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Abstract 

Abstract 

The area planted to Eucalyptus globulus (Labill.) in southern Australia has increased 

rapidly. However, robust site selection and productivity prediction models have only 

become available recently for this species. The silvicultural and management 

questions being explored with these models cover a range of temporal and spatial 

scales. The models themselves are complex, data intensive and highly non-linear in 

their function. This raises a number of important issues that affect model application. 

These issues are explored with a series of applied examples. 

Firstly, what is the effect of patchy input data of limited extent? Models designed 

using sampling plot data on which soils data are recorded are now applied across broad 

landscape extents to make site selection decisions and regional productivity estimates. 

The work in this thesis shows in separate examples how terrain analysis can be used to 

supplement input surfaces, including surfaces related to waterlogging and soil 

nutrition. An approach is developed for dealing with poorly defined soils variables 

such as soil depth and used to categorise regional forest productivity based not only on 

the expected yield but the co-efficient of variation in that yield. In a further example 

this approach is used to define appropriate site surveying procedures for plantation 

land assessment. 

In addition to examining the effect of model predictive accuracy on the quality of 

spatial inputs, input data grain size is examined to identify the scale sensitivity of the 

model.· This is important because the same forest growth models are used to predict 

the yield of individual forest plots and to make continental scale predictions. The 

results indicate that forest productivity models like PROMOD are not scale dependent 

and even with !}le use of broad-scale input data provide unbiased estimates of mean 



Abstract 

productivity. However, a comparison using fine-scale data (10 x 10 metre) shows that 

sub-grid variance at large scales (1000 x 1000 metre) can be very large, particularly for 

soil variables that can change abruptly over short distances. 

Just as spatial input variables vary in quality and scale so may the temporal 

(particularly weather) variables supplied to models. Using rainfall representation in 

models as an example, an analysis of the intrinsic input data variability allows a more 

sophisticated consideration of site selection that includes risk evaluation as a criteria. 

Furthermore, it was shown that incorporating the distributional characteristics of 

rainfall markedly affects the prediction of the risk associated with a particular 

plantation development. 
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Chapter 1. Introduction 

Chapter 1 Introduction 

1.1 The increasing importance of hardwood plantations. 

In Australia, forest plantations provide a major, long-term opportunity for 

growth in domestic and export sawn-wood and fibre markets. Plantations are 

critical to the establishment of new export and value-adding industries, for 

regional economic development and have significant environmental benefits 

(e.g., in the prevention of land degradation and carbon sequestration) (AFF A, 

2004). Hardwood plantations represent a rapidly expanding proportion of the 

total plantation estate in Australia. In 1995, there was 158 OOO ha of 

hardwood plantations in Australia which represented 15% of the total 

plantation resource (ABARE, 1999) by September 2000 there was 502 OOO ha 

of hardwood plantations representing 34% of the total plantation estate 

(ABARE, 2002). This trend is likely to continue with pulpwood production 

from plantation sources projected to increase by 32% from 13.5 million m3 in 

2000-01 to 19.0 million m3 by 2005-2006 (Ferguson et al., 2002). This 

expansion of hardwood plantation area and increased pulpwood production 

has been largely driven by government tax incentives aimed at reducing 

Australia's reliance on imported forest products and by plantation prospectus 

companies that are seeking to make tax effective investments for their 

shareholders. 

During the 1990s many countries including Australia, New Zealand, Chile, 

Brazil, India and Indonesia invested millions of dollars into expanding their 

Eucalyptus plantation estates (F AO, 2000). Many plantation companies at the 

time did not have effective or reliable site selection procedures for eucalypts 

or any objective means of predicting productivity (Fearnside, 1998). In the 
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Chapter 1. Introduction 

absence of late-age inventory or harvest data many species and provenance 

trials were established. However, with rotation lengths of 10-15 years it took 

time to obtain results from these trials and the best species/provenance 

selections did not always perform well when planted across large areas or 

onto different soil types (Fearnside, 1998). Consequently, there has been 

some criticism from investors of the way that site productivity predictions 

have been made and marketed, particularly in Australia (Lee, 2001). 

1.2 Site Productivity Prediction 

In Australia, most plantation companies have used a variety of techniques to 

obtain site productivity estimates including, the results of small and limited 

planting trials, stratifying prospective land areas using average rainfall, 

evaporation and other climatic factors, and combining basic soils information 

and knowledge of any prior cropping or extant vegetation prior to land 

clearance (Battaglia and Sands 1998a). Productivity estimates have often 

been given as the maximum expected yield (effective maximum expected 

yield given average climatic conditions and uniform response of trees to 

spatially variable soil conditions and fertilisation) across the entire plantation 

estate (Chapter 6 and in Battaglia et. al., 2002). These estimates do not 

account for the areal variations that modify expected yields according to the 

spatial and temporal fluctuations in the physical, biological and 

environmental regimes that operate during a complete rotation. Even with the 

advantage of late-age inventory or harvest yield data, it may be difficult to 

predict plantation productivity on new sites as genetic material, silvicultural 

practices and fertiliser regimes may change both within and between 

plantation companies from year to year. These changes occur over time 
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scales much less than a typical plantation rotation (i.e. , 10-15 years). Clearly 

there is a need for predictive methods that are unbiased, flexible, generally 

applicable, spatially robust, have readily available data input requirements 

and that are relatively easy to use (Chapters 3 and 5 and in Mummery and 

Battaglia, 2001, 2002). 

A common failing of conventional rule-based growth and empirical yield 

models such as presented in Lindsay (1939) or Smith et al. , 1997) is that in 

most cases they require as input an assessment of site productivity such as 

site index. Site index is usually expressed in terms of tree height at some 

standard age. As this is an integral of all growth processes and limitations of 

the site, the assessment is circular (Landsberg and Coops, 1999). There have 

been a few attempts at merging empirical and process based modelling for 

example, Jackson and Gifford, (1974) and Turvey et al. , (1990) who used 

environmental factors to derive predictions of site index and Woolons et al. , 

(1997) who used environmental data as adjunct variables to growth model 

equations. Others, including Kirchbaum, 1999 and Medhurst et al. , 2002) 

have developed purely process based models of ~tand growth using rule based 

allocation and fixed allometric relationships. While such approaches have 

demonstrated improvements in yield predictions, they are still essentially 

statistical descriptions of observations that provide little interpretive power 

outside the environmental domain in which they were developed. In addition, 

using simple climatic and edaphic terms fails to recognise the relative 

importance of driving variables and that their interrelationships may vary 

from site to site. As a consequence, these models require complete re

parameterisation in each region of application. 
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The primary requirement of growth models used throughout this study was 

that they be generally applicable across a wide range of site and climatic 

conditions without the requirement for constant re-parameterisation. The 

models used in these investigations i.e. ProMod and CABALA require no re

calibration or "tuning" to succesfully predict stand growth under a wide range 

of site and climatic conditions (Battaglia et al., 2004) 

The focus of this study may be broadly divided into two areas concerning the 

application of spatial and temporal variables in productivity modelling. A 

further distinction may also be made on the basis of quality and scale for each 

of these variable types (see Figure I. I). 

• The quality of spatial variables is determined by both the precision 

and accuracy of their measurement as well as of their location. The 

notion of spatial uncertainty (incorporating spatial and attribute 

accuracy, statistical precision and bias) has also been used to describe 

the quality of spatial variables (Mowrer, 2000). 

• The scale of spatial variables is determined by the limits of their 

underlying support and through up or downscaling, by the resolution 

and extent of their application. 

• The quality of temporal variables is determined by how accurately 

they represent the processes of real time-series such as rainfall 

distribution and variation. 

• The scale of temporal variables determines to a large extent the scale 

of processes that may be examined (Mackey, I 996). 
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Chapter 1. Introduction 

1.3 Project Aims 

Environmental, landscape and process-based growth models may be used to 

enhance site selection for plantations of Eucalyptus globulus ssp. globulus 

Labill. Firstly, in a series of case studies, this thesis is concerned with the 

effect of using different qualities of input variables on the accuracy of yield 

predictions made with process-based models such as PROMOD (Battaglia 

and Sands, 1997). The implications of both the accuracy and resolution of 

input variables on the location of plantations in the landscape are then 

assessed. Consideration is given to plantation suitability assessment at the 

state-wide (Tasmania) scale (strategic assessment) and to the actual location 

of the plantations at the regional (-80 km2
) scale (tactical assessment). 

Secondly, the important site descriptors required for a process-growth model 

(for E. globulus) are examined. The aim is to use landscape modelling 

techniques to generate these descriptors both in a broad-scale environmental 

sensitivity analysis and in a large-scale forestry experiment to remove the 

effect of a covariate. Thirdly, the economic implications of obtaining 

accurate input variables for a process-based model are assessed so that sound 

on-the-ground plantation location decisions can be made. Fourthly, the 

impact of using average climate data as input to process models is assessed 

and it is shown that including the distributional characteristics of climatic 

factors such as rainfall may assist the assessment of plantation drought risk. 
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Chapter 1. Introduction 

1.4 Significance of the overall study. 

This study provides new insights into the relationships between data quality 

and model outputs for the spatial application of process-based models. It has 

demonstrated how important input variables can be generated from digital 

elevation models (DEMs), terrain and environmental analysis and provides a 

simple and effective way of expressing environmental uncertainty in model 

outcomes. 

This work has led to a significant step forward in our understanding of how 

the quality of data (both spatially and temporally) affects PBM predictions 

and consequently improves confidence in their application. Previously in 

plantation site selection there was little quantification of the economic 

benefits of gathering site info~ation at the appropriate scales and intensities 

required to achieve sound on-the-ground plantation-location decisions. 

An analysis of the magnitude and propagation of errors that result from 

scaling basic input variables to suit model output requirements now allows 

model users to more critically access their data input requirements and, 

thereby, improve confidence in model predictions. 

An examination of the sensitivity of CABALA outputs to the variability of 

rainfall inputs has demonstrated the importance of considering daily rainfall 

distributions to avoid bias in model outputs when using PBMs to predict 

plantation performance. This study has also shown how this information can ' 

be used to access silvicultural efficiency and drought risk. 
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1.5 Thesis outline 

Chapter 1. Introduction 

A general introduction to the study, a statement of project aims and 

significance, thesis outline and a short summary of the main outcomes. 

Chapter 2. Background. 

This chapter provides background infonnation on site selection, process based 

tree growth modelling and soil and landscape modelling. 

The research is described in the five following chapters: 

Chapter 3. Comparison of different quality landscape inputs on regional 

and local scale productivity predictions. 

This chapter examines how input quality and resolution affects the application 

of a PBM at various scales. The model was found to be less sensitive to the 

quality and spatial resolution of climate data compared with soils data. The 

most accurate predictions are obtained with plot data, however spatial 

predictions with 50m gridded soils and climate data were found to be robust. 

Chapter4. 

Application of terrain analysis and environmental modelling in a large-

scale forestry experiment. 

Terrain derived predictors of soil wetness are used in a large scale forestry 

experiment in the presence of spatially variable, waterlogging to improve 

\ 

confidence in experimental outcomes and to provide a means to assess site 

and environmental heterogeneity prior to the establishment of experimental 

treatments. 
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Chapter 5. 

Environmental sensitivity analysis as a method of screening for 

prospective plantation sites. 

This chapter describes a methodology to enable spatial estimates of 

uncertainty to be attached to predictions of tree growth in relation to 

variations in soil depth, nutrient status and drainage. A PBM was used with 

terrain derived estimates of waterlogging, a nutrient surface compiled from 

geology, forest soil types and by environmental correlation. The mean 

productivity and CV were calculated for nine permutations of soil depth, 

nutrient status and a plantation suitability map of Tasmania produced that 

explicitly incorporates estimates of uncertainty in the mapped suitability 

classes. 

Chapter6. 

Economic analysis of the quality and cost of information to achieve sound 

on-the-ground plantation location decisions. 

The cost of obtaining accurate site information must be offset by the 

requirement for accurate yield prediction. While it is possible to get 

improvements in site selection from more intensive site survey, these 

improvements must be economic. This research shows that minor 

investments in site survey, combined with productivity modelling may be 

worth up to $500 per hectare of plantation established. 

Chapter7. 

Rainfall sensitivity analysis of a forest production model. 

PBMs are often used with average climate data. When PBMs are used with 

monthly rainfall the distributional characteristics of real rainfall patterns are 
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being ignored. The timing and amount of rainfall has serious implications for 

predicted yield outcomes and may be used to assess plantation establishment 

risk. 

Chapter 8. 

General discussion. 

This chapter draws the major findings of this study together and explores their 

implications for site selection for commercial plantation species. 
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1.6 Summary of main outcomes of the thesis 

• An improvement in data input quality for predicting the spatial 

performance of plantation trees; 

• An evaluation of the quality (spatial and temporal resolution) and 

cost of information required to achieve sound on-the-ground 

plantation-location decisions. 

• An economic evaluation of the savings from using PROMOD to 

more efficiently design pre-planting survey procedures; 

• An examination of the sensitivity ofPROMOD outputs to the 

quality and resolution of soil inputs; 

• An analysis of the magnitude and propagation of errors that result 

from scaling basic input variables to suit model output 

requirements. 

• A demonstration of the importance of considering daily rainfall 

distributions when using PBMs to predict plantation performance. 

• An examination of the sensitivity of CABALA outputs to the 

variability of rainfall inputs and how this information can be used to 

access drought risk. 
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2.1 Site Selection 

Chapter 2. Background 

Industrial plantation site selection may be viewed as a spatial problem, i.e., 

where in the physical and environmental landscape will a particular plantation 

species (genotype/clone) maximize return on investment? The physical 

location of plantations is important for minimising land, establishment, 

harvesting and transport costs and in the selection of broadly suitable climatic 

regimes (Gerrand, et al., 1993). Within a suitable climatic envelope detailed 

knowledge of a tree's local optimum environmental domain is more strongly 

related to its relative position in the landscape than its absolute position in 

space. This includes both above and belowground components that affect tree 

growth, such as temperature, radiation, rainfall, soil depth, soil water holding 

capacity and nutrient status. For example, elevation and aspect may affect the 

temperatures, radiation and rainfall a site is exposed to (Moore et al., 1993); 

slope and topographic curvature affect soil water distribution and sediment 

and nutrient transport processes. These are all critical factors for accurate and 

thus economic site selection. However some of these, particularly soil depth 

and soil water-holding capacity are not always easily obtained (Battaglia et 

al., 2002). 

While some site descriptors for growth modelling can be both difficult and 

costly to obtain because of their spatial variability, soil properties such as 

waterlogging have both spatial and temporal components and their accurate 

description therefore requires a process-based approach. Adequate spatially 

interpolated climate models exist for estimating important environmental 

factors such as temperature and rainfall (e.g. ANUCLIM, (McMahon et al., 
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1997), however there are as yet no generally available models for predicting 

critical soil properties such as soil depth, water holding capacity or nutrient 

status. These soil properties are both time consuming and expensive to 

measure directly for plantation site selection purposes (e.g. Grant et al., 

1995), so it is important that other avenues for obtaining estimates of these 

variables be explored. 

2.2 Process based tree growth models 

What has not been available until recently are mechanistic or process-based 

models (PBMs) of tree growth such as CABALA (Battaglia et al., 2004) that 

can explicitly deal with the temporal and areal dynamics of growth processes 

and that are also reasonably easy to use with limited site and climate data. In 

Australia plantation trees are typically grown over extended time periods(:::::: 

10-15 years for pulpwood, :::::: 40-60 years for saw logs). This means that there 

is a considerable temporal component in tree growth to consider compared to 

typical agricultural cropping systems. For example, during a typical growth 

cycle the tree will experience wide fluctuations in climatic factors ranging 

from daily-scale temperature and radiation variations to seasonal 

waterlogging or extended and or repeated periods of drought stress. It 

becomes difficult to predict the yield outcomes when trees are subject to 

recurrent or long lasting environmental stress or damage that may occur as a 

result of insect attack, disease, waterlogging, severe frost or drought events 

(Ryan et al., 2002). 

The prediction of yield is further complicated by the dynamics of 

environmental and biophysical interaction over time. For example, the 

rainfall a site receives affects soil-water content and this in turn has an effect 
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on nitrogen mineralisation rates (Carlyle, 1995). Site nutrition in tum affects 

canopy development and this largely determines the biomass available for 

partitioning to stem wood and thus ultimately controls wood production. 

Process-based models such as CABALA implicitly account for these 

interactions and complexities when used with appropriate site information 

and daily time-step environmental inputs. 

2.3 Soil and Landscape modelling 

Concomitant with the recent development of PBMs for plantation 

development and management has been the rapid development of desktop 

computing power, Geographic Information System (GIS) technology 

(Burrough and McDonnell, 1998) and terrain analysis techniques (Wilson and 

Gallant, 2000). Landscape modelling activity has been particularly aided by 

the increasing availability of digital elevation data. These developments have 

permitted a new approach to applying process-based models at a number of 

scales across the landscape and that enable the generation of input variables 

from a variety of sources including terrain analysis, mapped and remotely 

sensed data (e.g. Tickle et al., 2001 , Coops and Waring, 2001 ). 

However, it is not just a case of obtaining accurate spatially referenced site 

information to support spatial productivity predictions, but the economic 

consequences of having different levels of input data accuracy and the 

resources that are used to obtain them_(Battaglia et. al., 2002). This implies a 

need to offset the cost of soil survey and other site assessments against 

problems of yield prediction. There are many recent examples in the 

literature of studies that attempt to use process-based approaches to aid the 

prediction of soil properties (e.g., Hoosbeek et al., 1998, McKenzie and Ryan, 
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1999, Park et al., 2001 ). The genesis of this work started with the work of 

Russian soil scientist, Doukacheav in the 1920s and was followed up by 

Jenny (1941 ) who proposed that soil pedogenesis was a function of climate, 

biological action, topographic configuration and parent material over time, 

i.e. , the state-factor (CLORPT) equation: 

S =}{CL, 0 , R, P, T) 

Where S is some soil property as a function of the state factors: CL as 

climate, 0 as Organisms, R as Relief, P as Parent material, and T as Time. 

The recent focus in quantitative pedology or pedometrics (McBratney et. al., 

2000) has been on discovering and parameterising the functional relationships 

stated in this equation and in developing hybrid empirical, geostatistical and 

process-based models of pedogenesis from parameters derived using a range 

of terrain and environmental inputs such as slope, aspect, compouµd 

topographic index, rainfall, temperature and radiation (e.g., Florinsky and 

Arlashina 1998, McKenzie and Ryan, 1999, McBratney et al., 2000, Park et 

al., 2001 ). 

Soil is a complex medium. Many properties such as soil wetness are 

dynamic, i.e., the soil is constantly draining or rewetting, the soil-water 

equilibrium relationship behaves hysteretically depending on whether 

sorption or desorption is occurring and stored soil water exhibits a high 

degree of spatial variability both within and between profile types (Hillel and 

Talpaz, 1976). The problem of quantifying soil properties is exacerbated in 

highly heterogeneous landscapes where the frequency of soil sampling 

required to adequately describe areal soil characteristics becomes a greater 

problem than the accuracy of the soil measurements themselves. Many 

(1.1) 
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studies (e.g. Moore et al., 1988) have demonstrated that landscape 

configuration modulates soil forming factors and the application of digital 

elevation models and terrain analysis techniques have subsequently been used 

to provide spatially distributed estimates of important site qualities such as, 

soil organic matter, (Cook et al., 1996), pH, thickness of soil horizons, 

phosphorus (Moore et al., 1993, Florinsky and Arlashina 1998), and soil 

moisture (Beven and Kirkby, 1979, O' Loughlin, 1981 ). 

These studies use readily available DEMs as a primary data source and terrain 

and environmental correlation as predictors of soil properties, thus 

overcoming one of the major limitations to the spatial application of process

based plantation growth models i.e., the paucity of spatially referenced soils 

data. However, the explanatory power of relationships derived from these 

studies has generally been fairly modest with R2 between 41-68% (e.g., 

Moore et al., (1993 ) suggested a maximum R 2 for soil property - terrain 

attribute relationships of 70% because of the naturally high (sub-grid) spatial 

variability in soil properties, however more recent work by Florinsky and 

Arlashina, (1998) has shown that topographic variables such as specific 

catchment area and stream power indices explained up to 82% of the B 

horizon depth variation in a V ertisol soil complex. They attribute this result 

to a very high spatial resolution DEM (0.5 m grid) of their study site that 

enabled the quantitative assessment of micro-topographic characteristics 

(small mounds, and depressions with less than Im elevation difference). 

Clearly, with the increasing availability of high spatial resolution elevation 

data from a range of sources such as remotely sensed airborne and satellite 

data (e.g., Synthetic Apeture Radar, (SAR)), laser altimetry (LIDAR) and 
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GPS survey data covering micro, topo, meso and global scales, along with 

developments in quantitative pedology and terrain analysis there is great 

potential to support the use of process growth models to answer a variety of 

management, ecological, and sustainability issues across a variety of 

application of scales. For example, the selection of plantation sites in water

limited environments depends on an accurate spatial assessment of soil depth 

and soil water storage capacity as well as the supply and distribution of 

rainfall. At the catchment scale, the number of hectares and spatial 

arrangement of plantation trees may affect both local and downstream water 

quality and quantity. Process models integrate complex bio-geo

hydrodynamics so that managers can assess the environmental impact of 

potential land use changes such as converting farmland to commercial 

forestry. 

Forests are inherently complex systems (Battaglia and Sands, 1997). This 

complexity stems from multiple bio-geo-hydrological fluxes and their 

interactions over time. Because of this the current knowledge of the 

processes that operate in a forest at any particular spatial scale is likely to be 

imperfect and we are rarely if ever able to completely define the state of a 

forest ecosystem at any given temporal scale. Nonetheless, forest growth 

models have been developed (e.g. 3PG, Landsberg and Waring 1997, 

BIOMASS, McMurtrie et al., 1990; CenW, Kirshbaum 2000) that have 

proved useful in predicting emergent stand-level responses such as wood 

production and water use. 

The need for process-based forest growth models has developed with 

increasingly intensive, and commercially-oriented plantation production 
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systems, along with more general forest management requirements for 

sustainability, watershed management, amelioration of landscape degradation, 

conservation, and the maintenance of biodiversity. Apart from their value as 

ecological and physiological research tools PBMs fill a niche in forest 

management by providing a flexible decision support framework that allows 

both silvicultural scenario building and risk analysis. 

However, no matter how sophisticated models become they are constrained 

by the quality and scale of their inputs (see Chapter 3 or (Mummery and 

Battaglia, 2002)). This includes both temporal and spatial components, for 

example, variables where temporal considerations might dominate may 

include - rainfall and site waterlogging. Whereas, landscape variables such 

as soil depth and water holding capacity obviously have predominantly spatial 

influences. This project explores the issue of model sensitivity to the quality 

and scale of its inputs and explores appropriate methodology for generating 

suitable spatially referenced inputs. 

To achieve these objectives a family of growth models are used: PROMOD 

(Battaglia and Sands, 1997) , a simple model for predicting site index and 

CABALA (Battaglia et al., 2004 ), a dynamic plantation growth and 

development model. In addition the T APESG (Wilson and Gallant, 1996), 

suite oflandscape process models are used to generate spatial inputs for these 

models. 
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Chapter 3 Data input quality and resolution 

This chapter is published in the international journal Ecological Modelling as: 

Mummery, D., and Battaglia, M, 2002. Data input quality and resolution effects 

on local and regional scale productivity predictions for E. globulus in north-east 

Tasmania. Ecol. Model!. 156, 13-25. 

This chapter is concerned with the effect of using different qualities of input 

variables on the accuracy of yield predictions made with process-based models 

such as PROMOD (Battaglia and Sands, 1997). The implications of both the 

accuracy and resolution of input variables on the location of plantations in the 

landscape are assessed. 

3.1 Introduction 

The demand for spatially-distributed productivity models has grown with the 

rising demand for wood and fibre products and the consequent increasing rate 

of establishment of plantations for both pulp and timber production (Ferguson 

et al., 2002). There are important environmental, social and economic 

consequences of poor selection of plantation sites, such as increased soil 

erosion, loss of investor confidence and inefficient use of land resources, but 

there are very few tools available to assist plantation growers to select suitable 

sites for new plantations, especially where no similar crop has been grown 

before. While process-based models such as PROMOD (Battaglia and Sands, 

1997), 3PG, (Landsberg and Waring, 1997), Forest-BOC (Running and 

Coughlan, 1988), CenW, (Kirchbaum, 1999) and BIOMASS (McMurtrie et 
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al., 1990) provide reasonably reliable point estimates of forest productivity, 

(provided the driving variables are specified accurately), they have not been 

specifically designed for multi-scale applications. It is, therefore, imperative 

that concurrent with developments in process-based productivity modelling, 

methodologies be developed to allow the reliable application of these models 

at scales other than their inherent scale of development. 

In many distributed modelling applications, sub-grid scale input variance may 

become an unpredictable function of the grid size of the application (Friedl, 

1997). When unaccounted input variance is combined with many non-linear, 

biophysical model formulations, there is potential for introducing errors in 

addition to those inherent in spatial data and data processing in model outputs. 

Often these errors will produce different mean and variance in model outputs 

in relation to changes in grid size for the same geographic area 

When extrapolating point-based estimates using productivity models or 

applying the models more widely, it is important that users have some 

knowledge of the degree to which their results might be affected by the scale 

of their application and the quality and resolution of the available input data. 

In Tasmania (Nix et al., 1992, Mummery and Battaglia, 1999) and more 

generally in other parts of the world (Running and Coughlan, 1988, Band et 

al., 1991 ), forest productivity models have been applied at broad landscape 

scales with little regard for the potential of introducing bias in model outputs 

by using landscape mean values for model inputs. The potential for bias 

exists because forest growth models have significant non-linear responses to 
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input variables. The evaluation of these potential errors, and the 

quantification of the loss of information when moving from fine to coarse 

scales, is rare (e.g. , Bierkens et. al., 2001 ). 

Figure 3. I Non-linear model formulations mean that model outputs at high resolution may not equal outputs at lower 
resolution over the same area . 
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Forest growth models may be used in conservation, biodiversity, carbon 

sequestration and climate change studies that require information at a range of 

scales. For example, global climate change studies may be carried out 

realistically with grid cell resolutions up to 300 x 300 km while state-wide or 

regional conservation and biodiversity studies may require remotely sensed 
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data to be resolved to 30 x 30 m or less. These types of applications support 

the need for understanding how a change of scale affects the information 

returned when using the same model but with inputs derived at scales other 

than the model's inherent scale. 

