% PPI 

un-updated 0.72 [0.34,1.34] 0.86 [-0.08,2.52] 

full 0.44 [0.00,1.08] 0.45 [-0.62,2.11] 

reduced 0.43 [0.03,0.94] 0.43 [-0.36,1.42] 
Yellow and grey chromosol 

Real Data (n=18) Mean=0.43, Range=[0.00,1.10] 

†  Indicates the weight put on the APSIM emulator model as opposed to the real data. 

§  Posterior mean 

‡  95% equal-tailed posterior probability interval based on 2.5% and 97.5% quantiles of posterior density 

 

Table 4:  Posterior predictive distribution for average 3-monthly lucerne biomass production (t/ha) at 

Meckering. 

Badgi Emulator Meckering Emulators Soil at Location from which 

Real Data was grown 

Relative Prior 

Precision
†
 PM

§
 95% PPI

‡
 PM 95% PPI 

un-updated 2.00 [-0.24,4.25] 1.32 [-0.33,3.64] 

full 1.64 [-1.51,4.23] 1.46 [-0.59,3.81] 

reduced 1.30 [-0.54,2.93] 1.30 [-0.18,2.44] 
Reticulate kandosol 

Real Data (n=8) Mean=1.26,  Range=[0.25,2.55] 

un-updated 2.00 [-0.24,4.25] 1.39 [-0.33,3.69] 

full 1.36 [-1.78,3.99] 1.19 [-0.90,3.56] 

reduced 0.99 [-0.81,2.44] 0.98 [-0.49,2.46] 
Yellow-orthic tenosol 

Real Data (n=8) Mean=0.96,  Range=[0.15,2.47] 

un-updated 2.00 [-0.24,4.25] 1.32 [-0.33,3.56] 

full 1.46 [-1.64,4.06] 1.28 [-0.64,3.52] 

reduced 1.15 [-0.80,2.73] 1.13 [-0.36,2.70] 
Reticulate chromosol 

Real Data (n=8) Mean=1.11,  Range=[0.21,2.83] 

un-updated 2.00 [-0.24,4.25] 1.19 [-0.31,3.50] 

full 0.91 [-2.39,3.72] 0.74 [-1.33,3.35] 

reduced 0.39 [-0.98,1.44] 0.43 [-0.95,2.08] 
Yellow chromosol 

Real Data (n=8) Mean=0.37,  Range=[0.01,0.92] 

†  Indicates the weight put on the APSIM emulator model as opposed to the real data. 

§  Posterior mean 

‡  95% equal-tailed posterior probability interval based on 2.5% and 97.5% quantiles of posterior density 
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Table 3 shows that, as expected, the posterior means of the Badgi emulator and the 

Mt Barker emulator tend towards the mean of the real data with decreasing precision 

on the prior.  It is interesting to note that the posterior means of the Mt Barker 

emulator are almost always further from the mean of the real data than are those of 

the Badgi emulator.  The posterior probability intervals for the Mt Barker emulator 

are wider than those of the Badgi emulator, indicating greater variability in 

predictions from the Mt Barker emulator.  Both of these observations suggest that re-

parameterisation does not seem to improve model predictions at this site.  However, 

the posterior probability intervals for both emulators contained the mean of the real 

data, even the Badgi emulator which was developed at a different site and soil type 

from where the real data was obtained.  Thus neither emulator appears to be biased.   

 

In Table 4, the posterior means of the Badgi emulator and the Meckering emulators 

also tend towards the means of the real data as the prior precision decreases, 

regardless of the soil in which growth occurred.  The posterior means of the 

Meckering emulators are consistently closer to the means of the real data than are the 

corresponding posterior means of the Badgi emulator.  This indicates that re-

parameterisation does improve model predictions at this site.  Again, all posterior 

probability intervals contain the associated real data means suggesting that both the 

Badgi emulator and the Meckering emulators are unbiased.  In general, the posterior 

probability intervals also decrease as the prior precision decreases indicating the 

increased accuracy of the posterior mean.  There is a noticeable difference in 

behaviour of these emulator models for growth in S4 soil as compared to growth in 

other soils in that the posterior mean is closer to the real data mean for the Badgi 

emulator updated with real data at reduced prior precision than the associated 

Meckering emulator.  The posterior probability interval for this Badgi emulator is 

also smaller than that for the Meckering emulator, suggesting that the Badgi emulator 

better represents the real data in S4 soil. 
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Figure 2:  Comparison of real data from Mt Barker with predicted biomass from the 

un-updated APSIM emulator and from the APSIM emulator updated with real data 

using full and reduced prior precisions.  The y=x line has been included for reference. 
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Figure 3:  Comparison of real data from Meckering with predicted biomass from the 

un-updated APSIM emulator and from the APSIM emulator updated with real data 

using full and reduced prior precisions. 
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Figure 4:  Density plots of posterior predictive distributions for the un-updated 

APSIM emulator and for the APSIM emulator updated with real data from Mt Barker 

using full and reduced prior precisions.  The real data has been included on the x axis 

for reference. 
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Figure 5: Density plots of posterior predictive distributions for the un-updated 

APSIM emulator and for the APSIM emulator updated with real data from Meckering 

using full and reduced prior precisions.  The real data has been included on the x axis 

for reference. 

 

For growth at Mt Barker in S8 soil, Fig. 2 demonstrates that by decreasing the prior 

precision, the predicted biomass from either emulator comes closer to the real data.  

However, the data points appear to be closer to the y=x line for the Mt Barker 

emulator than for the Badgi emulator, except, notably, in the case of the emulator 

with reduced prior precision where the reverse is true.  In contrast, the density plots 

(Fig. 4) confirm the findings in Table 3 that the Badgi emulator appears to represent 
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the real data better than the Mt Barker emulator does.  This result is clearly seen to be 

due to the larger tails of the distributions for the Mt Barker emulator. 

 

For growth at Meckering in S1, S2 or S3 soils (Fig. 3), the data points for the 

Meckering emulators lie much closer to the y=x line than those for the Badgi 

emulator.  For growth in S4 soil, both emulators tend to over-predict biomass when 

not updated with real data or when updated with real data at full prior precision.  

While all posterior density plots encase the real data points (Fig. 5), the plots for the 

Meckering emulators updated with real data at reduced prior precision appear to be 

smoother than those for the corresponding Badgi emulator for growth in S1, S2 or S3 

soils.  For growth in S4 soil, the peak of the distribution for the Badgi emulator 

updated with real data at reduced prior precision is much higher than that for the 

associated Meckering emulator.  This reflects the greater clustering of real data points 

from S4 soil in comparison to the other soil types. 

 

All graphs demonstrate obvious evidence of an increased prediction ability of the 

emulator model when calibrated with appropriately weighted real data (cf un-updated 

prior precision models with reduced prior precision models). 

