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 Abstract 

Severe reduction in precipitation over the last three decades has resulted in forest and 

woodland decline and mortality across the southwest of Western Australia (SWWA). 

This precipitation-reduction driven drought is shown to have come with significant 

increases in diurnal thermal variability. These bioclimatic changes are shown to 

correspond to declining forest and woodland condition and in the case of the Northern 

Jarrah Forest, the mortality of the endemic keystone species Eucalyptus marginata 

(jarrah) and Corymbia calophylla (marri). Quantifying the bioclimatic link between 

these localized events is a key to understanding the dynamic drivers of change and to 

the development of ongoing adaptive strategies to reduce the impact and severity of 

forest and woodland declines. A novel measure of crown health, named the total 

crown health index (TCHI), is proposed and validated by combining the use of 

remotely sensed airborne digital multispectral imagery (DMSI) and in-situ 

assessments of crown condition. The approach provides a means to quantify changes 

in individual tree crown condition through space and time. Landscape scale remote 

sensing and climatologies are used to develop a methodology for mapping forest 

mortality and quantifying the bioclimatic envelopes of seven eucalypt dominated 

forest and woodland zones across the SWWA. Reported decline events across 

SWWA are investigated and together, this cross-scale range of methodologies, 

constituting a framework, can be applied at a range of scales from an individual tree 

up to landscapes. The extent of forest and woodland declines are spatially aggregated 

using remotely sensed imagery at 0.5m, 10m, 250m, 500m and climatologies of 

around 5000m. A set of bioclimatic thresholds are determined for each of the seven 

forest and woodland zones across SWWA. These thresholds could have been used to 

predict the declines across SWWA up to 12 months in advance. I conclude with a set 

of recommendations suitable for land managers and policy makers that suggests how 

to apply these methods and tools for the ongoing monitoring and modelling of 

forested and woodland areas. 
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CHAPTER 1 
INTRODUCTION 

 

1.1 Forest and woodland declines in southwest, Western Australia 

 

Declines in the health and condition of forest and woodland ecosystems are 

now a global concern. The past 30 years have seen significant shifts in the climate of 

these biomes and it could fundamentally alter their structure and composition (Allen 

et al., 2010). Ecosystems that cannot relocate to suitable climatic conditions face a 

reduction of range, fragmentation, mortality and in extreme cases extinction (Hughes, 

2010). One of the most vulnerable biome types, the Mediterranean, is scattered across 

five continents including the Mediterranean Basin, the western United States 

(California) and Mexico (northwest Baja), central Chile, the cape region of South 

Africa, and south and southwestern Australia (Klausmeyer and Shaw, 2009). These 

regions represent just 2% of the earth’s surface yet support 20% of the earth’s known 

vascular plant diversity (Cowling et al., 1996). The southwest of Western Australia 

(SWWA) is part of the world’s second largest Mediterranean region (Figure 1.1) with 

approximately 25% of the global biome area. As with Mediterranean climes across 

the globe, SWWA faces a spatial contraction of native forests and woodlands in the 

order of 77% to 49% over the next century (Klausmeyer and Shaw, 2009) as the 

climate in the region becomes warmer and drier, caused by shifts in global circulation 

that result in a reduction of cold fronts that bring winter rains to the region (Bates et 

al., 2008).  
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Figure 1.1: World Wide Fund for Nature biome data featuring their classification 

of Mediterranean Forest, Woodland and Scrub (WWF, 2013) 

 
Such dramatic landscape transformations are not likely to occur rapidly; rather 

they are expected to evolve as a response to abiotic and biotic changes (Kinal et al., 

2011). The signs of changes to forest and woodland structure and condition are 

already beginning to emerge (Klausmeyer and Shaw, 2011; Allen et al., 2010). In 

eucalypts, dieback is a symptom of declining vegetation condition and manifests as a 

reduction in the abundance, distribution and greenness of foliage within the tree's 

crown, a propagation of branch defoliation (i.e. a loss of leaf cover or area), which in 

turn leads to an overall reduction of vigor (productivity) and therefore condition 

(Close et al., 2009; Edwards et al., 2009; Hooper and Sivasithamparam, 2005; Jurskis, 

2005).  

The primary decline symptom in native eucalypt trees, dieback, can ultimately 

lead to mortality despite eucalypts being well adapted to extreme climate variability 

(Harper et al., 2009; Peel et al., 2005; Pepper et al., 2008). A eucalypt in decline is 

said to be dying-back, the term ‘dieback’ is used to describe this. Eucalypts have a 

dynamic ability to recover from dieback, yet mortality remains a possibility if 

symptoms persist. Eucalypts often respond vigorously to dieback, sprouting epicormic 

shoots from surface tissues.  
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Declines of this kind are not new to the SWWA. A range of iconic eucalypt 

species of SWWA have been suffering severe dieback now for decades. A number of 

these declines have been recorded in the literature (Table 1.1). Over the last decade, 

severe drought has impacted on the climate of southern (Mitchell et al., 2012) and 

SWWA adding further pressure to vegetation stress, that is also having an impact on 

plantation forestry (Harper et al., 2009). However, the most famous ongoing decline 

event is affecting the jarrah, E. marginata, and rather than climate, this event was 

attributed to a root pathogen, Phytophthora cinnamomi. The pathogen has been 

claimed to be responsible for causing the decline and destruction of thousands of 

hectares of Jarrah forest since the early 1900's (Shea et al., 1984; Shearer and Smith, 

2000).  

Table 1.1. Forest and woodland zones across the SWWA with reported dieback 

 
Description Species under threat Reference 
Swan Coastal Plain E. gomphocephala 

(tuart) 
E. rudis (flooded gum) 

Archibald et al., 2004; 
Edwards 2004 

Northern Jarrah Forest E. marginata (jarrah) 
C. calophylla (marri) 

Chapters 4,5; 
Matusick et al., 2012, 
2013; Brouwers et al., 
2012a, 2012b 

Yalgorup (Yalgorum National 
Park) 

E. gomphocephala 
(tuart) 

Chapters 1, 2; Cai et 
al., 2011 

Southern Jarrah Forest E. marginata (jarrah) 
C. calophylla (marri) 

Shearer and Smith, 
2000 

Wandoo Area North (Wandoo 
National Park) 

E. wandoo (wandoo) 
E. marginata (jarrah) 
C. calophylla (marri) 

Hooper and 
Sivasithamparam 
(2005) 

Dryandra (Wandoo) E. wandoo (wandoo) 
 

Hooper and 
Sivasithamparam 
(2005) 
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The declines are not limited to jarrah, other iconic eucalypts including E. rudis 

(flooded gum), E. wandoo (wandoo), C. calophylla (marri) and E. gomphocephala 

(tuart) have suffered a rapid decline in health across forests and woodlands in SWWA 

(Figure 1.2). In a recent study investigating causes of wandoo declines, Hooper and 

Sivasithamparam (2005) suggested the interaction between unidentified borer insects 

and decay-causing fungi as the cause of wandoo decline yet also suggested the 

increase in drought severity over the past decade could be an inciting factor, such that 

trees under stressed condition were more susceptible to insect attack. 

 

 The decline of the marri, which is found co-occuring in several communities 

across SWWA and recognized as an important habitat and resource species, has been 

attributed to a severe canker causing fungus. Similar to the wandoo declines, the 

recent increase in susceptibility begs the question as to what environmental factors 

may be predisposing or contributing to the impact of this disease Quambalaria 

coyrecup (Paap et al., 2008). Kimber (1981) attributed the decline of marri across the 

south-west to a combination of the rapid decline in rainfall in the 1970's preceded by 

a longer term decline in rainfall since the 1920's. Since the 1970's the southwest has 

received 15-20% less than average rainfall (Petrone et al., 2010) and a 0.4°C degree 

increase in temperature (Bates et al., 2008) that are also attributed to a marked 

depletion of stream flow through the forested region surrounding Perth (Kinal and 

Stoneman, 2011; Petrone et al., 2010) where jarrah, marri, flooded gum and wandoo 

occur. 

 

At the same time, considerable effort has been made into determining the causes of 

the decline of the tuart along the Swan Coastal Plain (SCP) of Western Australia (Cai 

et al., 2011; Chapters 1, 2; Matusick et al., 2012, 2013). Tuart is a magnificent 

woodland tree dominating the coastal dune system in the south-west of Australia, 

which is approximately 400km in length and frequently only 1km wide (Boland et al., 
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2006). Unfortunately, less than one-third of the once extensive tuart woodland 

remains (Government of Western Australia, 2002) due to clearing for urbanisation, 

agriculture and industry.  

 

 

The natural range of tuart is in Perth’s most sought after costal development 

land, as such, extensive areas of these woodlands continue to be removed for housing 

development. There is also increasing concern over the health of the remaining 

fragments as a severe decline of unknown cause(s) is having a major impact upon 

them (Archibald et al., 2004; Edwards, 2004), resulting in declines of the Tuart forest 

on the Swan Coastal Plain (south of Perth refer Figure 1.2) in the late 1990s and 

2000s (Cai et al., 2011). In response to these decline events, The Tuart Health Group 

was formed and together with the Western Australian Government Department of 

Environment and Conservation set about a series of in-situ ground assessments and 

remote sensing studies.  

 

The Australian Forestry Standard requires forest managers to identify, assess 

and prioritize agents that may impact forest health and vitality (Barry et al., 2008). 

This yields data critical to our understanding of the impacts of climate variability on 

forest health across landscape and biome boundaries and is work that must be 

undertaken across a range of spatial and temporal scales. Such mandated monitoring, 

in both space and time, requires methods that are both repeatable and economically 

viable. The only tool for achieving near real time, contiguous landscape and 

continental scale monitoring is remote sensing. Used in combination with gridded and 

modeled climatologies both can provide greater insight into the temporal and spatial 

dynamics of decline events. Today, a range of data can be obtained to enable this 

work; Figure 1.3 illustrates the spatial and temporal domains of each source. 
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Figure 1.2. Southwest, Western Australia featuring the Interim Biogeographic 

regionalisation of Australia classification of the Swan Coastal Plain and Northern 

Jarrah Forest overlaid on a 10m Digital Elevation Model from the Western Australian 

Government Department of Environment and Conservation. Regions with known 

decline events are marked. 



7 
 

  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.3. Spatial and temporal domains in the remote sensing and observation of 

vegetation. Some examples sensors are listed on the x axis. 
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1.2 Applications of remote sensing and climatologies for monitoring 
forest and woodland declines 

 
Airborne and satellite remote sensing has long been considered an effective 

tool for monitoring large spatial extents (Kerr and Ostrovsky, 2003; Goodwin et al., 

2008; Wulder et al., 2008; Gillanders et al., 2008). However, until recently the limited 

spatial resolution of satellite remote sensing platforms has limited their application at 

the individual tree scale, which has remained the domain of airborne remote sensing 

(Coops et al., 2004; Verbesselt et al., 2010a). The choice of when to use aerial or 

satellite data is a function of scale, cost and time. Accordingly, to monitor and model 

vegetation condition across scale, a combination of remote sensing tools is often used, 

generally following the spatio-temporal domain spaces illustrated in Figure 1.3. 

Before such work can begin, one must have a deeper understanding of the nature of 

the problem- most often this is obtained through a deeper understanding of the 

regional ecosystem dynamics. 

 

Remote sensing is a non-invasive means of acquiring image data over large 

areas useful for monitoring vegetation. In broad terms, the science of remote sensing 

of vegetation includes aerial and satellite borne sensor observations of the earth’s 

surface. Modern vegetation sensor systems have been designed to maximize their 

sensitivity to photosynthetically active materials, targeting specific wavelengths of the 

electromagnetic spectrum known to be sensitive to both absorbed photosynthetically 

active radiation (400-700 nm) and scattered electromagnetic energy (700-1300 nm). 

Applying this knowledge, in the form of image interpretation has provided insight 

into the distribution, phenology and physiology of vegetation (Weiss et al., 2004; 

Jackson and Jenson, 2005). 

 

Vegetation indices (VI) are a numerical simplification of the reflectance 

characteristics of a pixel at different wavelengths of the electromagnetic spectrum. 
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Typically, VI exploit the numerical variance between the primary absorption bands 

for chlorophyll in green leaves (430-450 nm and 650-670 nm) and scattering caused 

by the spongy mesophyll (700-1300 nm). Much work has been done to improve VI 

through the investigation of multiplicative or additive moderators to limit unwanted 

noise (Huete, 2002).  Figure 1.4 shows this using spectroradiometric scans of a green 

healthy leaf showing the distinct `hockey-stick' curve exploited in the development of 

VI. 

The most common of all VI is the Normalized Difference Vegetation Index 

(NDVI) developed by Rouse et al. (1974) and because it is widely used, provides a 

useful demonstration of the overall concept. By normalizing the dynamic range (-1 to 

+1) of the ratio of scattered near-infrared (usually larger in magnitude) 

electromagnetic energy, reflected back to the sensor, to red. NDVI is larger (closer to 

one) for green, chlorophyll rich pixels and smaller for chlorophyll poor pixels. 
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Figure 1.4.Spectral reflectance of dry and green E. marginata leaves from the 

southwest of Australia. The red-green absorption and near infrared reflectance 

difference between the two illustrate the variance inherent in changes in chlorophyll 

content. The blue, green, red and grey stripes indicate the spectral bands of the 

SpecTerra Services Digital Multispectral Imagery product. 

 
It is because NDVI summarizes the absorption and reflection of 

electromagnetic energy interacting with green vegetation that it is considered as a 

robust indicator of photosynthetic activity, or more plainly, greenness. Huete et al. 

(2002), in a study covering a range of crops and forests, identified that NDVI was 

useful for the detection of seasonal and inter-annual changes in vegetation growth and 

activity and that the normalization, as compared to a simple ratio, reduces many forms 

of multiplicative noise effects (sun illumination, cloud shadows, atmospheric 

attenuation and topographic valuations). Huete et al. (2002) showed that NDVI is 

non-linear and can be influenced by additive effects such as atmospheric path 

radiance and that it is sensitive to canopy background variations.  
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It is important to note that every sensor has its own electronic, physical and 

spectral characteristics and whilst it is possible to calculate an NDVI from any RED 

and NIR band, it is not necessarily comparable to that of another sensor. For example, 

when Huete et al. (2002) investigated MODIS NDVI they found that, whilst it was 

sensitive to chlorophyll, it was less responsive to biophysical changes (e.g. leaf area), 

thus implying a need to account for canopy background effects such as soil and 

understory. Huete et al. (2002) proposed a new index, the Enhanced Vegetation Index 

(EVI), derived from MODIS bands to improve greenness estimations under variable 

canopy structural variations, particularly dense vegetation conditions. This 

demonstrates the need to test the specific sensitivities of sensors. 

 

Most passive remote sensing systems in operation today capture a number of 

bands (i.e. multispectral) in the visible wavelengths (400-700 nm), the near-infrared 

(700-1300 nm) and shortwave infrared (1300-2500 nm). A list of some of the sensors 

known to be used in the southwest of Western Australia can be found in Table 1.2. 
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All of the sensors listed in Table 1.2 collect digital data, as opposed to analog 

data (for example hard-copy photography). Digital data are in an array (raster) of 

brightness values (digital numbers) obtained using either a scanner or frame camera. 