The effects of changing the resolution of inputs to the PROMOD productivity 

model (Battaglia and Sands, l 998a) and their effect on model outputs were 

examined. An area in the north-east of Tasmania was selected where there 

are large areas of plantation forestry and where detailed site and soils 

information are available. A high spatial resolution, multi-scaled database of 

land surface and climatic characteristics was developed for the study area that 

are needed to drive the model at a range of different spatial scales. The inputs 

and outputs at different spatial resolutions are compared with actual plot data 

to test both the accuracy of mapped site data and the performance of the 

model using high-resolution landscape inputs. The variance attributed to soil 

and climate effects at different spatial scales is partitioned by combining five 

realisations of the soils data (at 50 m, 100 m, 200 m, 500 m, and 1000 m 

resolutions) with each of the five corresponding climate data realisations. 

The spatial neighbourhood range of both climate and soils information are 

compared to explain the observed pattern of model outputs with respect to 

changes in the resolution of model inputs. 

3.2 Methods 

3.2.1 Productivity Model 

PROMOD is a simple physiologically based model that predicts the 

productivity of a plantation following canopy closure (Battaglia and Sands, 
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1997, Battaglia and Sands, 1998b, Sands, et al., 1999). It generates an 

estimate of peak mean annual increment, (MAI). MAI simply refers to the 

mean annual stem volume increment per hectare with units (m3 ha·1 yr"1
) . 

Peak MAI was calculated for Eucalyptus globulus, from readily available 

climatic data, slope and aspect and a simple soil classification of depth, 

texture, stoniness, drainage and fertility. Climate inputs include monthly 

maximum temperature, minimum temperature, radiation, rainfall, evaporation 

and rain days. 

The study site covers an area of approximately 42,000 ha in NE Tasmania, 

between (E and S) longitudes 147.10, 147.70 and latitudes; -41.00, -41.15. 

The area contains a large number of hardwood and softwood plantation areas, 

mainly E. globulus and P. radiata that range in measured site productivities 

from very poor (< 10 m3 ha·' yr-1 to highly productive >30 m3 ha·1 yr-1
). 

40 



Chapter 3. Data input quality and resolution 

Figure 3.2 Map showing the location of the study site and general topography. 
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A 25 m horizontal resolution, digital elevation model (DEM) (Figure 3.3) 

reveals the general topographic features of the study area. Sample growth and 

soil plot locations used for model validation are also shown along with the 

soil polygon boundaries showing the areas used in the analyses. 
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0 5 10 Kilo meters + 
Figure 3.3 Shaded digital elevation model of the study area showing plot locations (filled circles) and soil polygon 

boundaries. 

The main features to note are the overall trend from the relatively flat to low, 

rolling hill topography of the coastal hinterlands in the north to the more 

mountainous regions in the south. Altitude ranges from 20 m in the north to 

973 m in the south with an overall mean of 166 m. There is a marked north-

south gradient with regard to elevation and because elevation is often highly 

correlated with rainfall in Tasmania the rainfall pattern across this area also 

exhibits a marked north-south trend (Figure 3.4). 
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Figure 3.4 Temperature and rainfall patterns for the study area. 

3.2.2 Climate of the study area 

The climate in this part of Tasmania varies from mild and sub-humid to cool 

humid with mean annual rainfall ranging from 790 mm to 1523 mm. Mean 

annual temperature ranges between 7 and 13°C with a mean of l2°C. (see 

Figure 3.4.) These climate ranges represent a substantial proportion of the 
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environmental space of Tasmania (see Chapter 5 or Mummery and Battaglia, 

2001). All climate data used in this study were interpolated from climatic 

surfaces of long-term means using the ANUCLIM TM package (McMahon et 

al., 1997). The data used to develop ANUCLIM TM climate surfaces were 

obtained from a sparse network of weather stations and interpolated using thin 
\ 

plate smoothing splines (Hutchinson, 1989). 

3.2.3 Spatial variance of rainfall and temperature 

Mean annual temperature and rainfall based on 50 m grids were calculated 

from the ANUCLIM™ data for the study area. Neighbourhood range (NR) 

was calculated for the temperature and rainfall grids and also for the 50 m 

soils grid. These grids were then classified by standard deviation from the 

overall mean NR. The neighbourhood range was calculated using a 3x3 

moving window that captures the range of the centre cell compared to its 8 

immediate surrounding neighbours. Cells that were greater that one standard 

deviation from the mean were plotted to highlight sharp changes in 

environmental gradients across the study area caused by each of the major 

driving variables soils, temperature and rainfall (Figure 3.5) 
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(a) 

(b) 

(c) 

Figure 3.5 Comparison between neighbourhood range for mean annual temperature, rainfall and maximum soil water 
storage capacity. Shaded areas within polygons indicate neighbourhood range > I S.D. from the overall mean value in 

each case. This indicates areas of maximum spatial change for these variables. 

3.2.4 Soil data 

Forest soil mapping was carried out by Grant et al., (1995) at a minimum 

resolution of 100 m although much of the mapping was done at 1 :25000 or 

finer scale. Their analysis identified 58 soil profile classes within 7 major 
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geological units. Twelve of the most representative soil profile classes were 

selected for detailed laboratory analysis for organic content(%), nitrogen(%), 

phosphorus (ppm), bulk density (g/cm3
) and water stable aggregates 

(% > 0.25 mm) in both Al and B2 horizons. These data were mapped for 

public forest areas only, and provided by Forestry Tasmania as polygon data 

in Arc/Info TM (ESRI Corporation) format. Soil polygons were gridded 

directly to 50 m 100 m, 200 m, 500 m and 1 OOO m. The 1 :25000 elevation 

data were converted to a 25 m resolution digital elevation model (DEM) 

covering the study area using the TOPOGRID procedure in Arc/Info TM . Grid 

cells from the 25 m DEM were aggregated so that at progressively coarser 

resolutions each grid cell represented an average of all the cells contained by 

it from the 25 m DEM. The resulting 50 m, 100 m, 200 m, 500 m and 1000 m 

DEMs were used to calculate slope, aspect and elevation data for input to 

ANUCLIM™ to obtain the required climatic inputs for the productivity 

model. 

Soil sampling, including profile and site descriptions was carried out at each 

of the established growth plots. All but two of the 26, 10 m x 10 m growth 

plots used in this study were on public forest land, and were located from 

Forestry Tasmania permanent sample plot data sheets and coupe maps. The 

remaining two growth plots were located in private plantations. Plot growth 

data, site and soils data were collected for each of these sites where these data 

were not already available. Independent soil laboratory analysis for pH, total 

N and total P were also carried out for these plots for both A 1 and B2 

46 



Chapter 3. Data input quality and resolution 

horizons. All 26 sites were also assessed for drainage characteristics, slope, 

aspect, soil depth and stoniness. For each site, PROMOD inputs were 

developed based on the soil property ratings used by Grant et al., (1995) or 

directly from laboratory data where that was available. 

3.2.5 Scale analysis 

Each climate and soil grid at 50 m (i.e., 2500 m2
), 100 m(10,000m2

) 200 m 

(i.e., 40,000 m2
), 500 m (i.e., 250,000 m2

) and 1 OOO m (i.e., 1,000,000 m2
) 

resolutions were re-sampled to 50 m where required using the nearest 

neighbour algorithm to preserve the coarser scale grid patterns. These data 

were used as inputs to the forest productivity model PROMOD. At each of 

these five scales, climate and soils inputs were combined so that there were 

five combinations of soil and climate input scales. For example, at 200 m five 

PROM OD runs were done using soils data extracted from the 200 m soil grid 

but with climate data interpolated from 50 m, 100 m, 200 m, 500 m and 1 OOO 

m grids. These data were then plotted against PROMOD predictions derived 

from the soil and climate data based on the 50 m grid. This process was 

repeated for each of the 5 grid resolutions used. Additionally, PROMOD 

predictions for the 26 individual (10 x 10 m) forest plots were compared with 

observed data to verify the accuracy of the model and to provide a means of 

ascertaining the precision of 50 m predictions. 

3.3 Results 

3.3.1 Plot level comparisons 

To test the hypothesis, that aggregating input data from fine to coarse scale 

was likely to induce scaling effects (i.e., change in the mean and variance of 
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model outputs across grid resolutions) we regressed observed growth plot 

data against PROMOD predicted growth data for each of the derived (50 m, 

100 m, 200 m, 500 m and 1000 m) input data sets. The overall mean and 

variance of the model outputs at all resolutions was found to be not 

significantly different from the plot level mean and variance (P<0.05). This 

indicates that the model outputs are robust across resolutions and that 

observed changes are entirely due to increasing sub-grid variance with 

declining input resolution. Figure 3.6 (b) shows that at the 50 m scale we have 

only a slightly lower? value (0.81) compared to the plot data (l =0.85) 

shown in Figure 3.6(a), although there is some additional bias introduced. The 

l is reduced to 0.62 at 100 m and is virtually non existent for 200 m, 500 m 

and 1000 m data sets (Figures. 3.6 (d,e,f)). This is largely because at the 

co~ser resolutions the input scale prevents the worst and the best sites being 

predicted accurately. Using the 50 m grid inputs productivity tends to be 

overestimated on poor sites and underestimated on good sites. At coarser 

scales of inputs estimates tend to the overall regional mean bioclimatic 

potential (as indicated on Figs. 3.6(a) through 3.6(f)). Notwithstanding the 

above we have reasonable confidence when using the mapped soils data at 50 

m resolution that our predictions are robust and in future work we will use 

estimates made at the 50 m scale as "truth" for scale comparisons. 
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Figure 3.6 Observed productivity plotted against predicted productivity using input data obtained at five different 
resolutions. In each case observed data were obtained at the plot scale (cf 10 m x 10 m) 

3.3.2 Scale comparisons 

To ascertain the relative contributions of soil factors and climate with changes 

in spatial resolution we combined climate data derived with 50 m, 100 m, 200 

m, 500 m and 1 OOO m grid cell sizes with soils data at each of these 

resolutions. These combinations are listed in Table 3.1. Overall there is a 

marked decline in ? values with decreasing resolution of soils input but a 
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lesser influence by decreasing climate resolution (Figure 3.8). At the highest 

soil resolution used in this study (50 m) decline in? is only around 14 % with 

decreasing climate resolution. There is a more marked decline in ? with 

decreasing soil data resolutions (around 50%) regardless of the resolution of 

climate inputs. However at 1 OOO m level the ? =0.44 is significantly reduced 

compared to the 50 m level (l=0.99). (see Table 3.1.) For all climate 

resolutions, decreasing soil resolution significantly decreases PROMOD's 

predictive power and irrespective of soils resolution, there is very little effect 

of climate resolution. The overall pattern of decreasing predictive power is 

shown in Figure 3.6. The standard error (SE) ofregression estimates for each 

soil resolution against declining climate resolution shows that the increase in 

SE is much greater for each change in soil resolution compared to each 

decrease in climate resolution. Furthermore, as climate and soil resolution 

decreases the proportional contribution of climate to the increase in the SE of 

regression estimates is reduced. 
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Decreasing Climate Resolution 

SOm JOO m lOO m SOO m JOOO m 

Figure 3.7 Scale comparison using combinations of soil and climate information at decreasing resolutions. For each 
row and column, 50 m peak MAI predictions (x axis) are plotted against productivity predictions made using 
decreasing resolution climate and soil inputs (y axis). Overall, resolutions decrease in the x and y directions 

respectively. 
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Model inputs r Slope Intercept 

SO m soils and 100 m 0.996 0.998 o.oso 
SO m sotls and 200 m 0.987 0.994 0.131 

SO m soils and SOO m 0947 0.974 0.396 

SO m soils and 1000 m 0 860 0.927 0.991 

100 m soils and SO m 0.909 0.9Sl 0.739 

100 m soils and 100 m 0.90S 0.949 0.788 

100 m soils and 200 m 0.897 0.94S 0 866 

100 m soils and SOO m 0.8S8 0.92S 1.129 

100 m soils and 1000 m 0.780 0 880 1.720 

200 m soils and SO m 0.826 0 896 1.767 

200 m soils and 100 m 0.822 0.89S 1 811 

200 m soils and 200 m 0.81S 0.890 l.88S 

200 m soils and SOO m 0.778 0.871 2.140 

200 m smls and 1 OOO m 0.702 0.826 2.708 

SOO m smls and SO m 0.666 0.778 3.93S 

SOO m soils and 100 m 0.664 0.776 3.971 

SOO m soils and 200 m 0.6S7 0.773 4.032 

SOO m soils and SOO m 0.628 0.7S6 4.2Sl 

SOO m soils and 1000 m 0.S61 0.714 4.771 

1 OOO m soils and SO m 0.522 0.66S S.932 

1 OOO m soils and 100 m 0.S20 0.664 S.9S9 

1 OOO m soils and 200 m O.SlS 0 661 6.010 

1000 m soils and SOO m 0489 0 64S 6.211 

1 OOO m soils and 1000 m 043S 0.610 6 638 

Table 3.1 Companson ofr2, slope and intercept between SO m scale predictions and combinatmns of different 
resolution soil and climate model inputs. 

52 



Chapter 3. Data input quality and resolution 

' -

--El -----4>- - -13- -
..f]---

8-0- -.A·-· 

-

0 

0 -

0 
0 

o~~~~~'~~~~'~~~~ 

0 400 800 1200 
Climate resolution (m) 

Soil resolution (m) 

0 50 
!:J. 100 
D 200 
• 500 
.., 1000 

Figure 3.8 Changes in S.E. of regression estunates in response to soils and climate resolution. 

A visual comparison of the predicted MAI grids for the different resolutions 

(Figure 3.9.) shows that while fine detail is progressively lost when moving 

from 50 m to 1 OOO m, the overall pattei:n of productivity prediction remains 

the same, with a generally increasing north -south trend. 
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Figure 3.9. Comparison of productivity predictions using 50 m, 100, 200 m, 500 m and 1000 m resolution soil and 
climate information. 

If we statistically compare the 100 m -1 OOO m grids against the 50 m "truth" 

grid using a simple product-moment correlation coefficient the loss of 

information is 2% (100 m), 5% (200 m), 12% (500 m) and 23% (1000 m) 

(Bonham-Carter, 1994). Similarly if we compare the classified grids using a 

coefficient of agreement (kappa) that measures the amount of agreement 

between matched grid classes and also corrects for the expected agreement 

between classes, proportional reduction in agreement is (K=0.79) 21 %, 

(K=0.67) 33%, (K=0.51) 49% and (K=0.42) 58% for each of the respective 

grid resolutions. Looking at the conditional kappa value breakdown for each 

of the productivity classes in this analysis shows that agreement between 

individual classes varies between 35% and 90% for the 100 m grid and 1 % 
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and 69% for the 1 OOO m grid. This indicates that the overall kappa values 

may actually be overestimating the degree of correlation between individual 

productivity classes. 

3.3.3 Spatial variation in rainfall and temperature 

Figure 3.9 shows a comparison of the neighbourhood range on a 3x3 cell 

matrix at 50 m resolution for temperature (a) and rainfall (b ). These figures 

show that both temperature and rainfall tend to vary slowly in space and are 

moqulated mainly by topographic effects (in this case elevation). Relatively 

sharp changes in temperature and to a lesser extent rainfall only occur where 

there are very steep elevation gradients in the mountainous southern area 

where absolute changes in production are very small because overall 

productivity is poor. Over much of the remaining area, especially as we move 

from the coast inland, variations in neighbourhood range are relatively small 

(<20%). In contrast, neighbourhood range fo~ the soil water s~orage capacity 

(an example of a soils property (Figure 3 .5( c)) shows the effect of discrete 

soil boundaries, where the changes across a length of 150 m can be more than 

100%. Thus the mosaic pattern of growth variation in this area reflects the 

dominant control of spatial changes in soil properties on predicted 

productivity whereas temperature and moisture effects are reflected in the 

north-south trend of overall productivity. 

3.4 Discussion 

3.4.1 Model - scale effects 

When productivity models are used in distinct classes of studies (e.g., to 

predict resource availability, in ecological studies, climate change, carbon 
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sequestration, or to study sustainability), it is important to know the degree to 

which model outputs are affected by the spatial scale of the application and 

how input data is aggregated (Rastetter et al., 1992; Bonan et al., 1993). 

PROMOD was designed to be robust with regard to input data scale but 

because of non-linear relationships in formulations in the model we 

nevertheless expect it to exhibit scale-dependent behaviour. Most of the 

equations used in the model were developed from the analysis of 10 x 10 m 

growth plots. Therefore we might expect that the model's parameterisations 

will in some sense be optimised for this scale of application. 

This study indicates that PROMOD does not exhibit marked scale-dependant 

behaviour over the range of scales and environmental domains we tested. 

However the effects of aggregating soils information from 50 m to 1 OOO m 

does have a significant and deleterious effect on the areal pattern of 

productivity prediction. Below about 100 m resolution there is a loss of 

precision in the predictions but the spatial patterns are not seriously perturbed 

from the 50 m "truth" grid (see Figure 3.9). As expected, model predictions 

are very accurate when using plot-based data (Figure 3.6(a)) but as we 

progress to coarser scale inputs we get progressively lower correlations, 

(Figure 3.6 (b,c,d,e,f)) . This is because we are failing to distinguish the detail 

of the landscape. For example, we may be missing either small, highly 

productive locations with deep, fertile, soils or lower productivity patches 

where waterlogging may be constraining growth. However the variance and 

mean of model predictions remain relatively constant across input scales. As 
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we move to coarser scales there is a tendency for productivity predictions to 

move toward the climatic mean for E. globulus in this area. 

3.4.2 Soil and climate - scale effects 

PROM OD outputs appear to be more sensitive to soils inputs than to climate 

inputs. This is not because productivity is more sensitive to soil properties 

than temperature and rainfall but because climate changes in space smoothly 

whereas critical soils variables such as nutrition, and soil water capacity 

change relatively abruptly. This may not always be the case, but in the present 

case may reflect the particular geological history and topographic 

configuration of the study area. In addition, while the climate variables used 

to drive PROM OD in this application, such as temperature and rainfall exhibit 

low spatial heterogeneity, other environmental variables such as frost have the 

potential to negatively impact on productivity and commonly have discrete 

spatial patterns in the landscape. 

While soil input resolution severely affected model outputs (Figure 3.7), 

changes in climate resolution had much less effect on model outputs. This 

could be due to the fact that climate variables are continuous at the scales we 

examined in this study. Aggregating these variables had little effect apart 

from generally smoothing the existing areal climate pattern with decreasing 

resolution. Bian ( 1997) found similar effects when aggregating elevation data 

from 30 m to 900 m grids. While some detail was lost, the general pattern of 

landscape features remained essentially the same. However, this effect was 

not apparent for the soils data used in this study. Soils were distributed in 
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space as discrete entities, homogenous internally and with sharp boundaries 

between soil types. 

Generally soil properties such as moisture and nutrient availability exhibit 

significant variations over scales of tens of metres. As we increase the 

resolution of input variables we effectively reduce the residual sub-grid 

variance by grouping grid cells for each variable into more homogenous units, 

theoretically more closely approaching the true value. However, different 

variables have different rates of change with changing resolution. In this 

application soil properties such as maximum soil water storage capacity and 

soil nutrient status have the capacity to dramatically influence model outputs 

over small spatial scales because of the discrete nature of the soil input data 

and their large leverage on non-linear components of the productivity model 

such as in the calculation of leaf area index and stored soil water. A 

consequence of this is that some environmental variables need to be specified 

more accurately than others. If these variables change markedly over short 

distances it reduces the opportunity for spatial aggregation if we wish to 

maintain confidence in model outputs. 

3.4.3 Data constraints 

Data for environmental modelling are rarely available at the required 

resolution and they are often used with no knowledge of their accuracy (the 

extent to which a measured or estimated value approaches the true value, 

usually estimated by the standard error) or their precision (a measure of the 

dispersion, typically the standard deviation around a mean value) Burrough 

and McDonnell, (1998) . The results of this study indicate that application of 
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coarse scale input data to make fine scale predictions must be made with 

caution. 

Mapped soil information is notoriously oversimplified. For example, soil 

polygons are usually displayed with discrete boundaries, whereas in reality 

the boundary between soil types may be gradational or exhibit specific spatial 

patterns due to geological, topographic or hydrographic variations (Bouma et 

al., 1996). It is difficult to defme discrete soil boundaries from sparsely 

located point samples (e.g., from soil pits or road cuttings) even with the aid 

of interpretations of vegetation types and aerial photography and geology 

(Salome et al., 1982). Where plots are located close to or on soil boundaries 

growth estimates could be significantly different depending on which side of 

the soil boundary the plot falls. Predictions made close to soil boundaries are 

therefore more likely to be in error than are predictions made closer to soil 

polygon centres. Recent advances in the construction of continuous soil maps 

across spatial aggregation levels using fuzzy sets may reduce some of these 

problems in the future (De Gruijter et. al., l 997). 

In Australia detailed digital soils information is not usually available at 

statewide or even regional scales. Much of the information required to run 

process-based models such as PROM OD over large areas is estimated by 

interpolation, and by extrapolation of mapped or interpreted approximations 

of the "true" values. In many cases such data are averages with unknown 

variance, spatial support or degree of autocorrelation. These data are then 

often aggregated (up-scaled) or disaggregated (down-scaled) to suit the 
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application scale. Using non-linear process models such as PROMOD with 

these inputs will leave decision making based on model outputs highly 

susceptible to errors. 

3.5 Conclusions 

3.5.1 Appropriate application scale for PROMOD 

The developmental scale (-100 m2
) of PROMOD is well suited for use at this 

and other scales up to around 200 m if using inputs aggregated from plot scale 

data. While results with input data grids using a 50 m cell size (2500 m2
) are 

comparable with plot-based data, for fine scale studies, we get better 

estimates of very good and very poor sites using the plot-based input data. A 

resolution of 200 m appears to strike a good balance between computational 

and storage costs for regional studies such as this and the loss of input 

accuracy through data aggregation. Because of the severity of ~e effects of 

aggregation on model outputs at the 1 OOO m scale we do not recommend 

using PROMOD (or in so far as PROMOD may be considered representative, 

any process-based model) with input data derived at this scale where more 

than average growth response over very broad geographic extents is required. 

3.5.2 Appropriate input scale 

Scaling climate data such as temperature or rainfall appears to affect the 

overall pattern of productivity predictions very little, apart from smoothing 

the already existing spatial trends. While PROMOD outputs appears to 

remain largely unaffected by aggregation of climate data in this study, model 

outputs are progressively degraded by aggregating soils information, 

especially as these data are aggregated beyond the 200 m resolution. Ideally, 
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PROMOD should be used with soils information provided at the 50 m scale 

or better. Because model outputs are less affected by gradational changes in 

climate variables compared to the relatively abrupt spatial changes in soil 

variables it is more important to maximise the spatial information content in 

soils input. If required a reduction in storage and processing costs can be 

achieved by aggregating corresponding climate variables over the same area. 
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Chapter 4 Terrain and Environmental Modelling 

This chapter is published in the international journal Forest Ecology and 

Management as 

Mummery, D., Battaglia, M, Beadle, C. L., Turnbull, C. R A. and McLeod, 

R., 1999. An application of terrain and environmental modelling in a large

scale forestry experiment. For. Ecol. and Manage. 118, 149-159. 

In this chapter the aim is to use landscape and environmental modelling 

techniques to generate site descriptors for a process-based productivity 

model. We demonstrate at the plantation scale that using process models 

such as PRO MOD with generated inputs can significantly improve 

confidence in the results of a large-scale forestry experiment. 

4.1 Introduction 

It can be difficult to find suitably large homogenous areas of forest or 

available land for many field experiments in forestry and ecology because of 

logistic, economic or environmental reasons consequently, true replication of 

large scale forestry experiments may be unattainable and there is a risk that 

environmental variability may mask the treatment effects the experiment is 

designed to detect (ver Hoef and Cressie, 1993). Randomised blocks are a 

simple way of minimising the effects of spatial heterogeneity. However, 

there is no guarantee that the chosen block size matches the scale at which the 

environment is varying. If mismatched, blocking will reduce the power of 

analysis without removing much of the effect of spatial heterogeneity. In 
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some forestry experiments there is a minimum treatment size (machinery 

operation or coupe burning for example). Also, cost of treatment applications 

and the inherent mosaic structure of many forest areas limit the extent to 

which treatments can be replicated without extending experiments into forests 

of different structure or history, or that are growing in markedly different 

environments. In these cases reformulation of hypotheses into more testable 

or affordable contexts is preferable. If this course of action is not chosen, or 

is not possible, the incorporation of spatial information into data analysis can 

reduce the "noise" in data and improve the estimate of treatment effects. 

Provided that there is no interaction between treatment effects and the spatial 

heterogeneity in the environment (a standard condition for the incorporation 

of covariates, (McPherson, 1990)) the use of environmental covariates will 

reduce the possibility of incorrectly assuming treatment effects due to an 

underlying environmental correlation. 

Site productivity at broad-scales is determined by climate and geology 

(Eagleson 1982, Blake et al., 1990; Boomsma and Hunter 1990). At the 

single plot scale the effect of these determinants of forest growth is modulated 

by the influence of topography and, through this, soil factors (Conry and 

Clinch 1989, Honeycutt et al., 1990). It is variation in topography and soils 

that typically result in spatial heterogeneity in field experiments. Topography 

affects site productivity by controlling soil forming processes (Jenny 1941 ; 

Jaiyeoba and Ologe 1989; Weaver 1991 ), and by determining the distribution 

and frequency of radiation inputs (Tajchman and Lacey 1986; Takahashi 
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1987; Moore et al., 1993a), waterlogging (Blake and Reid 1981 , Setter and 

Belford 1990), cold air drainage (Turnbull et al., 1997) and the import or 

export of organic matter and nutrients (Grier and Running 1977; Jones et al., 

1989; McNab 1989). 