 

4. Discussion 

 

This study demonstrates that improvements in accuracy of model prediction can be 

obtained for an existing statistical emulator of APSIM-generated lucerne biomass 

production by calibration, i.e., the inclusion of available real data from a particular 

site and in a specific soil type.  This confirms the results of other studies in which 

models have been updated with real or experimental data (Aalders, 2008; Aronica et 

al., 1998; Van Oijen et al., 2005).  The site and soil type from which the real data was 

obtained and for which the emulator is being calibrated need not be the same as that 

which was used in construction of the initial emulator.  However, as demonstrated in 

this study, further improvements can often be made to these predictions by first re-

parameterising the emulator to the site and soil type from which the real data was 

obtained prior to calibration.   
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In this study the initial emulator was constructed using APSIM predictions of lucerne 

growth as a monoculture.  However it has been updated using experimental data from 

Mt Barker from a mixed sward which contained a high proportion of annual pasture 

species.  Thus density plots for the Mt Barker emulator, even before updating with 

real data, are skewed to the right since higher biomass values are expected in the 

absence of competition from other species (Dear et al., 2010).  Inclusion of real data 

for lucerne growth from the mixed sward site has improved the model predictions for 

this site.  Thus it appears that the methodology described in this study can 

accommodate the difference in competition levels between that assumed when 

constructing the initial emulator and that which exists for the real data used to update 

this emulator. 

 

Bayesian techniques for calibrating or updating a model with additional data rely on 

the number of additional data points relative to the number of data points used to 

construct the initial model.  Where there are comparatively more data points for 

construction of the initial model, there will be more influence from this initial model 

on the posterior distribution than from the distribution from which the real data were 

obtained.  As the amount of available real data increases with time, the posterior 

distribution would come to better reflect that of the underlying distribution from 

which the real data originated.  The advantages of a Bayesian approach to calibration 

are that it can be used to easily describe any posterior distribution regardless of its 

complexity and that it provides measures of accuracy for both the model parameter 

estimates and the predictions obtained using these estimates (Van Oijen et al., 2005).   

 

At both the sites considered in this study, the number of real data points available for 

calibration was small.  However, there was significant improvement in prediction 

accuracy with the inclusion of even as few as eight additional real data points. 

 

Calibration of complex computer models with real data using Bayesian analysis has 

been extensively examined in the past (Kennedy and O'Hagan, 2001; Larssen et al., 

2006; Reinds et al., 2008).  This study differs from these previous studies in that an 

existing simple statistical emulator of lucerne biomass production, generated from a 

more complex simulation model, was used.  This eliminates the time required to 
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extract data from the simulation model.  It also provides a measure of accuracy of the 

emulator parameter estimates which can be used to determine the precision of the 

prior distribution when calibrating with real data, thus eliminating the need for 

uninformative priors.  As a result, a simple, efficient and relatively accurate means of 

estimating lucerne biomass production is presented and also transparency of the 

process is ensured.   

 

This methodology becomes especially invaluable when screening a range of new 

perennial legumes with a view to commercially releasing a selection of them.  The 

facility to incorporate expert knowledge of the desirable and undesirable 

characteristics of these legumes, along with inclusion of the inevitably small quantity 

of experimental data available for these new varieties, will clearly expedite the 

selection process and ensure the early elimination of unacceptable varieties.  
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ABSTRACT 

This study aims to demonstrate a method for expanding the scope of an existing 

emulator using modern statistical techniques and based solely on data generated from 

a complex plant growth simulation model.  The method is applied to the emulator 

developed in Chapter 3 and predicts biomass production for the central wheatbelt 

region of Western Australia.  A relatively simple expanded-scope emulator was 

developed where the relationships between the predicted biomass and each of the 

meteorological and soil variables are linear.  Also, a more complicated emulator was 

developed in which cubic splines were used to represent the relationships between the 

predicted biomass and each of these variables.  Each of these emulators was found to 

explain over 75% of the total variability in the data from the complex plant growth 

simulation model.  The approach described in this chapter could be used to develop 

expanded-scope emulators for any crop or pasture species from any growth 

simulation model.   

 

Keywords: Expanded-scope emulator, Simulation, Statistical modelling, APSIM, 

Meteorological variables 
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1. Introduction 

 

Mechanistic agricultural simulation models simulate the natural growth of plants, 

such as crops, annual pastures or perennial pastures, at a relatively high level of detail 

and complexity (McCown et al., 1996; Stöckle et al., 2003; Yang et al., 2004).  These 

models use a wide variety of input information such as soil characteristics, 

meteorological data, parameters defining separate growth processes for each plant 

structure and nutrient requirements.  Model outputs are estimates of various aspects 

of the physical and biological processes involved in plant growth such as water 

uptake, photosynthesis, biomass production and grain yield.  These are based on the 

complex interaction of a large number of interlinked sub-models which represent the 

different biophysical processes. 

 

A statistical metamodel or emulator of a complex simulation model is a simple 

statistical model that “emulates” the complex model.  It generally uses the major 

inputs of the simulation model to provide accurate predictions for a particular 

response (Brooks et al., 2001; Urban et al., 1999).  Once formulated, these emulators 

can be used when the more detailed input information required for prediction from 

the simulation model is unavailable or difficult to obtain.  Due to their relative 

simplicity and transparency, they can be used as a diagnostic tool for the original 

simulation model by indicating inaccuracies in the computer code or flaws in the 

design (Carlough et al., 1995).  They can also provide a straightforward means of 

estimating the response of interest, such as yield or biomass production, that is 

simpler, faster and more computationally efficient than the original mechanistic 

model, and can thus be more easily incorporated into other computer models that 

require such estimates (eg. Lawes and Renton, 2010; Pannell et al., 2004).  

Furthermore, they can be updated with real data relatively easily in order to improve 

their accuracy (Chapter 4).  

 

Methods for constructing statistical emulators range from classical modelling 

techniques such as polynomial regression (Kleijnen, 2006) and Fourier models 

(Barton, 1998) to more modern techniques involving Bayesian analysis (O'Hagan, 
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2006).  Once the emulators are constructed, they must be validated to ensure that they 

are capable of predicting future simulated observations with adequate accuracy as 

well as providing a good fit to the simulated data used in their construction (Bastos 

and O'Hagan, 2009).  Graphical methods of emulator validation, which provide a 

subjective evaluation (Harrell, 2001), include scatter plots of residuals and plots of 

emulator model predictions against simulation data.  More objective measures of 

model validation include the calculation of statistics such as mean square prediction 

error, bias, and adjusted coefficient of determination (Ra
2
), although each statistic 

focuses only on a limited aspect of the relationship between the emulator-generated 

data and the simulation-generated data (Walther and Moore, 2005).  Thus a number 

of these statistics should be considered simultaneously in order to ensure validation of 

the model. 