Differences in the bands between each system (or even within systems missions e.g. 

Landsat) are common and exist for a variety of reasons including, first principles (i.e. 

the science of spectroscopy), legacy and technical constraints. For example, the SPOT 

HRVIR mission does not have a blue band (350-400 nm) resulting in the inability to 

make a true colour composite using the raw bands, a common feature of most remote 

sensing platforms. Nonetheless, it remains possible to use these sensors and available 

spectral bands to monitor and map changes in vegetation condition across a range of 

spatial and temporal scales. 

 

Vegetation condition is continually changing; it is dynamic in both space and 

time exhibiting both slow and subtle growth and successional changes, but also 

through abrupt and sudden natural (climate, fire, drought, earthquakes, floods) and 

externally driven disturbances such as land use change and pollution (Oliver and 

Larson, 1990). Land cover change is known to impact both floristic and faunal 

biodiversity (Hansen and Dale, 2001) and regional climate (Lyons, 2002; Kala et al., 

2011). 

 

The term vegetation condition is becoming more widely used in land 

management policy for describing aspects of aesthetics, production and the 

biodiversity of ecosystems (Keith and Gorrod, 2006; Stone and Haywood, 2006). 

Vegetation condition is a reference to the relative naturalness and biodiversity of an 

ecosystem in context of its biophysical structures i.e. trees, shrubs and grasses (Parkes 

et al., 2003; Stone and Haywood, 2006). Moderate resolution satellite remote sensing 

systems, such as MODIS, which cannot resolve individual tree crowns, must rely on 

‘mixed pixels’.  MODIS pixels combine information from the overstory (i.e. trees), 

understory (i.e. grasses and snow) and soils. As such, lower resolution satellite 
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systems are a useful `first pass' filter (Barry et al., 2008), indicating areas of potential 

change in vegetation condition (Fraser et al., 2005; de Beurs et al., 2005; Eklundh et 

al., 2009; Verbesselt et al., 2010a) that can be used to deploy higher resolution (and 

cost) airborne systems (Wulder et al., 2008). 

 

Furthermore, seasonal and inter-annual fluxes of greenness (i.e. ecosystem 

phenological cycles) add noise and complexity to the process of extracting true 

changes in condition. In the southwest of Western Australia these cycles are 

somewhat simplified by the growth cycle following the winter rains and senescence 

following the onset of the dry summer heat (i.e. the Mediterranean climate). This is 

particularly useful for monitoring the overstory given winter grasses burn off quickly 

following the growth season, thereby allowing for the use of late summer as a good 

indicator of overstory growth or decline (Caccetta et al., 2002). Exploiting this 

phenomena, the Landsat TM based LandMonitor programme (Caccetta et al., 2002) 

has successfully demonstrated the use of a single annual image for monitoring 

overstory vegetation (i.e. eucalypts) in southwest Western Australia. However, the 

spatial resolution of LandsatTM (30 m) is insufficient to monitor individual trees. 

 

High resolution remote sensing with pixels in the order of 1m or less enables 

the exploitation of another useful biophysical trait of eucalypts, crown dieback. It 

follows that using remote sensing systems with pixels less than 1m enables the 

identification of the dieback of individual branches. However, the logistics (cost and 

quantity of data) associated with collecting high resolution data across the southwest 

of Western Australia prohibits its capture at a higher frequency than LandMonitor. 

 

High temporal frequency monitoring remains the domain of the moderate and 

low resolution remote sensing systems such as MODIS and SPOT VEGETATION 

(1km scale). MODIS is the most commonly used satellite system for seasonal, 

phenological and inter-annual studies. In Australia, MODIS data have been applied to 
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mapping fractional cover, specifically the fractions photosynthetic vegetation (fpv), 

non-photosynthetic vegetation (fnpv) and bare soil (fbs) at 500m resolution. This 

national dataset has been developed by Guerschman et al. (2009) for national 

monitoring of ground cover (Stewart et al., 2011) and is currently the only estimate of 

fractional cover validated for the Australian continent.  

 

 

1.3 Knowledge gaps  

Whilst in-situ crown assessments have already been applied to eucalypt 

species (Stone and Haywood, 2006), including E. gomphocephala (tuart) (Horton et 

al., 2011), no previous study has attempted to link measures of in-situ condition of 

individual E. gomphocephala species to high resolution digital multispectral imagery 

(DMSI). Addressing this gap, Chapter 2 proposes a novel total crown health index 

(TCHI) based on in-situ tree crown assessments and validates its use with DMSI. This 

provides a clear link between vegetation greenness and crown condition. In doing so, 

it establishes the link between remotely sensed vegetation condition and the actual 

health condition of individual trees.  Tuart was selected for the development of the 

TCHI because declines were observed in the late 1990’s and again in the early 2000’s 

(Horton et al., 2011) and a suitable time series of DMSI was available with a 

corresponding set of in-situ crown assessments.  

 

Recently, a range of in-situ techniques has been developed to understand the 

declines of the tuart forest including the functional diversity of soil bacterial 

communities (Cai et al., 2010) and a range of fire and climate drivers (Archibald, 

2004, 2006), yet none of these previous studies on tuart have used remote sensing or 

DMSI. More specifically, none have used a combination of textural, spectral and 

geometric variance derived from DMSI together with a machine learning algorithm to 

model the changes they observe through space and time. Addressing this gap, Chapter 
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3 extends the analysis of DMSI to include textural variance and spectral variances 

calculated from all bands of the DMSI imagery, together with geometric statistics of 

the Yalgorup tuart dataset. Chapter 3 is an enhancement of the work presented in 

Chapter 2 because it uses a more complex statistical methodology to yield a similar 

yet incrementally improved result. Both chapters demonstrate applications of remote 

sensing to monitoring forest condition and declines at the individual tree level.  

 

Two studies have investigated the severe decline events which lead to the 

patches of mortality across the NJF following the summer of 2010-2011 (Brouwers et 

al., 2012a; Matusick et al., 2013). Yet, neither of these studies used satellite remote 

sensing to investigate the spatial distribution or temporal genesis of the event prior to 

its occurrence. Whilst Brouwers et al. (2012a) and Matusick et al. (2013) did 

investigate aspects of meteorological conditions surrounding the events, neither 

investigated the long-term (30 year) bioclimatic envelope of the forest, and neither 

attempted to relate this to satellite observations of changes in land cover.  Providing 

assistance to address this gap, Planet Action granted resources to investigate the 

potential to model and map the event across the forest using SPOT 5 imagery and 

ENVI EX software. Chapter 4 proposes and validates a novel feature extraction 

model, utilizing both of these, that was developed using a subset of sites presented by 

Matusick et al. (2013) and validated with additional in-situ assessment of the event 

(Batini, personal comms.). In addition to mapping the event, which became a first step 

in the chapter, a novel approach to combining the use of both MODIS fractional cover 

(Guerschman et al., 2009) and Australian Water Availability Project (AWAP, 

Raupach et al., 2009) data is presented and used to quantify the decadal changes in 

cover (i.e. as a surrogate for condition) across the forest.  

 

Whilst the remote sensing and climatology datasets used in Chapters 4 and 5 

were designed with monitoring applications in mind, neither Guerschman et al. (2009) 

and Raupach et al. (2009) have used their data for investigations of forest declines in 
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SWWA. Similarly, Geoscience Australia’s Dynamic Land Cover Dataset (Lymburner 

et al, 2010) has not been combined with Interim Biogeographic Regionialisation of 

Australia (IBRA) in the way presented in Chapter 5 for the mapping of persistent 

forest cover zones for the investigation of forest declines. Additionally, studies 

focused on changes in hydrology (e.g. Kinal and Stoneman, 2011) of the NJF ignore 

changes in forest cover and quantification of forest declines over the same period. It 

follows that analysis of bioclimatic envelopes preceding forest mortality events in the 

southwest of Western Australia is not reported in the literature.  

 

Whilst a number of studies have looked at the climate over the last three 

decades (Chapter 4, Brouwers et al, 2012a) and its role icn the declines, none have 

focused specifically on the use of low resolution data over the last decade using the 

most recently available datasets. In addressing this gap, the most recently released 

versions (Guerschman et al., 2009)  of the AWAP  (Raupach et al., 2009) data (i.e. 

run 26h) and temporally and spatially aggregated MODIS time series satellite data 

(2000-2012) are used. In using these new data, Chapter 5 both consolidates and 

extends the quantification of bioclimatic thresholds identified in Chapter 4 and finds 

similar effects across SWWA- particularly those following the summer of 2010-2011. 

The methodologies developed in Chapter 4 and enhanced in Chapter 5 address a 

significant gap in previous works on the declines of SWWA (Cai et al., 2010, 

Brouwers et al., 2012a, 2012b; Matusick et al., 2012, 2013). None one of these 

previous studies investigated the variability of the mean diurnal range of temperature 

and apparent lack of usable water (i.e. not just rainfall, but also sub-surface water 

supplies i.e. soil moisture). This gap is addressed in both Chapters 4 and 5 through the 

use of an aridity index based on actual and potential evapotranspiration (Prentice et 

al., 1994) which is calculated from the AWAP dataset (Raupach et al, 2009).  
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1.4 Specific aims of the thesis 

This thesis applies and validates state-of-the-art remote sensing and 

climatology data and methodologies for quantifying vegetation condition and change 

through space and time. The four major experimental chapters focused on known 

eucalypt decline and mortality events. Each is interdisciplinary and novel yet 

designed to combine in scale from an individual tree through to the patch and forest 

scale and finally to the landscape/ regional scale (SWWA). The specific aims of this 

thesis were to; 

 

1. Develop and apply a method for combining in-situ assessment of 

individual crown condition with high resolution multi-spectral 

imagery. 

2. Enhance and extend this methodology to use complex textural, 

spectral and geometric variance to improve the relationship 

established empirically in (1). 

3. Develop a methodology to map and quantify the drivers behind the 

most significant decline event in recent history, the mortality event 

across the NJF following the extreme summer of 2010-2011. This 

includes scale progression from the individual tree scale from 

objectives (1) and (2) to develop and apply a patch-to-landscape 

scale range of assessment such that this method is relevant to the 

spatial extent of a forest. Additionally, combine both remote 

sensing and climatologies to quantify the bioclimatic drivers 

preceding the event and test the significance of spatial resolution on 

the results. 

4. Extend (3) to investigate all of the recorded declines across SWWA 

in the last decade at low resolution (5000m). Further develop the 

methods used in (3) and determine if the observations and 

conclusions made over NJF are applicable to all of the SWWA. In 
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doing so, determine a set of comparable bioclimatic thresholds for 

areas of known decline and therefore provide means for predictions 

of forest declines that could be incorporated into regional 

management and climate change adaptation strategies. 
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CHAPTER 2 
DIEBACK CLASSIFICATION MODELLING 

USING HIGH-RESOLUTION DIGITAL 
MULTISPECTRAL IMAGERY AND IN-SITU 

ASSESSMENTS OF CROWN CONDITION 

 

2.1 Overview of author contributions  

 
This Chapter addresses the first aim of developing and applying a novel 

method for combining in-situ assessment of individual tree crown condition with high 

resolution digital multi-spectral imagery (DMSI). This Chapter was published as 

Evans, B. J., Lyons, T. J., Barber, P. A., Stone, C., and Hardy, G. (2012). “Dieback 

Classification Modelling using High Resolution Digital Multi Spectral Imagery and 

in-situ Assessments of Crown Condition.” Remote Sens. Lett., 3: 541-550. 

Four expert made measures of individual E. gomphocephala (tuart) crown 

condition are combined to become a Total Crown Health Index (TCHI). An empirical 

relationship between TCHI and vegetation indices extracted from the DMSI is then 

established in 2012. A classification scheme is applied to the results, covering a range 

of possible crown conditions from unhealthy through to healthy. The resulting model 

is then applied to a second DMSI scene acquired in 2010 and the change of crown 

condition of each tree is analyzed through time. 

 

Evans wrote all sections of this chapter, performed all of the data and image 

analysis and prepared the manuscript for publication. Barber, a forestry expert, carried 

out the assessments of the E. gomphocephala across the study area in 2008, Yalgorup 

(south of Perth). The work of Barber was funded from the Australian Research 

Council (LP0668195) with additional support from Department of Conservation and 

Environment, Alcoa of Australia, Mandurah City Council and Bemax Cable Sands. 



22 
 

Stone, Coops and Honey provided guidance on the development of the methodology 

and reviewed previous drafts of the manuscript. SpecTerra Services Pty Ltd, Perth 

provided the DMSI imagery and the work was supported by iVEC 

(http://www.ivec.org) through the use of super-computing facilities. Primary 

supervisor, Lyons provided support throughout the development and writing phases. 

Co-author Hardy contributed continuous review of the work. 

 

2.1.1 Background on SpecTerra Services Digital Multispectral Imagery and its 

calibration 

 
The digital multispectral imagery (DMSI) used in this and subsequent chapters 

was supplied by SpecTerra Services Pty Limited, Perth, Western Australia 

(SpecTerra) under agreement with the Centre of Excellence for Climate Change, 

Woodland and Forest Health. The data was supplied as SpecTerra proprietary pre-

processed, mosaicked, spectro-radiometrically, and bidirectional distribution function 

(BRDF) calibrated scenes to Evans for use in this thesis and subsequent publications. 

The SpecTerra sensor used is called the High Resolution Airborne Multispectral 

Sensor System (HiRAMS). 

 

SpecTerra define their HiRAMS sensor as a four-camera system fitted with 

interchangeable narrow-band spectral filters. The full width half maximum centroids 

(FWHM) of these bands are 450nm (blue), 550nm (green), 670nm (red) and 780nm 

(near infra-red). The bandwidth of each band is 20nm.  Each camera captures 

continuous digital images as the aircraft traverses the flight line. Using data from the 

aircrafts GPS, synchronized with the camera, these frames are geospatially overlaid 

each other by SpecTerra’s image processing team and mosaicked into a contiguous 

scenes. Once mosaicked, the image is corrected for bi-directional differences (i.e. 

BRDF correction for each pixel used in the final mosaic) and the scene is brightness 

balanced. SpecTerra do not provide further information on their methodology and 
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have not published their source code in the public domain and require only the solar 

angle (provided in this thesis and publications) to solve their proprietary BRDF 

equations.  

 

Multiple years of DMSI data are used in this thesis. To ensure that change 

between scenes was ‘real’, and not an artifact of spectro-radiometric variance, the 

Furby and Campbell (2001) method was adapted from its originally designed purpose 

(i.e. Landsat ‘like to like’ or ‘scene to scene’ calibration) and applied to the DMSI, 

hereafter called a “variant of the Furby and Campbell (2001) method”. This was 

possible because the SpecTerra HiRAMS bands are very similar to Landsat. The 

Furby and Campbell (2001) method requires the operator to select a number of 

‘invariant’ targets common to each scene and the selection of a ‘baseline’ scene, the 

scene against which each is calibrated. Selection of these targets and the baseline 

scene can be manual, as the case in this thesis. The dark and light targets were 

identified across all of the scenes and 2008 was chosen as the baseline. A number of 

pixels were selected for this purpose and averaged to produce a mean value for each 

invariant target. The invariant target data was extracted from each band and scene and 

the values were recorded.   