It is possible to collect detailed site information to supplement field 

experiments from a range of variables (including weather variables, and soil 

variables such as hydraulic conductivity, porosity and soil water content). The 

cost of repeated measurement to assess the duration that these factors exert an 

influence on growth (e.g. the proportion of a year a site is waterlogged) can 

be prohibitively expensive. Furthermore, because plant growth is 

synergistically affected by these factors it can be difficult to know how to use 

them meaningfully as covariates in experimental models. Consequently, for 

environmental covariates to be applied to broad-scale field experiments it is 

important that they be obtainable using remote sensing or through the use of 

existing digital surfaces. Such covariates usually require a process-based re

interpretation before they can be applied usefully. 

In this chapter we examine a forestry field experiment with a typical design 

(Turnbull et al., 1997). This experiment has limited replication and 

treatments are confounded with aspect and topography. It is unclear whether 

this has affected the results, and confidence in the conclusions is consequently 

reduced. We collect site information for each of the experimental areas. 

These were tested for significance in a stepwise regression model 

incorporating the treatments as categorical variables to see how they affected 
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our interpretation of the experiment and how the estimates of treatment 

effects were altered by these site factors. Waterlogging was the principal soil 

attribute found to influence tree growth. Because waterlogging was difficult 

to measure in the field we examined whether it could be predicted using a 

digital elevation model and landscape process models. Finally, we tested to 

see whether integration of all the environmental attributes with a process

based model of tree-growth provided an improved means of synthesing the 

enviromental information into a covariate that could be used to adjust for 

spatial heterogeneity in the field experiment. 

4.2 Methods 

The study site of 83 ha at Creekton in SE Tasmania (Lat -43° 21 'S, Long 146° 

54'E) is a highly productive, (average MAI >20 m3 ha-1 a-1
) plantation of 

Eucalyptus nitens (Deane and Maiden) established in winter 1989. Elevation 

across the site ranges from 90 to 150 m above sea level ( a.s.l.) with a mean 

elevation of 109 m a.s.l .. Slope ranges from 2 to 25% and aspect 40° to 226° 

from North with means of9% and 146° respectively. 

The climate at the site is cool-temperate with significant rainfall occurring in 

both summer and winter. 

Long-term climatic means (see Table 4.1) were estimated from the 

interpolated climate model ESOCLIM (McMahon et al.. 1997). These 

estimates were used as input to the plantation productivity model PROMOD 

(Battaglia and Sands 1997). This model is calibrated for E. globulus, but 

under the temperature and rainfall regime of the catchment, growth estimates 
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Source Temperature DC Rainfall Radiation Evaporation Rain days 

Maximum Minimum mm MJ m·2 d·1 mmd·1 d 

ESOCLIM for 
15.8 6.6 1254 12.7 2.3 204 

Creekton 
Geeveston 1 

( 40 
16.8 5.8 872 n/a n/a 

mas!) 

Table 4.1. Mean annual maximum & minimum temperatures, rainfall, radiation, evaporation and number of rain 
days. 1Geeveston. (43° 09' S, 146° 55' N) is a Bw-eau of Meteorology weather station site approximately 22.5 km 

north of the Creekton plantation. 

199 

are indicative of E. nitens growth (see Beadle et al.. 1995, for comparison at a 

nearby site). 

Soil was sampled during winter 1996. Samples were taken in the centre of 

each of 40 growth plots by augering to a depth of at least l m (sensitivity 

analysis with PROMOD shows that increasing soil depth beyond this has very 

little effect on tree growth on this site) where this was possible and recording 

the presence/absence of surface water, thickness of the A horizon and depth to 

B horizon, variations in colour and texture, stoniness, presence/absence of 

mottles and presence/absence of gleying (gley) in the profile. Sampling 

locations also were recorded with a Global Positioning System (GPS) in 

differential mode and later geo-referenced to the base map (in UTM 

coordinates). See section 4.2.l below. 

The study area principally covered one geological substrate, Jurassic dolerite. 

The soil was a yellowish-brown to red-brown mottled clay (Australian Soil 

Classifications, Isbell, 1996: Mottled, Brown Ferrosol) characteristically 

developed under wet forest with annual rainfall> 1000 mm (Grant et al., 
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1995). Average soil depth was typically greater than 1 m, soil pH was 

between 4.3 to 5.0 prior to establishment and organic matter was 2.0 - 4.2% 

(Turnbull et al., 1997). Mean thickness of the AO horizon was 0.1 m and 

mean depth to the B horizon 0.3 m. Significant surface and sub-surface 

dolerite rocks and boulders were limited to the steeper, south-facing slopes. 

Middle and upper slope soils tended to have better structure, were more 

friable and in many cases obviously better drained than neighbouring soils at 

the base of slopes or in flatter areas where soil in the A horizon was generally 

silty-clay rather than clay-loam and tended to massive clay in the lower B 

horizon. In many cases on the lower sites surface water was also retained in 

local depressions. 

Saturated hydraulic conductivity (Ks) and porosity were estimated for the 

purpose of landscape modelling from soil texture after Rawls et al., 1982. 

The A horizon profile ranged from silt loam (Ks = 6.9 mm h- 1
, porosity= 

48%) to clay loam (Ks = 2.3 mm h- 1
, porosity= 39%). B horizon profiles 

ranged from clay loam (Ks = 2.3 mm h-1
, porosity = 39%) to medium to heavy 

clay loam texture (Ks= 0.6 mm h- 1
, porosity= 38%). However, as the 

hydrologically active zone generally corresponds to the A horizon (Moore et 

al., 1993b) the average Ks was taken as the mean of the two A horizon values 

(Ks = 4.58 mm hr"1
). Effective porosity was set to 43%. For the purposes of 

this study we have assumed that Ks and porosity are spatially invariant. 

4.2.1 Terrain modelling 

A Digital Elevation Model (OEM) was constructed using ANUDEM version 

4.0 (Hutchinson 1995). ANUDEM uses a drainage enforcement algorithm 
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coupled with a finite difference interpolation technique that eliminates 

spurious depressions in DEMs based on scattered, surface-specific point or 

contour elevation data and streamline data. The DEM data were derived 

from 10 m interval, digital contours and hydrography supplied by the 

Tasmanian Department of Environment and Land Management. These data 

were digitised by that Department from the 1 :25 OOO series topographic maps 

Raminea and Hastings (TASMAP Map numbers 4820 and 4819 respectively). 

The horizontal accuracy of the base contour data is stated to be ±12.5 m for 

90% of the coverage, and 90% of the elevations are within 5 m of their true 

positions. These contour data were partially validated using the 40 GPS plot 

locations. The GPS locations had a maximum root mean square error of ±5 

m. The contour derived DEM was then sampled using the 40 GPS derived 

locations. The mean deviation was± 10 m of the GPS locations. 

The DEM was constructed on a 12.5 x 12.5 m grid using existing 

hydrography (streamlines) to ensure a hydrologically sound (depressionless) 

DEM and then re-sampled to a 25 m x 25 m grid. A basin delineation 

procedure (the WATERSHED function in ARC/INFO) was used to identify 

the catchment surrounding the Creekton plantation. A rectangular DEM 

completely containing this catchment was then extracted and used for all 

subsequent analyses. 

The T APES-G package (Gallant and Wilson, 1996) was used to derive 

various topographic and hydrologic attributes for the Creekton catchment. 

T APES-G is a suite of grid-based terrain analysis programs that computes 

68 



Chapter 4. Terrain and Environmental Modelling. 

slope, aspect, upslope catchment area, profile and plan curvature and several 

other topographic attributes. These topographic attributes may be divided 

into primary and compound attributes. Primary attributes that were directly 

calculated from the OEM included: slope, aspect, plan, profile and tangential 

curvature, flow direction, flow path length, and upslope catchment area. 

Compound attributes are indices that involve combinations of the primary 

attributes such as the erosion index and wetness index that were calculated 

using the EROS (Wilson and Gallant 1996), SRAD, WET (Moore et al., 

l 993a) and OYNWETG (Barling et al.. 1994) programs. 

The following attributes and indices were calculated from the OEM using the 

T APES-G package: 

(a) variation in radiation and temperature across the plantation: SRAD 

takes into account slope, aspect, topographic shading and monthly variations 

in cloudiness, atmospheric transmissivity and several vegetation properties 

such as variation in leaf area index and reflectance characteristics for different 

vegetation types. It computes a radiation balance using incoming short wave 

radiation and incoming and outgoing long wave radiation, and also 

extrapolates minimum, maximum and average temperatures across the 

surface based on temperature records from a nearby weather station. SRAD 

was used to derive radiation estimates for the site modified by slope, aspect 

and topographic shading. 

(b) the erosion index (gj): the relative change in a dimensionless sediment 

transport capacity (a non-linear function of specific contributing area and 
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slope that is related to unit stream power' (Moore and Wilson, 1992). A 

positive grid cell value indicates net deposition and a negative value indicates 

net erosion (Wilson and Gallant, 1996). 

(c) relative available soil water content (raswc): the estimated average long

term water balance of a grid cell and is controlled by precipitation, 

topography and radiation. The water inputs to each grid cell are rainfall and 

run-on, and the outputs are deep seepage, evapotranspiration and run-off. A 

raswc = I represents field capacity and a raswc =O represents plant wilting 

point (Moore et al., 1993a). 

(d) the dynamic wetness index ({iynwet) : predicts subsurface soil water re

distributions in the landscape using specified catchment drainage times. It is 

a function of saturated hydraulic conductivity, drainable porosity, slope and 

specific catchment area. Actual soil water storage for each grid cell is 

assumed to be linearly related to the dynamic wetness index (Barling et al., 

1994). 

(e) tangential curvature (tancurve): represents convergence (valleys) or 

divergence (ridges) of the land surface in the direction of flow and is obtained 

using a plane normal to the flow path (in three dimensions) and calculated 

using finite differences. A positive value for tangential curvature indicates 

divergence and a negative value convergence (Gallant and Wilson, 1996). 

The final environmental covariate generated was a site index (si) for eucalypt 

growth. This was generated using PROMOD (Battaglia and Sands, 1997) , a 

simple physiologically based model that predicts the productivity of a 
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plantation following canopy closure. It uses readily available site inputs, 

ESOCLIM derived climatic data, slope and aspect and a simple soil 

classification of depth, texture, stoniness, drainage and fertility. The site 

classification with respect to drainage is an indicator as to whether a site is, or 

is not, susceptible to waterlogging. 

4.2.2 Original experimental design 

The original experiment (Turnbull et al., 1997) was designed to evaluate (a) 

the relative impact of clearing practice on native forest sites and (b) the 

application of fertiliser on the dynamics of growth throughout the rotation. It 

consisted of two fertiliser regimes (fl and f2 with nitrogen added at the rate of 

l 00 kg ha-1 and 300 kg ha-1 respectively) and two machine preparation 

methods (ml and m2 using a bulldozer with standard blade and an excavator 

fitted with finger rake and thumb grab, respectively). The 40 growth plots 

were each of 30 trees on a 6 x 5 m rectangular grid (2 m between trees within 

rows and 3.5 m between rows) and established in a partially replicated design. 

The 80 ha site was first divided into two 40 ha machine treatment 

compartments. Within these, four approximately 20 ha blocks were further 

divided into two 10 ha fertiliser treatment blocks. Five growth plots were 

randomly located in each of these blocks. By the start of the third growing 

season two fertiliser blocks in each of the machine treatment compartments 

had received 100 kg ha- 1 and the remaining two fertiliser blocks had received 

300 kg ha-1
• Trees were measured annually for tip height and stem diameter 

at breast height over bark (DBHOB) to age 7 (Turnbull et al., 1997). Because 

of operational and resource constraints (such as machine movement logistics 
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and limited total operating hours) the site preparation treatments in this 

experiment were not fully randomised or replicated with regard to 

topography. This resulted in the excavator treatment being located principally 

on south facing aspects and bulldozer treatments being located on mainly 

northerly aspects thus confounding these treatments with respect to radiation 

and therefore temperature and evaporation regimes (see Figure 4.1 ). 

1000 

meters 

2000 

0 Denotes site where gleyed soil profile was pr 
but not observed. 

Figure 4. l Sample plots draped on topography showing two preparation treatment blocks (ml ,m2) . Plots with gleyed 
soil profiles are shown as filled circles. The size of circular symbols are proportional to plot volumes at age 7. 
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Tree volumes were log-transformed (logvol variate) prior to analysis to 

remove data heteroskedascity. Using generalised linear stepwise regression it 

was found that the gley covariate was the only significant factor influencing 

growth in addition to the treatment effects (see Table 4.2). None of the other 

topographic or environmental factors (slope, aspect, plan or profile curvature, 

minimum or maximum temperature, net radiation, soil depth) proved 

significant. 

Table 4.2 Summary table for the initial forward selechon generalised linear stepwise regression model. Gley is a 
measured soil property indicating waterlogging in the profile. Method represents the two site preparation treahnents 

and fert represents the two level fertiliser treahnents. MSS is the mean sums of squares, ESS is the error sums of 
squares. Only vanables that accounted for a significant reduction in residual error (ESS) with probability (P) less 

than 0.001 were included in the model at each step. 

Model MSS p 

Stepl. gley 0.55 <0.001 

Step 2. gley + method 0.72 <0.001 

Step 3. gley +method+ fert x method 1.08 <0001 

4.3 Results 

4.3.1 Rule-based model for predicting gleying 

Because gley is difficult to measure in the field a classification tree was . 

constructed from selected terrain variables and developed into a rule-based 

model to predict the occurrence ofwaterlogging or gleying in the profile. A 

combination of manual selection and the Trees submodule ofSYSTAT were 

used to construct a set of rules for the prediction of waterlogged sites. Only 

rules that were biophysically plausible were used. The proportional reduction 

in error of the final model was 0.82. This model successfully predicted 
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100% of the observed gleyed sites (n=4) plus one extra site where gleying 

was not detected in the profile sampled (see Figure 4.1 ). However at the time 

of measurement we observed that at least 15% of the plot and much of the 

surrounding area was covered by surface water ponded in localised 

depressions. 

The rule for predicting the occurrence of gleying (pred gley) were: 

pred gley = (ei<O,raswc>0.7,dynwet>4.5,tancurve < 0.1) (4.1) 

An erosion index ua) <O indicated that erosive processes may be active. 

However there was little evidence of actual erosion (e.g., rill or gully 

formation) at these sites because of relatively low slope, dense understorey 

vegetation (dominated by the cutting grass Gahnia grandis) and clay soil 

texture. Although actual erosion was likely to have had a relatively minor 

impact on these sites the water flow being directed and concentrated in these 

areas would certainly have contributed to the observed leached A2 horizons. 

Relative available soil water content (raswc) >0.7 indicated that these areas 

may be close to field capacity (raswc = 1.0) for much of the year. It is likely 

that these areas would saturate quickly during storm events given their 

predicted high antecedent soil water contents and the relatively low estimated 

mean Ks for these profiles. A dynamic wetness ·(dynwet) >4.5 indicates areas 

that are prone to early saturation from contributed sub-surface flow during 

and after storm events and is close to the maximum estimated "dynamic 

wetness" for the Creekton catchment. According to Gallant and Wilson 

(1996) tangential curvatures (tancurve) < 0 indicate areas of convergence (e.g. 
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valleys) in the landscape and tan curvatures> 0 divergence (e.g. ridges). 

Considering the limitations of the DEM, tancurve < 0.1 was indicative of 

areas where flow generally was converging and we would expect greater 

concentration of both surface and sub-surface water. Equation 4.1 was 

applied to the appropriate terrain attribute data for the Creekton plantation to 

generate the pred gley covariate. 

4.3.2 Models for predicting tree volumes (logvol) 

Analysis of the original experimental design (Model 1 in Table 4.3) explained 

only 40% of the variation in the growth response and there was a significant 

fert x method interaction (P<0.05). The~ and si(gley) models (2) & (5) 

explain 47% and 48% of the variation in logvol. The slightly better fit for 

si(gley) indicates that PROMOD is taking into consideration other site effects 

such as water stress that may be occurring in a few plots on shallower soils 

during the short dry periods. The pred gley and si(pred gley) models (3) & 

(4) explain 45% and 47% of the variation in logvol respectively. 

si(pred gley) is the better covariate in this case, again because PROMOD is 

picking up those few sites that are suffering from water stress. 
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Table 4.3. Comparison of models examined for predicting growth including the separated least squares treatment 
means (fl ,2 x ml ,2) for each combination of treatments. In all models the log transformed standing volume at age 7 
(logvol) is the dependent variable. The r2 value denotes the proportion of variance in the dependent variable (logvol) 

accounted for by the predictor variables (Wilkinson et al., 1992). ESS and MSS are the error sums of squares and 
mean sums of squares, f1 and 12 are fertiliser levels I 00 kg ha-I and 300 kg ha- I and m I and m2 are bulldozer and 

excavator treatments respectively. The four combinations of treatment means were tested for differences by pairwise 
comparison using the Tukey-Kramer HSD procedure (Wilkinson. et al. 1992). The superscript letters A and B, refer 

to the treatment means that are significantly different for each model tested (n= I 0 in all cases). Fert represents the two 
level fertiliser treatments; method represents the two site preparation treatments. Oley is a measured soil property 

indicating waterlogging in the profile; pred _gley is predicted gley generated from the waterlogging model. Predicted 
gley was used as input to PROMOD to produce the si(pred_gley) covariate and si(gley) was similarly created using 

the measured gley variable as input to PROMOD. 

Models 

fert + method' 

fert + method + gley 

fert + method + pred _gley 

fert + method + si(pred_gley) 

fert + method + si(gley) 

the analysis ofTurnbull et al .. 1997 

Least square mean estimates for treatment combinations are similar for all 

models and generally lead to the same conclusions. In all cases the use of 

bulldozers (ml) with lower levels of fertilisation at 100 kg ha-1 (fl) resulted in 

poor growth relative to other treatment combinations. Application of higher 

levels of fertilisation at 300 kg ha· 1 (f2) reduced this impact. The best fitting 

model (model 5) highlights the anomalous result of fl x m2 being higher 

performing than f2 x m2. This probably results from residual landscape 

variation not accounted for in the model and because the inherent site fertility 

may be masking much of the response to fertiliser in these treatments. Also at 

high levels of fertilisation (f2) a significant increase in stem deformities and 

poor form (multiple leaders) has been observed in this plantation (Beadle, et 

al., 1994). As a general conclusion we found that including landscape 
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covariates refined our estimates of treatment effects but did not substaintially 

alter the conclusions from the experiments. 

4.3.3 Discussion 

The temperature, rainfall, and inherent fertility of the study catchment suggest 

that it should be well suited for plantation growth. Estimates of site 

productivity made using PROM OD parameterised with average catchment 

soil and climate data suggest that the peak mean annual increment should be 

close to 30 m3 ha-1 a-1. This compares favourably with existing plantations in 

Southern Tasmania (e.g. Beadle et al. . 1995). Radiation and temperature 

variation over the catchment area caused only a slight variation (about 5%) in 

predicted yield between growth plots. However, variations in observed soil 

depth and waterlogging appeared to exert a marked influence and these 

factors reduced yield by up to 40 and 55% respectively from the predicted 

climatic potential maximum on some growth plots. These soil properties 

clearly have the potential to confound experimental treatment effects. 

Fortunately, while the initial experimental treatments were confounded with 

aspect, and hence radiation and temperature (due to the lack of sufficient 

replication of the ml and m2 treatments) the soil depth and susceptibility to 

waterlogging were effectively randomly distributed across the treatments. 

Consequently, treatment effects were estimated with reasonable accuracy (cf. 

Tables 1 and 2 in Turnbull et al. (1997)). The design and analysis of the 

original experiment leaves some doubt as to the validity of the experimental 

conclusions of Turnbull et al. (1997). However the removal of the effects of 

environmental variability in effect " levels the playing field" and provides the 

77 



Chapter 4. Terrain and Environmental Modelling. 

spatially uniform experimental area required to give readers confidence in the 

conclusions. 

The proportion of variation in growth over the catchment explained in the 

original analysis was quite low ( 40%, Model 1, Table 4.2). Inclusion of soils 

and hydrological variables improved the proportion of variation explained 

from 0.40 to 0.48, an increase of 20%. After the inclusion of all significant 

landscape variables a considerable proportion of the variation still remained 

unexplained, although the overall degree of variation explained is comparable 

to similar landscape-scale studies of productivity (e.g. Borcard et al., 1992; 

Milner et al., 1996). The nature of this unexplained variation is unclear. In 

part it may be environmental factors unaccounted for, and in part, stochastic 

influences. 

4.3.4 Limitations of the digital elevation model 

Re-calculating elevation contours from the DEM revealed a high degree of 

fidelity with the original contour data. Inspection of the residuals from the 

DEM surface fitting procedure indicated that there were only very minor 

adjustments made in creating a depressionless DEM of the Creekton site. 

However the resolution of the DEM (25 m) may have been insufficient to 

accurately model finer scale topographic variation and would have 

undoubtedly contributed to errors in calculated terrain variables and indices. 

For analytical purposes spatial patterns possessing periods less than twice the 

size of a regular grid will be lost (Burrough, 1986). In this case growth plot 

size was approximately 10 m x 14 m whereas DEM cell size was 25 m x 25 

m. Therefore any within cell variations in slope, aspect or curvature would be 
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lost along with any spatial features with frequencies less than about 50 m. 

Panuska and Moore (1991) and Jenson (1991) demonstrated that slopes, and 

therefore other secondary DEM derivatives calculated from raster elevation 

data, vary significantly depending on cell size and data source. It was 

apparent in the field that in some cases slope, aspect and plan and profile 

curvature varied significantly over relatively small distances (tens of metres). 

While the analysis undertaken here has considered water movement to predict 

the occurrence of waterlogging, the effect of run-on and run-off on water 

supply during the short dry periods of the year has not been considered in 

detail. Lack of water storage capacity in shallow soils on relatively well

drained upper slopes is likely to cause drought stress during summer 

(Tajchman and Lacey 1986; Takahashi 1987). However, mid and upper slope 

positions with deep profiles are capable of storing a significant amount of soil 

water for use during dry periods (Honeysett et al.. 1992). In addition sub

surface soil water contributions from up slope may be replenishing soil 

storage in some parts of the landscape up to several months after the last 

significant rainfall event (Barling et al., 1994). 

Many eucalypt species are known to be sensitive to frost damage (Paton 

1981 ; Hallam et al., 1989; Battaglia and Reid 1993). In addition, 

waterlogging combined with the effects of cold air drainage and frost is 

known to have a compounding effect on growth depression in eucalypts 

(Davidson and Reid, 1987). Cold air drainage is known to have adversely 

affected growth in a nearby catchment (Beadle et al.. 1995). This may also 
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have occurred in some areas of the Creekton catchment and may be a 

contributor to the residual variation. The common flow lines for water and 

cold air may, however, mean that some of the frost and cold air effects have 

been subsumed into the waterlogging effect in the model. 

The waterlogging predictor developed in this study is comparable with other 

studies that have used combinations of terrain-derived variables for predicting 

soil and soil water attributes. For example, Burt and Butcher (1986) required 

a combination of two terrain attributes, wetness index and plan curvature to 

obtain a reasonable correlation with measured soil water potential and 

saturated depth. Moore et al., (1988, 1992) used a combination ofterrain

derived variables, including wetness index, stream power index, aspect, slope 

and profile curvature, to produce significant correlations with soil water 

distribution and various soil properties in experimental catchments. Typically 

these models predict up to 60% of the spatial variation in the property under 

consideration. However, in the absence of high-resolution soils information 

these predicted attributes will undoubtedly be useful in many site selection 

studies where some knowledge of soils or other landscape processes is 

required. As Moore et al., (l993b, pp.217) suggest "One rationale for only 

using topographic attributes to predict soil water content is that in many 

landscapes pedogenesis of the soil catena occurs in response to the way water 

moves through the landscape, so that the spatial distribution of topographic 

attributes that characterise these flow paths inherently captures the spatial 

variability of soil properties at the meso-scale as well" . Because these 
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topographic attributes are derived from process-based landscape and 

environmental models they should provide simple, yet physically realistic 

estimates of a variety of landscape parameters across a wide range of climates 

and topographies. 

The plantation site studied here was small, had limited topographic variation 

and was located in a fairly optimal climatic regime. Nonetheless, our analysis 

suggests that, even within the limitations imposed by the available digital 

terrain data and the establishment of an extensive and necessarily 

incompletely replicated forestry field trial, the inclusion of terrain derived and 

environmental variables can lead to a significant overall reduction in residual 

variation. 

Large-scale field trails that cannot be fully replicated due to space or resource 

constraints are often undertaken. This study has shown that terrain analysis 

carried out prior to the establishment of the experiment is capable, of 

providing additional site information that has the potential to enhance the 

accuracy and confidence in the results. This information allows 

experimenters to identify the confounding influences of various 

environmental and site heterogeneities before treatments are established. 

Clearly there are limits to what we have developed. However, for the purpose 

of deriving appropriate covariates for broad scale forestry experiments and for 

generating additional site data for use in general landscape productivity 

screening, the results suggest that the techniques developed here will be 

useful. 
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Chapter 5 Spatial application of a productivity model. 

This chapter is published in the international journal of Forest Ecology and 

Mangement as 

Mummery, D. and Battaglia, M, 2001. Applying PROMOD spatially across 

Tasmania with sensitivity analysis to screen for prospective Eucalyptus globulus 

sites. For. Ecol. Manage. 140, 51-63 

This chapter examines plantation suitability assessment at the state-wide 

(Tasmania) scale. 

The aim is to use landscape and environmental modelling techniques to generate 

site and climatic descriptors for a process-based productivity model (PROMOD) 

in a broad-scale environmental sensitivity analysis that not only produces 

plantation site suitability estimates but also provides an assessment of the 

uncertainty of these predictions 

5.1 Introduction 

Recent developments in process-based forest productivity modelling now 

allow accurate assessment of site suitability for particular plantation species 

provided accurate site information is available (e.g. Battaglia and Sands, 

1997; Landsberg and Waring, 1997). One of the most common uses of such 

models is broad scale assessment (resolution 1 km2
) of forest growth 

potential. These predictions are used for carbon audits (Emanuel et al., 1984; 

Dewar, 1990; Dixon et al., 1990; Heiman, 1991), conservation (Specht, 1981 ; 

Austin, 1984; Hickey et al., 1988), developing strategies for reforesting 

degraded lands to alleviate land degradation (Gifford, 1988; Brett, 1990), and 
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targeting large-scale expansions and development of wood based industries 

(Anon, 1997; Anon, 19983
; Anon, l 998b). 