 

There are many benefits of perennial pastures.  In terms of livestock production, in a 

Mediterranean climate, perennial pastures provide green feed during summer when 

the previous year’s annual pastures have senesced and are represented only as a bank 

of dormant seed in the soil (Bee and Laslett, 2002).  The presence of green perennial 

pastures during this period results in improved quality for both the wool and meat 

produced (Hopkins et al., 1995).  Perennials also reduce the need for feeding of 

expensive supplements in the summer and autumn, and can allow annual pasture to be 

rested for a period after the season break to allow good plant establishment (Kemp 

and Dowling, 2000; O'Connell, 2003).  In terms of soil health, perennial pastures 

increase soil water use due to deep root systems which are active all year round and 

thus reduce water logging, deep drainage and the development of dryland salinity 

(Bathgate and Pannell, 2002).  In addition, living plant cover during summer and 

autumn reduces wind erosion (Cransberg and McFarlane, 1994).  Due to the fact that 

perennial pastures have come into prominence in Western Australia only during the 

last 5-10 years (Cocks, 2001; Dear and Ewing, 2008), there is little actual production 

data available for development of perennial-pasture-specific plant growth models.  

For this reason an emulator of biomass production was developed based on a well-

established and validated plant growth model in place of the actual production data 

(Chapter 3). 
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Emulator predictions are often only accurate for a given set of environmental 

conditions while the original simulation model is applicable across a wider range of 

these conditions.  This study demonstrates a method for the development of 

expanded-scope emulators which can make predictions across a range of the 

simulation model’s conditions.  The method is based solely on data generated from a 

complex plant growth simulation model.  It is applied to the emulator developed in 

Chapter 3 and predicts biomass production for the central wheatbelt region of WA.  A 

relatively simple expanded-scope emulator was developed where the relationships 

between the predicted biomass and each of the meteorological and soil variables are 

linear.  Also, a more complicated emulator was developed in which cubic splines 

were used to represent the relationships between the predicted biomass and each of 

these variables.  These two emulators were compared in terms of model fit and 

prediction ability.  Two methods of statistical model validation were used to ensure 

the robustness of the methodology demonstrated in this study.  The approach 

described could be used to develop expanded-scope emulators from any growth 

simulation model for any crop or pasture species.   

 

2. Methods 

 

2.1 Case study 
 

Statistical emulators of the Agricultural Production Systems sIMulator (APSIM) have 

already been created to predict biomass production of the perennial legume lucerne 

(Medicago sativa) for a particular site and soil type (Chapter 3).  APSIM is a 

complex, mechanistic model of plant growth and development, created for Australian 

climatic and environmental conditions (Keating et al., 2003) and has recently 

incorporated a well-developed  module for lucerne (Robertson et al., 2002). 

 

Datasets were generated from APSIM for lucerne biomass production for seven sites 

across the agricultural region of Western Australia (Fig. 1 and Table 1) using each of 

eight disparate soil types at each site.  The sites and soil types were chosen to cover a 

wide range of environments typical to the agricultural region of Western Australia.  In 

APSIM, soils are defined according to their properties which are based on previously 
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surveyed soils.  The most important of these for lucerne growth and development is 

thought to be plant available water capacity (PAWC).  This is shown in Table 2 for 

each of the eight soil types examined. 

 

Meteorological data from the local weather station were obtained from the Australian 

Bureau of Meteorology SILO database (www.bom.gov.au/silo) and are described in 

Jeffrey et al. (2001).  Each file contained historical daily information including 

rainfall, solar radiation, and minimum and maximum temperatures for the time period 

indicated in Table 1.  Daily average temperatures were calculated for each of these 

files. 

 

Using APSIM simulation, lucerne was planted in the middle of May of the year that 

the first meteorological readings were available for each site (Table 1).  Plants were 

allowed to develop under the actual climatic conditions that were present at each site 

from the time they were planted until monitoring was started approximately 3 years 

later at the beginning of summer on the dates shown in Table 1.  This was to ensure 

that only production of well-established plants was monitored and also to guarantee 

that there was sufficient simulation data available for construction and validation of 

the emulator models.  After monitoring was started, plants were cut to a height of 70 

mm and harvested every 2 months, thus maintaining the plants in a vegetative state.  

For each site, lucerne biomass production was monitored at 2-monthly intervals (to 

coincide with cut times) until the end of September 2006.   
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Figure 1:  Map showing locations of the sites selected for comparison in this study. 
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Table 1:  Locations, dates at which meteorological records commenced and dates at 

which simulated biomass monitoring started for each site. 

Site Latitude 

(° S) 

Longitude 

(° E) 

Start date of 

available data 

Start date of 

monitoring 

Average 

annual 

rainfall
†
 

(mm) 

Badgingarra 30.34 115.54 01/01/1889 01/12/1990 543.0 

Buntine 29.99 116.57 01/01/1889 01/12/1990 342.0 

Cunderdin 31.66 117.25 01/01/1889 01/12/1990 363.9 

Dalwallinu 30.28 116.66 01/01/1957 01/12/1959 357.3 

Mingenew 29.19 115.44 01/01/1889 01/12/1990 402.1 

Moora 30.64 116.01 01/01/1889 01/12/1990 459.1 

Wongan Hills 30.89 116.72 01/01/1957 01/12/1959 389.3 

†  obtained from http://www.bom.gov.au/jsp/ncc/cdio/weatherData 

 

Table 2:  The disparate soil types defined and considered in this study and the 

corresponding values for maximum root depth and plant available water capacity 

(PAWC) that have been derived from previously surveyed soils. 

Soil type
†
 Maximum root depth (m) PAWC (mm) 

S1:  Poor sand 2.1 54.9 

S2:  Yellow deep sand 2.1 82.3 

S3:  Gravelly, loamy sand 2.5 111.6 

S4:  Shallow duplex 1.8 57.3 

S5:  Red brown sandy loam 2.1 128.0 

S6:  Red brown sandy loam over clay 1.8 134.7 

S7:  Sandy surfaced valleys 1.5 73.9 

S8:  Loamy sand over clay 1.8 89.6 

†  as defined for use in this study 

 

From the start of monitoring until 30/09/2006, the dataset for each site and soil 

combination was condensed into 2-monthly readings which consisted of average daily 

rainfall, maximum number of days between rainfall events, average daily radiation,  

average daily temperature and the resulting biomass generated by APSIM.  Each 
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dataset was standardised so that each 2-month period had 61 days and was then split 

to form two sets of almost identical size.  To minimise any loss of correlation 

between years that existed in the original data for each site, the data were divided into 

groups of 4 consecutive years with the groups being numbered sequentially.  Each 

group was then assigned to one of two sets: one set contained all the odd-numbered 

groups and the other contained the remaining data.  Since monitoring was started at 

different dates for some sites, the first group for any site may contain less than 4 

consecutive years of data, but all subsequent groups contain data for the full 4 years.  

This method of data splitting ensured that the data from a given time period across all 

sites belonged to the same group.   