 

The invariant target data from each band was plotted independently and a 

linear regression (i.e. y=mx+b) was performed to derive a set of coefficients (i.e. m 

and b) which are then used to scale the radiances of each of the bands. The digital 

images (i.e. scenes) were reconstructed by the scaling each of the bands. Evaluation 

was conducted through the generation and comparison of priori and posterior 

histograms of each band and scene. Accordingly, the calibration was deemed 

satisfactory. The calibrated sets of bands and scenes were saved and subsequently 

used in the publications and this thesis.  
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2.2 Abstract 

Quantifying dieback in forests is useful for land managers and decision 

makers seeking to explain spatial disturbances and understand the cyclic nature of 

forest health. Crown condition is assessed as reference to dieback in terms of the 

density, transparency, extent and in-crown distribution of foliage. At 20 sites in the 

Yalgorup National Park, Western Australia, a total of 80 E. gomphocephala crowns 

were assessed both in-situ (2008) and using two acquisitions (2008 and 2010) of 

airborne imagery. Each tree was assessed using four crown-condition indices: Crown 

Density, Foliage Transparency, the Crown Dieback Ratio and Epicormic Index 

combined into a single index called the Total Crown Health Index (TCHI). The 

airborne imagery is like value calibrated then classified and modeled using in-situ 

canopy condition assessments resulting in a quantification of crowncondition change 

over time. Comparison of Normalized Difference Vegetation Index (NDVI), Soil-

Adjusted Vegetation Index (SAVI) and a novel Red-Edge Extrema Index (REEI) 

suggests that the latter is more suited to classification applications of this type.  

 

 

2.3 Introduction 

 
Eucalyptus have an elastic ability to decline and recover relative to a number 

of biotic factors including pests and pathogens, drought and heat stress and variable 

rainfall. In southwest Western Australia, eucalyptus decline has increased over recent 

decades (Close et al., 2009, Horton et al., 2011) at the same time that the region has 

experienced prolonged drought and a reduction in rainfall. 

 

E. gomphocephala (tuart) once dominated swathes of the coastal dune systems 

near Perth, Western Australia (Boland et al., 2006). Since the early 1990s, there has 

been concern for the spread of decline of tuart throughout parts of this region 
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(Edwards, 2002; Close et al., 2009; Archibald et al., 2010; Horton et al., 2011). This 

community concern has promoted research into innovative ways to monitor large 

areas in decline in order to aid the restoration of equilibrium, a task inevitably 

implemented by the regional land managers, research groups, private land holders and 

volunteers. 

 

The visible symptom of decline is defoliation that often manifests in upper 

branches and evolves into a reduction in the overall density and distribution of foliage 

throughout a crown. Eucalyptus often respond vigorously to dieback, sprouting 

epicormic shoots from surface tissues. Despite this dynamic ability to recover, 

mortality can occur suddenly or as a result of persistent decline. With high-resolution 

(0.5 m) digital multispectral imagery (DMSI), it is possible to observe the extent of 

dieback in large eucalypts like the tuart because crown diameters often exceed several 

pixels in diameter. Such insights can be useful to land managers seeking to 

understand the spatial extent of declines.  

 

High spatial resolution radiance data in the red and near infrared regions have 

been widely used for studying variability in photosynthetic activity. The region 

between 690 and 740 nm, known as the ‘red edge’ (Curran et al., 1990), is useful for 

characterizing chlorophyll content (Pinar and Curran, 1996; Jago et al., 1999), density 

of chlorophyll in plant cells and crown density (Datt, 1998; Stone et al., 2001, 2003; 

Coops et al., 2002, 2003, 2004; Pietrzykowski et al., 2006; Barry et al., 2008) and 

numerous studies have exploited the location, gradient and position of this region 

(Demetriades-Shah et al., 1990; Dawson and Curran, 1998).  

 

The objectives of this study were to assess the potential of using only high 

resolution DMSI derived Vegetation Indices (VI) for classifying the condition of tuart 

crowns and then use this to predict the change-of-condition over time. DMSI crown 
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condition classifications were validated against ground-based assessments using data 

available from 2008. Accordingly, the DMSI-based classification was applied to 

multi-year (2008, 2010) time series to produce a change-over-time condition 

trajectory for individual trees. 

 

2.4 Methods 

2.4.1 In-situ crown assessments 

 
The Yalgorup region (see figure 2.1) lies between 32° 38’ 0” S and 32° 44’ 0” 

S and 115° 36’ 0” E and 115° 40’ 0” E. Between 2005 and 2007, 20 sites were 

established to cover a range of vegetation cover change trend classes from the 15-year 

(1990–2005) Land Monitor 25 m × 25 m multispectral imagery method described in 

Caccetta et al. (2000). In July 2008, four tuart crowns were randomly selected at each 

site and extents delineated using a differential GPS (dGPS) with an accuracy of less 

than 1 m. Physical attributes of each crown were recorded including (i) Crown 

Density (C), (ii) Foliage Transparency (F) adapted from USDAFS (2005) and 

Schomaker et al. (2007), (iii) Crown Dieback Ratio (D) and (iv) Epicormic Index (E) 

after Kile et al. (1981). The tree crowns were assessed for each measure on a scale of 

0–100 in 5-point increments (USDAFS, 2005; Schomaker et al., 2007). For example, 

a C score of 100 represents a completely defoliated tree crown. Similarly, an E score 

of 0 means that the tree has no flush growth (epicormic shoots sprouting from its 

branches). 

 

2.4.2 DMSI acquisition 

 
DMSI imagery was acquired and preprocessed by SpecTerra Services Pty Ltd 

(Perth, Western Australia) with an airborne sensor developed specifically to map and 

monitor vegetation status at higher spatial yet finer spectral and radiometric 
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sensitivities than the LandsatTM bands. The DMSI was acquired at 0.5 m resolution 

in June 2008 and 2010 at similar solar angles and under clear atmospheric conditions. 

 

 

Figure 2.1. Map of the study area in Western Australia (WA) showing the DMSI grid 

over the sites (irregularly numbered). 

 
The sensor acquires 12-bit unitless digital numbers simultaneously in four 20 

nm wide spectral channels in the visible and near-infrared regions of the 

electromagnetic spectrum using narrow bandpass filters centred at Blue (450 nm), 

Green (550 nm), Red (675 nm) and NIR (780 nm). Post flight processing of the data 

included precise band to band registration and spectro-radiometric correction for 

bidirectional reflectance distribution function (BRDF) variations. A ‘like-value’ 
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calibration of the 2008 and 2010 DMSI data was conducted using a variant of the 

method described in Furby and Campbell (2001). 

 

2.4.3 Vegetation indices 

 
The three vegetation indices chosen for this study (refer to figure 2.1) are (1) 

the Normalized Difference Vegetation Index (NDVI), (2) the Soil-Adjusted 

Vegetation Index (SAVI) and (3) the Red-Edge Extrema Index (REEI). Each is 

calculated with the SpecTerra bandwidths and their equations can be found in table 

2.1. SpecTerra DMSI bands are significantly narrower than the broader bands used on 

satellite systems. Spectral distortion caused by water vapour and aerosols in the 

atmosphere was not an issue because the DMSI was acquired from a low-flying 

aircraft under cloud-free and clear sky conditions. 

Table 2.1. Vegetation indices used in this study 

 

Vegetation Index 

NDVI=(NIR-RED)/(NIR+RED)  

after Rouse et al. (1974), Deering and Rouse (1975) and Huete (2002) 

REEI= NIR/RED  

after Sims and Gamon (2002), Gitelson and Merzlyak (1996) 

SAVI =(1+L)(NIR-RED)/(NIR+RED)+L   

where L is a canopy background factor accounting for 780 nm and 675 nm extinction 

through the canopy and L = 0.5 after Huete et al. (1994). 
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2.4.4 Crown-condition classification 

 
Crown-condition metrics were assessed in 5-unit increments by trained 

forestry professionals. The metrics are combined into a single continuous variable, the 

Total Crown Health Index (TCHI), which quantifies condition as a function of the 

density, distribution and gappiness of foliage in the horizontal and vertical. This 

crown-condition classification scheme is intentionally simplistic and the quintile 

classes mask inherent observational error in the in-situ assessments. TCHI is defined 

as 

 

𝑇𝐶𝐻𝐼 =   
𝐶 + 𝐹 + 𝐷 + 𝐸

4      (1) 

 
	
  
 
 
 
 

Table 2.2. Classification thresholds used to model the vegetation indices NDVI, 

REEI, SAVI and in-situ TCHI assessments to the tree condition classes (1–5). 

 

Class NDVI SAVI REEI TCHI 

5 0.308−0.409 0.467−0.620 2.222−2.572 81–100 

4 0.206−0.307 0.313−0.466 1.871−2.221 61−80 

3 0.104−0.205 0.159−0.312 1.520−1.870 41−60 

2 0.002−0.103 0.005−0.158 1.169−1.519 21−40 

1 −0.100−0.001 −0.149−0.004 0.818−1.168 1−20 
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Condition assessment scores were binned into quintiles decreasing from 

healthy (5) through to declining (1). Each TCHI quintile covers a 20-unit range, for 

example, 5 represents a crown of approximately 80–100% of its ideal (assumed to be 

a 100% foliated, healthy specimen). The model is described in table 2.2 and can be 

calculated by applying thresholds to each of the vegetation indices using their 

standard deviations (see table 2.3). 

 

 

2.4.5 Statistical analysis  

 
A least squares linear regression was conducted using the 2008 TCHI and 

mean crown VI to establish the relationship between them and assess whether the 

uncertainties in the data would best suit regression or classification. The normality 

and distribution of each mean crown VI was examined in order to quantitatively 

assess these relationships. Summary descriptive statistics of minimum, maximum, 

mean, lower control limit (LCL) mean, upper control limit (UCL) mean, variance, 

standard deviation, skewness and kurtosis were derived for each set of mean crown 

values for both years. 
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Table 2.3. Descriptive statistical summary of the vegetation indices calculated from 

the 2008 and 2010 DMSI. 

 

 2008 2010 

Statistic Name NDVI REEI SAVI NDVI REEI SAVI 

Minimum −0.079 0.854 0.117 −0.036 0.930 −0.054 

Maximum 0.394 2.301 0.589 0.450 2.635 0.673 

Mean 0.243 1.680 0.364 0.274 1.809 0.409 

LCL mean 0.223 1.613 0.331 0.250 1.723 0.373 

UCL mean 0.264 1.748 0.395 0.298 1.896 0.445 

Variance 0.009 0.092 0.020 0.012 0.150 0.026 
Standard 

deviation 
0.094 0.303 0.140 0.108 0.387 0.162 

Skewness −1.227 −0.459 −1.223 −0.914 −0.220 −0.911 

Kurtosis 2.087 0.190 2.075 0.580 −0.320 0.574 

Note: Each statistic is a mean of all pixels across all crowns. 
	
  
	
  
	
  

2.5 Results 

2.5.1 DMSI vegetation indices 

 

A mean NDVI, SAVI and REEI intensity value of all in-crown pixels was 

calculated for the 80 tuart crowns, for 2008 and 2010 (table 2.3), and the density 

function generated (refer to figure 2.3(a)–2.3(c)). REEI features the most normalized 
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distribution whilst NDVI and SAVI are closely correlated. REEI is the least skewed 

(table 2.3) and has the lowest kurtosis. The skewness and kurtosis of both NDVI and 

SAVI are similar despite significant difference in the UCL and LCL means (table 

2.3). Both NDVI and SAVI, as normalized indices have some negative values. As is 

to be expected from a simple ratio, REEI has the highest range of all three across both 

years. Analysis of the mean, median and maximum peak of NDVI and SAVI (table 

2.3) shows the classic saturation of VI near their upper limit. This feature is less 

evident in REEI, consistent with its more normalized distribution, skewness and 

kurtosis. 

 

2.5.2 Regression and classification 

 
In order to determine the goodness of fit of the continuous variable, TCHI to 

each of the VI, a least squares linear regression was conducted on the entire sample (n 

= 80). This produced coefficients of determination (R2), p values (p) and residual 

standard errors (RSEs) of R2 = 0.54 (p < 0.0001, RSE = 0.07) for NDVI, R2 = 0.54 (p 

< 0.0001, RSE=0.11) for SAVI and R2=0.53 (p<0.0001, RSE=0.24) for REEI. 

Outliers were removed (based on residual distance) and R2 = 0.72 (n = 62, p < 0.0001, 

RSE = 9.60) were derived for all three VI. Regression analysis was not pursued 

further and the data were further explored for classification. 

 

The probability density function plots (figure 2.2(a)–2.2(c)) compare the VI to 

TCHI and can be used to visually understand the statistical differences (tables 2.2 and 

2.3) in the distribution of each VI. Figure 2.2(a) NDVI and 2.2(b) SAVI feature sharp 

density peaks (saturation) in the upper limits and is a direct result of their higher 

skewness and kurtosis compared with REEI. It follows that the more normalized 

REEI (figure 2.2(c)) is more bell shaped and evenly distributed across its full range. 
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Compared directly against TCHI, NDVI and SAVI (see figure 2.3(a) and 

2.3(b)) predict the healthy classes better than REEI (see figure 2.3(c)) because of their 

saturation in this region. Generally, NDVI and SAVI performed similarly, with 

insignificant differences between their distributions. Both NDVI and SAVI predicted 

classes 1, 2 and 5 poorly (i.e. the tails of the distribution), whilst REEI did not predict 

the mid range classes (see figure 2.3(c) classes 3, 4) as accurately as NDVI and SAVI, 

the tails of REEI’s distribution were predicted more accurately and the net result is a 

more robust prediction of the range. REEI was selected as the preferred VI for 

subsequent analysis.  

 

 

Figure 2.2. Sub-plots (a) NDVI, (b) REEI and (c) SAVI are density functions derived 

from the mean in-crown DMSI VI pixel intensity values from all 80 tuart crowns. 
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Figure 2.3. Density functions indicating the difference between the TCHI derived 

from the mean in-crown pixel values of 80 tuart crowns (dashed lines) from each 

vegetation index (solid black lines): NDVI (a), SAVI (b) and REEI (c). 

 

 

2.5.3 Condition change between 2008 and 2010 

 
Figure 2.4 shows the change in modelled condition class between the two 

scenes and is calculated from the mean in-crown pixel values of 80 tuart crowns using 

only REEI. There was a net reduction in mid range healthy crowns (from class 3 to 

class 2) and stability in all other classes. 
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Figure 2.4. Probability density functions indicating the difference between classes 

predicted from the mean in-crown pixel values of 80 tuart crowns using REEI 

between 2008 (dashed line) and 2010 (solid line). 

 

2.6 Discussion 

These results suggest that it is practical to classify semi-quantitative tree 

health assessments to high-resolution DMSI. The uncertainties inherent in expert-

based assessments present challenges in deriving linear models yet are suitable for 

classification applications with less precision than a continuous variable (i.e. THCI). 