In many instances, the environmental surfaces available for describing broad 

geographic areas are of limited extent or lack the requisite accuracy, reducing 

the value of estimates of forest growth potential. For example, Nix et al., 

(1992) detailed a method that coupled a forest growth model with a set of 

~nvironmental surfaces for the whole of Tasmania, Australia. However, 

because of the limited availability of soils data, particular I y soil depth and 

nutrition, they reported that their resulting hardwood plantation productivity 

predictions were "first approximations" and "must be seen as indicative". 

Meaningful broad-scale assessments of potential plantation productivity will 

probably require remote sensing and terrain-analysis models to provide the 

necessary geographic data surfaces (Dale et al., 1988; McNulty et al., 1997). 

Until such information is available, a sensitivity analysis of forest growth to 

environmental factors provides one means of indicating: i) how reliable our 

estimates of productivity are likely to be, and ii) where in the landscape we 

should place effort in accurately defining environmental variables. 

Growth response of plantations to environmental factors is highly non-linear 

(Blake et al., 1990; Boomsma and Hunter, 1990). Typically there is a level of 

an environmental factor below which growth is insensitive because survival is 

poor or biomass production very low. Conversely, above a certain threshold, 

growth response may become insensitive to that same factor. Between these 

threshold values growth may be highly sensitive to variations in that 

environmental factor. Furthermore, interaction among environmental factors 

means that growth will vary depending on the particular combination of 
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factors that occur at a given location (Battaglia and Sands, 1997). For 

example, the sensitivity of plantations of E. globulus to soil depth in a dry 

environment depends strongly on the input of irrigation (Sands et al., 1999). 

A consequence is that in some geographical areas plantations will be 

insensitive to a broad range in some site factors while highly sensitive to 

others over narrow bands of variation. Knowing which factors to specify 

accurately is clearly important if cost efficient methodologies for site 

selection are to be developed. 

The focus of this chapter is the impact of soil depth and nutrition on the 

predicted forest productivity of plantations in Tasmania. These variables 

strongly influence growth, but are difficult to quantify accurately over large 

areas. While the climate over Tasmania appears to be predicted adequately 

using the macro-climatic prediction system ANUCLIM (McMahon et al., 

1997), the capacity of soil to supply the water and nutrients necessary for 

growth, and soil depth and site drainage characteristics are as important but 

are difficult to predict. 

Rainfall amount and its seasonal distribution are primary considerations for 

plantation forestry (Pereira et al., 1989). The amount of water that may be 

stored in a soil profile is primarily a function of texture, permeability, and soil 

depth (Rawls et al., 1991). The actual soil volume exploited by plant roots 

places an upper limit on the amount of this stored water the plant may utilise. 

Hydraulic gradients within the profile will also constrain soil water uptake. 

Excessively shallow soils restrict root growth and limit the potential for water 

and nutrient uptake. In Tasmania, forest soils are generally greater than 0.5 m 

in depth (Grant et al., 1995). Preliminary modelling indicates that with the 
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high ratio (on average) ofrainfall to evaporation (1.6 ± 0.9), growth will 

generally be unconstrained by soils deeper than about 1.5 m. In the drier 

parts growth is highly sensitive to soil depth between 0.5 m and 1.5 m. In the 

wetter parts, the very high ratio of evaporation to precipitation means that 

growth remains relatively insensitive to soil depth at the maximum amount of 

water that can be stored in the soil. Stoniness can affect the moisture 

availability and nutrient uptake by restricting the soil volume available to 

roots. This soil property is highly variable particularly with regard to 

landscape scale pedogenetic processes, topographic variations, and lithology 

and is therefore difficult to predict. 

Soil nutrition has a powerful effect on many growth processes. Maximum 

development ofleaf area index (LAI) prior to canopy closure is known to be 

essential for sustained high growth rates (Beadle and Mummery, 1989). 

Adequate levels of P and N are strongly correlated with leaf area development 

and sustained high growth rates throughout the rotation (Cromer and 

Williams, 1982; Beadle et al., 1994). To ascertain where in the Tasmanian 

landscape it is necessary to accurately specify soil depth, soil nutrition, and 

drainage we carried out a sensitivity analysis. In this context "sensitivity 

analysis" simply means a quantification of the variation in growth model 

outputs in response to perturbations in model inputs. We generated a mean 

production surface and an associated standard deviation. The mean and 

standard deviation surfaces were used to calculate a coefficient of variation 

(CV) surface. The combination of mean and CV surfaces indicates those 

parts of the landscape that we can be confident will provide good growth, 

those parts of the landscape where we need to accurately measure 
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envirorunental values (or in the case of nutrition where fertilisation may yield 

profitable results), and those parts of the landscape that we can confidently 

ignore if we are looking for high plantation growth rates and reasonable 

economic returns. Furthermore, we generated outer boundary growth 

responses to some key environmental variables to provide managers with 

notional responses as an aid to site selection. 

5.2 Methods 

5.2.1 Model development 

A 200 x 200 m DEM supplied by the Tasmanian Department of Environment 

and Land Management was used to estimate a range of climatic, terrain, and 

hydrological variables. The original 200 m DEM was constructed using 

ANUDEM version 4.0 (Hutchinson, 1995) from 1: 100 OOO digital contours 

(-20- 40 m intervals) and hydrography. ANUDEM uses a drainage 

enforcement algorithm coupled with a finite difference interpolation 

technique that eliminates spurious depressions in DEMs based on scattered, 

surface-specific point or contour elevation data and stream-line input data. 

The T APES-G package (Gallant and Wilson, 1996) was used to derive 

topographic and hydrologic attributes from the 200 m DEM. T APES-G is a 

suite of grid-based terrain and hydrological analysis programs including the 

SRAD and WET programs (Moore et al., 1993). SRAD takes into account 

slope, aspect, topographic shading, and monthly variations in cloudiness, 

atmospheric transmissivity, and several vegetation properties such as 

variation in LAI and reflectance characteristics for different vegetation types. 

It computes a radiation balance using incoming short-wave radiation plus 

incoming and outgoing long wave radiation. SRAD was used to derive 

radiation estimates for the state modified by slope, aspect, and topographic 
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shading from the 200m DEM. In the iterative soil water accounting mode 

used in this application, WET calculates a relative available soil water content 

(RASWC), the estimated average long-term water balance of a grid cell, and 

is controlled by precipitation, topography and radiation. The water inputs to 

each grid cell are rainfall and run-on, and the outputs are deep seepage, 

evapotranspiration, and run-of£ A RASWC = I represents field capacity and 

a RASWC = 0 represents plant wilting point (Moore et al., 1993). The 

interpolated climate model ESOCLIM (part of the ANUCLIM package) and 

the 200 m DEM were used to produce monthly climate estimates across the 

state based on long term averages from a sparsely distributed array of weather 

stations. Climate and other generated site attributes were entered into a 

plantation productivity model PROMOD to produce an estimate of peak MAI 

for E. globulus. PROMOD uses readily available site inputs, such as 

ESOCLIM derived climatic data, slope and aspect, and a simple soil 

classification of depth, texture, stoniness, drainage, and fertility (Battaglia and 

Sands 1997). The site classification with respect to drainage is an indicator as 

to whether a site is, or is not, susceptible to waterlogging. 
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Kilometers 

Figure 5.1 Potential waterlogging surface for Tasmania. Dark areas are predicted to have soil profiles at or near field 
capacity for most of the year. 

In order to obtain an index of potential waterlogging, the programs TAPES_ G, SRAD, and WET were used with the 
200 m DEM to generate an estimate of relative available soil water for Tasmania. In the application described here 
we have assumed spatially invariant soil hydraulic properties. Four runs were needed for the WET program over a 

selected range of mean annual rainfalls that occur in Tasmania corresponding to average daily rainfall of I, 2, 3 and 4 
mm day-I or 365, 730, 1095 and 1460 mm yr-I . The respective rainfall distributions across the state were then used 

to partition these runs according to their approximate rainfall ranges. The resulting surface shows a single coverage of 
the state for RASWC partitioned by mean annual rainfall. Lastly, a binary grid was produced by selecting grid cells 

with RASWC >95% of field capacity (see chapter 4,section 4.2. l or Mummery et al., 1999). This grid indicates areas 
in Tasmania that may be susceptible to permanent or semi-permanent waterlogging. The original 200 m waterlogging 

grid was subsequently resampled to I OOO m (Figure 5.1) and was used in all subsequent applications of PROMO D. 
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Figure 5.2. Four nutrient classes were derived with Class l equal to no nutrient limitation and Class 4 equal to severe 
nutrient limitation. Each soil type identified by the Grant et al. ( 1995) forest soil classification was given a nutrient 

rating based on N and P values, then grouped according to the parent material so that each rock type identified from a 
geology coverage could be used to derive an associated forest soil type and thereby assigned a nutrient rating. State

wide elevation and rainfall surfaces were used in conjunction with geology to distinguish between soils formed on the 
same parent material but under different environmental conditions. 
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For the purposes of this study, three soil depth classes (0.5 m, 1.0 m and 1.5 

m) were selected to cover the range of depths typically found where trees are 

likely to be grown commercially in Tasmania. Estimates of"field texture" 

(McDonald et al., 1990) were made for each derived soil type from the profile 

descriptions given by Grant et al. (1995). Texture ratings entered into 

PROM OD ranged from 1 to 4, corresponding to the 110 mm, 130 mm, 150 

mm and 170 mm maximum soil water storage capacities used in PROMOD. 

Although the different soil horizons will usually have different textures within 

a given soil profile, we have assumed a simplified texture classification that is 

homogenous over the entire soil profile. The stoniness variable in PROM OD 

was set to zero so that there was no restriction in maximum soil water storage. 

Variation in both soil texture and stoniness have an effect on soil water 

storage capacity. As soil depth also controls the amount of water that may be 

stored in a soil profile the effects of texture and stoniness will largely be 

subsumed in the permuted soil depth analysis.A digital l :250 OOO scale 

geology map was obtained from the Tasmanian Department of Industry 

Safety and Mines and used to classify forest soils according to the underlying 

rock types (see section 3.4.3 for limitations on using mapped polygon data at 

different scales). First, estimates of total P for each forest soil type were 

obtained from the list of characteristic forest soils types given in Grant et al., 

(1995). Four nutrient classes were derived with class l equal to no nutrient 

limitation and class 4 equal to severe nutrient limitation. Each soil type 

identified by the Grant et al. (1995) classification was given a nutrient rating 

and grouped according to its parent material so that each rock type identified 
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from the 1: 250 OOO geology coverage could be used to derive an associated soil type 

and thereby assigned a nutrient rating. State wide elevation and rainfall surfaces were 

used in conjunction with geology to distinguish between soils formed on the same 

parent material, but under different environmental conditions (Jenny, 1941 and 1980; 

Paton, 1978). 

Figure 5.3. Percentage variation in mean statewide peak MAI calculated from nine productivity surfaces representing 
three soil depth classes by three nutrient permutations 
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Figure 5.4 Mean ProMod peak MAI predictions for three soil depths by three nutrient permutations across Tasmania 
on a IOOO m grid. 
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Figure 5.5 Mapped coefficient of variation (£Y) in PROMOD peak MAI predictions for three soil depths by three 
nutrient permutations. 
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Figure 5.6 Percentage variation in mean statewide peak MAI calculated from nine productivity surfaces representing 
three soil depth classes by three nutrient permutations. 
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For example, in Tasmania soils developed on Jurassic dolerite form at least 5 

distinct soil types depending on various combinations of rainfall and 

elevation. At low elevations (typically< 300 m), and with low rainfall (< 

800mm) a vertic, eutrophic, brown chromosol develops, at middle elevations 

(300 -700 m) a haplic, mesotrophic, red ferrosol may form with rainfall above 

1 OOO mm or a mottled, brown or red ferrosol with higher rainfall. Under very 

high rainfall conditions(> 2000 mm) the soils are likely to be severely 

leached and therefore nutrient. 

Using combinations of four elevation classes and mean annual rainfall, a 

statewide nutrient rating map for input to PROMOD was prepared (Figure 

5.2). PROMOD was then run using constant inputs for slope aspect, 

drainage, soil texture and stoniness. A limited sensitivity analysis of the 

effect of PROM OD inputs on model outputs was carried out using three 

permutations of the nutrient rating ofN + 1, 0, N-1 and the three soil depths 

(0.5 m, 1.0 m, 1.5 m). The resulting nine combinations of soil depth and 

nutrient rating were used as input to PROMOD to produce nine separate 

realisations of the productivity surface. 

5.2.2 Productivity 

Mean productivity and associated standard deviation surfaces were calculated 

from the nine PROMOD output surfaces using standard ARC/INFO GRID 

functions (MEANO, and STDO) and map algebra, and calculated on a cell by 

cell basis. A coefficient of variation surface (QY) was then produced from 

the mean and standard deviation surfaces representing the three nutrient 

permutations for each of the three soil depths (n = 9). The final suitability 

surface was derived by a combination of the CV and mean productivity 

surfaces. Five suitability classes were mapped. 
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To examine the interaction between temperature and rainfall and its effect on 

the growth performance of E. globulus in Tasmania, we constructed both 

constrained and unconstrained realisations of the physiological limits for E. 

globulus in a temperature and rainfall data space (method after Williams, 

1998). For the unconstrained realisation, we used 2000 random combinations 

of maximum temperature and minimum temperature in one set; and rainfall, 

evaporation, and rain days in another to plot the outer boundary growth 

potentials of E. globulus. Radiation was set to a constant value of a typical 

Tasmanian site. Soil depth was set to 1.0 m with good texture and no growth 

impediments due to waterlogging, salt, stoniness or nutrition (nutrient rating 

<= 2). The contour lines constructed in this analysis are truncated to the 

actual data space. For the constrained realisation, the above process was 

repeated, however this time actual site variables were used to limit growth 

potential. 

5.3 Results 

The generally high ratio of rainfall to evaporation in Tasmania suggests that 

large areas of the state should be suitable for E. globulus. However, rainfall, 

fertility, temperature, and other environmental constraints limit the suitable 

area. Where soil depth was restricted to 0.5 m, sites with low rainfall had 

dramatically reduced predicted growth. Conversely, increasing soil depth to 

1.5 m increased productivity in those areas where soil water may be limiting, 

but had no effect on productivity where water was not limiting. When 

compared with the overall mean, the respective variations for 0.5 m, 1.0 m 

and 1.5 m soil depths with no nutrient permutation were -2%, 7% and 13% 

(Figure 5.3). The response to permuted nutrient levels showed a 
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proportionally greater effect than variations in soil depth alone (Figure 5.3). 

For 0.5 m soil depth, the responses for reduced nutrient availability (N-1) and 

increased nutrient availability (N+ 1) were -40% and 18%; at 1.0 m soil depth 

the responses were -30% and 25%; and at 1.5 m soil depth, -29% and 28%, 

respectively. The fluctuations in the mean response to nutrient permutations 

were greatest in those areas of the state where water and temperature were not 

already limiting growth. These areas were restricted mainly to the north-west 

and north-east of the state and over limited areas in the south-east. 

Figure 5.4 shows the range of expected productivity as a mean of the nine 

output surfaces. This surface is normally distributed with a mean of 11.5 ± 

5.9 m3 ha-1 yr-1
• Note the highest site productivities are restricted mainly to 

coastal areas and their associated hinterlands where these are below around 

. ' 
400 m in elevation. The coefficient of variation taken from the nine output 

surfaces (Figure 5.5) shows a distinctly bimodal distribution with mean CV = 

33.6%. This surface clearly indicates those areas that are highly sensitive to 

variations in model inputs (CV> ~0%). This sensitivity analysis revealed that 

approximately 75% of the state is unsuitable for productive E. globulus 

growth (<15 m3ha-1yr-1
). Typically these areas are where one or more oflow 

temperature, low rainfall, or poor nutrition are constraining growth. 

Conversely where productivity is high (>25 m3ha-1yr-1
), sensitivity to 

variation in soil depth, nutrient status, and drainage was always low ( CV < 

30%). These areas comprise < 2% (1221 km2
) of the total land area. 

Typically they are low altitude ( <400 m), relatively warm, frost free sites with 

high fertility soils generally derived from basalt and with mean annual rainfall 

in excess of 720 mm (see highly suitable class shown on Figure 5.6). A 
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significant proportion of the state (22%) was predicted to have moderate 

productivity (between 15 and 25 m3 ha-1 yr-1
). In this category, areas with low 

CV would be classed as moderately suitable for plantation growth. Many of 

these sites would be rated high productivity with the addition of fertiliser. A 

small proportion 1. 7% (1190 km2
) of these moderately productive sites 

showed relatively high variation (sensitivity) due to perturbations in soil depth 

and nutrient status. In the majority of these cases it appears that these sites 

are climatically suitable, but have relatively poor inherent nutrition. Minor 

perturbations in the nutrient status therefore appear to cause large fluctuations 

in PROMOD outputs contributing to the high variance at these sites over the 

range of soil depths. These sites require detailed survey to identify potential 

nutrient or soil depth limitations. 

In Tasmania temperature and rainfall are spatially correlated. Ifwe use 

PROMOD to look at the potential production of E. globulus in response to 

temperature and rainfall we find that, if unrestricted by typical site constraints 

(Figure 5. 7a), growth is predicted to increase smoothly with increasing 

temperature and rainfall up to about 12 °C and 1250 mm mean annual 

temperature and rainfall respectively. Rainfall begins to impose a limitation 

on growth around 1250 mm, A mean annual temperature of 10 °C is the 

critical temperature threshold above which growth becomes sensitive to 

rainfall. Increasing rainfall where mean annual temperatures are greater than 

about 12 °C gives no further improvement in growth in typical Tasmanian 

environments. 
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Figure 5.7b shows the overall realised growth limits of Tasmanian sites drawn 

from Figure 5.4 by mean annual temperature and mean annual rainfall. 

Because rainfall and temperature are spatially correlated this surface differs 

from the potential surface shown in figure 5.7a. In this case, the optimum 
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Figure 5.7 Environmental dornam for E. globulus in Tasmania. Contours indicate peak MAI (m3 ha·1 per year) 

temperature and rainfall range for maximum growth of E. globulus with 

nominal site constraints is around 13 .5 °C mean annual temperature and 

between 1200 and 1500 mm mean annual rainfall. Below about 8. 7 °C there 

is no response to rainfall and productivity rapidly falls to zero with decreasing 

temperature down to around 4 °C. While sites with high rainfall (> 1500 mm) 

might be expected to have higher productivity, this does not occur in 

Tasmania because rainfall is often correlated with increasing altitude and 

therefore lower temperatures. 
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The overall contour pattern and temperature and rainfall optima are similar in 

both Figures 5.7a and 5.7b. The expected and notable exception is that with 

lower rainfall (less than about 1 OOO mm) and higher mean annual 

temperatures (greater than about 12 °C) growth potential is shown to decrease 

in Figure 5.7a. This is caused by increasing evaporative demand and because 

LAI reaches a maximum at mean annual temperatures around 12-13 °C and 

then declines with increasing temperature (Battaglia and Sands, 1997). This 

trend is not indicated in Figure 5.7b. However this is probably due to the 

more restricted environmental data space available in this figure and 

limitations imposed by the distance-weighted, least-squares, contour 

interpolation algorithm that was used. 

5.4 Discussion 

While many studies have attempted to link forest growth and landscape scale 

environmental models (e.g. Running and Coughlan; 1988; Huston, 1991 ; Nix 

et al., 1992; Nisbet and Botkin,1993 ; Nemani et al., 1993), few have 

attempted broad-scale environmental analysis of model inputs where these are 

spatially distributed. The methodology developed here provides a means of 

assessing the areal sensitivity of E. globulus to the synergistic influences of 

environmental variation at a regional scale. In addition, the results of our 

sensitivity analysis have enhanced our ability to predict likely broad-scale 

plantation suitability of E. globulus with some confidence. 

Productivity was predicted in this analysis to be highest around coastal and 

inland areas where temperature, nutrients, and soil water are not limiting. 

While climatic factors are clearly the most powerful determinants of growth 

for Eucalyptus spp. (Cremer,. 1975, Austin et al., 1983; Booth and Pryor, 
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1991), the results of this study suggest that within a suitable climatic 

envelope, the growth of E. globulus is quite sensitive to nutrition (Figure 5.3). 

Furthermore, a large proportion of Tasmania could be made highly productive 

for the growth of E. globulus with minor adjustment in site nutrition. The 

pattern suggested here confirms but refines past predictions (e.g. Nix et al., 

1992) and is consistent with areas already being targeted for plantation 

development. The predictions made by PROM OD (Figures 5.3 and 5.5) 

appear to be reasonable. Most of the existing state-owned eucalypt 

plantations of E. globulus are contained within the first two suitability ratings 

(Forestry Tasmania, unpublished data, 1998). 

While statewide growth patterns appear to be dominated by nutrient and 

temperature limitations, there are areas in the far north east, central midlands, 

and central east coast where water availability constrains growth. These areas 

are clearly shown as having relatively high CV (Figure 5.4). Studies with E. 

globulus and other eucalypt species (Honeysett et al., 1992; Hingston et al., 

1994) show soil depth and associated soil water storage capacity to be critical 

for sustained growth in such water limited sites. This study has highlighted 

those parts of the landscape where care needs to be exercised in assessing soil 

water storage and indicated where significant growth response may be 

obtained with irrigation. 

The nutrient rating map shown in Figure 5.2 is based on the forest soils of 

Tasmania classification by Grant et al., (1995). This classification is derived 

from a necessarily incomplete survey of selected forest types in Tasmania and 

grouped according to 19 major soil types and their associated geology. 

Extensive field and laboratory analysis of a range of soil properties, including 
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analysis for N and P, were carried out for characteristic soil profiles and this 

data set remains the best available reference for the identification of 

Tasmanian forest soil types. While other studies, such as Nix et al., (1992), 

used the expert opinions of soil scientists to obtain a "nutrient supply index" 

from geology, this study has used a potentially more objective method 

incorporating both the Grant et al., (1995) classification and a rules-based 

system incorporating rainfall and elevation to discriminate likely soil types. 

As climate is known to have a powerful effect on many pedogenetic 

processes, our methodology allows for an interaction between geology and 

climate in the classification of soil types (Jenny, 1941 ; Paton, 1978; 

Honeycutt et al., 1990). 

There are obviously problems with using a geological classification to predict 

soil type. Natural spatial variation in properties such as lithology, soil, or 

vegetation are rarely mapped accurately (Bouma et al., 1996). Despite each 

class on a map depicted as a homogenous area with boundaries being crisply 

delineated, the truth is often otherwise. For example, the polygons shown on 

a geological map are crude, but convenient, approximations of reality, usually 

based upon a limited series of point samples and other indirect measures such 

as interpretation of remotely sensed imagery, topographic variation or 

vegetation assemblages. In using these data sources in modelling, it is 

important to realise that they can contribute significantly to the relative and 

absolute errors in the results (Burrough and McDonnell, 1998). In addition, 

only where soils have formed in situ on undisturbed sites will the prediction 

of soil properties be made with any confidence (Frolking, 1989). Erosional, 

transitional, and depositional land surfaces will obviously not be predicted 
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with any accuracy. Thus great care must be taken with the interpretation of 

the nutrient rating map (Figure 5.2) as slope deposits, and soils derived from 

aeolian or glacio-fluvial deposits, will not be correctly predicted unless they 

happen to correspond with the underlying geological classification. 

Another potential source of error may arise from our assumption of 

orthogonality between soil depth and nutrient class. Our analysis assumes 

that for any I OOO m grid cell in Tasmania that there is equal probability of 

encountering any soil depth or nutrient class. Clearly this may not be the case 

where soils have developed in situ on a single, broadly distributed parent 

material under the same climatic conditions. The effect of this assumption 

will be to increase the variation about the mean MAI estimated for that 

particular parent material. While I recognise there is potential for this to 

affect our results we are particularly interested in the sensitivity of tree growth 

processes to the variation in soil depth or nutrient class rather than the 

absolute magnitude of the variation in these factors. That is to say our 

analysis indicates the sensitivity of PROM OD to soil depth under any 

particular climatic regime, rather that the absolute magnitude of variation 

likely to occur in that area. 

Land use history, particularly land under agricultural regimes, may have a 

significant effect on soil properties. For example, enhanced levels of nutrient 

supply are known to improve plantation growth on ex-pasture sites compared 

with cleared native forest sites (Cromer and Turnbull, 1994). Burning, 

clearing of native vegetation and various other silvicultural practices such as 

ripping and mounding can also modify soil nutrient status and drainage 

properties at a local scale. Notwithstanding the above, we believe at a 
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regional scale that our nutrient rating map shows the base level and general 

pattern of soil fertility across Tasmania. Although stoniness is known to 

affect the soil volume available to roots, it was not possible to include this 

variable in our analysis. 