 

Finally, the sets containing the odd-numbered groups from all sites were combined 

into a single dataset, and the remaining data into another dataset.  One of the sets, 

known as the Fitting Set, was used to develop the emulator models while the other 

set, known as the Validating Set, was used to independently determine the predictive 

ability of these emulators. 

 

2.2 Emulator construction 
 

In Chapter 3 it was shown that the best statistical emulator for a single site and soil 

contained only main effects of the meteorological variables studied.  Interactions 

between these meteorological variables were not statistically significant (P>0.05).  

Based on this, it was proposed that when extended to include multiple sites and soils, 

statistical emulators for APSIM-generated lucerne biomass production would not 

contain interactions between meteorological variables.  Thus only emulators which 

included interactions of each of the meteorological variables with site, soil and the 

site-soil interaction were examined.   

 

Two types of emulators were constructed for comparison.  One was a simple emulator 

where only linear effects of the meteorological variables were examined.  The other 

was a more complex emulator which included cubic splines for the effects of the 

meteorological variables and their interactions with site, soil and the site-soil 

interaction.  Splines are special functions which are defined as piecewise polynomials 
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(Wand, 2003).  They are very flexible in that they can be made to follow closely to 

almost any curve by adjusting the length of each segment.  Cubic splines use 

segments of cubic polynomials.  These polynomials are constrained to blend 

smoothly where the segments join, and thus define a smooth curve.   

 

The effect of site was defined on the basis of latitude (Lat), longitude (Lon) and the 

interaction between Lat and Lon (LatLon), and the effect of soil was defined on the 

basis of PAWC.  The use of Lat, Lon and PAWC as covariates, rather than the use of 

specific sites and soil types as factors, was to allow the results to be extended to other 

sites and soils with known values for Lat, Lon and PAWC.  All effects were fitted 

hierarchically.  Thus the effects of Lon and LatLon, which were fitted after Lat in the 

model, represented any remaining effects of Lon and LatLon after the removal of the 

effects of Lat.   

 

2.2.1 Linear emulator 
 

The linear emulator consisted of the linear effects of rainfall amount (RAmt), rainfall 

frequency (RFreq), solar radiation (Radn) and temperature (Temp) and the quadratic 

effect of temperature (Temp
2
), along with the linear effects of Lat, Lon and PAWC 

and their 2-way and 3-way interactions.  This emulator also included all interaction 

effects between each of the meteorological variables with Lat, Lon, PAWC, their 2-

way and their 3-way interactions.  The structure of the fitted full linear emulator 

model is shown in Table 3.  

 

The full model which included all the main effects and interactions described above, 

was fitted using the R ‘asreml’ function (Gilmour et al., 2007), for convenience of 

comparison with the cubic spline model.  The full model was simplified as far as 

possible by sequentially omitting insignificant (P>0.05) terms starting with the 

term(s) of highest order, then refitting the model, and repeating the process until no 

further insignificant terms could be omitted.  Note that an insignificant term was not 

omitted if a higher order term containing this term was significant (Draper and Smith, 

1966).   
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2.2.2 Cubic Spline emulator 
 

The cubic spline emulator was fitted as a mixed effects model (Verbyla et al., 1999) 

with the linear effects of the meteorological variables, the main effects and the 2-way 

and 3-way interactions of Lat, Lon, PAWC, as fixed effects.  The 2-way and 3-way 

interaction effects of each of the meteorological variables with Lat, Lon, PAWC and 

their 2-way and 3-way interactions, were also included as fixed effects.  Splines for 

the effects of each of the meteorological variables and the interactions between these 

splines with Lat, Lon, PAWC, their 2-way and their 3-way interactions were fitted as 

random effects.  The full model was fitted using the R ‘asreml’ function (Gilmour et 

al., 2007) and the variance components of the random model were simplified where 

possible on the basis of likelihood ratio tests.  The fixed effects were then simplified 

by the sequential process described for simplification of the linear emulator.  The 

structure of the fitted full cubic spline emulator model is shown in Table 3. 

 

Table 3:  The model structures for the linear emulator with only fixed effects, and the fixed 

and random components of the cubic spline emulator. 

Emulator Component Model
†
 

Linear Fixed 1 + (RAmt + RFreq + Radn + Temp + Temp
2
) * Lat * Lon * PAWC 

Cubic  Fixed 1 + (RAmt + RFreq + Radn + Temp) * Lat * Lon * PAWC 

spline Random [spl(RAmt) + spl(RFreq) + spl(Radn) + spl(Temp)] / (Lat * Lon * PAWC) 

†  A*B=A+B+A.B;  A/B=A+A.B 

 

2.3 Model validation 
 

Initially Set 1 was used as the Fitting Set and Set 2 as the Validating Set.  The 

emulator model was fitted using the Fitting Set and then utilised to obtain predictions 

of biomass production from the Validating Set.  Then Set 2 was used as the Fitting 

Set and Set 1 as the Validating Set and the process of fitting and predicting was 

repeated.  These predictions were then objectively compared to the actual biomass 

production data generated from APSIM for the corresponding dataset using the 

following statistics: Mean Square Error (MSE), Mean Percentage Error (MPE) (Khan 
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and Hildreth, 2003) and Mean Square Prediction Error (MSPE) (Neter et al., 1989; 

Stevenson et al., 2005).   

 

The MSE statistic is the variance of APSIM generated values in the Fitting Set 

around the corresponding fitted values from the emulator. 

 

The MPE statistic is a measure of the average percentage by which the estimated 

values from the emulator model differ from those generated by APSIM.  Thus this 

measures the bias of the emulator to the APSIM-generated lucerne biomass 

production data. 

�
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where Ŷi is the i
th

 fitted value from the emulator 

and Yi is the i
th

 actual value from APSIM 

 

A value of this statistic which is greater than zero implies that the emulator estimates 

are, on average, greater than the APSIM data.  Conversely, a value of this statistic 

which is less than zero implies that the emulator estimates are less than the APSIM 

data on average. 

 

MSPE measures the prediction ability of the emulator which has been parameterised 

by the Fitting Set, on the Validating Set. 

MSPE = ∑
=

−
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where  Yi is i
th

 response value from the Validating Set,  

 iŶ  is predicted value of Yi using the model parameterisation from the 

Fitting Set,  

and  n* is the number of observations in the Validating Set 

 

If the value of this statistic is close to the MSE from the Fitting Set then the MSE is 

considered to give a good indication of the predictive capability of the fitted model 

(Neter et al., 1989).   
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The best model across both datasets, in terms of fitting and predicting ability, can 

therefore be considered to be one where simultaneously MSE is low, MPE is close to 

0 and the ratio MSPE/MSE is close to 1. 

 

3. Results 

 

All statistical modelling was carried out using R (R Development Core Team, 2009).  

All models have been shown using symbolic representation (Wilkinson and Rogers, 

1973) for convenience and clarity. 