36 
 

Similarly, potential changes between assessment and image acquisition, and 

registration errors could also contribute to this uncertainty. No significant differences 

were found between the three VI assessed in this study (NDVI, SAVI and REEI) 

suggesting that the underlying spectral information (i.e. RED and NIR bands) was 

more critical than the difference between the ratio-based (REEI) and normalized 

indices (NDVI and SAVI). 

 

In addition to reducing pixel variance effects, the object-based approach, 

which makes the crown objects the carriers of the underlying spectral information, 

enhances statistical processing performance. Whilst this is advantageous in the 

laboratory, the fieldwork required to manually delineate crowns is both time-

consuming and expensive. Recent studies using Object-Based Image Analysis 

(OBIA) software, such as eCognition and ENVI EX, have been demonstrated to be a 

viable alternative for delineating crowns and the process is becoming commonly 

known as feature extraction or segmentation (Yu et al., 2006; Johansen et al., 2010; 

Ke et al., 2010). 

 

The in-situ assessments chosen for this study are not novel; there are 

numerous methodologies for assessing canopy density, density of foliage across the 

crowns canopy and foliage distribution, and much work has already been done on 

validating these for eucalypts (Stone and Haywood, 2006). Recent work of Horton et 

al. (2011) found that crown denisty (C) and the epicormic index (E) were the best-

performing indicators of crown condition. Horton et al. (2011) also studied only 80 

tuart in Yalgorup, from another patch of tuart in the vicinity of these sites. The strong 

positive correlation results suggest that the TCHI is a good indicator of condition for 

comparsion with high-resolution DMSI using REEI and is a simple, computationally 

efficient approach. 
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2.7 Conclusion 

 
It is concluded that high-resolution DMSI is suited to tree health applications 

of crown-condition classification. It was found that REEI has the largest range of all 

three indices, and this provided greater flexibility for quantile classification against 

tree health classes. The VI and ground-based assessment techniques presented provide 

a means of assessing changes to individual tuart crowns over time, making annual to 

seasonal change detection of tree decline possible at the individual tree scale 

providing a species-and classification-specific training data set is used and that the 

sample size is sufficient. 
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CHAPTER 3 
ENHANCING A EUCALYPT CROWN 

CONDITION INDICATOR DRIVEN BY HIGH 
SPATIAL AND SPECTRAL RESOLUTION 

REMOTE SENSING IMAGERY 

 

3.1 Overview of author contributions 

This Chapter builds on the first aim, thereby addressing the second aim of 

enhancing the complexity of the methodology and extending the image analysis to the 

use of textural, spectral and geometric variance to improve the relationship between 

the Total Crown Health Index (TCHI) and high resolution digital multi-spectral 

imagery (DMSI). Accordingly, compared to the first chapter, greater detail into the 

methodology behind the in-situ assessments, image acquisition and data analysis is 

provided. This Chapter was published as Evans, B., Lyons, T., Barber, P., Stone, 

C., and Hardy, G. (2012b). “Enhancing a eucalypt crown condition indicator driven 

by high spatial and spectral resolution remote sensing imagery.” J. Appl. Remote 

Sens., 6. 

 
Treating each E. gomphocephala crown as an object, this enhanced approach 

summarizes the pixel data into mean crown indices assigned to crown objects which 

became the carrier of information. Random Forest, a machine learning algorithm, was 

used to determine which combination of the textural, spectral and geometric indices 

best described the variances in the condition and health of the E. gomphocephala tree 

crowns. In addition to the use of the same DMSI scenes used in Chapter 2, a third 

year (2007) of DMSI was used to assess changes in TCHI back through time. The 

results are indicative of declining and recovering trends in eucalypts. A condition 

reduction (i.e. decline) in the healthiest class was found between 2008 and 2010 and 

the results are compared to the previous chapter.  
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Evans wrote all sections of this chapter, performed all of the statistical 

modeling, data processing and image analysis. Evans prepared the manuscript for 

publication. It utilizes the same dataset, made by Barber, as was used in Chapter 2. 

The work of Barber was funded from the Australian Research Council (LP0668195) 

with additional support from Department of Conservation and Environment, Alcoa of 

Australia, Mandurah City Council and Bemax Cable Sands. Honey, Stone and Coops 

provided guidance on the development of the methodology and reviewed previous 

drafts of the chapter. SpecTerra Services Pty Ltd, Perth provided the DMSI imagery 

and the work was supported by iVEC (http://www.ivec.org) through the use of super-

computing facilities. Primary supervisor, Lyons provided support throughout the 

development and draft stages. Co-author Hardy contributed continuous review of the 

work.  

3.2 Abstract 

The condition of E. gomphocephala tree crowns was assessed on the ground 

and using two condition classification models to understand changes in forest health, 

tree by tree, through space and time. Using high resolution (0.5 m) digital 

multispectral imagery, predictor variables were derived from textural, spectral and 

geometric variance characteristics of all pixels inside the crown area. The results 

estimate crown condition as a surrogate for tree health against the total crown health 

index, derived from combining ground based crown condition assessment techniques 

that assess the density and transparency of the crown as well as the dieback and 

regrowth of foliage. This object based approach summarizes the pixel data into mean 

crown indices assigned to crown objects which became the carrier of information. 

Models performed above expectations, with substantial and significant weighted 

Cohen’s kappa (κ > 0.60 and p < 0.001) using 70% of available data and accuracy 

increased accordingly. Using all available 2008 in-situ data for model development, 

crown condition was predicted forwards (2010) and backwards (2007) in time. The 

results are indicative of declining and recovering trends and a condition reduction in 

the healthiest class between 2008 and 2010. 



41 
 

 

3.3 Introduction 

Quantitative indicators of tree crown condition across large areas are a 

management imperative and critical for the assessment of ecosystem biodiversity, 

health and function (Coops et al., 2008; Bastin et al., 2002).  Australia’s eucalypt 

forests and woodlands cover a diverse range of ecosystem structure and biodiversity. 

Declines in these ecosystems have been linked to insects and fungi (Hooper and 

Sivasithamparam, 2005), pathogens (Scott et al., 2011), fire frequency (Close et al., 

2011) and fauna (Haywood and Stone, 2011). In southwestern Australia, some 

eucalypt species have shown evidence of decline, especially E. gomphocephala (tuart) 

which dominates the dune systems of the Swan coastal plain (Boland et al., 2006). 

Tuart declines have been linked to soil bacterial communities (Cai et al., 2010), 

pathogens (Scott et al., 2011), fire patterns and severity (Archibald, 2006; Archibald 

et al., 2010; Close et al., 2009) and a range of potential causes have been considered 

(Edwards, 2002). Symptoms of decline manifest as a reduction in the abundance, 

distribution and greenness of foliage (dieback) within the tree crown and an overall 

reduction of vigor and condition (Jurskis, 2005). This dieback can ultimately lead to 

mortality despite eucalypts being well adapted to extreme climate variability (Harper 

et al., 2005).  

 

Ground-based, or in-situ, forest condition assessments are a common method 

for assessing changes in health over time (Stone et al., 2003; Souter et al., 2010). 

These techniques however are often subjective, semi-quantitative and given the size 

and remoteness of the forest resource, labor intensive and time consuming (Souter et 

al., 2010). As a result regular monitoring of forest condition over time is difficult yet 

is a management imperative under changing climatic and land use pressures. 
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Remote sensing methods and imagery from space borne or airborne platforms 

offer an alternative and cost-effective means of assessing forest condition over large 

areas in a way that is spatially explicit and repeatable through time (Kerr and 

Ostrovsky, 2003;  Coops et al., 2004; Zarnoch et al., 2004). Across Australia, forests 

and woodlands are monitored annually using moderate spatial resolution sensors, such 

as Landsat, with images acquired in summer when the influence of the understory 

(grasses and herbs) is at its lowest (Caccetta et al., 2007;  Wallace et al., 2004). The 

spatial resolution of the Landsat Thematic Mapper (TM) sensor limits the capacity to 

detect individual tree crowns and in-crown foliage variability whilst the broad spectral 

bands reduce its capacity to detect small changes in leaf pigments and structure.  

 

Alternatively airborne high spatial resolution remote sensing imagery offers 

greater flexibility in image acquisition, the capacity to detect individual crowns and 

crown architecture and the ability to vary spectral wavelengths depending on the 

characteristics of the target. Conventionally, spectral information is used 

independently as a vegetation index (VI) to predict condition, such as the density of 

foliage. The most common VI is the normalized difference vegetation index (NDVI). 

VI’s summarize spectral information from specific regions of the electromagnetic 

spectrum known to be sensitive to the interactions between light and leaf pigments 

(often mostly chlorophyll) (Pinar and Curran, 1996; Barry et al., 2008; Pietrzykowski 

et al., 2006). In high resolution data, where many pixels are captured across individual 

crowns, the spectral characteristics of neighboring pixels was highly variable and as a 

result, statistics produced in the spatial domain may yield more reliable estimates of 

crown condition than spectral indicators alone (Woodcock and Strahler, 1987). A 

number of techniques exist to measure the variation of spectral and spatial properties 

of remotely sensed images including texture and geometric measures.   

 

Stone and Haywood (2006) demonstrated the use of a eucalypt crown 

condition index derived from remote sensing observations over areas of eucalypt 
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dieback in New South Wales. The approach utilized high spatial resolution digital 

imagery linked to five key indicators of canopy decline. More recently (Evans et al., 

2012a) demonstrated that a similar index could be used to predict crown dieback in 

Western Australia from remote sensing imagery. The results indicated the crown 

condition could be accurately modeled using the spectral properties of the imagery 

with significant coefficient of determination (R2) values developed from linear 

regression models ranging from 0.54 to 0.72.  

 

The objectives of this study were threefold. Firstly, we evaluated the 

additional power of texture and geometric based indices to predict canopy condition 

across crowns exhibiting dieback in the Yalgorup National Park of Western Australia. 

Secondly we applied an innovative modeling approach, Random Forests (RF), a non-

parametric, ensemble classifier, to assess the impact of varying the number of 

predicted canopy condition classes with the aim of developing accurate and robust 

indicators for forest managers. Lastly, with confidence in the developed models, we 

then applied them to images acquired before and after the in-situ assessments to better 

understand how the condition of these crowns has changed over time. 

 

3.4 Methods 

3.4.1 Region of Interest 
The Yalgorup National Park, in southwest, Western Australia, is situated 

80km south of the capital, Perth. The sites were located within the Yoongarillup, 

Karrakatta and Cottesloe vegetation complexes, based on their geological associations  

(Heddle et al., 1980). The majority of the sites were found on the Yoongarillup 

complex, comprised of E. gomphocephala (tuart), with a mid-storey of Agonis 

flexuosa,  Allocasuarina fraseriana, Banksia grandis, B. attenuata, B. littoralis and an 

understorey of Acacia saligna, A. pulchella, Jacksonia sternbergiana, Melaleuca 

acerosa and Hibbertia hypericoides (Portlock et al., 1993). Tuart is listed by the 
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International Union for the Conservation of Nature as IUCN category II species and 

Yalgorup National Park is an area of high natural biodiversity value. 

 
Figure 3.1.  Map of the study area overlaid with a true colour version of the DMSI for 

2008 and the study sites (irregularly numbered). 
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3.4.2 Crown Condition Assessment 

 
The placement of crown condition plots within the national park was based on 

a stratification of vegetation trend classes derived from a 15-year (1990 – 2005) time 

series analysis of Landsat TM imagery based on the methodology of (Caccetta et al., 

2007). A total of 20 sites were established in 2007 and in June 2008 the crown 

condition of four randomly selected tuart crowns within each of the 20 sites was 

individually assessed by two forest health professionals. 

 

Each crown was assessed for four crown condition indices, based on previous 

research of (Barry et al., 2008) and recently discussed in (Cai et al., 2010; Evans et 

al., 2012a; Horton et al., 2011). The condition indices were measured in 5% classes 

across a 0 – 100% scale and included (i) Crown Density (CD), (ii) Foliage 

transparency (FT) (USDAFS, 2002; Schomaker et al., 2007)  , (iii) Crown Dieback 

Ratio (CDR) and an (iv) Epicormic Index (EI) (Kile et al., 1981; Wardlaw, 1989) . 

 

The two trained forest health professionals stood at right angles to each other, 

facing the tree at a distance from the main stem greater than its height. Two 

assessments were assumed to be more robust than a single observation and were 

averaged for an overall value. All four indices were then combined to produce the 

Evans et al. (2012a) Total Crown Health Index (TCHI). In addition to the assessment, 

the plot center, corners and the location of each individual crown was mapped using a 

differential GPS (dGPS).  

 

 

3.4.3 Image Specification and Acquisition  
High spatial resolution airborne Digital Multi Spectral Imagery (DMSI) was 

acquired by SpecTerra Services Pty. Ltd. (Perth, Western Australia) in May/June 
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2007, 2008 and 2010 under clear conditions (Table 3.1). During acquisition all DMSI 

was georeferenced based on GPS and subsequent post-flight processing of the data 

included band to band registration and spectro-radiometric correction for bi-

directional reflectance distribution function (BRDF) variations. All imagery was 

acquired at 0.5 m resolution from an altitude of 2000 m. Once collected all the 

imagery was mosaicked, orthorectified and pixel matched to correct for the sun angle 

differences of each overpass (Table 3.1).  

 
Table 3.1 Details of the multi-year acquisition flights made by SpecTerra Services. 
 

Date Solar angle 

May 08, 2007 39.18° - 40.08° 

June 06, 2008 34.01° - 34.60° 

June 02, 2010 34.74° - 35.03°  

 
The DMSI sensor acquires 12-bit digital number (DN) data simultaneously in 

four 20nm wide spectral channels in the visible and near-infrared regions of the 

electromagnetic spectrum using filters centered at 450, 550, 675, and 780nm covering 

blue, green, red and near infrared regions of the spectrum, respectively. 

 

To ensure the relative radiometric consistency of the imagery over the three 

time periods a `like-value' calibration was undertaken using methods described by 

(Furby and Campbell, 2001). The method normalizes each scene to a ‘base year’ 

standard using a set of objects identifiable on all images and deemed to be invariant 

spectral targets (such as roads, deep water, exposed soil, and sand). Given the in-situ 

data were collected in 2008, this was chosen as the base year. For each invariant 

target a mean spectral value in all bands was extracted and matched using a simple 

regression approach which was then subsequently applied to the 2007 and 2010 

images. 
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Visual inspection of the crown dGPS delineations on the imagery confirmed 

that the crowns were all well located. In a small number of cases crown locations 

were aligned to better fit the imagery. The in-situ crown condition assessment data 

were collated and spatially linked to the crowns in the imagery and crown perimeters 

formed a tree crown mask. Spectral values within each tree crown were then extracted 

for calculation of vegetation, pattern and geometric indices.  

 

3.4.4 Index generation 

3.4.4.1 Textural, spectral and spatial indices 

 
A total of 125 indices were selected based on (a) the available spectra, (b) 

literary precedence and (c) open source availability of the algorithms. Indices fit into 

three broad categories of spectral (Table 3.2), textural (Table 3.3), and geometric (the 

area displaced by the crown by counting the number of pixels inside the delineated 

crown area).  