The accuracy with which DEMs represent the land surface depends on the 

accuracy and resolution of the original survey data (Panuska and Moore, 

.1991 ; Zhang and Montgomery, 1994). The adequacy of a DEM also depends 

on the characteristics of the terrain. For example, rolling terrain with 

moderate relief can be represented by a larger grid element while dissected 

landscapes with sharp ridges, ravines, and abrupt changes in slope or 

elevation require much smaller grid elements to resolve these changes 

adequately. In this study, the resolution of the DEM may have been 

insufficient to accurately model the finer scale topographic variation in slope 

and aspect that are used to modify radiation estimates and in the calculation of 

a range of hydrological attributes such as relative available soil water content 

(RASWC) for each site. For analytical purposes spatial patterns possessing 

periods less than twice the size of a regular grid will be lost (Burrough and 

McDonnell, 1998). In this case a cell size of 200 m x 200 m) was used for 

deriving climatic, terrain and hydrological variables and then re-sampled to a 

1 OOO x 1 OOO m cell size for final display and analysis. Therefore, any within 

cell variations in slope or aspect would be lost along with any spatial features 

with frequencies less than about 400 m. Panuska and Moore (1991 ) and 

Jenson and Domingue (1988) demonstrated that slopes, and therefore other 

secondary DEM derivatives calculated from raster elevation data, vary 

depending on cell size and data source. 
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In many instances higher resolution grids are capable of revealing more of the 

subtleties and details of the often complex patterns and interactions between 

physical and biological systems. However, data aggregation in some cases 

may enhance the information content in the output depending on the 

operational scale of the processes under investigation and the nature and 

extent of the project's objectives. Bian (1997) found that aggregating 

elevation data from 30 m x 30 m to 1 OOO m x 1 OOO m (data from Glacier 

National Park, Montana) changed the overall landscape pattern very little 

apart from missing minor tributaries, ridges, and valleys. The effect was 

simply a smoother, more round-edged elevation pattern. A 1 OOO m grid in 

this study was chosen to suit the geographical scale of the project and to fit 

within available computational and other resource limitations, such as 

available disk space and model execution speed. (A single run of the model 

using 1 OOO m grid inputs required 27 hours processing time on a Solaris Ultra 

10 computer). Where rapid changes in topography occur the relationships 

between environmental variables such as elevation and temperature will tend 

to be smoothed using a 1000 m grid compared to a finer scale grid. To 

minimise these problems climatic inputs were estimated using a 200 m DEM 

and then re-sampled to 1 OOO m using a bilinear interpolation that computes a 

new cell value from a distance weighted average of the nearest four cell 

centres. While much of the fine scale variation will still be lost using this 

method, the focus of this study is at a broad scale and spatial data aggregation 

may actually help to reveal the pattern of processes operating at the scale of 

interest as local variance is filtered out. 
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Applying PROM OD at a scale other than its inherent (stand) scale has the 

potential to introduce errors into our final predictions due to the non-linearity 

of the model equations relative to the input data and the spatial 

autocorrelation and scaling properties of those data. Modelling at a fine (the 

model's inherent) scale and then aggregating results for final output is 

obviously one way to overcome these problems. This was not possible in this 

case because data were not available at the appropriate scale covering the 

required geographic extent. Given the problems associated with the 

production of a reasonable state-wide nutrient surface, we believe that the 

uncertainties in the estimates for soil nutrition are of much greater concern 

than sub-grid scale variance due to potential scaling problems with the 

application of the model. In an application involving remotely sensed inputs 

and a biophysical model predicting soil water content, Friedl (1997), found 

that scaling errors over a range of resolutions between 150 m and 990 m 

represented a fairly minor component of the total error within the whole 

system. 

Using PROM OD in a sensitivity analysis of environmental inputs has 

provided both a synergistic and quantitative assessment of the way 

environmental parameters interact at a given site such that their combined 

influence on growth response is readily apparent in a spatial context. 

Furthermore the spatial domains of the interactions between the physical 

inputs and the modelled physiological parameters is readily apparent from the 

mapped suitability data. This leads us to a clearer view of potential plantation 

productivity at a broad-scale while explicitly incorporating the degree of 

uncertainty into these suitability predictions. 
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Chapter 6 Economic analysis and plantation site selection 

This chapter is published in the international journal of Forest Ecology and 

Mangernent as: 

Battaglia, M, Mummery, D., Smith, A., 2002. Economic analysis of site survey 

and productivity modelling for the selection of plantation areas. For. Ecol. 

Manage. 162, 185-195. 

In previous chapters we have demonstrated the importance of soil information for 

process-based modelling. This chapter is now concerned with the economic 

implications of obtaining accurate soil information for a process-based model to 

enable robust site selections for plantations of E. globulus. A number of scenarios 

are developed to enable the selection of optimum site soil survey intensity, while 

minimising site survey costs and reducing risk in plantation location decisions. 

6.1 Introduction 

Recent developments in process-based, forest-productivity modelling allow 

accurate assessment of site suitability for particular plantation species 

provided accurate site information is available (e.g. Battaglia and Sands, 

1997; Landsberg and Waring, 1997). A recent sensitivity analysis of the 

output from these types of models has shown that the predictions can be 

sensitive to the accuracy of model inputs, particularly those related to soil 

attributes (see 3.4.2 or Mummery and Battaglia, 2002). However, soil 

information is expensive and time-consuming to collect. In designing 

appropriate site-survey procedures, the critical question for forest managers is 

not how accurately can yield be forecast, but rather what level of soils 

information is required to make sound on-the-ground decisions? Two issues 

107 



Chapter 6. Economic analysis and plantation site selection. 

are pertinent: i) what intensity of survey is appropriate and ii) what level of 

information should be collected at each survey point. 

The resolution of these issues is one of cost-benefit: are the costs of a more 

intensive site assessment offset by better selection of the area to be planted? 

This is no trivial issue to resolve. Some costs associated with plantation 

establishment, management and harvesting are effectively independent of 

plantation size (that is, the cost structure is the same irrespective of whether 5 

or 50 ha are planted). The cost of other components of establishment and 

management are scale dependent (Eckersley and Olsen, 1999). In addition, 

and as will be demonstrated with a sensitivity analysis later in this thesis, the 

internal rate of return from investment in plantations is affected markedly by 

slight changes in plantation productivity. 

In this case study we carry out a retrospective study of plantation siting and 

the resultant wood yield and net present value of the investment. Two 

plantations, in different landscape types (one dry and saline and prone to 

seasonal waterlogging, the other in a moderately dry environment but with 

highly variable soil depth), were selected and a detailed map of actual wood 

yield at the end of a l 0-year rotation was generated. At the same plantations, 

detailed site surveys were carried out to define accurately the local soil 

conditions. Subsets of this soil information were used to run the process

based growth model, PROMOD (Battaglia and Sands, 1997) and the output 

used to select the area to be planted. A typical plantation establishment and 

management cost-structure applicable to the region (after Eckersley and Olsen 

1999) was used to compare the net present value of the different plantation 

establishment scenarios. The same cost structure was used to compare the 
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sensitivity of plantation internal rate of return to site survey cost with its 

sensitivity to a number of the other key cost components such as the price of 

land, harvesting costs and land productivity. 

6.2 Methods 

6.2.1 Plantation details 

Two E. globulus plantatiOD;S located within 150 km ofManjimup in south-

west Western Australia were available for study (Table 6.1 ). Both plantations 

were established in 1990. At that time plantations were planted 'fence-to

fence' on land acquisitions regardless oflocal variations in site conditions. In 

this sense they represent the null hypothesis of site selection in that they were 

planted with no knowledge of the relationship between plantation growth ~d 

site conditions in that part of Australia. 

Plantation 1 (26.8 ha) is near the dry end of the range of sites established in 

the region, and suffers from problems of salinity and waterlogging in the 

winter months. In the summer months, particularly where soils have hard 

pans that prevent root development, it experiences severe drought stress. Soil 

quality in the region typically varies in a predictable manner with topography, 

with the soils providing the greatest rooting depth being located on the mid

to upper-slope areas. 

Plantation 2 ( 46.4 ha) is more typical of areas on which plantations of E. 

globulus have been established in south-west Western Australia, though it is 

perhaps slightly drier than most plantation areas. While soils in the area are 

generally deep, possibly deeper than 10 m in some areas of the plantation, soil 

depth varies markedly over short distances with little evidence of this 

variability in the surface topography. 
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Table 6.1 The envrronmental attributes of the study plantations 

Plantation Mean annual Mean annual Mean Mean S01l depth Salimty Fertility 
maximum mimmum annual annual 

temperature temperature rainfall evaporation 

(OC) (oC) (mm) (mm) (m) At 2m dSm-1 

21.1 9.2 650 1366 1.8-7.0 0.00-0.60 good-moderate 

2 21.7 9.7 716 1378 1.5->8.0 0.00-0.55 good 

6.2.2 Plantation sampling 

At each plantation an intensive inventory was conducted 8. 7 years after 

establishment. On 80 m2 plots the basal area and mean top height of trees 

were measured. In Plantation 1 & 2, 155 and 123 plots respectively were 

established on a grid of approximately 40 by 40 metres (Figure 6.1 ). 

Figure 6.1 Position of mventory (+) and s01l sample pomts ( •) on Sm contour inteival maps of Plantation I and Plantation 2. Tra 

Plantation 1. Plantation 2. 

rr 
At the time the inventory was carried out a drilling rig and a backhoe were 

used to establish a grid of soil-sample points across the plantations. An expert 

local operator drilled soils to a depth of 8 m. At each location soil samples 

were taken for analysis of soil nutrient status (N, P, K other base cations and 
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micro-nutrients) and salinity (conductivity of a 1 :5 soil solution taken every 

1.5 metres through the profile). Nutrient analyses were converted to 

PROMOD input format on the basis oflocal experience oflimiting nutrient 

levels. In Plantation 1, 33 soil-sample points were established (approximately 

1per0.8 ha). In Plantation 2, 30 soil-sample points were established 

(approximately 1per1.5 ha). 

To assess further the return on investment from site surveying intensity, two 

additional options were investigated for Plantation 2. The first procedure was 

to allow one hole per 2.5 ha drilled to full depth with nutrient and salinity 

analysis (called Medium intensity-deep) and the second was to allow 1 hole 

per 5 ha drilled to full depth with nutrient and salinity analysis (Low 

intensity-deep). 

6.2.3 Site productivity prediction and area to be planted 

For each plantation the soil sample information was divided into subsets to 

allow the simulation of three management options. The first subset used all 

the data (high intensity survey). The second subset (medium intensity) used 

data collected at an intensity of 1 hole per 2.5 ha with only soils information 

obtained to a depth of2.1mwith1 additional hole per 'recognisable land 

unit' (or approximately 1per5 ha) drilled to 3.5 m. Data obtained from 

drilling to these depths were used in to interpret or guess soil profile 

conditions at greater depths. The 'recognisable land unit' was defined by the 

operator of the drilling rig on the basis of information obtained from the 

medium intensity sampling program and prior experience in that landscape. 

The third data set (low intensity), and the one that corresponded to site-survey 

practice at the time of the survey, was 1 drill hole per 5 ha drilled to a depth 

of 2.1 m. The soil sample information was combined with climatic data 
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derived from the macro-climatic prediction system ESOCLIM (McMahon et 

al. 1997) to provide inputs for the plantation productivity model PROM OD 

(Battaglia and Sands 1997). These point estimates were used to interpolate 

predicted productivity surfaces (using ordinary kriging, SURFER version 6, 

Golden software Inc.). 

Once the predicted productivity surfaces were produced they were used to 

determine the area suitable for plantation development. For the sake of the 

current exercise a prediction of 15 m3ha-1yr- 1 was used as the minimum 

productivity to warrant planting. Had we used the current industry guidelines 

indicated by company prospectuses that often cite targets of25 m3ha-1yr-1
, we 

would have planted neither region. Areas above this minimum threshold 

were delineated with squared off boundaries, and small fragments excluded, 

to simulate normal management practice. These designated areas were then 

used to calculate costs of plantation establishment and management, and the 

wood volume returned at the end of the rotation. 

6.2.4 Capital budgeting 

A number of indicators of economic value were used to rank the different 

land survey options. These indicators of forestry investment are commonly 

used to evaluate economic value (Fraser et al. 1977; Klemperer 1996). 

The first of these was to calculate the net present value (NPV) of each 

plantation: 

n R " C 
NPV=L Y -"L Y 

y=O (1 + r Y y=O (1 + r Y 
Equation 6.1 

where Ry and Cy are revenues and costs in any year y, r is the discount rate 

and n is the plantation rotation length. In the analysis we have used a real 

interest rate of 8% to calculate the net present value of costs and returns. This 
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is a value commonly used for these types of analysis (within the range 4-

18%) and is usually considered to contain a 4% risk premium (Gerrand et al. 

1993). 

The second criteria used to rank options was the internal rate of return (!RR) 

of the project which was calculated as the discount rate at which the present 

value of the stream of revenues minus the present value of streams of costs 

equals zero. 

Year of accural Item Unit Cost Fixed 

0 

0 

0 

0 

0 

0 

Every year 

·Every year 

Every year 

I 

8 

10 

10 

10 

10 

Land assessment - mapping, overheads, legal (ha- I) 

Land survey - null 

Land survey - low intensity 

Land survey - medium intensity 

Land survey - high int ensity 

Total establishment (ha-I)* 

Land rent (ha- I yr- I) 

Insurance (ha- I)* 

Annual maintenance (ha- I yr- I) 

Weed control (ha- I)* 

Roading (ha- I) 

Pre-harvest Inventory (ha- I) 

Harvesting (t-1 )* 

Transport (t-1 km- I) 

Milldoor value (t-1 green)* 

-$180.00 

$0 .00 

$0.00 

$0.00 

$0.00 -$712 .00( I), -$642 .00(2) 

$0 .00 -$885 .00(1), -$815 .00(2) 

$0.00 -$ 1668 .00( 1 ), -$ 1598.00(2) 

-$1 ,040.00 $0 .00 

-$100 .00( I), -$150.00(2) $0 .00 

-$25.00 $0 .00 

-$80.00 $0 .00 

-$100.00 $0.00 

-$100.00 $0.00 

-$5 .00 $0.00 

-$15 .00 $0 .00 

$0.13 $0.00 

$73 .00 $0.00 

Table 6.2. Costs to establish and grow blue gwn plantations. Costs indicated with ' *' are taken from Eckersley and 
Olsen 1999, other costs are indicative industry costs. The bracketed numbers indicate the land survey cost and land 

rent particular to each plantation. 
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A third criteria used was the benefit/cost ratio which is the present value of 

benefits (revenues) divided by the present value of costs. For this calculation 

a minimum acceptable rate of return of 8% was used. 

The cash flows for the establishment and maintenance of plantations are 

provided in Table 6.2 and are derived from indicative industry values in 

Eckersley and Olsen (1999) with the exception of the land survey costs that 

reflect the real costs incurred. Land rents indicated in Table 6.2 are indicative 

only (though accurately reflect current land prices) and do not reflect the real 

rents paid on the land. 

6.3 Results 

Using the high intensity survey data (i.e. , full depth drilling and salt and 

nutrient analyses) PROM OD predicted growth of different parts of the 

plantations with moderate accuracy and with only slight bias in the case of 

Plantation 2 (Figure 6.2). Plantation productivity was predicted accurately: in 

the case of Plantation 1, the mean productivity of soil-sample points was 

predicted to be 8.5 m3ha-1yr-1 compared with an observed productivity of 8.5 

m3ha-1yr-1 and in the case of Plantation 2, 12.3 m3ha-1yr-1 compared with an 

observed overall diminished. This was particularly so at Plantation 2. In 

Plantation 1 the apparently superior performance of the low intensity survey 

is a reflection of the actual points selected: using the same points with the full 

data yields l=0.95. 
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Figure 6.2 Interpolated surfaces of productivity (mean annual increment [m3ha-1yr-1] at age 10 years) at Plantation I 
and Plantation 2 using: A. inventory data; B. high intensity site survey infonnation; C. medium intensity site survey 

infonnation; and D. low intl:{lsity site survey infonnation. 

Plantatipn 1 
A B 

c D 
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Plantation 2 

0 
Figure 6.2 (Continued) 

Predicted productivity surfaces kriged from the high intensity survey 

information (Figure 6.3) strongly resemble the productivity surfaces kriged 

from the inventory data. Reducing the intensity of the survey procedure 

results in poorer discrimination of boundaries between good and poor soils for 

plantation growth. The lowest intensity site survey procedure produces a map 

that indicates the overall site average and detects only major within-site 

variation. 

The productivity of Plantation 1 and Plantation 2 calculated using the 

interpolated surface of inventory plots (as distinct from the average of the 

soil-sample points above) was 8.7 and 15.5 m3ha-1yr- 1 respectively. 
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Plantation 1. 

High Intensity 

5 

y = 1 lOOx + 0.063 

R2 =os1 

10 15 20 

Plantation 2. 

High intensity 

20 

0 

25 

Medium intensity 

5 

y=083x+ 1.41 

R2 =0.56 

10 15 20 

Medium intensity 

y=048x+41 
R2 =0.46 

20 
... 
·: 15 
.c 

'".s. 10 

"' ~ 
~ 5 
D. 

0 

25 

Low intensity 

5 

y= 1.2x-4.1 

R2 =0.89 

10 15 20 

Low intensity 

y=0.14x+1216 
R2 =036 

0 

0 f---r<>----~~--
0 +--.--.---.-....----., 0 +--.---.---.--.-----, 

0 5 10 15 20 25 0 5 10 15 20 25 

Observed (m3ha"1yf1
) 

0 5 10 15 20 25 

Figure 6.3 Interpolated surfaces of productivity (mean annual increment [m3ha"1yr"1
] at age 10 years) at Plantation I 

and Plantation 2 using: A. inventory data; B high intensity site survey information; C. medium intensity site survey 
information; and D. low intensity site survey information. 

At age 10 years, which is nomillally the end of the rotation, the standing 

volume of wood at Plantation 1 was 2331 m3 and on Plantation 2 was 7194 
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The lower intensity survey techniques resulted in predicted production being 

clustered in a few classes whereas the higher intensity site survey procedure 

resulted in a spread of predicted production through the various productivity 

classes close to that observed (Table 6.3). At Plantation 1 these errors 

Low Medium High 
Low 

Medium 
No survey Intensity-

intensity Intensity Intensity 
Cleep 

Intensity -deep 

Plantation l 

Area planted (ha) 26.8 0 

ProductlVlty (m3ha-l yr-1) 8.7 

Cost of survey $0 $712 

Present net value -$38,071 -$892 

Net present value per ha -$1,421 

Benefit/Cost ratio 0.73 0 

IRR 0.18% 

Plantation 2 

Area planted (ha) 46.4 33.l 0 36.8 31 3 21.9 

Product1V1ty ( m3ha-l yr-I) 15.5 17.9 18.2 18.4 19.l 

Cost of survey $0 $642 $815 $1,598 $742 $1,300 

Present net value $17,764 $27,993 -$995 $33,601 $29,300 $21,405 

Net present value per ha $383 $846 $913 $935 $977 

Benefit/Cost rat10 1.08 l 16 0 l.17 l.18 l.18 

IRR 10.52% 12.45% 12.70% 12.78% 12.78% 

Table 6.3 Plantation financial returns resulting from using different site select10n procedures to determine the area 

mattered little as all intensities of site survey indicate that the site is unsuitable 

(and hin~sight now indicates that this plantation was poorly sited). At 

Plantation 2, using the high intensity survey procedure 19 ha of the 25 ha of 

suitable land (that is land with a productivity of> 15 m3ha-1yr-1
) would have 

been selected for plantation establishment, and 6 ha of unsuitable land 

selected. Six hectares of the suitable land would have been classified as 

unsuitable. When the area was 'squared-off' to create a manageable area and 

shape for plantation establishment 36.8 ha ofland was selected with a mean 

productivity of 18.2 m3ha-1yr-1
• Because of the predicted distribution of the 

sub-standard land this area is significantly larger than the 25 ha of suitable 
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land predicted but nevertheless the average predicted productivity exceeds the 

selection criteria. By comparison, ,using the low intensity survey procedure 

10 ha of the 25 ha of suitable land would have been correctly selected and an 

additional 13 ha of unsuitable land indicated as fit for planting. When 

'squared-off to a manageable shape the resultant 33 ha of plantation had a 

mean productivity of 17.9 m3ha-1yr-1
. The medium-intensity procedure 

conservatively selected 7 ha of the suitable land and only selected 2 ha of the 

unsuitable land. Under this site survey procedure the shape and configuration 

of the predicted region of high productivity led to no plantation being 

established (i.e., the portion ofland predicted to be suitable was too 

fragmented and convoluted). 

The financial analysis (Table 6.4) clearly indicates that any form of site 

survey followed by prediction of productivity with a model such as 

PROMOD when deciding on site suitability for plantation establishment is 

likely to be profitable. In a sense the increase in net present value of the site 

survey and modelling options over the null procedure represents the value of 

the research to date in site assessment, surveying and productivity modelling. 

Our two plantations are perhaps extreme examples (though many similar 

patchy and poor plantations exist) but they suggest that the value of the 

experience and research may be worth approximately $500 per hectare 

planted. 

Figure 6.4 shows that both the net present value and the internal rate of return 

from Plantation 2 rose with additional investment in site survey up to an 

investment of around $800 ha-1 (the exception being the lower net present 

value of the 'medium intensity- deep' procedure where less area would have 
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been planted). This corresponds to the Low intensity- deep procedure, the 

Medium intensity procedure at $815 ha-1 led to no plantation being 

established and is not shown in Figure 6.4. 

Table 6 4. Number of hectares in each productivity class observed from the plantation inventories and the number of 
hectares predicted to be in each class when different intensities of site survey procedure are used 

Productivity class Real Low Medium High 
intensity intensity intensity 

Plantation 1 
>20MAI 0 0 0 0 
15-20MAI 1 1 0 2 
10-15MAI 7 7 12 8 
5-lOMAI 13 1 11 9 
0-5MAI 5 17 3 7 
Plantation 2 
>20MAI 8 0 0 2 
15-20MAI 17 23 9 23 
10-15MAI 12 20 32 9 
5-lOMAI 5 0 2 5 
0-5MAI 5 4 3 8 
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14.0% $35,000 
CD - ~ 

~ -0 13.0% ea -c • • > 
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$0 $400 $800 $1,200 $1,600 

Total cost of site survey 

Figure 6.4 Plantation final returns resulting from using different site selection procedures to detennine the area 

The highest het present value of total plantation investment was associated 

with the High intensity survey procedure, though when expressed on a per 

hectare basis this was lower than both Medium and Low intensity - deep 

procedure which both resulted in smaller areas of more highly productive 

land being selected. As a consequence of this the internal rate of return and 

benefit/cost ratio of both these options was marginally superior. It should be 

noted however that the higher benefit resulting from these procedures is not 

related to their lower costs but to the fact that they have been poorer 

predictors and have consequently missed suitable land that the High intensity 

survey has detected. The increased internal rate of return and benefit/cost 
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ratio are a result of higher yield per hectare, a result that could easily have 

been arrived at with the High intensity survey procedure by raising the 

minimum productivity for plantation establishment above the 15 m3ha-1yr-1 

criteria used. 
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Figure 6.5 Sensitivity of the internal rate of return of plantation investment to some key cost components. Unless 
indicated the standard set of conditions used m the analyses was a 37 ha plantation, 70 km from a mill with a 

productivity of 18 m3ha·1yr·1 and the price structure indicated in Table 2 for Plantation 2. For the sensitivity to 
plantation size two approaches have been used: in the first, productivity was kept constant at 18 m3ha·1yr·1 11Tespective 

of the area planted, and in the second, the productivity changes as planted area mcrease in the manner observed in 
Plantation 2 
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Figures 6.2 and 6.3 and Table 6.3 demonstrate that increased site survey 

intensity increases the accuracy with which site productivity is predicted. 

Table 6.4 and Figure 6.4 show that the cost of site survey has little effect on 

the overall return from plantation investment. For comparison we 

demonstrate the sensitivity of internal rate of return to some other key costs in 

the plantation development and management (Figure 6.5). 

The sensitivity of internal rate of return to plantation productivity and the 

relatively insignificant sensitivity of plantation internal rate of return to site 

survey costs compared with other costs indicates that carrying out whatever 

site survey procedures are required to ensure appropriate land is selected is 

warranted. This is exemplified by the effect of plantation size on internal rate 

of return. If all things are held constant there are clearly economies of scale 

to be made by increasing plantation size as indicated by the effect of 

plantation size on internal rate of return when mean annual increment is held 

constant. 

Figure 6.5 suggests that if plantation productivity is independent of the size of 

the area planted then the fixed costs dominate the analysis for areas less than 

5 ha. However, in many instances increasing plantation size decreases 

productivity because poorer land is included within the plantation boundary. 

Figure 6.5 then shows that these economies of scale may not be realised and it 

may be better to establish a smaller, higher productivity plantation. 

By comparison to present net value, and to a lesser extent internal rate of 

return, the benefit/cost ratio does not distinguish well between the other 

options other than to indicate that capital is used more inefficiently when no 

survey is carried out than in any other of the options. 
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6.4 Discussion 

The profit from growing plantations of E. globulus is very sensitive to many 

of the costs of growing, managing and harvesting the trees. Our analysis 

shows that of these tree growth rate is the strongest determinant of profit. 

Site-survey costs, by comparison to other costs involved in plantation 

establishment and management, have only a slight impact on plantation 

profitability. It is clear from the analysis carried out in this work that 

undertaking site surveys of sufficient spatial intensity and detail to run 

predictive models of plantation growth reliably is likely to lead to the 

selection of better land for plantation establishment. The slight effects on 

total plantation costs of doing these surveys and the higher plantation 

productivity arising from the selection of better land indicates that detailed 

pre-plant site surveying coupled with predictive productivity modelling is 

likely to be a valuable and profitable activity. 

Comparing the net present value of the actual plantations with the potential 

profits if the recommendations from the process-based site productivity 

model PROMOD had been available in 1990 indicates this clearly. In the 

case of Plantation 1 a loss of $37 OOO may have been avoided, in the case of 

Plantation 2 profit may have been increased by $10 OOO and additional funds 

freed for alternative investment. While the two plantations used as an 

example in this work may not be typical of all plantations established in the 

early days of plantation establishment in the early 1990s, Plantation 2 is well 

within the range quoted for non-saline soils in the region. Harper et al. 

(1999), for example, indicate the mean productivity for plantations 

established around that time in the 600-800mm rainfall zone was 14 m3ha-1yf 
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1 (mean of 55 plantation samples) and 25.7 m3ha-1yr-1 (mean of 47 plantation 

samples) from higher rainfall areas. The difference between the productivity, 

and consequent profit, realised from these early 1990 plantations and what is 

now predicted and indicated as possible in this work represents the return on 

investment from research into site selection and productivity modelling and 

the experience gained by field operatives in appropriately selecting sites. Our 

work suggests that this may be in the order of $500 ha-1 of plantation 

established. Current forecasts indicated that somewhere around 100 OOO ha of 

E. globulus plantations will be established in 2000 suggesting that the total 

return to the industry sector may be significant. 

The implications of our research are that the acceptable upper limit of 

expenditure for site survey and land quality assessment is very high indeed. 