 

Across both datasets for both the linear and the cubic spline models, the main effects 

of all the meteorological variables were significant (P<0.001; Table 4).  The main 

effects of Lat and the 2-way interaction of Lat with RAmt were significant 

(P ≤ 0.004).  The main effect of Lon and the 2-way interactions of Lon with each of 

the meteorological variables were significant (P ≤ 0.037).  The main effect of PAWC 

and the 2-way interactions of PAWC with each of the meteorological variables except 

RFreq were also significant (P ≤ 0.033). 

 

For the linear model only, the main effect of Temp
2
 as well as its 2-way interactions 

with each of Lat, Lon and PAWC were significant (P<0.001).  Note that Temp
2
 was 

not included in the cubic spline model.  The LatLon interaction was not significant 

(P>0.100) across the 2 datasets and across both datasets the interactions of any of the 

meteorological variables with this LatLon interaction were not consistently 

significant.  Across both datasets the LatPAWC interaction and its interaction with 

RAmt were not significant (P ≥ 0.079).  It is interesting to note that while the 

LonPAWC interaction was significant for both datasets (P<0.001), its interactions 

with RAmt and RFreq were not significant (P ≥ 0.091). 

 

For the cubic spline model only, the LatLon interaction was significant (P<0.001) 

while interactions of any of the meteorological variables with this LatLon interaction 

were not consistently significant across both datasets.  The interaction of PAWC with 

this LatLon interaction was significant (P ≤ 0.002) across both datasets.  The 
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LatPAWC interaction was significant (P ≤ 0.046) across both datasets but its 

interaction with RAmt was not consistently significant across both datasets. 

 

Table 5 shows that, for each set of data, the MSE values for the linear model were 

higher than those for the cubic spline.  This means that the estimates from the linear 

emulator deviate more from the APSIM data than those of the cubic spline emulator.  

However, for the linear model, the MPE was closer to zero indicating that the linear 

emulator provides a less biased fit to independent APSIM-generated lucerne biomass 

production data than the cubic spline emulator.  The MSPE/MSE ratio was closer to 1 

for the linear model than for the cubic spline model, suggesting that the linear 

emulator may be the better prediction model.  The adjusted R
2
 is marginally higher 

for the cubic spline emulator than the linear emulator, but the values of over 75% 

indicate that both the emulators provide reasonable fits to the APSIM-generated 

lucerne biomass production data. 
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Table 4:  Significance of fixed effects
†
 for the simplified model of each of the 

emulators fitted to each dataset.  Values in grey were omitted from the final model 

during the sequential process of simplification.  Terms which were not included in 

the full model as fixed effects have been indicated with a dash (─).  If a term is 

insignificant at the 5% level of significance across all four datasets, it has been 

omitted from the table. 

Significance
‡
 

Linear Cubic spline Fixed term
§
 df 

Set 1 Set 2 Set 1 Set 2 

RAmt 1 < 0.001 < 0.001 < 0.001 < 0.001 

RFreq 1 < 0.001 < 0.001 < 0.001 < 0.001 

Radn 1 < 0.001 < 0.001 < 0.001 < 0.001 

Temp 1 < 0.001 < 0.001 < 0.001 < 0.001 

Temp
2
 1 < 0.001 < 0.001 ─ ─ 

Lat 1 < 0.001 < 0.001 < 0.001 < 0.001 

Lon 1 < 0.001 < 0.001 < 0.001 < 0.001 

LatLon 1 0.855 0.235 < 0.001 < 0.001 

PAWC 1 < 0.001 < 0.001 0.002 < 0.001 

LatPAWC 1 0.079 0.284 0.046 0.029 

LonPAWC 1 < 0.001 < 0.001 < 0.001 0.197 

LatLonPAWC 1 0.405 0.253 0.002 < 0.001 

RAmtLat 1 < 0.001 < 0.001 < 0.001 0.004 

RAmtLon 1 < 0.001 < 0.001 < 0.001 < 0.001 

RAmtLatLon 1 0.739 0.003 0.985 0.015 

RAmtPAWC 1 0.033 0.006 0.002 < 0.001 

RAmtLatPAWC 1 0.380 0.421 0.003 0.279 

RAmtLonPAWC 1 0.091 0.109 < 0.001 < 0.001 

RFreqLat 1 0.664 0.375 < 0.001 0.986 

RFreqLon 1 < 0.001 < 0.001 < 0.001 0.037 

RFreqLatLon 1 < 0.001 0.329 < 0.001 0.096 

RFreqPAWC 1 < 0.001 < 0.001 0.163 0.006 

RadnLat 1 < 0.001 < 0.001 < 0.001 0.939 

RadnLon 1 < 0.001 < 0.001 < 0.001 < 0.001 

RadnPAWC 1 < 0.001 < 0.001 < 0.001 < 0.001 

RadnLonPAWC 1 0.010 0.099 < 0.001 < 0.001 

TempLat 1 < 0.001 0.078 < 0.001 < 0.001 

TempLon 1 < 0.001 < 0.001 < 0.001 < 0.001 

TempLatLon 1 0.934 0.013 ─ ─ 

TempPAWC 1 < 0.001 < 0.001 < 0.001 < 0.001 

TempLonPAWC 1 0.001 0.470 0.008 0.037 

Temp
2
Lat 1 < 0.001 < 0.001 ─ ─ 

Temp
2
Lon 1 < 0.001 < 0.001 ─ ─ 

Temp
2
PAWC 1 < 0.001 < 0.001 ─ ─ 

Temp
2
LonPAWC 1 0.046 0.115 ─ ─ 

†  RAmt = rainfall amount, RFreq = rainfall frequency, Radn = solar radiation, Temp = temperature,  

    Lat = latitude, Lon = longitude, PAWC = plant available water capacity 

AB represents the interaction of A and B. 

§  Each term is adjusted for all terms above it in the table (i.e. their effects are removed). 

‡  Significance is based on a chi squared test and can be expected to underestimate actual 

significance. 
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Table 5:  Model validation statistics for each emulator and each dataset. 

Linear Cubic Spline 

Statistic Set 1 Set 2 Set 1 Set 2 

MSE (x10
4
) 0.407 0.374 0.222 0.223 

MPE 1.82 2.23 2.99 2.51 

MSPE/MSE 0.95 1.12 1.17 1.14 

2
aR  75.7% 78.9% 
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Figure 2:  Complete dataset of APSIM-generated lucerne biomass values plotted 

against corresponding estimated values from the cubic spline (top panel) and linear 

(bottom panel) emulators for each soil type across all sites.  The y=x line has been 

shown in each panel for reference. 
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Figure 3:  Complete dataset of APSIM-generated lucerne biomass values plotted 

against corresponding estimated values from the cubic spline (top panel) and linear 

(bottom panel) emulators for each site across all soil types.  The y=x line has been 

shown in each panel for reference. 
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Figure 4:  Complete dataset of APSIM-generated lucerne biomass values plotted 

against corresponding estimated values from the cubic spline (top panel) and linear 

(bottom panel) emulators for each 2-month period across all sites and soils.  The 

y=x line has been shown in each panel for reference. 