 

The VI’s used in this study (Table 3.2) fall into two broad categories (a) 

narrow-band versions of the Normalized Difference Vegetation Index (NDVI) and (b) 

simple ratios. 
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Table 3.2. Vegetation indices used in this study. NDVI= Normalized Difference 

Vegetation Index, mNDVI= modified Normalized Difference Vegetation Index, SR= 

Simple Ratio, REEI= Red Edge Extrema Index, mEVI= modified Enhanced 

Vegetation Index, SAVI= Soil Adjusted Vegetation Index, mARVI= modified 

Atmospherically Resistance Vegetation Index, RGRI= Red Green Ratio Index, 

mARI1= Anthocyanin Reflectance Index 1, mARI2=Anthocyanin Reflectance Index 

2 and TVI= Transformed Vegetation Index. 

 
Vegetation Indices 

 

𝑁𝐷𝑉𝐼 =   
(𝑁𝐼𝑅 − 𝑅𝐸𝐷)
(𝑁𝐼𝑅 + 𝑅𝐸𝐷)

 

 

𝑚𝑁𝐷𝑉𝐼 =   
(𝑁𝐼𝑅 − 𝑅𝐸𝐷)

𝑁𝐼𝑅 + 𝑅𝐸𝐷 − 2×𝐵𝐿𝑈𝐸
 

𝑆𝑅 =   
𝑅𝐸𝐷
𝑁𝐼𝑅

 

𝑅𝐸𝐸𝐼 =   
𝑁𝐼𝑅
𝑅𝐸𝐷

 

𝑚𝐸𝑉𝐼 =   𝐺
𝑁𝐼𝑅 − 𝑅𝐸𝐷

𝑁𝐼𝑅 +   𝐶!×𝑅𝐸𝐷 − 𝐶!×𝐵𝐿𝑈𝐸 + 𝐿  
1 + 𝐿   

𝑤ℎ𝑒𝑟𝑒  𝐺 = 2.5,𝐶! = 6.0,𝐶! = 7.5, 𝐿 = 10 

 

𝑆𝐴𝑉𝐼 =   
(1 + 𝐿)×(𝑁𝐼𝑅 − 𝑅𝐸𝐷)
(𝑁𝐼𝑅 + 𝑅𝐸𝐷 + 𝐿)

 

𝑤ℎ𝑒𝑟𝑒  𝐿 = 0.5 

𝑚𝐴𝑅𝑉𝐼 =   
𝑁𝐼𝑅 − 𝑅𝐵
𝑁𝐼𝑅 + 𝑅𝐵

 

𝑤ℎ𝑒𝑟𝑒  𝑅𝐵 = 𝑅𝐸𝐷 − 𝛾 𝐵𝐿𝑈𝐸 − 𝑅𝐸𝐷 , 𝛾 = 2.0, 𝐿 = 0.5 

𝑅𝐺𝑅𝐼 =   
𝑅𝐸𝐷
𝐺𝑅𝐸𝐸𝑁

 

𝑚𝐴𝑅𝐼1 =   
(𝐺𝑅𝐸𝐸𝑁 − 1)
(𝑅𝐸𝐷 − 1)

 

𝑚𝐴𝑅𝐼2 =   𝑁𝐼𝑅
(𝐺𝑅𝐸𝐸𝑁 − 1)
(𝑅𝐸𝐷 − 1)

 

𝑇𝑉𝐼 = 0.5(120 𝑁𝐼𝑅 − 𝐺𝑅𝐸𝐸𝑁 − 200(𝑅𝐸𝐷 − 𝐺𝑅𝐸𝐸𝑁) 
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Texture indices can be further divided into two sub groups, the Grey Level 

Covariance Matrix Textures (GLCM) and Grey Level Difference Vector Textural 

Indices (GLDV). Textural indices were calculated from the covariance between 

neighboring gray levels in an image. Rectilinear polygons were formed around each 

object with a one pixel buffer to extract the GLCM. Each GLCM was calculated for 

each object in the four cardinal directions. Each resulting GLCM was then cropped 

and all four directions averaged by band.  

 

Once the individual indices were computed, a mean for each was calculated 

for the 80 tuart crowns and this dataset formed the basis of the modeling described 

below. The GRASS r.texture package was used to generate the textures (Haralick et 

al., 1973; Haralick, 1979). 
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Table 3.3. Textural indices used in this study. Pi,j represents the intensities of the 

pixel samples of i and j in the moving window (matrix), their spatial location depends 

on the cardinal direction of the grey level covariance matrix parameterization. Figure 

3.2 provides an example of a true colour DMSI image with four tree crown 

delineations overlaid and an example of two texture measures for an individual 

crown. The figure shows the marked variation within each crown, as well as the 

variation through time. 

 
Name Equation 

Homogeneity 𝐻𝑂𝑀 =
𝑃!,!

1 + (𝑖 − 𝑗)!

!!!

!,!!!

 

Contrast 𝐶𝑂𝑁 = 𝑃!,!(𝑖 − 𝑗)!
!!!

!,!!!

 

Entropy 𝐸𝑁𝑇 = 𝑃!,!(−𝑙𝑛𝑃!!!)
!!!

!,!!!

 

Difference Entropy 𝐷𝐸𝑁 = 𝑃!(−𝑙𝑛𝑃!)
!!!

!!!

 

Variance 

𝑉𝐴𝑅 = 𝜎!,!! 𝑃!,! 𝑖, 𝑗 −   𝜇!!!

!!!

!,!!!

 

𝑤ℎ𝑒𝑟𝑒  𝜇!!! =
𝑃!,!
𝑁!

!!!

!,!!!

   

Correlation 𝐶𝑂𝑅 = 𝑖 − 𝜇! (𝑗 − 𝜇!) 𝜎!! (𝜎!!)
!!!

!,!!!
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Figure 3.2. Map of site 8 featuring the delineated tree crowns (a) and two examples, 

(b) and (c) of textural crown matrices from which mean crown textural indices were 

derived. The example indices shown for crown 801 are (b) Correlation (COR) for the 

780nm (NIR) band and (c) Contrast (CON) for the 450nm (BLUE) band and each 

group contains an image from 2007, 2008 and 2010. 
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3.4.5 Modeling Approach 

 
 

The Random Forest (RF) algorithm (Breiman, 1996, 2001) is an ensemble 

classifier that fits decision trees (models) to sub-samples of training data, then 

combines predictions from the resulting trees. The algorithm bootstrap samples the 

training data and approximately 63% of the original observations are used at least 

once in model development. Data not included in the bootstrapped training sample are 

called out-of-bag observations. In addition to the randomness of the bootstrapping, the 

number of variables sampled at each decision tree node is randomly selected from a 

subset of predictors; by default the number tried (mtry) is the square root of all 

available predictors (Breiman, 2001). In this study, mtry is parameterized using the 

tuning function provided in the R implementation of RF by (Liaw and Wiener, 2002; 

Prasad et al., 2006) as is commonplace for RF applications with many predictor 

variables. The variable importance score is used to assess the contribution made by 

each of the spectral, texture and geometric remotely sensed variables made in the 

resultant RF classification models. Variable importance in RF is the normalized 

difference classification accuracy of each predictor, both when it is included as an 

observation and when it has been randomly permuted (Breiman, 1996, 2001). 

 

RF was chosen because it has been shown to have superior predictive power in 

a number of classification studies (Bosch et al., 2007; Lawrence et al., 2006; Pal and 

Mather, 2003; Prasad et al., 2006; Cutler et al., 2007) and validated against a number 

of statistical modeling approaches for ecological (Cutler et al., 2007) and vegetation 

health modeling applications (Haywood and Stone, 2011). 

 

The 2008 vegetation, texture and geometric indices were related to the in-situ 

crown assessments both individually, and for the combined TCHI score.  
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To assess the accuracy of the predictions and the robustness of the 

relationships two representations of the in-situ crown condition indices were used. 

The first reduced the THCI score to 10% increments, resulting in a 10 class variable. 

This level of aggregation is consistent with the measurement protocols discussed 

earlier. We recognize that as a practical management tool most forest condition 

assessment indices are applied across a five class scale, so a second analysis was 

undertaken which reduced the THCI score to 20% increments to give five classes. 

 

To understand the robustness of the developed models, the relative size of the 

model development versus model testing datasets was varied from 10% to 100% with 

10% indicative of a model which was developed using 10% of the data and tested on 

the remaining 90%, and a 100% model indicative of a model developed using all 

observations. Each RF was run 100 times for each split and the out of bag error 

(OOBE), and weighted Cohen’s kappa coefficients (κ) were calculated (all were 

significant p<0.01), comparing the models predictions against the observations. κ is a 

statistical measure of inter-rater agreement between categorical data which accounts 

for a hypothetical probability of chance (Cohen, 1960; Cohen, 1968). Accordingly, 

κ=+1 represents complete agreement between observations and predictions and κ=-1 

suggests there is no more agreement other than one would expect by chance. The 

Landis and Koch (1977) κ threshold scale (Table 3.4) provides a benchmark for 

interpreting the magnitude of κ in the context of the predictive strength. 

 

Once the RF model was developed and assessed, the 100% data model was 

applied to the 2007 and 2010 imagery and changes in the crown condition index 

assessed.  
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Table 3.4 Weighted Cohen’s kappa coefficient strength of agreement benchmarks 

after Landis and Koch (1977) 

 
Weighted Cohen’s kappa Agreement 

-1.00 - 0.00 Poor 
0.00 - 0.20 Slight 
0.21 - 0.40 Fair 
0.41 - 0.60 Moderate 
0.61 - 0.80 Substantial 
0.81 - 1.00 Almost Perfect 

 

3.5 Results 

 
The κ scores were captured for the two models (Figure 3.3). A score is given 

for each of the 10 training and validation fractions (10%-100% in 10% increments) of 

the available data (n=80 tuart crowns across the 20 sites). As expected, κ increases as 

the fraction of data used for model development grows larger. Figure 3.4, a 

companion to Figure 3.5, shows the corresponding OOBE scores for the two models 

and expectedly, OOBE becomes smaller as the fraction of data used increases. In 

order to determine an ideal mtry parameterization, the (Liaw and Wiener, 2002) 

trainRF() method was used, and this resulted in mtry=6 for all models except the 10 

class 30% and the 20 class 90% and 100% groups which were mtry=3. 
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Figure 3.3 Comparison of the weighted Cohen’s kappa for the 10 and 5 class models 

for each of the training and validation fractions used in the model development 

 
Analysis of variable importance extracted from the 2008 100% training 

models (Figure 3.5) shows that the spectral and textural indices containing the 780 nm 

spectral band were most often selected in model development. The geometric index of 

the size of the crown was not a top 5 variable selected by any model. Generally, 

spectral indices containing the 675 nm and 780 nm bands were dominant. Although 

less frequently selected, the 450 nm and 550nm spectral bands were also important in 

both models.  
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Figure 3.4 Comparison of the Random Forest out-of-bag error score for the 10 and 5 

class models for each of the training and validation fractions used in the model 

development 

 
 

Figure 3.6 and Figure 3.7 show the distribution of remote sensing derived 

THCI values of the 80 crowns for 2007, 2008 and 2010 using all the available 2008 

data for model development. A shift of the distribution to lower classes (smaller 

number) is indicative of a decline in crown condition, whereas conversely a shift of 

the distribution to healthier classes (larger number) indicates of a recovery of 

condition. For example, Figure 3.6 shows some recovery between 2007 and 2008, 

with 10% of the crowns populating the healthiest class in 2008 that were not 

classified as class 5 in 2007.  
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Between 2008 and 2010 crowns contracted from both the least and most 

healthy classes to populate moderate health classes. The net result could be 

considered a recovery with the majority of crowns healthy, 60% were classified as 

class 4 (5 class model refer Figure 3.6) and class 7 (10 class model refer Figure 3.7) 

which represents a change of almost 20% from 2008 to 2010. Indeed, the least healthy 

classes 1 (Figure 3.6) and 1 and 2 (Figure 3.7) show continuous recovery between 

2007-2008 but not complete recovery over this period. This suggests a recovery from 

disturbances (prior to 2007) can take a number of years to manifest. Conversely, the 

increased frequency of moderately healthy classes contributed by both additional 

healthy and declining crowns is indicative of the resilience of the species to dealing 

with, and recovering from dieback over many years. 
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Figure 3.5 Top 5 variable importance from the models used to estimate the 2007 and 

2010 TCHI scores using all available in-situ data (n=80) from 2008. SAVI= Soil 

Adjusted Vegetation Index, NDVI= Normalized Difference Vegetation Index, Mean 

COR 780nm is the mean Correlation of the 780nm (nir) spectral band, MARI2= 

Anthocyanin Reflectance Index 2, REEI= Red Edge Extrema Index, mAVRI= 

modified Atmospherically Resistant Vegation Index, mNDVI= modified Normalized 

Difference Vegetation Index and mean HOM 550nm is the mean Homogeneity of the 

550nm (green) spectral band. 
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Figure 3.6 Histograms of the Total Crown Health Index (TCHI) classification using 

the 5 class model where 1=least healthy or declining (TCHI of 1-20%) and 5=most 

healthy (TCHI of 81-100%) predictions for 2007 (a) and 2010 (c) and the in-situ 

observations for 2008 (b). All percentages calculated using all available data (n=80). 
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Figure 3.7 Histograms of the Total Crown Health Index (TCHI) classification using 

the 10 class model where 1=least healthy or declining (TCHI of 1-10%) and 10=most 

healthy (TCHI of 91-100%) predictions for 2007 (a) and 2010 (c) and the in-situ 

observations for 2008 (b). All percentages calculated using all available data (n=80). 

 

 

3.6 Discussion 

 
The remote sensing driven eucalypt crown condition indicator presented here 

provides insight into the extent and severity of tuart decline in Yalgorup National 

Park between 2007 and 2010. Crown condition shifts from the less healthy classes to 

healthier classes (2007-2008) and retracts back from the healthiest classes to 

moderately healthy classes (2008-2010). In the last year of observation, 2010, the 
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majority of tuart (60%) are predicted to be of moderate health. These results are 

indicative of a combination of mild stressors impacting the condition of the tuart, a 

finding supported by recent evidence of pathogens (Scott et al., 2011) and soil 

bacterial communities (Cai et al., 2010), both slow acting agents, being linked to these 

declines. Eucalypt crown decline often occurs over a number of years rather than 

instantaneously, however, severe weather, in particular drought stress, pests and some 

diseases can cause rapid defoliation events from time to time. Generally, the condition 

of the dominant species is a surrogate for ecosystem condition health (Stone and 

Haywood, 2006) with crown condition becoming widely used as an indicator in land 

management policy for describing aspects of aesthetics, production and the 

biodiversity of ecosystems (Keith and Gorrod, 2006). Remote sensing driven 

techniques are increasingly useful in providing data to support the development of 

these critical indicators (Coops et al., 2008; Haywood and Stone, 2011a). 