Whatever is required to make a sound assessment ofland suitability should be 

carried out. While the expense of this survey does impact on profit, the 

impact is small compared with the cost associated with choosing 

inappropriate land. This is particularly so ifthere is competition for capital 

' investment. Table 6.4 indicates that the selection of low productivity land (or 

at least lower productivity land than the best option) may still result in a 

. profit. However, the low benefit cost ratio of these compared to the better 

plantation development options indicates that better investments may have 

been available if similar plantation area were available elsewhere. This may 

not be the case: in the south-west of Western Australia the industry is now 

well established and land competition is stiff. The selection of better quality 

land often means that land rents will be higher which in tum will reduce 

profit. In this environment the role of site survey and productivity prediction 
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is still important, perhaps more so. Site survey and productivity prediction 

play a central role in balancing the marginal returns of increased productivity 

from investing in better quality land against the additional costs ofland rent. 

Other studies also show that site productivity, harvesting costs, mill door 

price and land rent are key determinants of profitability of plantation 

enterprises. For example in a financial study of the profitability of 

reforestation in Thailand the internal rate of return was found to be most 

sensitive to growth rate and stumpage price (Niskansen 1998). This study 

inferred, but did not show, that improved growth and yield could be obtained 

by planting trees on better land but that this would not offset the increased 

opportunity cost of more productive land (analogous to our land rent). 

Similarly, in Indonesia the profitability of reforestation was most affected by 

the timber sale price, the mean annual increment and the harvesting costs 

(Kosonen et al. 1997). So in both Thailand and Indonesia, as in our study, the 

key factors were land cost, price for wood, harvesting costs and plantation 

productivity. 

The actual quality and intensity of site survey required varies between the 

biogeographic regions within which trees are being grown. Factors that affect 

tree growth interact, and many also affect tree growth in a non-linear manner. 

It is possible to use a site productivity model such as PROM OD to carry out 

an environmental sensitivity analysis. This identifies, for a particular region, 

which variables most affect tree growth and to what level of accuracy these 

variables need to be determined if site productivity is to be predicted 

accurately (see Chapter 3 or Mummery and Battaglia, 2002) for an example 

in northern Tasmania). For the south-west of Western Australia, in the sub-
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800 mm rainfall zone, the current study indicates that a minimum sampling 

procedure is one hole every 5 ha, drilled as deeply as possible and with 

nutrient and salinity samples taken in each identifiable landscape unit. Where 

possible the soil-sample intensity should be increased to one hole every 1 ha. 

Chapter 7 Rainfall variation and risk assessment 

This chapter is published in the international journal of Forest Ecology and 

Management as: 

Mummery, D. C. and Battaglia, M, 2004 Significance of rainfall distribution in 

predicting Eucalypt plantation growth, management options, and risk assessment 

using the process-based model CABALA. For. Ecol. Manage.193, 283-296 

Previous chapters have focused on the effects of the quality and accuracy of site 

descriptors on process-model outputs. In this chapter we examine the impact of 

using average climate data as input to process models and demonstrate that by 

including the distributional characteristics of climatic factors such as rainfall we 

may avoid introducing significant bias into yield estimates and also improve the 

assessment of plantation drought risk. 

7.1 Introduction 

Over the last two decades more than 400 OOO hectares of E. globulus have 

been established across southern Australia (ABARE, 2002). With good site 

selection and silviculture the species is capable of rapid growth and provides 

the basis for a maturing industry that is achieving good volume production. 

Volume growth across the region is generally between 15 and 38 m3 ha·1 yr· 1
, 

with an average around 20-25 m3 ha·1 yr·1 (ABARE, 1999). On very good 

sites, growth rates greater than 40 m3 ha·1 yr· 1 are possible. However, 

127 



Chapter 7. Rainfall variation and risk assessment 

sustainable tree growth in the main production areas of southern Australia 

may be hindered by the erratic nature of rainfall. E. globulus trees are well 

adapted to short periods of water-stress punctuated by rainfall events, but are 

vulnerable to prolonged periods of water-stress (White et al., 2000). Water

stress influences the development of E. globulus plantations in a number of 

ways. At low to moderate levels it impedes the development of leaf area and 

reduces stomata! conductance. This latter effect may continue for a period of 

time after water-stress is removed. Xylem embolism occurs as the soil further 

dries reducing the capacity for water transport to leaves. Under severe levels 

of water-stress leaf shedding may be induced and finally drought death may 

occur. 

Much of southern Australia has a Mediterranean climate with most rain 

falling during the winter months, followed by hot, dry summers, characterised 

by very high potential evaporation rates (average in excess of 8 mm dai1 in 

January in some locations). Survival of trees during the summer is dependent 

on the relationship between rainfall amount and distribution and soil water 

storage. On sites that do not store enough water to buffer the substantial 

deficit between summer rainfall and evaporative demand, the physiological 

traits that enable the rapid growth of E. globulus renders them vulnerable to 

drought death. 

While total annual rainfall may be deemed sufficient for good plantation 

volume production there is considerable variation both within and between 

wet seasons. Dry season rainfall variability (V = 90p-1 Op/50p where p 

indicates three monthly rainfall percentiles) is very high (V = 1.5 - 2.0) to 

extreme (V> 2.0) in these regions (Australian Bureau of Meteorology, 2003). 
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The variability of total annual rainfall as well as seasonal breaks in rainfall 

will result in tree-growth rates that diverge from expected values when 

growth rates are based only on mean annual rainfall. Although single rain 

events may recharge the soil water supply sufficiently, these events may often 

be followed by long dry spells. Even in higher rainfall regions, much of the 

annual rainfall arrives in high intensity storm events that may result in 

considerable loss of rainfall in run-off. 

Much of the effort in developing rain-fed plantations in southern Australia has 

generally focused on the exploitation of average rainfall (e.g. Jovanovic et al., 

2000; Ryan et al., 2002). The distribution of rainfall and its subsequent effect 

on tree growth has, however, received less attention, although its effect may 

be just as important as total annual rainfall. For a better understanding of the 

issue of water availability in rain-fed plantations, much more attention needs 

to be given to the quantification of the effects ofrainfall variability on 

plantation performance. This will allow a prior assessment of the occurrence 

of the expected severity and duration of dry spells, and provide a sound basis 

for developing improved silvicultural management of E. globulus plantations. 

Any attempt to assess the long-term productivity and sustainability of 

plantations requires comprehensive and reliable records of rainfall. If the 

distribution of rainfall stations is sparse for some locations of interest, the 

required data may not be available. Rainfall simulation models may help 

provide a short-term solution to this unavailability of rainfall data by 

providing spatial interpolation of rainfall parameters from surrounding 

weather stations. As it is unlikely that a set of historical rainfall sequences 

will repeat itself in exactly the same manner in the future, by using simulated 
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weather data we may be able to more reliably assess long-term plantation 

productivity and sustainability. 

Site selection for E. globulus using process-based models (PBMs) such as 

CABALA (Battaglia et al., 2004) has previously focused on the expected 

yield where this has been predicted using average weather conditions 

derived from long-term climate averages. The adequacy of site description 

and sensitivity of model outputs to the resolution and detail of site factors is 

often discussed and tested (see Chapter 3 or Mummery and Battaglia, 2002). 

However the importance of how we represent weather factors is less often 

considered. When selecting plantation sites little consideration has been 

given to climatic variation and the probability of water-stress reducing yield 

or killing trees. This omission has been reflected in the structure of 

predictive models of plantation growth and the way in which they handle 

weather data, particularly the way that rainfall is represented. In Australia, 

despite considerable variation in rainfall and severe, periodic droughts, 

rainfall is often represented naively in process-based tree growth models. It 

may be part of a monthly water-balance, such as in 3PG (Landsberg and 

Waring, 1997), or it may be distributed as pseudo-rain-days as in CABALA 

(Battaglia et al., 2004) and PROM OD (Battaglia and Sands, 1997). 

Rainfall is highly variable in its temporal and spatial distributions, and the 

intensity with which it falls. The distribution and intensity characteristics of 

rainfall are well understood to influence the temporal pattern of soil water 

content, the amount of canopy interception, infiltration, run-off and deep 

drainage. This has the potential to affect production directly via water supply 

but it may also affect longer-term stand processes such as decomposition, 
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organic matter mineralisation and nutrient cycling. The distribution of rain 

days may also be important if we are looking to predict drought intensity and 

subsequent drought death. It is important that these processes and 

interactions are accurately represented in any model of plantation 

development and growth. 

Following a period of major drought over the summer and autumn of 1993/94 

in the south west of Western Australia, during which only 45 mm ofrain fell 

between October and May, more than 600 ha of 3-6 year old plantations of E. 

globulus died from water-stress (Dutkowski, 1995). The available rooting 

depth and its effect on water storage capacity was identified as the major soil 

factor influencing the survival of E. globulus under drought conditions 

(Harper, 1994). While significant progress has been made in identifying 

problem sites (Harper, 1994), drought deaths continue to occur in these 

plantations in south-west Western Australia and more recently in other 

locations in southern Australia. In particular, a significant area of the 

maturing estate is located on sites at risk from severe water-stress. 

Much of south-west Western Australia is characterised by deep soils, 

often in excess of 5 m and up to 20 m or more in depth. Extensive tree 

clearing and long periods under pasture has meant that large amounts 

of soil water have accumulated in these profiles. Following the 

drought deaths in 1993/1994 stress (Dutkowski, 1995), site selection 

procedures have focused, with apparent success, on the deeper soils 

that store large amounts of soil water. However, modelling analyses 

have suggested that trees on these sites may not be growing on rainfall 

inputs alone but may be depleting the considerable soil water storage 
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available at the start of the first rotation (Battaglia and Sands 1997; 

Hingston et al., 1998). Indeed, it has been suggested that if rainfall is 

less than potential plantation water-use, and there is no barrier to root 

development, E. globulus will eventually use all stored soil water from 

profiles as deep as 20 meters. If this is so, it has two important 

implications. Firstly, high growth rates and high survival obtained 

early in first rotations may not be sustained for the entire rotation and 

trees may even become susceptible to drought death later in the 

rotation. Secondly, sites that grow a successful and economic first

rotation crop may not be suitable for a second-rotation crop until the 

soil-water store is at least partially recharged. 

The individual processes of water use, carbon and nitrogen uptake and 

utilisation are linked in the plantation growth model, CABALA (see 

section 7.2.2 for details). In this work CABALA was used to examine, 

in detail the interactions between rainfall representation, tree water use 

and drought death risk of E. globulus plantations over successive 

rotations and assess the implication of changes in soil water storage 

during that period on stem wood production. We also examine the 

silvicultural implications of the effect of rainfall representation on 

predicted nitrogen mineralisation, nitrogen uptake and nitrogen loss 

rates. We show how the model may be used to develop silvicultural 

prescriptions and management regimes to maintain production and 

reduce the risk of drought death in plantations. 
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7.2 Methods 

7.2.1 Sites and Data Sources 

Eleven rainfall stations were selected for rainfall simulation modelling with at 

least 60 years of continuous rainfall records between 1925 and 1995 

comprising a range of mean annual rainfalls in south-west Western Australia 

(Table 7 .1. ). Four rainfall stations were selected for productivity and drought 

modelling from the above to represent a rainfall gradient. Northcliffe (-34' 

37"S, .116' 07"E), elevation 120 meters above sea-level (masl), is a high 

rainfall site with mean annual rainfall (MAR) around 1450 mm. Manjimup (-

34' 17''S, 115'29"E ), 280 masl, has MAR of 1050 mm, Boyup Brook (-33' 

50"S, 116' 23"E), 200 masl, MAR of657 mm and Darkan (-33' 20"S, 116' 

44"E) , 300 masl, MAR of 590 mm. Summary climate and site factors used 

for productivity modelling are listed in Tables 2 and 3 respectively. 

Table 7.1 Comparison of observed and simulated mean annual rainfall and number of rain days for 11 sites in south 
west W estem Australia. 

Observed Simulated Observed Simulated 
mean mean mean mean 
annual annual annual annual 
rainfall rainfall rain days rain days 

Site (mm) (mm) 

Darkan 556 568 83 81 

Mt Barker 587 571 128 123 

BoyupBrook 652 656 111 106 

Esperance 687 694 128 128 

Bridgetown 769 769.8 132 131 

Albany 943 954 177 178 

Collie 949 930 134 128 

Averys 1006 1012 176 178 

Manjimup 1017 1003 156 153 

Pemberton 1199 1202 170 169 

Northcliffe 1255 1228 155 153 

133 



Chapter 7. Rainfall variation and risk assessment 

Table 7 2 Annual summary of climatic inputs for CABALA for 4 sites m south west Western Australia (Actual inputs 
are on a daily or monthly time-step). 

Mean Mean 
Mean 

Mean Lowest Highest 

Sites 
Annual Annual Mean Annual 

Annual 
Annual recorded recorded 

Maximum Minimum Radiation 
Rainfall 

number of minimum maximum 
temperature temperature Rain Days temperature temperature 

oc oc MJPARm-2 

Site oc oc 
(ground) dai1 mm 

Northcliffe 21 11.7 5937 1255 164 2 32.9 
BoyupBrook 21.1 9.3 6819 652 151 -0.9 34.2 
Darkan 22.9 9.8 6503 556 120 14 34.6 
Manjimup 21.2 10 6123 1017 158 1.9 32.7 
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Table 7.3 Site mput details for CABALA for 4 sites m south west Western Australia. 

Input details Sites 

Manjimup Darkan BoyupBrook Northcliffe 

Location 

Site latitude (decimal degrees) -34.3 -35 -34.07 -34.3 

Soil Factors 

Susceptibility to waterlogging 
n n n n 

(yin) 
Initial available soil water (kg 

100 70 130 150 
(H20) m"2(ground)) 
Thickness ofuscr defined 

6 6 7 7 
horizons 1,2,3 (m) 
Proportion oflayer 1,2,3 

0 0 0 0 
comprising stones(%) 
Waterholding capacity of 

600 221 1000 1020 
horizons 1,2,3 (kg (H20) m· 
Parameter determining 

350 350 350 350 
relationship between RWC and 
Thickness of any impeding layer 

0 0 0 0 
(cm) 
Hardness of any impeding layer; 

0 0 0 0 
relative scale (0-10) 
Organic matter content of 0-10, 

14, 15, 17 14,17,20 18,22,19 13,15,21 
10-20, 20-50 cm layers(%) 
C:N ratio of0-10, 10-20, 20-50 

0.045, 0.035, 0.007 0.039, 0.022, 0.001 0.015,0.012,.005 0.052, 0.029, 0.01 
cm layers 
Bulk density of0-10, 10-20, 20-
50 cm layers (g cm-3) 

0.9, 1.3, 1.3 1, 1.4, 1.5 1, 1,1 1, 1.5, 1.4 

pH of0-10, 10-20, 20-50 cm 
5.8, 5.7, 6 5.6, 5.6, 5.6 4.5,5.0,5.0 5.5, 5.9, 6.1 

layers 

Tree spacing 

Intra row spacing (m) 3.5 4 4 3.5 

Inter row spacing (m) 2.5 3.5 2.5 2.5 

Trees per row 28.57 25 25 28.57 

Rows per block 40 28.57 40 40 

Distance between tree blocks in 
0 0 0 0 

row direction (m) 
Distance between tree blocks 

0 0 0 0 
perpendicular to row direction 

Row orientation (degrees) 340 340 340 340 
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7.2.2 Modelling tree growth and water-stress response 

The process-based model CABALA used in this analysis has been described 

and validated by Battaglia et. al., (2004). The following aspects of the model 

are relevant to this work. Carbon uptake, water use, and nitrogen 

concentrations in the foliage are all coupled in the crown production model 

(Ball et al., 1987). The uptake of resources (light, water, nitrogen) is 

determined by the distribution, extent and mass of fine roots and foliage. 

Biomass allocation to foliage and fine roots occurs within the stand as a result 

of an imbalance in the capacity of the stand to capture light from leaves and 

for water and nitrogen uptake by fine roots (Chen and Reynolds, 1997). 

However, allocation to these organs is constrained by the requirement for 

adequate transport organs (Shinozaki et al .. 1964) and biomechanical stability 

(West et al., 1991). 

A one-dimensional soil-water-balance model is used (see Figure 4 in 

Battaglia et al., 2004). Soil depths and water holding capacities for each of 

the simulated sites in this study are given in Table 7.3 . The model runs on a 

daily time-step with carbon and water fluxes calculated as the average of mid

morning and mid-afternoon conditions (Sands, 1995). Tree water-stress is 

determined by the average pre-dawn water potential of the soil volume 

occupied by the tree roots. Within the model trees respond to water stress in 

different ways. 

Stomata! conductance is reduced as water stress increases and trees have a 

memory of past water stress which reduces stomata! conductance for a period 

after the stress is removed (White et al., 1999). Foliage growth ceases at a 

threshold level of water stress. When there is no foliage growth, there is no 
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horizontal expansion of the crown, so in the early stages of stand development 

or following thinning, canopy closure will be delayed. 

If water uptake is the factor most limiting to production then allocation to fine 

roots will increase to balance the demand for resources required for growth. 

However, if water stress increases to the point where net primary productivity 

(NPP) is zero then no new roots can be initiated and exploration of the soil 

profile ceases. 

It is assumed that the relationship between sapwood cross-sectional area and 

leaf area reversibly changes as water stress increases (Sperry and Pockman, 

1993) and that consequent leaf shedding may occur because loss of functional 

cross-sectional sapwood area leads to insufficient transport tissue per unit leaf 

area. Indirectly, the effects oflow soil water content will also affect tree 

growth via the decline in the nitrogen mineralisation rate (Goodwin and 

Jones, 1991 ). 

Rainfall data used to drive the model were obtained in one of three ways: 

• Monthly data (derived from ANUCLIM McMahon et al., 1997). 

• Historical daily rainfall (obtained from the Australian Bureau of 

Meteorology). 

• Simulated daily rainfall (Parameters derived from historical daily rainfall). 

As CABALA runs on a daily time-step, if rainfall data is presented to the 

model as monthly data (real or average) the model will decompose these data 

to "pseudo-daily'' data. Pseudo-daily rainfall is produced from average 

monthly rainfall data and the average number of rain days by randomly 

distributing wet days within each month and on each wet day rain equal to 

monthly rainfall divided by the number of rain days in that month is 
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considered to fall, giving a uniform distribution of rainfall amounts within 

each month. The last wet day in each month receives any rainfall remainder 

for that month. If historical daily rainfall or simulated daily rainfall are input 

the model uses these data directly. 

7.2.3 Modelling Rainfall Occurrence 

An artifical rainfall simulator was developed using a simple first-order 

Markov chain model for rainfall occurrence and a two parameter gamma 

distribution for rainfall amount (Coe and Stem, 1982; Richardson and Wright, 

1984 Chapman, 1997). First order Markov chain models are widely used to 

represent daily precipitation occurrence (Katz, 1974; Chin, 1977; Buishand, 

1978; Bruhn et. al., 1980; Richardson, 1981 ; Wilks, 1999) and can be defined 

in terms of four transition probabilities; 

p wd] 

p ww 

(Equation 7.1) 

The Markov chain probability transition matrix ( 1) gives us the probability of 

a day being wet or dry on a monthly basis. There are four parameters in the 

transition matrix; Pdd, the probability that if today is dry the following day will 

be dry; Pdw, the probability that if today is dry the following day will be wet; 

Pwd, the probability that a wet day will be followed by a dry day; and Pww, the 

probability that if today is wet the following day will also be wet. These 

parameters are calculated from observed daily rainfall records, however as the 

columns of the matrix are constrained to sum to unity and rainfall occurrence 

is a two-state process, we only require two parameters from either side of the 

transition matrix to predict wet and dry sequences, Pwd and Pdw· 
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Knowing only T we can calculate the stationary state probability vectors 

which is the vector of long-term or average probabilities for dry and wet days. 

We let 

(Equation 7.2) 

be the stationary distribution of the two states, Dry (0) and Wet (1 ). 

Considering one step transitions under stationary conditions 

s=sT (Equation 7.3) 

or 

pwd ] 
1- pww 

(Equation 7.4) 

Solving (4), we obtain the dry day and wet day steady state probabilities 

(Equation 7.5) 

7.2.4 Modelling Precipitation Amount 

The most common approach to modelling precipitation amounts has been to 

assume that amounts on successive wet days are independent and to fit an 

appropriate theoretical distribution.(Woolhiser and Roldan, 1982; 

Hutchinson, 1986; Wilks, 1999). These distributions include the lognormal, 

exponential, mixed exponential, gamma, kappa and Weibull. The most 

popular of these has been the two parameter gamma distribution (Woolhiser 

and Roldan 1982, Richardson and Wright, 1984) 

(Equation 7 .6) 

Equation 6 is the gamma probability density function. The two required 

parameters are a. and J3. Where a. is a shape parameter, and J3 is a scale 
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parameter. r is the gamma function and x is the rainfall amount (a real 

number constrained to be > 0). We obtain a. and f3 from the daily rainfall 

record. Because we want to preserve the seasonal characteristics in the 

observed rainfall record we calculate a. and f3 parameters for each month of 

the year. 

To make a reasonable estimate of the long-term variability in rainfall, the 

Australian Bureau of Meteorology (2003) recommends a minimum of at least 

thirty years of continuous recording. In these studies we have used sites with 

at least sixty years of recorded rainfall. We have not attempted to account for 

the effects of any climate change trends on simulated rainfall. 

The model process for simulating synthetic rainfall sequences for a given site 

consists of two parts. 

(a) Obtain real daily rainfall data for each site and generate Markov 

parameters. 

Daily rainfall data were checked for consistency and missing values. Only 

sites with historical rainfall records of greater than 30 years were selected. 

Markov parameters were generated for each month of the year using the 

entire historical record. 

(b) A gamma distribution was fitted to daily rainfall intensities for each 

month from the long-term rainfall record. 

These parameters were then used to simulate wet or dry days and rainfall 

amount. 
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7.3 Results 

7.3.1 Rainfall Simulation 

A comparison of observed meaµ annual rainfall (MAR) and mean annual 

number of raindays (MANRD) against simulated MAR and number of rain 

days for real, average and simulated rainfall characteristics shows that the 

rainfall simulator performs well in simulating both MAR (r2 = 0.99) and 

MANRD (r2 = 0.99) over a range of sites in south west Western Australia (see 

Table 7.1 and Figs. 7.la & 7.lb). 
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Figure 7.1 Comparison of (a) observed and simulated mean annual rain days and mean annual rainfall across a rainfall 
gradient in Western Australia ( 11 sites). Tue one-to-one line is shown ( --) and the regression line (-). 

The observed and simulated distributional characterisitics for MAR are 

compared in Figure 7 .2 for Northcliffe, Manjimup and Darkan respectively. 

These figures show that the rainfall simulation model reproduces the observed 

distribution of MAR for each test site. 
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Figure 7.2 Comparison ofobserved (left-hand column) and simulated (right-hand column) distributions of mean 
annual ramfall (histograms and curves) for three sites in southwest Western Australia. (a, b) Northcliffe (c, d) 

ManJimup and ( e, t) Darkan. The curves are frequency dIStributions fitted to the histograms. Sunulated rainfall was 
predicted using the combmed Markov-gamma model. 
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reasonably accurately over a range ofMARs. The majority of the rainfall 

occurs during the winter months and is followed by a predominantly dry 

summer at all sites. 
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Figure 7 .3 . Comparison of the monthly variation of the statistical moments of 20 years of simulated and observed 
daily rainfall for Boyup Brook, Western Australia: (a) is mean rainfall, (b) is skewness and (c) is variance. Data from 

observed daily rainfall are shown (-), data from pseudodaily rainfall are shown (- - - ), and data from Markov
gamma simulation of daily rainfall are shown ( - - -). 

Figure. 7.3 uses Boyup Brook as an example to show that the observed 

monthly rainfall distribution statistics for daily rainfall (mean, stardard 

deviation, and skewness) are all well reproduced when compared with 

simulated rainfall data. In Figure 7.3 psuedo-mean daily rainfall is 

underestimated from January to June and overestimated from July to 

December compared with both real and simulated mean daily rainfall. 

Pseudo-daily refers to the methodology currently widely utilized in growth 

simulation of assigning an equal quantity (monthly rainfall divided by number 

of wet days per month) to each wet day in a month. The long-term mean 

annual rainfall and simulated rainfall distributions at all sites tested in this 

study are unimodal. Figure 7.4 compares twenty year rainfall intensity 

histograms for the 
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Boyup Brook site for observed daily rainfall, simulated daily rainfall and the 

psuedo-daily rainfall used by CABALA. When using average monthly 

inputs, as pseudo daily rainfall 

8000 8ooo .. 
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:obseiVed 
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--~-1mulated 4000 ' 
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2000 2000 
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Figure 7.4 Comparison of frequency distnbu!Ions of daily ramfall at Boyup Brook, W estem Australia for (a) observed 
daily, (b) simulated daily and ( c) pseudo-daily ramfall. 

CABALA will clearly underestimate both a large number of small rainfall 

events as well as the frequency oflarger or "storm" events. 

The use of real rainfall data with CABALA over successive rotations shows 

that a wide range of volume outcomes are possible. For example, Figure 7.5 

shows the distribution of yield outcomes for ~oyup Brook over twenty 

successive 10-year rotations. This variation is broadly correlated with 

variation in inter-annual rainfall amounts received during each rotation when 

the model is used with average data (decomposed to uniformly distributed 

pseudo-rain days). 

~? 
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7.3.2 Yield Outcomes 

The yield result for each site may be biased on either the high or low side of 

the long-term mean depending on rainfall characteristics during each 10-year 

rotation. For example, Figure 7.6 shows the ~owth trajectory for sixty 

successive 10-year rotations with each rotation beginning in increments of 

one year from the starting year (1925 in the case of observed rainfall data) for 

the Darkan and Northcliffe sites. 
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Figure 7.5 Comparison of the frequency distributions (histograms and curves) of volume yields predicted by 
CABALA for 20 rotations at Boyup Brook, Western Australia, and based on (a) observed and (b) simulated daily 

rainfall. The curves are frequency distributions fitted to the histograms. The predicted volume based on pseudo-daily 
rainfall was 186 m' ha·• (shown as ! ). 

The distribution of 10-year volume outcomes at Darkan (Figure 7 .6a) have a 

mean of 129 m3 ha·1 and a range of 86-148 m3 ha·1 compared to the single 

yield expectation of 114 m3 ha·1 obtained using average monthly rainfall 

inputs. Similarly, the yield outcomes at Northcliffe (Figure 7.6b) have a mean 

of 506 m3 ha·1 and a range of 454-571 m3 ha·1 compared to the single yield 

expectation of 476 m3 ha· 1 obtained using average monthly rainfall inputs. 