 

The effect of soil type across all sites is apparent in Fig. 2.  The soils appear to be 

divided into two groups based on the amount of biomass production estimated by 

the fitted models, as the range of fitted values extends higher for the S3, S5 and S6 

soils than for any of the other soils.  These three soils all have PAWC over 100 mm, 
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while the others do not.  The division into groups is more noticeable for the cubic 

spline emulator. 

 

Fig. 3 shows the effects of site across all soil types.  Here too the data appears to be 

divided into two groups.  Again the range of fitted values extends higher for 

Badgingarra, Mingenew and Moora than for any of the other sites.  These three sites 

are located further west than the remaining sites.  There also appears to be 

clustering of points at the remaining four sites based on the fitted values from the 

emulator models.  This is more noticeable with the cubic spline emulator where 

there is a clear division between the low biomass estimates and the high biomass 

estimates.  Importantly, the clustering of the APSIM predictions is well emulated by 

the emulator.  

 

Comparison of model fits by season for each emulator (Fig 4) shows that there are 

clear differences in predictions by time of year.  Both emulators show a tendency to 

overestimate biomass to some extent in the wetter months of June-July but to 

underestimate high biomass yields in the following period, August-September.  In 

the drier months of December-January, both emulators overestimate high biomass 

values.  This indicates that biomass production in different time periods is not being 

completely explained by changes in meteorological variables as they are included in 

the models. 

 

To give one example illustrating the simplicity of the emulators that have been 

developed in this chapter, the final equation for the linear emulator of APSIM-

generated lucerne biomass production at Buntine in S4 soil is given below. 

 

3 3 3

1 2 2

8.61 6.50 10 3.28 10 4.61 10

8.11 10 1.67 10

iZ RAmt RFreq Radn

Temp Temp

− − −

− −

= + × − × + ×

− × + ×
 (1) 

 

where Zi = biomass estimated by linear emulator (t/ha), 

 RAmt = rainfall amount (mm),  
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 RFreq = rainfall frequency (maximum days between rainfall events),  

 Radn = radiation (mj/m
2
),  

 Temp = temperature (
o
C). 

 

 

Figure 5:  Comparison of fitted values from linear emulator for Buntine in S4 soil.  

The y=x line has been shown for reference. 
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As can be seen from equation (1), for a given site and soil combination, the final 

form of the linear emulator is very simple and straightforward, involving only 6 

parameters.  The fit of this emulator is demonstrated in Fig 5.  Overall, for growth 

in S4 soil at Buntine, the linear emulator fits the APSIM-generated biomass data to 

within about ±1 t/ha. 

 

4. Discussion 

 

A simple but efficient methodology for the expansion of an existing statistical 

emulator for biomass production of lucerne grown at a single site in a particular 

soil, to enable it to predict production at many sites and in differing soil types has 

been demonstrated.  Generally, statistical emulators are constructed after initially 

extracting relevant information from the simulator model to fully cover the scope of 

the emulator (Brooks et al., 2001) and fitting the full range of models to the data.  

Emulators which have been developed previously to apply across a variety of 

locations (Gosling et al., 2007; Logemann et al., 2004) were constructed in this 

manner.   

 

The approach used in this study varies from these other studies in that it has started 

with a statistical emulator which has been developed for a single site and soil type 

(Chapter 3) using only the most important drivers from the simulator of the output 

of interest, thus reducing the complexity of emulator construction.  Data from the 

simulator has then been generated for other site-soil combinations and simply 

expanded the form of the already-developed emulator to include this additional 

information; in this simple way, the applicability of the emulator has been 

broadened.  This method hinges on the expansion of statistical emulators as 

opposed to other types of statistical models.  Emulators are developed specifically 

to emulate one or more of the outputs from a complex, simulation model.  

Therefore the inclusion of additional independent factors into the emulator does not 

alter the relationships of the inputs and outputs from the simulation model that were 

used in development of the original emulator. 
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In expanding its range of applicability, the structure of the original linear and cubic 

spline emulators were modified to include statistically significant interactions 

between site and soil in the form of effects primarily due to longitude and plant 

available water capacity.  There were also indications of significant interactions 

between radiation, longitude and plant available water capacity and between 

temperature, longitude and plant available water capacity.  In summary, the linear 

emulator produced a less biased but slightly more variable estimate of biomass than 

the spline emulator.  Also, the linear emulator is much simpler to use as it can be 

presented as a multiple linear regression for each site and soil combination with a 

single coefficient for each of the meteorological variables.  This has been 

demonstrated for growth at Buntine in S4 soil.  In comparison a cubic spline is a 

sum of cubic polynomials with many coefficients and cannot be as easily presented 

or communicated, which undoubtedly makes it less suitable for general use. 

 

Both models give biased estimates, relative to APSIM generated biomass, in some 

2-month periods and this appears to be related to the amount of rainfall present in 

that period.  An attempt to ascertain the exact cause of this bias in estimation could 

be made by developing separate models for each time period.  This would be 

equivalent to including time period and interactions with time period in the 

potential emulator models.  The disadvantage of this approach would be that models 

would change abruptly at 2-month boundaries leading to discontinuities in 

predictions of biomass production.  Alternatively further investigation may be able 

to identify the mechanistic factors behind these biases, such as differences in 

rainfall and evaporation patterns, which may then be incorporated into the 

emulators to improve their predictive ability. 

 

The methodology described in this chapter is an original idea.  Development and 

expansion of the range of applicability of this statistical emulator for APSIM-

generated lucerne biomass production is based solely on data from the existing 

comprehensive simulation model APSIM.  An exhaustive search has revealed no 
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published work which relates specifically to construction of such an emulator.  This 

process can easily be generalised to increase the scope of any existing emulator to 

include additional relevant information from the original simulator that is not 

currently part of the existing emulator.  The work involved in construction of the 

expanded-scope emulator is then greatly reduced, as is the amount and complexity 

of data required to be extracted from the simulation model. 

 

Future work arising from this project could include improvement of the predictions 

for specific site and soil combinations by the incorporation of existing real 

historical data from this region or, as mentioned earlier, some modification to the 

model to improve estimation in different time periods.  It could also include the 

expansion of the region of applicability of this emulator to the whole of Western 

Australia, or in fact the whole of southern Australia, since climatic conditions 

across the southern cropping zone are relatively similar to those in Western 

Australia.  To accomplish this, the basic emulator itself may require alteration, but 

the method of expanding its scope, which is the main focus of this study, would be 

the same as described in this chapter. 