 
These results confirm an enhancement of the eucalypt crown condition 

indicator from (Evans et al., 2012a) and the RF variables importance results (Figure 

3.6) indicate how this was done. Spectral and textural indices containing the 780 nm 

spectral band were most often selected. The evidence behind the use of the near infra-

red, 780 nm spectral band for detecting and quantifying changes in foliage condition 

is well known (Coops et al., 2002, 2003; Stone et al., 2001).  All of the VI’s most 

commonly selected by the models utilized the 780 nm band in addition to 675 nm 

(red) which is a strong indicator of chlorophyll absorption. VI’s containing 450 nm 

(blue) and 550 nm (green) were also important, and this suggests that variations in 

this part of the electromagnetic spectrum, for example green reflection and blue 

absorption, are being driven by changes in foliage condition. This strong relationship 

between the blue and green spectral bands is known to explain variance in crown 

chlorophyll content (Rabideau et al., 1946; Moss and Loomis, 1951; Lichtenthaler, 

1987, 1996, 2001) and as a result of a shift in the location and position of the red edge 

from the red-nir to blue-green part of the electromagnetic spectrum as chlorophyll 
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content decreases from leaf senescence or absence  (Stone and Haywood, 2006; Pinar 

and Curran, 1996; Jago et al., 1999). 

 
An interesting finding of this study is that as the number of increment classes 

changed from small (5 class) to large (10 class) the tendency of the RF to select 

texture based indices increased. This result implies that texture based measures allow 

finer levels of crown condition to be discriminated whereas spectral based indices 

allow for more broad scale canopy assessments.  

 
The RF modeling approach used in this study allowed us to investigate two 

key aspects of the crown condition dataset. Firstly, as the RF modeling procedure is 

not computationally expensive, iterative modeling and the bootstrapping approach 

provides insight into the robustness of the developed models. The results indicate, as 

expected, that as a higher proportion of data is used in model development the overall 

accuracy of the model improves in both the 5 and 10 class datasets. Secondly, a 

typical jackknifing of the dataset into 70% for model development and 30% for 

independent model prediction in this study produces κ of 0.67 for the 10 class and 

0.64 for the 5 class models, a substantial agreement on the Landis and Koch (1977) 

benchmark (Table 3.4), and similarly promising to reported accuracies of (Evans et 

al., 2012a) who applied standard linear regression of mean crown VI to classify 

condition. Both models achieve a κ of 0.84 when using 90% of the observations and 

κ=1 when all of the available data are used. It is important to note that given RF 

internally bootstraps, this means that when the models are developed using only 90% 

of the observations RF is actually using as little as 45 crowns.  

 
Whilst RF is not a descriptive or inferential tool it is useful for identifying 

important ecological variables for interpretation (Cutler et al., 2007; Strobl et al., 

2008). We have used RF variable importance to isolate useful spectral and textural 

indicators of crown health through classification and prediction of a categorical set of 
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crown condition classes of the TCHI. RF is non-parametric, requires no distributional 

assumptions and can handle the ‘small n large p’ scenario demonstrated in this study, 

by the splitting the available data into incremental portions (Breiman, 2001; Liaw and 

Wiener, 2002). RF offers a robust, efficient and accurate alternative to parametric and 

semi-parametric methods for identifying ecological indicators. 

 

As expected, when comparing the 10 to the 5 class datasets the results indicate 

the OOBE, a standard error indicator of RF’s internal predictive capacity, is higher for 

the 10 class when compared to the 5 class model confirming that a smaller number of 

crown condition classes produces a more accurate overall model (Breiman, 2001; 

Liaw and Wiener, 2002; Prasad et al., 2006; Svetnik et al., 2003; Díaz-Uriarte and de 

Andrés, 2006; Gislason et al., 2006; Evans and Cushman, 2009). The tradeoff 

between classification precision (number of classes) and model accuracy (OOBE and 

κ) is critical to its application as an indicator where it is likely a lower precision 

classification is sufficient for forest health management, given limitations to response 

options, and therefore greater accuracy would contribute to greater confidence in its 

application. 

 

The development of remotely derived eucalypt crown condition indicators is 

imperative for the management of the large forested estates and to quantify changes in 

structure and health over time. High spatial and spectral remotely sensed data are a 

rich source of information for forest managers and as demonstrated in these results, 

can make accurate predictions of crown condition across a large number of plots and 

crowns. Critical to the success of this type of remote sensing data is the capacity to 

explicitly model changes in the biophysical properties of tree crowns, such as a 

reduction in chlorophyll and changes in crown structure such as defoliation. 

 

In terms of the application of this technique to forest and woodland 

management the 5 class assessment could offer broad insights to overall canopy 
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condition whereas the 10 class variable could offer potentially increased sensitivity to 

internal crown structure and condition. This additional sensitivity would be valuable, 

for example, when looking for evidence of the initial stages of eucalypt crown 

dieback and discerning the different agents involved in the declines.  

  

As discussed, in-situ crown condition data collection is an expensive task and 

as a result remote sensing and modeling approaches could represent a potential cost 

saving through both limiting the number of site visits and reducing the sample size of 

crowns assessed in the field. We recognize that the assessment of 80 crowns across 

the national park for model development is relatively small and that, as this work 

continues, the collection of additional in-situ data is imperative, especially to test the 

predictions through time.  Evans et al. (2012a) and Horton et al. (2011) however 

indicated that information on 80 tuart crowns was a suitable number for the 

assessment of canopy condition from the ground. In addition the capacity of the RF 

approach to allow investigation of both the number of classes, and the robustness of 

the relationships provides confidence in these results. 

 

Finally, the collection of additional in-situ data and the use of remotely sensed 

mean crown statistics in the RF models required labour-intensive and expensive 

manual delineation of crowns both in the field and within the imagery. Future work 

will use Object Based Image Analysis (OBIA) software that has been demonstrated as 

an alternative to delineating crowns manually using processes such as feature 

extraction or segmentation. This process has been demonstrated on non-eucalypt 

biomes (Johansen et al., 2010; Yu et al., 2006; Ke et al., 2010)  and eucalypt biomes 

(Haywood and Stone, 2011b), however, it has not been conducted at the crown scale 

on native eucalypts exhibiting advanced crown decline and will therefore present 

some challenges. 
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3.7 Conclusion 

This study has demonstrated the application of RF models trained using 

remotely sensed spectral, textural and geometric indices to predict eucalypt crown 

condition and its change through time. The results indicate that two models, using 5 

and 10 descriptor classes were accurate and robust and could represent a cost effective 

way of monitoring and quantifying crown condition of tuart over large areas within an 

operational environment. The results confirm that spectral and textural information in 

the 450, 550, 675 and 780nm spectral bands was critical in the model predictions and 

texture indices were more informative when increasing the sensitivity of the models 

to smaller variations in crown condition. Once validated, the models confirmed the 

overall condition of tree crowns within Yalgorup National Park declines from 2007 to 

2010. This study has shown the potential exists for the use of this indicator of 

eucalypt crown condition indicator for monitoring changes in the crown condition of 

tuart and other eucalypt species in native and plantation forests.   
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CHAPTER 4 
BIOCLIMATIC EXTREMES DRIVE FOREST 
MORTALITY IN SOUTHWEST, WESTERN 

AUSTRALIA 

 

4.1 Overview of author contributions 

This chapter was developed as a response to being witness to one of the most 

significant forest mortality events in recent history, namely the appearance of patches 

of mortality (POM) across the northern jarrah forest (NJF) following the extreme 

summer of 2010-2012. This chapter progresses in both spatial and temporal scales, 

from the inter-annual variance of individual tree crowns in Chapters 2 and 3 through 

to the monthly and inter-annual variability of the NJF. In doing so, this chapter is 

addressing the specific aim of applying data and methods relative to the spatial extent 

of the observed morality event, thereby enabling the use of climatology and remotely 

sensing high and moderate resolution imagery. This chapter has been published in the 

journal Climate.  

 

This chapter combines state-of-the-art image analysis techniques (e.g. feature 

extraction) to detect and map the POM in high-resolution satellite data. Once the 

POM are spatially mapped, a range of bioclimatic indices are derived and investigated 

as potential drivers. This bioclimatic exposure analysis yielded a set of significant 

thresholds, the likely drivers of the mortality event. These bioclimatic thresholds are 

presented as a guide for future monitoring and modeling of the Northern Jarrah Forest 

ecosystem. Combined with chapters 1 and 2, this chapter presents a means of 

monitoring larger areas for identification of local areas suitable for the more 

expensive and intensive individual tree-scale methodologies. 
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Evans wrote all sections of this chapter, performed all of the data reformatting 

and analysis. Evans prepared the manuscript for publication. Hardy, Batini and 

Matusick conducted field observations of the mortality event and provided in-situ data 

for development and validation of the presented models. SpecTerra Services Pty Ltd, 

Perth provided the DMSI imagery. Primary supervisor and co-author, Lyons provided 

support throughout the development and draft stages. Planet Action and Astrium 

Services supplied the SPOT-5 Imagery. Excelis Visual Information services for 

provided student licenses of ENVI, ENVI EX and FLAASH for processing the 

imagery. 

4.2 Abstract 

Extreme and persistent reductions in annual precipitation and an increase in 

the mean diurnal temperature range have resulted in patch scale forest mortality 

following the summer of 2010–2011 within the Forest study area near Perth, Western 

Australia. The impacts of 20 bioclimatic indicators derived from temperature, 

precipitation and of actual and potential evapotranspiration are quantified. We found 

that spatially aggregated seasonal climatologies across the study area show 2011 with 

an annual mean of 17.7 °C (± 5.3 °C) was 1.1 °C warmer than the mean over recent 

decades (1981–2011,- 16.6 °C ± 4.6 °C) and the mean has been increasing over the 

last decade. Compared to the same period, 2010–2011 summer maximum 

temperatures were 1.4 °C (31.6 °C ± 2.0 °C) higher and the annual mean diurnal 

temperature range (Tmax−Tmin) was 1.6 °C higher (14.7 °C ± 0.5 °C). In 2009, the 

year before the forest mortality began, annual precipitation across the study area was 

69% less (301 mm ± 38 mm) than the mean of 1981–2010 (907 mm ± 69 mm). Using 

Système Pour l'Observation de la Terre mission 5 (SPOT-5) satellite imagery 

captured after the summer of 2010–2011 we map a broad scale forest mortality event 

across the Forested study area. This satellite-climatology based methodology provides 

a means of monitoring and mapping similar forest mortality events- a critical 

contribution to our understanding the dynamical bioclimatic drivers of forest 

mortality events.  
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4.3 Introduction 

 
Regional drought and heat stress over the past 30 years has resulted in climate-

driven forest and woodland mortality events globally (Allen et al., 2010). Forests and 

woodlands that cannot relocate to suitable climatic conditions face a reduction of 

range, fragmentation, mortality and in extreme cases extinction (Hughes, 2010).  The 

warming and drying of Mediterranean biomes increases their vulnerability (Prober et 

al., 2011; McDowell et al., 2008; Abbott and Le Maitre, 2009; Llorens et al., 2003) by 

reducing water availability and increasing vegetation stress and the frequency of 

mortality (Dunlop and Brown, 2008). Growing evidence suggests that as climates dry 

and warm the risks of biodiversity loss (West et al., 2012) and severe wildfires 

increase (Lane et al., 2010).  Such dramatic landscape scale transformations are not 

likely to occur rapidly, rather evolve as a response to abiotic (Kinal and Stoneman, 

2011) and biotic changes and the signs of change are already beginning to emerge 

(Klausmeyer and Shaw, 2009; Allen et al., 2010). As with other Mediterranean 

climates, the vegetation of southwest Western Australia (SWWA) is threatened by 

these changes. 

 

Declines of this kind are not new to the SWWA, for example the declines of 

the tuart forest (Eucalyptus gomphocephala) on the Swan Coastal Plain (SCP) (refer 

to Figure 4.1) in the late 1990s and 2000s (Cai et al., 2010; Evans et al., 2012a, 

2012b). Over the last decade, severe drought has impacted on the climate of southern 

(Mitchell et al., 2012) and southwest Australia resulting in marked declines in forest 

and woodland condition (Harper et al., 2009; Petrone et al., 2010). Since the 1970's 

the southwest has received 15–20% less than average rainfall (Petrone et al., 2010) 

and a 0.4 °C degree increase in temperature (Bates et al., 2008) leading to the marked 
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depletion of stream flow through the forested region surrounding Perth (Kinal and 

Stoneman, 2011; Petrone et al., 2010) known as the Northern Jarrah (Eucalyptus 

marginata) Forest (NJF). For example,  Petrone et al., (2010) shows that a reduction 

in the average streamflow in the NJF region (calculated as pre-1989 and post-2008 

changes) range between −39% and −78% across the catchments monitoring sites. 

Petrone et al., (2010) also shows that, in the region surrounding the NJF, potential 

evaporation often exceeds precipitation and only a small portion (3–20%) of runoff is 

generated directly from rainfall and groundwater levels have been consistently falling 

(Ruprecht and Stoneman, 1993). Experimental results (Kinal and Stoneman, 2011) 

suggest that reductions in forest cover would result in increased streamflow and 

silvicultural forest canopy thinning has been used as a solution for increasing 

streamflow into drinking water catchments in the NJF. 

 

In the context of forest distribution and health, bioclimatic limits (or 

thresholds) define how the forest is affected by its climate. A bioclimatic limit of the 

distribution of the Jarrah forest was first proposed by Gentilli (1948). At the time, the 

SCP received around 300 mm less annual rainfall (850 mm) than the Jarrah forest 

(1100 mm) which includes the NJF. Gentilli (1948) estimated that this restricted the 

Jarrah forests westward expansion towards the SCP on the basis of precipitation and 

evaporative demand: he defined the forest-sustaining bioclimatic threshold to be 800 

mm of rain per annum and showed that a difference from the mean of 165 mm rainfall 

per annum would be significant to drive changes in the forests distribution across 

SWWA. 

 

A severe inter-annual change in precipitation of the order of that described by 

Gentilli (1948) came to the region between 2009 and 2011. Specifically, nil rainfall 

was recorded for 122 days at Perth Airport between 21 November 2009 and 22 March 

2010 (Tobin, 2010). Additionally, the state area average temperature for summer 

2009–2010 was equal highest on record, 1.5 °C above average at 36.7 °C (Tobin, 
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2010). Autumn (March, April and May 2010) temperatures were the sixth warmest on 

record at 1.4 °C above the long term of state area average of 31.1 °C (Campbell, 

2011). Furthermore, winter 2010 (June, July and August) was the driest and third 

coldest on record in the southwest (Imielska, 2012). The record winter cold and dry 

spell was followed by the fifth warmest average summer on record, spatially 

estimated to be +1.09 °C above the states long term average (Imielska, 2012). 

 

 

Recently, the Bureau of Meteorology (2012) noted that the prolonged dry spell 

through summer 2010–2011 contributed to a series of out-of-control forest fires, in 

the presence of an abundance of dry-fuel, resulted in over 100 homes being destroyed 

or damaged. Extreme fire events such as these are not unprecedented yet are 

uncommon and formative in that they illustrate the threat posed by dry vegetation and 

hot conditions. It is critical to record and understand the spatial and temporal 

dynamics of these events (Gutschick and BassiriRad, 2003).  It is expected that 

Mediterranean ecosystems will experience more frequent and prolonged climatic 

variability (Misson et al., 2011) and the need to understand the spatial extent and 

consequences of these impacts is central to the success of our adaptation strategies in 

the long term.  