The greater range of yield outcomes for Darkan 
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Figure 7.6 Comparison of sixty 10-year growth curves(- ) predicted by CABALA and based on observed daily 
rainfall for (a) Darkan and (b) Northcliffe, Western Australia. The volumes predicted at age 10 years using long-term 

average rainfall data are shown by the arrows ( <--). 

compared to Northcliffe is an expression of the greater rainfall variability at 

Darkan, particularly summer rainfall. On average, 10-year volume outcomes 

are underestimated by 6 and 11.6% for these sites, respectively, using mean 

monthly rainfall data compared to using real or simulated daily rainfall 

distributions. 

7.3.3 Water Stress and Drought Risk 

The use of average data significantly under-predicts the peak water-stress 

(and hence drought-death risk) experienced by the trees when compared with 

that made using historical weather records. For example in Figure 7.7, the 

distribution of predicted long-term minimum monthly pre-dawn soil water 

potentials for the Darkan (low rainfall) site for both real (c) and simulated (d) 

rainfall indicates that on average approximately 1 in every 3 rotations may 

suffer periods of severe water stress where pre-dawn soil water potentials are 

below about -3.2 MPa. 
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Figure 7. 7 Comparison of the frequency distributions of predicted pre-dawn soil water potential for (a, b) Northcliffe 
and (c, d) Darkan, Western Australia based on (a, c) observed and (b, d) simulated daily rainfall. 

These severe stress events occur on average relatively early in the rotation at 

Darkan (age 3-4) whereas at Northcliffe, severe water-stress events are only 

predicted to occur late in the rotation (age 8-9) and with much lower 

frequency. If we look in more detail at pre-dawn soil water during one 10-

year rotation, the use of average rainfall data significantly under-predicts the 

peak water stress (and hence drought death risk) experienced by the trees 

compared with that made using average historical weather records (Figure 

7.8). 
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Figure 7.8 The effect of(a, b) observed daily and (c, d) pseudo-daily rainfall d1stnbutions on predicted pre-dawn water 
potential for a plantation at Darkan, Western Australia. The severe water-stress event predicted using observed daily 

rainfall (shown by-+) is not predicted using pseudo-daily rainfall . 
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Pre-dawn soil water potentials do not reach critical levels of water stress with 

pseudo daily rainfall compared with real rainfall sequences. This is because 

the more uniform pseudo-daily rainfall distribution does not allow for often 

lengthy dry spells that occur with real or simulated rainfall distributions. 

7.3.4 Rainfall and Silvicultural Simulation 

Rainfall distribution also affects the predicted amount of nitrogen mineralised 

during a rotation due to the indirect effect of variation in soil water content on 

mineralisation rates. Figure 7 .9 shows the time course trajectories of nitrogen 

mineralisation (7.9a), nitrogen uptake, (7.9b) and total biomass nitrogen, 

(7.9c) respectively for a fertile site. The final outcomes for these variables 
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may be biased above or below those obtained using rainfall derived from 

monthly. 
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Figure 7.9 The time-course of (a) nitrogen (N) mineralisation rate, (b) nitrogen uptake rate and (c) total nitrogen in 

plant biomass predicted by CABALA over sixty 10-year rotations using observed daily rainfall. The values predicted 
at age I 0 years using long-term average rainfall are shown by the arrows ( +-) . 

Within CABALA, all mineralised nitrogen is assumed to accumulate in the 

first 0.5 m of the soil profile. Nitrogen mineralisation is assumed to become 

negligible below this level. CABALA also assumes that soil water that drains 

below 0.5 m soil depth effectively removes nitrogen from the system. 

However, saturated drainage at these sites is only likely during the winter 

months when the soil is at or near field capacity and excess rainfall occurs. 

Figure 7 .10 compares two 10-year rotations using real daily rainfall (7 .1 Oa) 

and pseudo daily rainfall (7 .1 Oh). The pattern of nitrogen loss predicted using 

both real and pseudo-daily rainfall shows that most of the loss occurs in 

narrow bands during the wettest months of each year, however with pseudo-

daily rainfall nitrogen loss appears to occur with greater frequency and is 

sustained over longer periods because of the more uniform rainfall 

distribution. This could potentially mean that growth on this site could be 

underestimated using pseudo-daily rainfall compared with real or simulated 

rainfall because of increased loss of nitrogen through excessive drainage. 

12 
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Figure 7 .10 Comparison of the rates of nitrogen mineralisation and nitrogen drainage loss over a single 10-year 
rotation predicted using (a) observed daily and (b) pseudo-daily rainfall at Northcli ffe, Western Australia. 
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The pattern of nitrogen mineralisation predicted for real rainfall in Figure 

7. lOa shows the effects of upper soil layers drying out more frequently than 

with pseudo-daily rainfall which shows a much more continuous pattern. The 

overall effect with pseudo-daily rainfall could be that while nitrogen losses 

are higher, these losses may be compensated by increased nitrogen 

mineralisation. The pattern of nitrogen loss in Figure 7 .10( a) shows that the 

largest amounts of nitrogen predicted to be lost from the upper soil profile 

occur following large rainfall events. This means that both the temporal 

distribution of rainfall as well as rainfall intensity have the potential to 

interact with silvicultural treatments such as fertiliser application. 

7.4 Discussion 

7. 4.1 Rainfall Modelling 

The first order Markov chain model has been found by many authors to 

model observed rainfall occurrence remarkably well (e.g. Richardson, 

1981 ;Wilks, 1989, 1999). However, one criticism of simple first order 
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Markov dependence is that it produces synthetic series of consecutive dry 

days too infrequently (Buishand, 1978; Rackso et al., 1991 ; Semenov and 

Porter, 1995). One approach to overcome this limitation has been to consider 

higher order Markov models that include the previous two, three or more days 

into the Markov dependence structure (Gates and Tong, 1976; Chin, 1977). 

However this approach rapidly becomes intractable as the number of 

parameters required to characterise higher order Markov chains increases 

exponentially with the order of the processes, i.e. 2k for the kth order 

dependence (Wilks, 1999). To overcome this limitation Coe and Stem, 

(1982) have suggested Markov chains of hybrid order, in which the 

probability that day t is wet depends on whether precipitation did or did not 

occur on the previous l days, where l is the smaller of the number of days 

since the last wet day, and the order k of the hybrid model. In effect, these 

hybrid-order models retain first-order Markov dependence for wet spells, but 

allow higher order dependence for dry sequences. Thus, they require only k 

+ 1 rather than 2k parameters. Using a slightly different approach, Racsko et 

al. (1991 ) have reported better agreement (for Hungarian data) between the 

distributions of observed and synthetic dry spell lengths where precipitation 

occurrence is simulated by using a probability mixture of two geometric 

distributions. Precipitation occurrence is simulated by the length of the next 

wet or dry spell rather than day by day, however this approach may still 

require up to six parameters to model rainfall occurrence. 

As a result of seasonal variations in rainfall occurrence and intensity it is 

usually necessary to derive separate parameter sets for each month and or 

season that result in a large number of parameters. Attempts have been made 
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to reduce the number of parameters by fitting the parameter variation through 

the year to a polynomial (Coe and Stem, 1982) or a Fourier series (Zucchini 

and Guttorp, 1991 ). To avoid model over-parameterisation and still 

adequately characterise daily rainfall sequences, Sharma and Lall (1999) have 

suggested a non-parametric nearest neighbour approach to rainfall amount 

simulation that involves conditionally re-sampling values from the observed 

record to characterise the probability density function. The simple underlying 

idea of this approach is to count the relative frequency of the data in a local 

neighbourhood about the point of estimation using the "R' nearest neighbours, 

where k is an appropriately chosen integer. This approach has the benefit of 

naturally modelling the distributional features that characterise rainfall such 

as mean, variance and skewness and dependence properties such as serial 

correlations and non-linear conditional expectations. It avoids the difficulties 

associated with the selection of theoretical probability distributions and 

problems associated with adequately modelling seasonality. However this 

method is numerically intensive and may therefore be unsuitable where many 

rainfall sites are considered or where long sequences of simulated rainfall are 

required. The selection of a value for k is also somewhat arbitrary. 

Many adequate models for rainfall simulation exist and while such models 

have been well applied for agricultural simulation (Donnelly et al., 1998) they 

have not found application in the prediction of forest production risk. Indeed 

it is not uncommon to see the spatial application of forest growth models into 

low rainfall areas with the prediction oflow, but sustained yield from 

plantation establishment where it is likely that drought will cause the death of 

trees within the period of the rotation (Nix et al., 1992). This is not to say that 
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in all instances such simple representations are always inappropriate - indeed 

van den Berg et al. (2002) showed that simple water uptake models with 

modest data input requirements often perform better than more refined water 

uptake models that use 'surrogate' input data (e.g., roughly estimated or 

extrapolated soil hydraulic conductivity relations). Rather such 

representations may be appropriate in specific situations or to answer only 

certain questions. 

Our results indicate that while simulated rainfall adequately represents long

term rainfall variability for most sites, in some cases the Markov-gamma 

model produces rainfall intensity distributions with lower variance compared 

with observed historical records. A consequence of this is that extreme 

rainfall events may be under represented in simulated rainfall output. It is 

doubtful this will have a significant effect on final yield outcomes as much of 

the rainfall input during high intensity rainfall events is likely to become run

off. Similarly, the distribution of simulated dry spell lengths shows generally 

lower variance than in observed rainfall records, which means that we may be 

underestimating the number oflong dry spells in simulated output. 

Notwithstanding this, it is clear that simulated rainfall closely mimics the 

statistical and distributional characteristics of real rainfall and that despite 

some limitations, the current study has shown that with a relatively simple 

rainfall model it is possible to adequately simulate rainfall, and that these 

simulations may be used to assess plantation drought risk. 

In Australia, rainfall can vary extremely in the short-term, so that using long

term rainfall information to formulate plantation site selection and 

management strategies would generally fail to account for these fluctuations. 
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Increasing evidence suggests that the temporal and spatial variation of rainfall 

in Australia is linked to some physical phenomenon such as the southern 

oscillation index and or sea-surface temperatures (Stone and Nemet, 1996). 

Conceivably, a combination of information from rainfall modifying factors 

such as the southern oscillation index and the stochastic nature of rainfall may 

lead to a better understanding and simulation of the temporal variability of 

rainfall, particularly where this is applied to site selection for E. globulus 

plantations. 

Another issue related to rainfall simulation modelling is that of time of 

selection of rainfall records in the presence of climate change. Depending on 

the period in the historical rainfall record that rainfall parameters are obtained 

from, the simulated rainfall patterns may differ because the parameters 

incorporate underlying climate change trends from the selected period in the 

historical rainfall record. 

7. 4. 2 CABALA and model processes 

Considering water use and water flow within trees, the application of simple 

physical principles to wood structure has led to adequate system 

representation and prediction of water potential within tree crowns (Tyree, 

1988; Peramaki et al., 2001 ; Zweifel et al., 2001 ), water movement from the 

soil into plants (Hillel et al., 1976; Vogel et al., 1992; Kumagai, 2001 ) and 

water movement from canopies into the atmosphere (Monteith, 1981 ; 

Lhomme et al., 2001 ). More recently there have been attempts to explain 

hydraulic design in trees in relation to tree water stress (Magnani et al., 2000) 

but such models rarely represent the whole tree system. The methodology 

developed here using CABALA provides a means of assessing whole-tree 

response to both long- and short-term variation in soil water supply. In 
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addition, the results of our sensitivity analysis to rainfall variability have 

provided a means to assess the risk associated with selecting sustainable 

plantation sites. 

In this study, average 10-year volume outcomes are underestimated using 

mean monthly rainfall data compared to using real or simulated daily rainfall 

distributions. It is unclear why this occurs, however it is likely that the 

"unnatural" uniform distribution of rain days and rainfall amounts that 

CABALA produces when using average climate inputs may be causing a 

slight increase in water limited production particularly when other growing 

conditions are favourable or it may be due to minor effects on soil water 

recharge, due to increased interception losses or minor effects on nitrogen 

' 
mineralisation, nitrogen uptake or nitrogen drainage losses. Clearly the way 

we represent rainfall in PBMs such as CABALA affects final yield 

predictions and that using average rainfall data may not provide' a true 

reflection of the expected outcome or an indication of the variability of this 

outcome. Part of this variation in yield comes from a more realistic 

simulation of soil water supply and the impact of pre-dawn soil water 

potentials on yield distributions. 

Severe water-stress does not necessarily mean that the trees will suffer 

drought death. Smaller trees will obviously be more susceptible to drought 

death than older more deep rooted individuals that may also have greater 

stores of nutrients and carbohydrates. Consequently, a severe drought that 

occurs late in a rotation may have fewer economic implications than drought 

occurring soon after plantation establishment when tree~ have lower drought 

resilience. Further investigation is required of the effects oflong, contiguous 
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periods with low pre-dawn soil water potentials combined with high air 

temperatures and vapour pressure deficits if we are going to be able to assess 

the likelihood of actual drought death more effectively. 

There has been marked progress in the last decade, both of detailed process

based tree and stand models (TREEGRO after Weinstein and Beloin, 1991 ; 

Cen W after Kirschbaum, 1999) and what might be termed management 

application models (3PG after Landsberg and Waring, 1997, and PROMOD 

after Battaglia and Sands, 1997). The former are usually data intensive and 

while they may predict tree and stand responses to water stress well they are 

not suited for application over a wide range of silvicultural scenarios over a 

range of environments. The management application models generally utilise 

simple single soil layer, one-dimensional, steady-state models with water 

stress only affecting plant production via instantaneous rates of gas exchange 

and some notional link to biomass allocation ratios. The link between root 

development and water uptake, stress and loss of function and litterfall rates, 

and the effect of soil moisture on other soil processes such as nitrogen 

mineralisation and uptake are generally not represented. In this analysis, 

using the model CABALA, we have demonstrated the importance of 

considering the linkages and feedback loops between rainfall, soil water, 

applied silvicultural treatments and nutritional processes. 

7 .5 Conclusions 

lfwe use only average climate with process-based models we increase the 

risk that model results will be biased. Using historical or simulated daily 

rainfall records allows us to analyse the likely distribution oflong-term yield 

outcomes for any site and thereby assess the long-term risk associated with 
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selecting sustainable plantation sites. The manner in which rainfall is 

represented in growth models has implications for the prediction of both 

volume outcome and risk of drought death. We often pay less attention to 

defining rainfall inputs than we do soil variables, however it is clear that they 

are key to model success. By linking our process-based models of tree and 

stand growth to a weather simulator we greatly increase our modelling 

capacity. 

Site selection in Australia has, in the past, largely focused on expected yield. 

It is clear however that assessing the risk associated with obtaining that yield 

is also important. While we have sufficient understanding of many tree 

responses to stresses such as drought and frost, these processes have not been 

well represented in models for management use. To some extent this is 

because consideration of such stresses requires the addition of complexity in 

models to deal with the issues such as loss of foliage and fine roots and 

mortality. 

Water and nutrient cycles are intimately interlinked and the way rainfall is 

represented in many productivity models often ignores the distributional 

characteristics of real rainfall and its interactive influence on nutrient cycling. 

3PG for example, runs on a monthly time-step, using average climate data. 

PROMOD runs on a daily time-step, decomposing monthly rainfall data into 

even amounts distributed across the rain days in the month. In both these 

cases the dynamic interactions between water and nutrition are being ignored. 

In this study, using CABALA we have successfully demonstrated the 

importance of considering the effects of rainfall distribution on yield 

outcomes, silviculture, nutrition and drought risk. 
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Chapter 8 General review and discussion 

8.1 Introduction 

The work presented in this thesis has considered the usefulness of terrain 

analysis and environmental modelling in providing essential inputs to both 

static and dynamic plantation growth models to enable plantation site 

selection for E. globulus. The overall aim of this study was to improve data 

input quality and confidence in the application of process based growth 

models over a range of spatial and temporal scales and applied to solve a 

range of problems associated with selecting appropriate plantation sites, 

optimising site survey procedures, reducing uncertainty in experimental 

outcomes, and assessing risk in plantation establishment. 

GIS tools and terrain analysis techniques were used to extend point based 

growth estimates into the spatial domain both at operational (Chapter 5 and 

6), regional (Chapter 3), and state-wide (Chapter 4) scales. GIS and terrain 

analysis techniques may be used to obtain model inputs such as indicators of 

waterlogging that would otherwise be unavailable. Environmental sensitivity 

analysis was used in Chapter 4 to improve confidence and to quantify 

uncertainty in model outputs in a broad scale analysis of potential 

productivity. Where input data are sparse or required over large,areas, or 

available inputs are of poor quality, environmental sensitivity analysis may be 

used to identify the range of uncertainty in model predictions and identify 

those areas where particular variables may require more intensive survey. 

The implications of resolution effects and the application scale of a PBM 

(3.2.6) were examined to demonstrate firstly, that process growth model 

outputs are sensitive to the quality of spatial inputs, in this case particularly 
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soil inputs, and secondly to quantify that sensitivity over a range of typical 

application scales. This was achieved by the application of a productivity 

model and a spatial analysis of soil and climate variables over a range of input 

resolutions. The outcomes from this work provide recommendations for the 

appropriate resolution and aggregation level of input data according to the 

desired application scale of the process-based model PROMOD. 

Drought is a major factor affecting plantation productivity and survival in SE 

and SW Australia and productivity models have in the past (Coops et al., 

1997; Tickle et al., 2001 ) been primarily used with average climatic inputs 

ignoring fine scale temporal variation. Chapter 6 in concerned with the 

effects on model outcomes of the various ways that rainfall is input or 

represented in process-based models and shows that the distributional 

characteristics of rainfall inputs have a large effect on predicted yield 

outcomes. This research demonstrates how PBMs and information about 

rainfall characteristics may be used to reduce uncertainty in model outputs 

and to assess drought risk in plantation site selection. 

Spatial analysis of the cost effectiveness of plantation establishment using a 

series of soil survey intensities in Chapter 6 demonstrated the economic 

impacts of different plantation establishment scenarios. This was achieved by 

spatial and economic analysis of a number of soil survey intensities in two 

existing plantations. The outcomes from these analyses indicate appropriate 

survey intensities required for accurate productivity prediction and show that 

economic gains up to $500 ha·' are possible by a modest increase in the 

current soil survey intensity. 
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The above research must be regarded as a beginning rather than a final 

outcome in terms of using physiological, environmental and landscape 

models to aid plantation site selection and to assess risk. This means that 

there are a number of challenges to the routine application of these models for 

spatial prediction of site quality and that these challenges can be broadly 

divided into four areas: 

(a) Further quantification of the dynamic interactions between physical, 

biological and environmental processes that affect tree growth, particularly 

with regard to factors that are spatially and temporally variable in the 

landscape such as frost and waterlogging. 

(b) Identification and quantification of scale dependence in landscape, 

environmental and physiological modelling. 

( c) Improvements in handling error and uncertainty possibly through the 

application of geostatistics and fuzzy classification. 

( d) The development, testing and delivery of spatially capable growth and risk 

modelling tools to plantation managers. 

8.2 General Discussion 

8.2.1 The role of terrain analysis 

Terrain modelling and analysis techniques have been widely used by 

geomorphologists (e.g., Chorley, 1972; Evans, 1972; Anhert, 1976; Kirkby, 

1986, Montgomery and Dietrich, 1989) hydrologists and soil scientists to 

study processes such as soil erosion and forest catchment yield. (e.g., Pilgrim 

et al., 1982; Moore ·and Burch, 1986; Moore et al., 1986; O'Loughlin, 1986,, 

Hjerdt et al., 2004). Landscape models have also been incorporated with 

remotely sensed data in forest inventory and soil survey studies (Sieg et al., 

1989; Teuber, 1990, Ryan et al., 2002, Dobos, 2000). Forestry applications 
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of terrain modelling have often focussed on the planning stages of logging 

operations and in visual impact analysis of roading and in the construction of 

optimum routes for log extraction (Burrough and McDonnell, 1998). More 

recently terrain analysis has been used to obtain spatially distributed inputs 

for forest growth modelling (e.g., Coops et al., 1997, Tickle et al., 2001 ). 

Primary terrain attributes such as elevation, slope and aspect have long been 

known to influence biological (Whittaker, 1967; Boughey, 1971 ; Austin et 

al., 1983;) and environmental characteristics of a landscape (Gieger, 1959; 

Oke, 1978, Moore et al.,1993a). Natural vegetation structure and floristics 

are sensitive to changes in temperature and radiation regimes (i.e., elevation 

and latitude). The plan and profile curvature of terrain segments exert 

significant control over sediment and water movement in the landscape 

(Moore et al., 1986; O'Loughlin, 1986). Slope and especially aspect 

determine to a large extent exposure (evaporative demand) and the sum and 

frequency of inputs of solar radiation to a site (Takahashi, 1987). Terrain 

modelling techniques have however, rarely been applied in an integrated way 

to the study of forest productivity especially with regard to the influence 

terrain attributes have on soil properties and how these affect the supply of 

water and nutrients to trees. 

In Chapters 4 and 5 terrain derived attributes were used to supply inputs for a 

PBM to test the robustness of an existing experimental design and in a broad 

scale suitability study. The resolution of the DEMs used were 25 m and 200 

m respectively. In chapter 3 we used a 200 m DEM to calculate a stratified 

topographic wetness index that was used to generate a broad scale estimate of 

potential waterlogging. While the broad patterns of predicted waterlogging 
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correlated well with areas with known drainage problems we were unable to 

quantitatively test the our estimates for errors of omission or commission on a 

cell by cell basis. Studies by Zhang and Montgomery 1994; Mitasova and 

Hofierka, 1993 and others suggest that fine scale DEM's with resolutions of 5 

m or less may be required for accurate hydrologic and geomorphic 

applications. Wilson et al. , (2000) using 30, 100 and 200 m resolution DEMs 

found that slope gradient tends to decrease (steep slopes disappear) and flow

path length and specific catchment area tend to increase as grid spacing 

increases. They also found that single and multiple flow direction algorithms 

produced different specific catchment areas and sediment transport capacity 

index distributions with changes in DEM resolution and that the choice of a 

threshold contributing area that controls channel initiation in T APESG 

affected the performance of flow routing algorithms. Overall the effect was 

spatial smoothing of calculated terrain attributes. This suggests that terrain 

attributes derived at relatively coarse scales may be useful at that scale but 

that for finer scale studies terrain attributes should be re-calculated from a 

suitably scaled DEMs rather than by rescaling low resolution terrain 

attributes. 

As resolution declines Florinsky (1998), showed that root mean square errors 

increase for a range of terrain attributes such as slope and aspect and 

particularly plan and profile curvature that are important for the calculation of 

compound attributes such as CTI or wetness indices. Several other studies 

including Moore et al., (1996) have shown that primary DEM derivatives 

such as slope are sensitive to the grid cell size (resolution) so that terrain 

attributes derived at one scale and any empirical relationships established 



Chapter 8. General review and discussion. 

with other environmental or biological attributes may only be valid at that 

scale. 

Bevan and Kirby, (1979) have recommended using high resolution DEMs for 

geomorphic and hydro logic modelling applications. They found that 10 m 

DEMs performed much better than DEMs derived from 30 m or 90 m 

elevation data and only slightly worse than 2 m or 4 m elevation data. They 

point out that grid sizes of 50 m or more tend to ignore the existence oflower 

order stream networks and artificially smooth landforms in complex 

landscapes, so that terrain features that modulate key hydrologic processes are 

lost. 

In chapter 4 of this study we found that the stream network generated from a 

25 m DEM reproduced mapped streamlines (using the DEMON flow routing 

algorithm) and by using a combination of attributes that have significance in 

the distribution of water in the landscape we were able to predict sites where 

evidence of at least temporary profile waterlogging (gleyed B horizon) was 

observed. The apparent success and utility of terrain attributes in this study 

might be attributed to the uniformity of the geological substrate and relatively 

simple topographic configuration. Furthermore, the uniform (mainly in situ) 

soil development meant that in this case hydro-pedogenetic processes were 

strongly linked to topography at the scale and resolution ofthis study. 

However this may not always be the case. 

At the catchment scale, Moore et al., 1993; Gessler et al., 1995) have had 

success at relating soil properties, particularly soil depth to terrain attributes. 

However, McKenzie and Ryan, (1999) warn that landscape heterogeneity 

may prevent these results from being generally applicable. McKenzie and 
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Austin (1993) suggest that relationships between topographic attributes and 

soils are likely to be stronger in younger, particularly alluvial landscapes than 

in ancient landscapes. Geological structure and variation, such as volcanic 

intrusions or subsurface hydrology may all affect local soil patterns but 

without significant correlation to observed landscape features. 

Environmental correlation approaches to predicting soil properties, e.g., 

McKenzie and Ryan (1999), use static terrain attributes generated from 

contemporary landscapes and recent climate statistics that ignore the 

dynamics of pedogenesis and the fact that soil may have formed under a very 

different environment, over very long time periods, and in the case of soils 

formed as a result of, or interactions between glacial, fluvial or aeolian 

processes may have no obvious relationship with current substrate or 

landform. 

Notwithstanding these criticisms, the processes controlling soil formation are 

generally landscape and substrate dependent, so that the scale at which these 

processes operate should dictate the scale of studies required to quantify them 

(McKenzie and Ryan, 1999). While many terrain studies involving the 

prediction of soil properties have been conducted at the catchment or hill

slope scale there is some evidence to suggest that studying finer scales by 

improving DEM grid resolution will improve environmental correlation with 

generated terrain attributes (McKenzie and Austin (1993); Florinsky and 

Arlashina, (1998) however the reverse (i.e. improving the resolution of 

environmental attributes relative to terrain variables) may not yield any 

improvement because environmental heterogeneity is often correlated with 

topographic variation and the spatial structure or scale of variation of the 
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terrain attribute under consideration may be quite different to the spatial 

variation of environmental correlates as was shown to be the case in Chapter 

3 (or see Mummery and Battaglia, 2002). Clearly a great deal of care is 

required in the selection of elevation data, in the interpolation and resolution 

ofDEMs, in the choice of flow routing algorithms and in the construction of 

realistic drainage networks for robust and effective terrain analysis. 