 

It could be asked why an emulator of a complex growth simulation should be 

constructed, instead of just constructing a statistical model from real data on 

biomass production and meteorological variables.  In some situations there may be 

enough real data available to make the latter approach possible.  For example, there 

may be enough data on historical biomass production for a particular variety of a 

particular species on a particular soil type under particular management to allow us 

to construct a statistical model for this particular scenario.  However, given the 

number of meteorological factors involved, the number of data points needed to 

construct a robust model, even for this very specific situation, is large.  Once the 

model is extended to predict production across a range of locations and soil types 

and varieties and species, the number of interactions becomes much larger, and thus 

the amount of data required becomes huge, as data for each possible combination of 

factors is needed to ensure the model’s applicability.  Statistical models are 
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empirical and descriptive, meaning they should never be used to predict in 

situations beyond the limited range to which they were initially fitted.  Because it is 

based on bottom-up mechanistic representation of the important processes driving 

biomass production, a simulation model like APSIM is better able to predict in 

situations beyond the limited range for which it was initially calibrated or validated.  

An emulator based on a large amount of APSIM output, covering a wide range of 

meteorological factors, soils and sites, can be used to predict across this full range 

of meteorological factors, soils and sites, just as APSIM can.  Attempting to create 

an equivalent statistical model by collecting real data on bi-monthly lucerne 

production across all two-month periods within one hundred years for all possible 

combinations of eight soil types and seven locations would just not be possible.  It 

is unlikely to be possible even for a well-researched crop like wheat, let alone a new 

perennial legume. 

 

The method presented in this chapter for extending the scope of an emulator on an 

‘as-needs’ basis has many potential uses.  For example, as APSIM modules, or 

other complex growth models, for various new perennial legumes are developed 

based on relatively fast glasshouse trials and a small amount of field trial validation 

(e.g. Suriyagoda et al., 2010), this process could be used to provide a means to 

efficiently predict productivity of various new perennial legumes across southern 

Australia and thus enable these predictions to be incorporated into broader-scale 

bio-economic farming-systems models (Lawes and Renton, 2010; Pannell et al., 

2004).  Results from this kind of modelling could then help focus and prioritise 

current search and trial efforts seeking new legume species to play key roles in new 

sustainable farming systems (Bennett et al., 2011; Li et al., 2008; Real et al., 2011; 

Snowball et al., 2010).  The same process could be used to develop emulators for 

predicting yields of important crops and pastures in different conditions in any part 

of the world, to allow bio-economic analysis of agricultural systems that 

incorporates current climatic variability and the projected effects of climate change.   
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Chapter 6 

 

General Discussion 

 

The research described in this thesis aimed to develop a simple statistical model 

which would provide better predictions of lucerne biomass production at a range of 

locations and soil types than other available models.  More generally it aimed to 

develop approaches for constructing simple models for predicting growth, 

production and yield in a wide range of situations.  The approaches developed are 

especially useful in situations where there is little real field data available at that 

site-soil combination.  The project involved initially creating an emulator or a 

statistical model which was developed solely using data from the simulation model 

APSIM for a typical site and soil type in Western Australia.  This emulator was 

then updated with real or experimental data from the given site and soil to improve 

its prediction ability for that environment.  The range of the emulator was then 

extended to encompass the central wheatbelt and Midwest region of Western 

Australia. 

 

This section summarises the main findings and contributions to scientific 

knowledge that have been made in this thesis.  It also contains recommendations for 

further research.   

 

Main findings and contributions to research 

Results presented in Chapter 2 show clearly the relationships between 

meteorological inputs of total rainfall amount (mm), maximum rainfall frequency 

(days between rainfall events), average solar radiation (mj/m
2
) and daily average 

temperature (
o
C) on lucerne biomass production as coded in APSIM for growth at 

Badgingarra, WA in poor sandy soil.  The methodology used was a form of 

sensitivity analysis (Saltelli et al., 2008) aimed at determining the functional 

relationships of the meteorological inputs and the output of interest.  The impact of 

each input on APSIM-generated lucerne biomass production was assessed while 
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holding all other inputs fixed at one of three levels.  Using multiple fixed levels of 

the other inputs allowed for the determination of interactions between the inputs.  

The functional relationships describing the effects of rainfall amount and solar 

radiation on APSIM-generated lucerne biomass production were found to be 

basically sigmoidal, while that of temperature was found to be unimodal with a 

single maximum.  These relationships, which had not been explicitly stated 

previously in the literature, were discerned without examining the complex 

underlying computer coding within APSIM.  In fact, the various modules of APSIM 

have been developed over time by experts from many differing disciplines (Keating 

and Carberry, 1993) and therefore it is unclear to what extent these overall trends 

had been perceived, or at least explicitly described before. 

 

Based on the findings in Chapter 2, in Chapter 3 four forms of simple statistical 

models were compared for both fit and prediction ability of APSIM-generated 

lucerne biomass production at Badgingarra, WA, in poor sandy soil.  Once 

statistically simplified and validated, linear and cubic spline emulators were found 

to provide both good fits of existing data and good predictions of future data as 

assessed by standard statistical model comparison methods.  The linear emulator 

containing linear effects of rainfall amount, rainfall frequency and solar radiation as 

well as both linear and quadratic effects of temperature explained 78.3% of the total 

variability in APSIM-generated lucerne biomass production data.  In contrast, the 

cubic spline emulator containing both linear and random spline effects for rainfall 

amount, rainfall frequency, solar radiation and temperature explained 92.2% of the 

total variability in production data from APSIM.  Thus with only four 

meteorological inputs and using only basic linear regression techniques, a simple 

statistical emulator was able to capture more than 90% of the variation in lucerne 

biomass production data generated by APSIM. 

 

However, due to the means by which these emulators were developed, their 

prediction ability for real or experimental data is limited by that of APSIM itself.  

For example, since APSIM simulation of lucerne biomass only explained 55% of 
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the total variability in one set of experimental data (Robertson et al., 2002), it is 

unlikely that these two emulators would be able to explain more than 55% of the 

total variability in this experimental data, even though they explained most of the 

variability in the APSIM predictions.  So in response to this situation, in Chapter 4, 

Bayesian analysis techniques (Box and Tiao, 1992) were used to increase the 

prediction ability of the emulator model by updating it with real data that was 

available from five separate environments (locations and soil types) in WA.  The 

best linear emulator from Chapter 3 was employed for ease of illustration of the 

methods used.  Improvements in prediction ability were clearly visible in all cases 

when the emulator was reconstructed at the environment from which the real data 

was obtained before updating.  Weighting the prior distributions by a factor of 

0.43/(number of real data points) when updating, to reflect the confidence in the 

real data, also markedly improved the distributions of the posterior predictive 

models.  Remarkably, these improvements were evident even when the emulator 

was updated with as few as eight data points.  A very interesting discovery from the 

work in this chapter was that, despite the fact that the lucerne module in APSIM is 

currently coded as a monoculture, the posterior predictive model did account for the 

reduction in lucerne biomass production that would naturally result when data 

comes from a mixed sward.  This implies that the methodology used in this chapter 

can be utilised for different farming systems and situations.  It could also be used to 

adapt an emulator developed for one species to predict for a new (somewhat 

similar) species, given that some data for the new species were available.  