 

In regions where clear evidence of bioclimatic change is taking place, it is 

critical to develop suitable methodologies to record the extent and severity of forest 

and woodland mortality events and to quantify the bioclimatic-dynamics in order to 

understand the difference between natural variability and change. The only tool for 

achieving near real time, contiguous landscape and continental scale monitoring is 

remote sensing. Detection of eucalypt canopy dieback using high spatial resolution 

remote sensing imagery has been shown by a large number of authors and typically 

involves using spectral bands focused on chlorophyll pigments of the foliage, leaf 

structural attributes and defoliation (Barry et al., 2008; Coops et al., 2002, 2004; Datt, 
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1998; Haywood and Stone, 2011a; Pietrzykowski et al., 2006; Stone et al., 2001). 

Moderate resolution satellite remote sensing (e.g., 250 m–5 km) has been shown to be 

useful in detecting abrupt changes in greenness and cover (Guerschman et al., 2009; 

Verbesselt et al., 2010a, 2010b) by extracting a noiseless trend from the raw data once 

seasonal and high frequency changes are removed (Cleveland, 1990).  Using remote 

sensing to map in combination with gridded and modeled climatologies (Greisbauer et 

al., 2011; West et al., 2012) can provide insight into the temporal and spatial 

dynamics of forested ecosystems.  

 

The objectives of this study were, firstly to use remote sensing technology to 

map the extent of ‘patches of mortality’ (POM) resulting from the extreme weather of 

2010-2011. Secondly, once spatially mapped, we analyze the bioclimatic conditions 

preceding the event and identify the underlying drivers of the forest mortality. We 

conclude with a number of potential future research directions on employing this 

methodology for understanding the responses of the forest stands to changing climatic 

conditions. 

 

 

 

4.4 Methods 

4.4.1 Overview 

 

Following a severe mortality event (July 2011) the methodology for this 

manuscript was designed to map and investigate the drivers behind the declines. This 

involved establishing twenty field sites located across the forest, which a team of 

forest pathologists established and began monitoring immediately Matusick et al., 

(2012). Simultaneously, Système Pour l'Observation de la Terre mission 5 (SPOT-5) 
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Satellite imagery was acquired from PlanetAction.org and a feature extraction model, 

based on known biophysical relationships of remotely sensed imagery, was developed 

using the field sites with the aim of identifying POM across the imagery. An 

independent model evaluation dataset was used on the POM identified by the model. 

Bioclimatic space and time series analysis of Australian Water Availability Data 

(AWAP) (Raupach et al., 2009) and Moderate Resolution Imaging Spectroradiometer 

(MODIS) Fractional Cover were used to evaluate the environmental envelope of the 

study area. Spatially and temporally averaged statistics are evaluated over the period 

1981–2011, hereafter the 30 year study period. 

 

4.4.2 Study Area 

 
The NJF directly east of Perth, Western Australia (Figure 4.1) has a 

Mediterranean climate, hot, dry summers and wet winters and has a history of tree 

declines (McDougal et al., 2007). The NJF is classified as a medium open forest of 

average height between 10-30m with canopy cover between 30-70% that lies atop the 

Darling Scarp on a substrate of archaen granite and metamorphic rocks with an 

average elevation of 300m above sea level (Heddle et al., 1980; Williams and 

Mitchell, 2002). Rainfall varies from around 1000mm on the western side of the scarp 

to 400mm to the northern and eastern extremes (Williams and Mitchell, 2002). The 

region serves as the main surface water supply for Perth as the Swan, Helena, 

Canning, Serpentine and Murray rivers flow off the Darling Plateau onto the SCP 

below Petrone et al. (2010). 

 

The soils vary from lateric gravels to clay and the dominant plant species, 

Eucalyptus marginata (jarrah) are distributed in a mosaic across the western side and 

a mix of species dominate the eastern area with Jarrah co-occurring with Corymbia 

calophylla. The mid-storey consists of a mix of Banksia grandis, Allocasuarina 
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fraseriana, Persoonia longifolia, Xanthorrhoea preissii and the shrub layer is 

comprised of a variety of perennial woody species. Across the region this 

topographical variability, granite substrate and gravel soils serve for rapid changes in 

floristic distribution from the winter water logged valley floors (drains) to the rocky 

granite outcrops (uplands). 

 

The NJF is extensively mined for bauxite used in aluminum production, coal 

and other resources. Over the last three decades considerable emphasis has been 

placed on restoration of dormant mining sites throughout the forest.  A post-mining 

re-vegetation prescription of 2500-10,000 stems/ ha is used and designed to produce 

350 stems/ ha after 12 years of rehabilitation under the caveat that the sites are 

managed and thinned to this prescription (Koch and Samsa, 2007). Land use across 

the forest is thus a mosaic of mining, nature reserves, commercial forestry with areas 

set aside for Perth’s water catchment. 
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Figure 4.1. Study area featuring the study area and the Interim Biogeographical 

Region of Australia (IBRA) “Northern Jarrah Forest”. 

 

4.4.3 Field data for model development 
 

In July 2011, patches containing mortality were located within the NJF by a 

team of forest pathologists on a number of field visits. The patches used in this study 

varied in size from 3,720 to 168,152 m2 and a complete inventory of the work can be 

found in Matusick et al. (2012). The objective of the field work was not to identify all 

patches in a region, rather identify a number of sites for detailed investigation of the 

causes (Matusick et al., 2012) and ultimately to use these for detecting and modeling 

the landscape scale of the POM in this study. Generally, the sites identified for use in 
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this study were easily identifiable from high-ground and from the road whilst 

travelling through the forest. Twenty of these plots were located using differential 

Global Positioning System (dGPS) representing a range of dieback classes. Patches of 

healthy and dead trees were then delineated using dGPS by trained forest health 

professionals and a range of indices (not used in this study) were used to determine 

both the healthy and dead class. 

 

 

 

4.4.4 Airborne imagery for validation of the model 
 

To obtain additional information on the extent of the tree mortality across the 

forest Digital Multi-Spectral Imagery (DMSI) was acquired by SpecTerra Services 

(Perth, Western Australia) over small sections of the NJF as part of ongoing research 

into the hydrology of the forest (Batini personal comms., 2011) on the 18th of 

November 2010. This imagery provided a clear indication of foliage cover and a 

means to compare geographical features in the imagery to field made records of the 

presence and absence of decline since the imagery was taken when the forest did not 

contain any POM. A 1 km × 1 km grid (refer to Figure 4. 2(b).) was overlaid the 

imagery and a forest health assessment expert classified where POM were known to 

have occurred intersecting each grid point as either healthy or containing mortality 

following the summer of 2010–2011. ESRI (2011) was used for this exercise. This 

resulted in a validation area covering 135 km2 of the NJF. These pixels were then 

aggregated to produce a confusion matrix of pixels containing greater than 60% 

mortality and those containing less than 40% mortality, therefore considered healthy. 
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4.4.5 SPOT-5 satellite imagery 
 

SPOT-5 satellite imagery was acquired across a large section of the forest in 

late June and early July 2011 before the first winter rains in order to determine the 

extent of vegetation declines across the region. The SPOT-5 imagery used was 10 m 

spatial resolution with four spectral bands green (GREEN: 500 to 590 nm), red (RED: 

610 to 680 nm), near-infrared (NIR: 790 to 890 nm) and shortwave-infrared (SWIR: 

1580 to 1750 nm).  The four scenes used to cover the region came with radiometric 

correction of viewing angle and sensor related distortions in preprocessing level 1A 

(Spot Image, 2010). Imagery was orthorectified and converted to surface reflectance.  

 

4.4.6 Feature extraction model development 
 

Since, the 10m SPOT-5 imagery was insufficient to see individual crowns an 

object based 'feature extraction' approach was developed to identify POM across the 

study area located within NJF (EXELIS, 2011). Feature extraction was selected 

because the sites varied in size, structure and landscape position. Feature extraction 

involves first delineating areas of similar spectral and textural likeness by 

manipulating only spatial parameters, thus creating a mosaic of landscape features of 

similar spectral and textural likeness. The second step was to extract the features of 

interest (i.e. the POM) by classifying them based on their spatial, textural and 

radiometric properties, however, given the distinct differences between healthy, green 

forest and the POM, only radiometric and spatial properties were needed.  

 

Three simple rules were identified by the object based image analysis systems 

to distinguish POM across the otherwise healthy forest; (1) the mean of the ratio of 

the near infra-red and red bands (i.e. mean patch greenness) of the imagery being less 

than 0.83 (unitless) was identified as a suitable threshold in a histogram analysis of 

agreement with the field data.  (2) The POM size being between 5000 m2, the FAO 
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(2000) definition of a minimum forest patch size and the upper size limit of 325000 

m2 being twice the size of the limited area field data and representative of POM 

identified across the entire study area. (3) The mean of the green band was zero, 

indicative of non-photosynthetic vegetation and the absence of greenness, thus 

complementing rule 1.  

 

Using these three rules, the model was visually calibrated on the 20 healthy 

and 20 mortality field sites and resulted in the identification of a total of n=1853 POM 

when applied to the whole study area. The accuracy of the object based classification 

was then assessed by comparing a 135km2 forest health assessment grid of 1km2 cells 

with the classified objects in a standard confusion matrix allowing overall, user and 

producers’ accuracy to be calculated. 

 
 

4.4.7 MODIS fractional cover dataset  
 

We used the MODIS-based vegetation fractional (MODFC) cover dataset 

developed by (Guerschman et al., 2009) to determine changes in fractional cover 

between 2000 and 2012 in order to establish the natural variability experienced by the 

forest against which we compare the impact of the 2010-2011 event.  MODFC was 

selected because it has been used for national monitoring of ground cover (Stewart et 

al., 2011) and is currently the only estimate of photosynthetic vegetation (fpv), non-

photosyntheic vegetation (fnpv) and bare soil (fbs) data validated for Australia.  We 

address the issue of spatial and temporal disparity between remotely sensed greenness 

(SPOT-5 at 10m), cover observations (MODFC 500m) and climatologies by 

aggregating the fractional cover from its native resolution down to that of the 

climatologies used in our bioclimatic analyses and specifically for comparison across 

scale. In order to determine significant trends versus signal noise we use the STL 

package in the R-Project framework after Cleveland et al. (1990).  
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The STL method provides a loess smoothed trend by calculating and 

extracting a seasonal cycle and high frequency variability and subtracting these 

components from the raw fpv, fnpv and fbs signal. The resulting trend can then be used to 

reliably determine significant trends (i.e. positive or negative departures) from the 

time series mean (M) and standard deviation (SD). We define a significantly positive 

trend as being when the loess trend is greater than the sum of the time series M and 

SD, for example, a significant growth trend is said to occur when fpv is greater than 

the sum of the M and SD (MSD) and a significant decline in cover when fpv is less 

than MSD. Additionally, we calculate a rolling mean and standard deviation for the 

raw data using a moving window of 3 months. This provides an estimate of the local 

variance of the standard deviation of the raw data relative to the STL trend, useful for 

visually assessing the temporal variance in both the raw and trend signals 

simultaneously.  

 

4.4.8 Gridded climatologies and bioclimate analysis  

 
The AWAP dataset (Raupach et al., 2009) was used because it is recognized 

as an accurate resource of the state and trends of the terrestrial water balance of the 

Australian continent at a spatial resolution of 0.05 degrees (nominally 5 km) (van 

Dijk and Renzullo, 2011). Monthly climatologies of minimum and maximum 

temperature, precipitation, actual (total) evaporation and potential evaporation were 

spatially extracted from AWAP for the period 1970-2010. Spatially explicit 

climatologies of the study area and the NJF were then aggregated for the analysis 

across seasonal and inter-annual timescales necessary to understand the climatic 

envelope of the forested study area. 
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In the NJF, subsurface through-flows are coupled to soil moisture recharge 

(Kinal and Stoneman, 2011) and there is an annual moisture deficit (Petrone et al., 

2010) consistent with other Mediterranean climes (Prentice et al., 1993). The net 

result is that wet season (winter) precipitation that is not intercepted or stored is lost to 

runoff and stream flow. In addressing this issue for similar climates, Prentice et al. 

(1993) proposed a scalar, α renamed to the Mean Annual Aridity Index (MAAI) for 

this study, designed to capture the seasonal variability of soil moisture independently 

of vegetation interception and considered it indicative of the growth-limiting drought 

stress on vegetation.  

 

We calculate a MAAI as the ratio of actual (total) evaporation (Ea) to potential 

evaporation (Ep) derived from the AWAP climatologies (Raupach et al., 2009) which 

models evapotranspiration approximate to the methods of Priestley and Taylor (1972). 

We assume that Ea can never be greater than Ep and that Ea constrains both soil 

evaporation and transpiration from the vegetation. We calculate MAAI for each NJF 

pixel and compare mean annual precipitation and temperatures between the climate 

époque 1970-2009 and the annual average for 2010. We classify our MAAI in the 

same way as Middleton’s (1997) aridity ratio of precipitation to potential evaporation 

for the purposes of comparison (Table 4.1). 
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Table 4.1.  Aridity-humidity classification of the value of MAAI, the ratio of actual to 

potential evaporation (after Middleton, 1997). 

 

Class Range 

Hyperarid 0 to 0.05 

Arid 0.06 to 0.20 

Semi-arid 0.21 to 0.50 

Dry-subhumid 0.51 to 0.65 

Humid and wet >0.66  

 

 
Detailed micrometeorological observations, greater than 5km resolution do not 

currently exist across the forest, and as such, the best available alternative to dynamic 

energy and water balance information are surrogate bioclimatic indices with known 

biological significance (Nix, 1986). Using the AWAP climatologies (Raupach et al., 

2009) 19 bioclimatic indices (Table 4.2) were derived using the R-Project species 

distribution modeling package ‘dismo’ (Hijmans et al., 2012) to make a total of 20 

indices. The bioclimatic indices summarize the total energy and water inputs across 

the NJF at seasonal and annual timescales. They characterize the climatic envelope 

and identify any thresholds driving the POM occurrences following the summer of 

2010-2011.  
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Table 4.2 Nineteen bioclimatic indices calculated for the analysis (after Nix, 1986) 

 

Index Description 

BIO01 Annual Mean Temperature 

BIO02 Mean Diurnal Range (Mean of monthly (max temp - min 

temp)); Tmdr 

BIO03 Isothermality (Tmdr / Tara) (* 100) 

BIO04 Temperature Seasonality (standard deviation *100) 

BIO05 Max Temperature of Warmest Month; Twmo 

BIO06 Min Temperature of Coldest Month; Tcmo 

BIO07 Temperature Annual Range (Twmo - Tcmo); Tara 

BIO08 Mean Temperature of Wettest Quarter 

BIO09 Mean Temperature of Driest Quarter 

BIO10 Mean Temperature of Warmest Quarter 

BIO11 Mean Temperature of Coldest Quarter 

BIO12 Annual Precipitation 

BIO13 Precipitation of Wettest Month 

BIO14 Precipitation of Driest Month 

BIO15 Precipitation Seasonality (Coefficient of Variation) 

BIO16 Precipitation of Wettest Quarter 

BIO17 Precipitation of Driest Quarter 

BIO18 Precipitation of Warmest Quarter 

BIO19 Precipitation of Coldest Quarter 

 
The aggregate of monthly inputs into the seasonal variables enable the 

detection of inter-annual shifts in seasonality; BIO15 relates to shifts in seasonal 

precipitation occurrence, known to be directly related to vegetation drought stress 

(Neilson and Marks, 1994) and BIO14 focuses specifically to precipitation in the dry 

season, in the NJF this is in the summer months (December, January and February).  
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The mean summer diurnal temperature range, and annual precipitation, used in 

the climate space analysis, provides insight into the range and magnitude of the 

energy inputs of temperature and specifically on precipitation preceding the mortality 

event. The approach assisted in identifying the key variables in the bioclimatic space, 

preceding and thus contributing to the mortality event. This deterministic 

methodology is consistent with others which use the response of plant functional traits 

to model their distribution (Peel et al., 2005; Elith et al., 2006) and persistence under 

variable climate scenarios (Beaumont et al., 2005; Renton et al., 2012). 