8.2.2 Scale, resolution and support 

In common usage the term "scale" has multiple meanings, with many 

different definitions arising from diverse roots. It relies heavily on context for 

its definition that may lead to confusion. In scientific studies the usage of the 

term "scale" often leads to confusion depending on discipline and context. 

For example, the scale of a paper map is a length ratio or representative 

fraction (e.g. a 1 :5000 map scale means 1 cm on the map is approximately 

equal to 5000 cm on the represented landscape. In this context a cartographer 

will generally interpret "small-scale" (e.g. 1 :250 OOO) as meaning lower 

resolution, larger extent and "large-scale" (e.g. 1: 5000) as higher resolution, 

smaller extent, whereas scale to an ecologist may relate to the spatial 

resolution of the data (e.g., 30 m pixel size or to the size of the entity or even 

process under investigation "e.g., small-scale processes such as single leaf gas 

exchange") or to the spatial extent or scope of the study (e.g., "a large-scale 

study covering 1 OOO .km2 
"). 

The digital representation of mapped information in a GIS has added to the 

confusion over the definition of scale in a scientific context. Spatial 

resolution and spatial extent in a raster GIS are essentially independent 

quantities. This means that the same spatial data can be represented at 

multiple resolutions (e.g., 50 x 50 m, 100 x 100 m, 500 x 500 m) and over 
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multiple extents up to the full data coverage and resolution. To clearly define 

"scale" in raster GIS applications we therefore need to explicitly state the 

spatial resolution as well as the spatial extent. Goodchild, (2001 ) has 

suggested using a dimensionless extent (length) I resolution ratio to overcome 

some of the confusion in the application of the term scale, at least in a GIS 

context. He defines the spatial extent (L) as the total amount of information 

relevant to a project where information content rises with the square of a 

length measure. Width can be used for square project areas whereas for 

irregular or rectangular shaped study areas the square root of the area may be 

used. The shortest distance over which change is recorded is often referred to 

as the spatial resolution (S) with units oflength. Goodchild, (2001 ) argues 

that many dimensionless ratios (for example, the Reynolds number in 

hydrodynamics) play a fundamental role in science. He speculates that in 

geographical information science the LIS ratio might not only provide a 

convenient measure of the information content (data volume) in geographic 

data but also a means to characterise the scale properties of these data. 

When we represent spatial patterns as regular grids, variation within 

individual grid cells is lost. This means that in any analysis or modelling 

exercise, landscape, environmental or biophysical patterns with frequencies of 

less than twice the grid resolution will be excluded giving relationships 

established at each scale or resolution a unique and limited spatial variance 

structure. We may therefore need to establish different relationships at 

different scales. At particular spatial scales the resolution of grids (cell size) 

or images (pixel size) forms a filter through which we view spatial processes 

and relationships (Gallant and Hutchinson, 1997). It is important that an 
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understanding of this scale or resolution dependence be developed. For 

example, how do the effects of scale dependence change with changes in 

landscape and environmental structure? Chapter 3 shows that climatic and 

soil variables have quite different responses to change in grid resolution and 

this has implications for the appropriate application of PBMs. How do we 

identify the appropriate resolution for each site or environmental input at a 

given extent to carry out our investigations? Chapter 3 suggests that for 

accurate productivity modelling in the N.E. region of Tasmania the required 

input resolution is 50 m (or less) however we also need information about the 

"scales of interaction" of environmental processes to be able to select 

appropriate application scales for PBMs. 

In an examination of the scale dependence of topographic shape attributes, 

Gallant and Hutchinson (1997), using a 20 m resolution OEM have shown 

that profiled landscape features are differently shaped when represented at 

different scales, and that the scale dependence oflandscape shape did not 

appear to be consistent across scales within their study area. This result raises 

questions about resolution and landscape scale dependence. For example, is 

the pattern of scale dependence unique to particular landscape configurations, 

some function of resolution or an interaction of landscape heterogeneity and 

resolution? 

Chapter 3 demonstrates that in terms of process there is a dichotomy of 

predominantly spatial and predominantly temporal variables, each with its 

own variation or scale structure. For example, average climatic factors in 

Chapter 3 (see Chapter 3, Figure 2) show relatively smooth, directional (N-S) 

spatial variation at the meso-scale but are almost scale invariant at finer 
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resolutions over much of the study area, whereas spatial variation in soil 

properties have no apparent directional trend and tend to vary systematically 

across scales. One way to quantify this spatial and temporal variation is via 

geostatistical analysis (Burrough and McDonnell,1998; Hoosbeek, 1998) or 

uncertainty analysis (Heuvelink, 1998). In geostatistics, generally the sill of 

the variogram of a spatial attribute decreases with increasing input data 

aggregation. What this means is that spatial variability often decreases with 

increasing levels of aggregation. This agrees with the results in section 3.3.2 

and as shown in Figure 3.6 where the decreased spatial variability in model 

inputs leads to a systematic decline in the quality of model outputs. 

Since all models are only approximations of reality and in practice model 

inputs are rarely, if ever, perfectly defined model outputs must also deviate 

from reality. Errors in both the model and its inputs will propagate to model 

outputs. Quantifying the magnitude of these errors or uncertainties is clearly 

important if we are to trust model predictions. Validation is the most obvious 

way of determining model error (for PROM OD and CABALA validation see 

Battaglia and Sands, 1998b and Battaglia et al., (2004). Huevelink, (1998) 

suggests using uncertainty analysis (utilising Monte Carlo techniques) on both 

model parameters and on random realisations of spatial inputs to characterise 

the probability distributions for model outputs particularly under change of 

scale scenarios. This analysis allows the contribution of different inputs 

(and/or parameters) to the uncertainty in the outputs to be quantified. 

However this technique is computationally demanding and may require 

thousands or tens of thousands of simulations to obtain meaningful results. 
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In Chapter 3 we found that while soil properties may change relatively 

quickly(> 100% over lengths of 150 m), average rainfall or temperature 

could be considered spatially invariant at that scale over most of the region, 

apart from more mountainous areas. Mackey, ( 1996) has suggested that 

various biophysical processes dominate environmental regimes at particular 

scales. For example, at the meso-scale, prevailing weather systems and 

elevation driven lapse rates control long-term mean climatic conditions and 

geological substrate influences soil chemistry. Whereas at topo-scales, surface 

morphology, slope and aspect control catchment hydrology and insolation. 

The interaction of vegetation, soils and landscape processes also create 

dynamic spatial effects at relatively fine (micro) scales (Florinsky and 

Arlashina 1998). For example, rainfall inputs (at the meso-scale) might 

control the initial spatial distribution and total amount of water a landscape 

receives but fine scale topographic processes and soils interact in a complex 

way to control the redistribution of water and the ultimate availability to 

vegetation at micro scales and over extended time periods. What is lacking at 

the moment are dynamic versions of terrain analysis tools capable of 

accounting for these interactions as well as a resolution independent means of 

describing the scale dependence of environmental and bio-geo-topo-

hydrological relationships. 

One way of directly measuring some landscape scale vegetation properties . 
that may be useful as PBM inputs is via remote sensing. Remote sensing 

instruments use a range of spatial resolutions, from 1 m or less (e.g. 

IKONOS) to the 1 km of A VHRR. Landsat TM and MSS (multispectral) 

data are available at 25 m (nominal) resolution. Other platforms such as ERS 
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and AQUA are capable of providing hyperspectral data at lower resolutions 

(~ 250 m). A major drawback with all space-based remote sensing platforms 

is that variation in atmospheric properties such as water content and 

atmospheric aerosols make calibration of sensor output difficult. In temperate 

areas cloud-free days are relatively rare and cloud-free periods may not 

coincide with satellite availability. Canopy geometry, forest structure, 

understorey, soil type, terrain configuration, sensor viewing angle, solar beam 

geometry and even surface wind speed may all affect canopy reflectance 

(Guyot et. al., 1989). Even small amounts of cloud cover can make 

processing and using these data for productivity modelling and spatial 

prediction difficult. Notwithstanding these difficulties numerous studies 

have attempted to correlate the spectral poperties of plant canopies to a range 

of biophysical and chemical properties, such as LAI, soil water content, and 

leaf nitrogen A number of spectral indices have been developed to aid this 

work. The Normalised Difference Vegetation Index (NDVI) is a commonly 

applied index (e.g., Fensholt et al., 2004; Paruelo et al., 2004). Studies have 

shown that there is a near linear relationship between the fraction of PAR 

absorbed and the NDVI (Equation 8.1) (Coops et al., 1997). 

The fraction of PAR absorbed= 1.27 x NDVI- 0.03 (8.1) 

Wiegand et al., (1979) demonstrated robust relationships between the LAI of 

agricultural crops such as winter wheat (Triticum aestivum L.) and 

LANDSA T multispectral data. He suggested their future use in 

physiologically based process models particularly for broader scale 

applications of crop productivity modelling. A number of more recent studies 
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have successfully used estimates of LAI derived from the NDVI index to 

parameterise PBMs such as 3PGS. (Coops and Waring, 2001). 

To optimise PBM prediction quality we need to carefully manage the trade

offbetween the spatial information content and the quality of model inputs. 

This trade-off appears less critical for climate data in our Chapter 3 study (see 

Figure 3.2) because of the relatively smooth spatial trends in these data 

compared to the higher spatial heterogeneity of soils data, although this result 

may not necessarily transfer to other areas. Environmental heterogeneity, 

landscape complexity and spatial variability in soils will obviously dictate 

how we manage this trade-off in future applications of PB Ms. 

8.2.3 Representation of environment 

How we represent the environment is integral to any PBM because many 

model processes depend on a realistic, fine-scale simulation of the mechanics 

of biophysical and environmental interactions. If the environment is 

represented in a simplified form or inputs are spatially or temporally 

smoothed then it is likely the PBM's ability to effectively simulate real 

processes will be degraded and this will increase uncertainty in model 

outputs. The way we represent the environment also depends on the scale of 

the application and whether model outputs behave predictably (i.e. spatial 

means and variances remain relatively constant) under changes of scale as 

demonstrated in 3.3.2 According to Heuvelink (1998) uncertainty analysis is 

one way to generate the information required to modify models so that output 

uncertainty is minimised for each different application scale. 

The observations from which PBMs are developed have both spatial and 

temporal variances, daily weather sequences exhibit particular complexity and 

variability tending to chaotic across larger spatial and temporal scales (e.g. the 
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"Butterfly-effect"). Some observations such as geo-referenced soil data have 

primarily spatial variability while daily weather data have primarily temporal 

variability. For the proper interpretation of model outputs it is important to 

understand this spatial and temporal variability both from the perspective of 

internal model representations as well as in model applications. While 

uncertainty analysis may help to define the likely error distributions of input 

data sets and thereby allow model modifications based on sensitivity to 

inputs, a much greater challenge is to routinely store assessments of 

measurement error and precision in geo-databases allowing a priori 

assessments of data quality and explicit propagation of input errors through 

model processes. 

Inevitably there is a trade-off between making models tractable by 

introducing simplifying assumptions and simulation accuracy. To be useful 

in a spatial context, PBMs require spatially distributed inputs. These inputs 

often need to be estimated or interpolated from existing spatial data sources, 

many of which have no corresponding error or accuracy information. For 

example, daily weather data, collected from a sparse array of weather stations 

might be statistically summarised to monthly or annual averages and then 

interpolated to areas where no weather recordings have been made (e.g. 

ANUCLIM™., McMahon et al., 1997). We have used this approach in 

Chapters 3-5 with the PROMOD model. However, this ignores much of the 

spatial and temporal variation in daily weather data and as we have shown in 

Chapter 7 this may have serious implications for the interpretation of PBM 

outputs derived using average rainfall statistics. Similarly, the way that 

sparsely distributed soils data (in point or polygon form) are spatially 
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interpolated requires careful consideration so that estimates at unknown 

locations include some form of accuracy assessment (Heuvelink and 

Pebesma, 1999). 

Spatial interpolation procedures can be divided into two basic groups, local 

and global (see reviews by Webster (1977), Ripley (1981 ), Burrough (1986) 

and Burrough and McDonnell (1998). Trend surface analysis (a form of 

regression) is an example of global interpolation. Polynomials or 

trigonometric functions are fitted by least squares regression on the spatial 

coordinates as predictor. The main advantage of global methods is they have 

reasonable continuity properties and they provide a true estimation of 

variance. However global methods such as trend surface analysis have 

several disadvantages; (i) they lose detail because of powerful smoothing, (ii) 

they are unstable in the presence of outliers or observational errors or when 

enough terms are included in the function to retain local detail and (iii) 

variation in one part of the region affects the fit of the surface everywhere. 

Even though trend surface analysis appears to estimate error in the 

interpolated values, the regression model assumes among other things that the 

residuals from the fitted surface are independent of one another. In practice 

this assumption is almost always violated (Webster and Oliver, 1989). While 

other global methods such as kriging (essentially a method of estimation by 

local weighted averaging) do not suffer from some of the above 

disadvantages they may become impracticable for very large data sets. 

Computational cost is proportional to n3 where n is the number of data points 

(Hutchinson, 1989). 
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There are many local interpolation techniques such as low order polynomials, 

spline functions, Delaunay's triangulation, Theissen polygons and weighted 

moving averages. Each of these methods has its own disadvantages. The 

major weaknesses of all traditional local interpolators are; (i) spatial 

dependence in the data is assumed implicitly and there is no provision to 

determine whether the assumption holds, (ii) no account is taken of the form 

of the spatial variation and (iii) none of the methods provides any estimate of 

the errors of estimation (Webster and Oliver, 1989). The chief advantage of 

local methods is their simplicity and computational efficiency. For example, 

using low order polynomials the computational cost is proportional to the 

number of data points. Hutchinson (1989) suggested an iterative finite 

difference interpolation method with a drainage enforcement algorithm that 

retains the continuity of global methods without sacrificing the efficiency of 

the local methods. This method is especially useful for creating 

depressionless DEMs from sparse, irregularly distributed elevation and 

streamline data. Thin-plate smoothing splines originally devised by Wahba 

and Wendleberger (1980), have been used by Hutchinson (1995) and others 

for fitting both climatic and topographic surfaces. 

Often the environmental input requirements of PBMs are simplified by spatial 

aggregation or disaggregation whereby point samples or mapped data are 

extrapolated onto a regular grid and resampled (up or down-scaled) to suit a 

particular application. In Chapter 3 we found that by aggregating (decreasing 

the resolution of) environmental inputs while holding the extent of the study 

area static, produced a systematic decline in PBM" accuracy. Model accuracy 

declined from r2 = 99% at 50 m soil and 100 m climate resolution to r2 = 
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44% at 1000 m soil and climate resolution compared to the 50 m soil and 50 

m climate inputs (see Table 3.1 ). The spatial structure of soil and climate 

inputs were found to be an important factor influencing the quality of PBM 

predictions. Similar outcomes have been observed by other researchers. 

Hoosbeek (1998) for example, has suggested a spatio-temporal variance 

model based on regionalised variable theory to establish relationships 

between support size, variogram lag distance, soil variability and crop yield 

when using a dynamic simulation model. This approach may prove useful in 

future applications of PBMs, particularly in the selection of appropriate plot 

sizes (support size) and in managing the scale dependency of spatial and 

temporal inputs with changes in resolution and extent. 

If temperature, rainfall, radiation, evaporation or humidity are input as 

averages this temporal scaling of the environment may affect model processes 

that may have been parameterised from differently scaled observations. 

Because each process is parameterised at a particular temporal (resolution and 

extent) and spatial (resolution and extent) scale, knowledge of the scale and 

support of both environmental inputs and parameters is important if we want 

to use a PBM model across multiple application scales. Model parameter 

values may change, underlying process mechanisms may change with 

changes in scale, or important variation in environmental inputs may be 

removed by smoothing (Chapter 7) that occurs when aggregating spatial or 

temporal inputs. In addition environmental artefacts may be introduced when 

disaggregating inputs according to the vagaries of the interpolation technique 

used. 
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8.2.4 Emergence and Uncertainty 

A system can have emergent qualities that are not analytically tractable from 

the attributes of internal system components. These emergent qualities are a 

function of the synergistic tendencies of the system whereby system 

responses are the result of non-additive effects (i.e., component interactions 

control outcomes rather than the sum of component actions). Emergent 

phenomena are difficult to predict beyond the short term as components of the 

system adjust to intervention or disturbance in addition to other changes in the 

environment. A single small-scale change can have far-reaching, large-scale 

effects due to the lack of understanding of emergence from complexity 

(Addiscott, 1998). 

Groffinan and Tiedje, (1989) found predictive relationships between 

denitrification and environmental factors were easier to establish at the 

landscape scale than that of the field. Lischeid et. al., (1998) found that time 

series of catchment outputs were highly predictable, whereas hydrological 

patterns inside the catchment were complex and difficult to explain. These 

findings suggest that process order may "emerge" from complex systems at 

particular scales (Addiscott, 1998). However the phenomenon of emergence 

may not be consistent in different landscapes or even between individual 

catchments within landscapes (Gallant and Hutchinson, 1997). 

Emergence may however present opportunities for relatively simple 

modelling at the catchment or topographic scale(~ 1 : 25,000). Modelling at 

the topographic scale has a number of obvious attractions, particularly if the 

forest growth, pedogenetic and hydrologic processes of interest are also 

emergent at these scales. Environmental variables such as rainfall and 

temperature are more readily and reliably measured at topographic scales than 
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at the tree or leaf scales. Parameterisations may also be less demanding at 

larger scales. As processes integrate at larger scales fewer parameters may be 

required with less process complexity and possible redundancy providing the 

opportunity for more parsimonious modelling. However providing reasonable 

support for model parameters becomes more difficult over larger extents and 

this approach is only going to be useful in so far as the processes of interest 

operate at topographic or catchment scales. 

At its most fundamental level uncertainty is a quantum phenomenon where 

greater measurement precision does not necessarily lead to an increase in 

information about a particular system. At coarser resolutions than the 

molecular, the effect called decoherence causes large quantum systems to lose 

their indeterminacy and behave in what we perceive as a predictable 

(Newtonian/Laplacian) manner (Hoosbeek 1998). 

This leads to questions about the nature of uncertainty and its relationship 

with scale and why landscape scale processes might be easier to predict than 

component processes at finer scales where more detail may be required, as 

discussed earlier. For example, at the landscape scale the dominant 

hydrological processes may be controlled by weather variables that correlate 

well with responses such as catchment discharge. Whereas at finer scales 

water movement and gas exchange processes within plants and soils are more 

difficult to measure precisely and therefore these measurements have greater 

uncertainty. In Chapter 5 we attempted a broad-scale spatial application of 

PROMOD using inputs derived from a range of terrain, rules based and 

interpolated environmental inputs. While this study appeared to give 

reasonable outputs, we were unable to test these results for every output cell 
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over such a large extent. We therefore decided to conduct an environmental 

sensitivity analysis to provide a measure of the uncertainty on our spatial 

predictions. 

The support for inputs varied across scales i.e. geological input was derived 

from mapped 1 :500 OOO scale geology. A range of inputs were derived from 

1: 100 OOO scale OEM data including climate and waterlogging index. Over 

these scales and with largely unknown support and the complexity of the 

modelling system it is perhaps surprising that our outputs correlate well 

(generally) with observed productivity. Is this because climatically driven 

processes dominate at this scale? Given the uncertainties in the calculation of 

the nutrient surface and cumulative variation due to using different supports 

for different input surfaces we might expect that the patterns of simulated 

growth for E.globulus might not correspond very well to the expected. At 

the coarse scales used in this study it seems obvious that climate, particularly 

rainfall and temperature dominate (the tree growth response) and that other 

factors while important have lesser influence. However at less coarse scales 

as demonstrated in Chapter 4 and Chapter 5 soil properties tend to dominate 

spatial patterns of tree growth response. 

According to McBratney and Odeh, (1997), uncertainty, imprecision, and 

ambiguity are inevitable consequences of attempts to model complex natural 

systems. The databases that are required to run spatial models rarely contain 

estimates of uncertainty or precision. Classical statistical design and analysis 

attempt to minimise the effects of uncertainty on experimental outcomes 

however not all uncertainty is a result of randomness. Imprecision and 

ambiguity may simply arise from complexity. Deterministic analyses are 
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undoubtedly very useful for modelling purposes, however in real situations 

the variables of interest are often the product of a large number of physical 

and chemical processes, the vast majority of which have no quantitative 

description. Furthermore, a complete description of complex systems often 

requires far more detailed data than anyone could ever recognise 

simultaneously, process and understand (Zimmermann, 1985, 1987. 

8.3 Future research opportunities 

The work of this thesis and the review of major relevant themes in the 

preceding three sections of Chapter 8 suggest a number of useful areas for 

advance and potentially fruitful research topics: 

(a) Where plantation productivity predictions are required and input data are 

scarce, environmental sensitivity and terrain analyses similar to that presented 

in Chapter 5 provide a means to obtain yield predictions while also providing 

an estimate of the uncertainty of these predictions. While simple point 

interpolation of data may suffice for many large-scale applications, we are 

increasingly operating at higher resolutions over smaller extents (e.g. 

individual forest coupes) where we may require a best estimate or information 

about the distribution of possible values for individual cells (trees) to obtain 

an idea of how models react to the range of variation that is possible in each 

cell (tree). 

(b) In Chapter 6 we used kriging to obtain spatially interpolated productivity 

estimates for two plantations. These surfaces provide each cell with a local, 

optimal prediction and standard deviation, however for evaluating the 

sensitivity of models to the quality of inputs it is better to have error data 
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where each cell has a unique and equiprobable value. Using stochastic 

techniques such as Monte Carlo analysis or geostatistical techniques such as 

conditional simulation we may be able to more robustly estimate the most 

likely yield outcome for each grid cell rather than providing estimates over a 

limited number of productivity and uncertainty classes as in Chapter 5. 

Measuring every data cell for its probability distribution is clearly not 

possible for most applications. Simple Monte Carlo methods have been used 

in the past to overcome this problem (Burrough and McDonnell, 1998), for 

example, 

z(x) = Pr(Z) (8.2) 

where Z is a spatially independent, normally distributed probability density 

function. However this technique treats each cell as spatially independent, 

ignoring the spatial autocorrelation structure inherent in most spatial data. 

With the addition of a variogram we can simulate a surface with similar 

spatial characteristics (nugget, sill, range and mean) to the original surface but 

with different spatial patterns. The technique of"stochastic imaging" uses the 

variogram combined with observed data to produce a surface where 

individual cells contain the most likely outcome as function of the variogram 

parameters. By computing many realisations of each input surface it is 

possible to build up a precise map of model sensitivities to different inputs in 

a spatial context. 

Fractal analysis is another potential solution to some scale issues in 

environmental modelling. Fractals are generally complex, self-referential 

patterns that are scale invariant (Mandelbrot, 1989). If a process gives rise to 
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fractal patterns then that process may be operating in a consistent manner 

across scales and studying the process at one scale may lead to understanding 

how it works at other scales. Many natural patterns in soils, landscapes and 

forests have been shown to have fractal properties. (e.g.; Emoult et al., 2003; 

Green and Erskine, 2004). 

(c) Climate, vegetation, high resolution DEMs, geology and remotely sensed 

data along with process-based soil prediction models may be useful to more 

accurately predict difficult to measure soil factors such as soil wetness or 

depth. The increasing availability of high resolution remotely sensed 

hyperspectral data may aid this research. 

(d) Under stable synoptic conditions cold air drains and ponds in the 

landscape in an analagous manner to the way water moves in the landscape. 

We have already demonstrated the use of terrain models for predicting 

waterlogging in Chapter 4. It may be possible to adapt existing hydrological 

models for use as cold-air drainage simulators as a first step in the 

development of a model for predicting the areal patterns of frost occurrence. 

( e) The spatial development of rainfall simulation models and the 

investigation of distributional characteristics of other climate variables will 

require robust methods for extrapolating climate statistics and distributional 

parameters. Kriging, conditional simulation, and Monte Carlo methods may 

be useful for plantation productivity prediction under climate change 

scenarios. Links with trends in sea surface temperatures or the southern 
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oscillation index might be used to dynamically map climate based risk in 

plantation establishment providing expanding and contracting areas according 

to ongoing (seasonal) spatial risk assessments. 

(f) Improved drought death risk assessment will require a detailed 

physiological investigation of the combined effects oflow soil water 

potentials, high temperatures, radiation, and VPD, on individual tree death as 

well as patterns of stand drought death in relation 'to variations in soil 

properties particularly soil depth and water holding capacity. 

(g) Interactions between soil water, temperature, rainfall distribution and their 

spatial and temporal variation affects silvicultural efficiency. Modelling in 

Chapter 7 indicates that large rainfall events may remove significant amounts 

of nitrogen from the root uptake zone and this has implications for the timing 

of sivicultural operations such as fertilizer application. ~imilar interactions 

are likely if the distributional features of other important inputs such as 

maximum and minimum temperatures are not represented adequately in 

PBMs. Further research is needed to fully quantify these effects. 

(h) While the PROM OD model was found not to exhibit scale dependency in 

the study presented in Chapter 5 this may not always be th{( case. In different 

landscapes and different climatic regimes uncertainty analysis may be 

required before the model could be applied with confidence. 

(i) Perhaps the most fertile area for future applications of PBMs, terrain 

analysis and environmental modelling is at the catchment scale. Increasingly 

communities are becoming aware of issues such as the replacement of 
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fannland with tree plantations, with the problems of sharing scarce water 

resources equitably, of holistic catchment management for the prevention and 

amelioration of salt affected soils, for the prevention ofland degradation by 

erosion and of water quality and catchment yield issues associated with the 

increasing land areas being utilised for growing trees. All of the above 

require a dynamic, process-based approach that incorporates the important 

physiological and environmental parameters and data that adequately describe 

the interactions and feedback loops of a complex natural system. 
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8.4 Concluding remark 

While dynamic models are undoubtedly providing a better understanding of 

linked hydrological, geomorphological and ecological processes at the 

catchment scale and remotely sensed data are undoubtedly becoming of 

in~easing importance for regional and broader scale ecological and forest 

productivity studies there is a still a need to obtain system responses to such 

things as climate change or forest management practices at a scale and quality 

that is useful to resource managers. The further development of dynamic 

process-based growth models linked to terrain, hydrological and soil process 

models provides us with this opportunity. That is, provided we can 

effectively manage the combined effects of scale, complexity and uncertainty 

on both the models and their inputs. 
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