 

Chapter 5 expanded the scope of the emulator developed in Chapter 3 to cover the 

central wheatbelt region of WA.  The best linear emulator from Chapter 3 was 

employed in this chapter too, for ease of illustration of the methods used.  The 

process of emulator scope expansion involved only the inclusion of the linear 

effects of latitude, longitude and plant available water capacity.  Since these effects 

are continuous rather than categorical, thus allowing for interpolation from this 

model, the resulting emulator is applicable anywhere within the entire span of (and 

thus not restricted to the individual) sites and soil types used in its development.  
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The utility of such an emulator is enormous.  Reasonable estimates of biomass 

production can be obtained with minimal effort or computational requirements, 

even for a remote farming system into which the adoption of lucerne is 

contemplated, so long as the farm is located within this central wheatbelt region of 

WA.  The approach demonstrated is even more valuable, since it gives a recipe for 

creating such an emulator for any region and range of soil types, and for any new 

species that can be reasonably simulated.   

 

Recommendations for further research 

 

One of the assumptions of this study was that the main drivers of perennial pasture 

production as determined from the literature were the same as those coded into 

APSIM, and this was verified in an informal way through discussion with APSIM 

experts and by the results of Chapter 2.  However, to verify or refute this 

assumption in a more rigorous way, Bayesian networks (Jensen, 1996) could be 

used to determine the actual main drivers of perennial pasture production that have 

been coded into APSIM.  The advantages of using a Bayesian network are that 

many types of information can be integrated into the network such as expert 

opinion, results of simulations and empirical data.  Both continuous and categorical 

variables can be incorporated and the whole process is easily understood by 

stakeholders, who could actively participate in its construction.  Once this network 

has been formulated, the possible statistical emulator models could be developed 

using Bayesian techniques to allow for inclusion of expert opinion on the feasibility 

of each model.  The use of Bayesian and Monte Carlo methods may then aid in 

examination of more complicated interaction effects between the main drivers, thus 

revealing other, possibly more efficient, emulators.  An alternative option to model 

comparison using AIC and BIC for determining appropriate emulators is to consider 

Bayesian model averaging (Hoeting et al., 1999).  This is a process by which 

several equivalent or similar models can be integrated, thereby resulting in a single 

emulator which contains features of all these models.  Thus this project could be 

carried out entirely in the Bayesian framework, whereby greater emphasis can be 
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placed on expert opinion and knowledge, and so permit inclusion of an additional 

source of information which is independent from the data.   

 

In the context of climate change, one of the major factors found to be increasing in 

the atmosphere over time is CO2 levels (Sage, 1994).  The direct and indirect 

impacts of this on biomass production of perennial pastures are varied and 

numerous.  It is well known that the increased concentrations of greenhouse gases 

such as CO2 in the atmosphere are expected to influence global temperatures and 

rainfall (Allen and Ingram, 2002).  However this change is not expected to be 

uniform across all regions (Hopkins and Holland, 1997).  Increased CO2 in the 

atmosphere has already been found to affect plant photosynthesis rate, may alter 

competition rates with other species, weeds, and pests and may even affect biomass 

quality through altered soil nutrient concentrations (Schenk et al., 1995).  Several 

possible scenarios have been envisaged for the future of perennial pasture 

production in light of climate change (Dear and Ewing, 2008).  To test these 

scenarios, the model developed in this project can be modified to include factors 

such as CO2 levels.  Then, as new data become available due to the changing 

climate, Bayesian dynamic updating can be used to consider the impacts of these 

scenarios to farmers with perennial pastures. 

 

Changes in rainfall can not only cause changes in biomass production, but can also 

alter the quality of the biomass produced.  In an animal system especially, decline 

in pasture quality is of great importance (Willoughby, 1959).  Decline in pasture 

quality and composition due to the presence or absence of rainfall can result in less 

palatable pastures and affect in-vitro digestibility (Goodchild, 1997).  So rather than 

focusing on quantity alone as has been done in this project, future work can 

consider the effects on perennial pasture quality in the current climate and also in 

the face of global warming. 
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Appendix 

 

Linear emulator 

The fitted full linear emulator included all main effects and all interactions and 

was of the form: 

2

0 1 1 2 2 3 3 4 4 5 4

2 2 2

6 1 2 7 1 3 8 1 4 9 1 4 10 2 3 11 2 4 12 2 4 13 3 4 14 3 4

2 2 2

15 1 2 3 16 1 2 4 17 1 2 4 18 1 3 4 19 1 3 4 20 2 3 4 21 2 3 4

22 1 2 3 4 23 1 2 3

(1)

y a a x a x a x a x a x

a x x a x x a x x a x x a x x a x x a x x a x x a x x

a x x x a x x x a x x x a x x x a x x x a x x x a x x x

a x x x x a x x x x

= + + + + +

+ + + + + + + + +

+ + + + + + +

+ + 2

4

 

where  

y  = APSIM-generated lucerne biomass production, 

x1= RAmt,  x2 = RFreq,  x3 = Radn,  x4 = Temp. 

and ai,  i=1...23 are regression coefficients 

 

Non-linear emulator 

The fitted full non-linear model was of the form: 

 

0 1 2 2 3 1 2 3 4 1 3 5 2 3 6 4

2 2 2 2

7 1 4 8 2 4 9 3 4 10 4 11 1 4 12 2 4 13 3 4

( ) log ( )

(2)

y a SSfpl x a x a x x SS is x a x x a x x a x

a x x a x x a x x a x a x x a x x a x x

= + + + + + + +

+ + + + + + +

 

 

where 

 y = APSIM-generated lucerne biomass production, 
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and x1= RAmt,  x2 = RFreq,  x3 = Radn,  x4 = Temp. 
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Linear spline emulator 

The fitted linear spline emulator containing all main effects was of the form: 
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where 

 y = APSIM-generated lucerne biomass production, 
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and x1= RAmt,  x2 = RFreq,  x3 = Radn,  x4 = Temp. 

 



 

  129 

Cubic spline emulator 

The fitted full cubic spline emulator was of the form: 

 

2 3 2 3
0 1 1 2 1 3 1 4 2 5 2 6 2

4
2 3 2 3 3
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1 1
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Κ

+
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∑∑

3 4x x

 

where 

 y = APSIM-generated lucerne biomass production, 

 x1= RAmt,  x2 = RFreq,  x3 = Radn,  x4 = Temp. 

 3 3

1, 1,...,

2, 1,...,
( ) ( ) ( ),

3, 1,...,

4, 1,...,

ji ji ji ji ji ji
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j i G
x x I x

j i L

j i M

ψ ψ ψ
+

= =
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and =⋅)(I  indicator function, ie 1)( =⋅I  when statement is true 

 

 