 

4.5 Results 

4.5.1 Detection of POM and the accuracy assessment 

 
The spatial extent of the study area was 6074.5 ha (60km2).  The expert 

assessment of the 135 km2 grid resulted in greater accuracy in the detection of POM, 

85% hit versus 74% missed, as compared to grid cells containing no death at all 

(Table 4.3). However, there were more than 2.5 times more cells containing POM 

than there were healthy ones. No POM were delineated inside the “validation” area 

(Figure 4.2(b)) and assessment of the presence and absence was conducted 

independently by forestry professionals (Batini personal communications, 2011). 

 

 

 

 

Table 4.3. Confusion matrix of the object based classification of the presence and 

absence of healthy (n=38) and patches of mortality (POM) (n=97) across 135km2 

(n=135 cells) within the NJF 
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 Healthy POM 

Healthy  74% (n=28) 25% (n=10) 

POM  15% (n=15) 85% (n=82) 

 

 
Examples of the comparison of the POM identified in-situ and use for training 

the model (Figure 4.2a) reveal the complexity of the patch shapes and their stark 

visual differences between the surrounding, healthy vegetation. Figure 4.2 is a false-

colour image in which red dominant colours indicate photosynthetically active cover 

(i.e., brighter red = more leaves), green-grey-black colours indicate non-

photosynthetic cover and white colours are generally indicative of the high levels of 

reflection from bare soil and sands. Figure 4.3 shows the distribution of the POM 

across the study area including those areas excluded. 
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Figure 4.2. Système Pour l'Observation de la Terre mission 5 (SPOT-5) infrared 

imagery (10 m) overlaid with (a) field data and feature extraction modeled patches of 

mortality (POM) and (b) the model evaluation grid and POM contained within a 

number of cells. 
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Figure 4.3 SPOT-5 Imagery overlaid with the mining, water and cloud masks used 

across the study area in the classification of the POM and the validation grid used. 
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4.5.2 Changes in fractional cover 

 
The MODFC data were used to investigate if an event of comparable extent 

had occurred prior to the summer of 2010–2011 and quantify the decadal natural 

variability in fractional cover across the study area. At 0.5 km resolution the MODFC 

data potentially contains information on changes in fractional cover for none, one or 

many POM (i.e., those detected from 10 m resolution SPOT-5 data). When MODFC 

is aggregated to 5 km the climate data will contain information relevant to many 

MODFC pixels. Addressing this spatial disparity the MODFC data were aggregated 

to 5 km and both the study area and POM location trends are extracted for 

comparison. This provided spatial parity between the impact of the POM in MODFC 

and AWAP data at 5 km yet did not yield any significant differences in the occurrence 

of the MSD exceedance events (data not shown). 

 

Considering all pixels across the study area, the MODFC time series (refer 

Figure 4.4) shows a simultaneous decrease in fpv (Figure 4.4(a).) and increase in fnpv 

(Figure 4.4(b).) occurred following the summer of 2010–2011. Additionally, around 

2001, there was a significant drop in fpv, which did not coincide with an increase in 

fnpv. Comparing only pixels containing a modeled estimate POM, the average of all of 

these pixels (Figures 5) shows an equally clear and significant decline in fpv 

corresponding with an increase in fnpv and importantly there was no significant change 

in fbs over the summer 2010–2011 period. In contrast to the impacts across the study 

area (Figure 4.5) there was no significant decrease in fpv during the summer of 2001–

2002. 
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Figure 4.4. Spatially aggregated 0.5 km study area average Seasonal Trend 

Decomposition using Loess (STL) trend plots showing the 2000–2012 period with the 

summer of 2010–2011 marked for each component of MODFC Guerschman (2009). 

Subplot (a) is the fraction (%) of photosynthetic cover (fpv); (b) the fraction (%) of 

non-photosynthetic cover (fnpv) and (c) the fraction (%) of bare soil (fbs). 
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Figure 4.5. 0.5 km POM average STL trend plots showing the 2000–2012 period with 

the summer of 2010–2011 marked for each component of MODFC after Guerschman 

et al., (2009). Subplot (a) is the fraction (%) of photosynthetic cover (fpv); (b) the 

fraction (%) ofnon-photosynthetic cover (fnpv) and (c) the fraction (%) of bare soil 

(fbs). 
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4.5.3 The changing climatic space  

 
Spatial analysis of the climate data revealed the NJF has been experiencing a 

sustained net average reduction in precipitation over the last three decades. Annual 

precipitation in 2009 was 69% less (301mm ± 38mm) than the mean of the 30 years 

prior (907mm ± 69mm). In 2010, was 47% less (477mm ± 38mm) over the same 

period (30 year mean, refer Figure 4.6). Over this two year period, the study area 

received 1038mm less precipitation than the long term mean which resulted in the 

ecosystem shifting to a more arid regime.  Figure 4.7 shows pockets of sub-humid 

climate retracted to a more semi-arid climate.  

 

Figure 4.6. Spatially aggregated comparison of the NJF's Mean Annual Aridity Index 

versus Mean Annual Precipitation (mm/year). Averages over the period 1981–2009 

are shown in grey and the 2010–2011 in black. 
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The study area has also been getting hotter over the study period.  Summer 

2010-2011 was 1.1°C (17.7°C ± 5.26°C) warmer than the average summer 

temperatures (16.6°C ±4.63°C) of the last three decades (1981-2011). This rate of 

warming has been increasing over the last decade. Whilst the annual mean minimum 

temperature across the study area was 0.21°C ± 4.68°C cooler (10.08°C ± 4.68°C) 

than the last three decades (10.29°C ± 3.59°C), the summer mean and maximum 

temperatures were higher. The mean 2010-2011 summer maximum temperature was 

1.4°C (31.60°C ± 1.99°C) higher than the previous 30 years (30.17°C ± 2.01°C). The 

2010 annual mean diurnal thermal variability (Tmax-Tmin) was 2.3°C higher (25.20°C ± 

6.7°C) than the previous 30 years.  As with precipitation, this illustrates a shift from a 

predominately semi-arid envelope towards an increasing arid one- completely 

departing its sub-humid zones (Figure 4.7). 
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Figure 4.7. Spatially aggregated comparison of the NJF's Mean Annual Aridity Index 

versus Summer (December, January and February) Average Diurnal Temperature 

Range (deg C). Averages over the period 1981–2009 are shown in grey and the 2010–

2011 in black. 
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4.5.4 Bioclimatic indices and the aggregated extremes 
 

The spatially aggregated indices (Figure 4.8) show the biologically significant 

changes in climate across the NJF between 1971-2010. There is a gradually increasing 

trend (1971-2010) in mean annual temperature (BIO01 refer Figure 4.8) driven by 

both an increase in the frequency of mean temperature years (white) over the last 

decade and a reduction in the frequency of cooler years (blue) between the hotter, 

more extreme years (red). The temperature indices, BIO05 (maximum temperature of 

the warmest month) and BIO06 (minimum temperature of the coldest month), show 

that the warmest and coldest months have been less warm during 2000-2008 

compared to 1981-1999. BIO06 shows three of the coldest months between 2006–

2010 were colder. Simply put, the seasonal temperature extremes are expanding, the 

coolest months are getting colder and the warmest- hotter. In 2010, the annual range 

of temperature (BIO07) was the highest of the entire study period. Winter (i.e., June, 

July and August) in SWWA is usually the wettest part of the year and the mean 

temperature of the wettest quarter (BIO08) has been declining in intensity since 2005. 

Summer (i.e., December, January and February) usually falls in the driest and 

warmest quarter and the mean temperature of the driest quarter (BIO09) has been on a 

warming trend since 2005 as has the mean of the warmest quarter (BIO10). Although 

the coldest month (BIO06) is getting colder, the mean of the coldest quarter (BIO011) 

has been increasing. 

 

The seasonal indices combining precipitation and temperature effects (BIO08-

BIO11) present the same signal-of-change over the last decade and their intensities 

correlate with the wet winters of the period 2008-2010 which have been colder, drier 

and warmer. The precipitation indices, BIO12-BIO19 (Figure 4.8) show the observed 

reduction in rainfall progressively increasing over the last decade which decreases to 

an extreme minimum over the last three years with the most extreme deficit occurring 

in 2010. The annual precipitation (BIO12) clearly shows both a reduction in the 

magnitude of the wet years (1971-1990) and an increase in the magnitude of the dry 
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years (1991-2010). The frequency of wet years shifts (BIO14 and BIO15) away from 

a cycle of a one-in-five marked wet years (1971-2000) to an eight year run of below-

average precipitation (2001-2008) preceding the extremely dry period 2008-2010. 

This trend is also captured in the seasonal precipitation indicators (BIO16-BIO19), 

whilst the regularity of the trend is less strong; there are no extremely wet events 

since 1990. 
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Figure 4.8. Relatively scaled (by index) hepta-class heatmap of NJF spatially 

aggregated bioclimatic variables (Nix, 1986) for the period 1971-2010. Derived from 

the AWAP (Raupach et al., 2009) using (Hijmans et al., 2012). Red colours represent 

quantities greater than the mean (white) and blue less than the mean, intensity 

represents magnitude. 
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Figure 4.9. BIO02 is the ‘Mean Diurnal Range’, the mean of the difference of the 

monthly maximum and minimum temperature (Nix, 1986), for the period 1971-2010. 

Derived from the AWAP (Raupach et al., 2009) using Hijmans et al. (2012). 
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Figure 4.10. Spatial aggregated monthly time series of mean daily rainfall (mm) 

across the study area showing the loess trend, mean and standard deviations and the 

original monthly data, extracted from AWAP (Raupach et al., 2009) for the period 

1981–2010. 

 
The precipitation indices, BIO12-BIO19 (Figure 4.8) show the observed 

reduction in rainfall progressively increasing over the last decade which decreases to 

an extreme minimum over the last three years with the most extreme deficit occurring 

in 2010. The AWAP precipitation data (Figure 4.10) shows the significance of these 

drier years over recent decades and significant declines (i.e., less than the MSD) 

occurring in 2001, 2006 and 2009. Prior to 2000 there were significantly wet years 

(i.e., greater than the MSD) in 1981, 1984, 1988, 1992 and 1997 and none between 

1998 and 2010. The annual precipitation (BIO12) clearly shows both a reduction in 

the magnitude of the wet years (1981–1990) and an increase in the magnitude of the 

dry years (1991–2010). The frequency of wet years shifts (BIO14 and BIO15) away 
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from a cycle of a one-in-five marked wet years (1981–2000) to an eight year run of 

below-average precipitation (2001–2008) preceding the extremely dry period 2008–

2010. This tendency is also captured in the seasonal precipitation indicators (BIO16-

BIO19); whilst less strong, there are no extremely wet events since 1990. 

 

4.6 Discussion 

Over the last decade the study area has become drier, and the mean annual 

diurnal temperature range more extreme, increasing the risk of damage and mortality 

from a change in the frequency and intensity of heat waves and the potential for frost. 

As precipitation decreased the forest was exposed to greater mean annual diurnal 

temperature range which in turn contributed to an increase in evapotranspiration and 

gradually resulted in a bioclimatic shift towards aridity. These results suggest the 

bioclimatic factors preconditioning the POM across the study area were: 

 

1. A succession of warm summers with summer maximum temperatures in 

2010–2011 1.4 °C hotter than the 30 year average. 

2. A sustained multi-decadal reduction in wet years over the last 30, with 1982 

being the wettest.  

3. A succession of extremely dry years, 2009 was 69% less than the 30 year 

average and 2010 was 47% less over the same period. 

4. A sustained increase in BIO02 over the last decade, peaking in 2010 at 1.6 °C 

above the 30 year average. 

	
  

Whilst it is well documented that climatic warming is expected for the 

southwest of Western Australia, we found that the increased diurnal temperature 

range (BIO02) was a stronger indicator than an independent change in the maximum 

temperature- which was expected (Neilson and Marks, 1994). Minimum temperatures 

also declined as the temperatures become more extreme (hot and cold) the mean 

annual diurnal temperature range is increasing, reaching a study period maximum of 
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14.7 °C ± 0.5 °C in 2010. This greater range increases the chance of frost in winter 

and heat waves in summer. In combination, the results suggests that in the presence of 

drought, exposure to both more intense cold and heat compounded vegetation water 

stress sufficiently to exhaust available energy reserves required for rooting and 

transpiration defense strategies- an effect found in plantation forests where soil depth 

and water storage capacity were found to be low (Harper et al., 2009). 

 

This 2010–2011 event is also similar to the documented genesis of other forest 

mortality episodes (Allen et al., 2010) for which it is argued that they will ultimately 

accelerate species turnover and drive landscape evolution as climates shift under 

global climate change (Frelich and Reich, 2010; Wang et al., 2012). These results also 

concur with the pioneering bioclimatic analysis of Gentilli (1948) who predicted a 

similar precipitation threshold (+/− 300 mm) as that which sustains the forest in its 

present geographic location. The spatial analysis shows a reduction of 1038 mm 

accumulated precipitation (2009 + 2010), over 700 mm in excess of the Gentilli 

(1948) threshold. When compared to the 1981–2011 mean, this equates to 69% less in 

2009 and 47% less in 2010. As the climate of SWWA continues to become dryer and 

warmer we need to improve our understanding of the relationships between key 

climatic indicators and the spatiotemporal responses of our native forests at the 

landscape scale. 

 

More recently, numerous studies have identified the bioclimatic envelopes that 

drive trait based species distribution across landscapes. The underlying objective of 

these studies is to parameterise models that attempt to predict future climate change 

vulnerability and the adaptive capacity of specific forest types (e.g. Griesbauer et al., 

2011; West et al., 2012). Many of these studies claim there is no clear link between 

strong-drought induced water stress and plant physiological responses (e.g. 

Griesbauer et al., 2011; West et al., 2012) on the basis that stomatal control limits 

carbon assimilation during drought (Chaves, 1991; Chaves et al., 2003). The 
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precipitation data shown here suggests water limitation (i.e., drought and water stress) 

has been the primary driver of this mortality event. 

 

Recent studies of Mediterranean climates indicate that severe droughts can 

result in non-stomatal limitation of photosynthesis relative to leaf water stress 

(Misson et al., 2010) when driven by low water availability and high evaporative 

demand over time (McDowell, 2011a, 2011b).  Such responses confound the 

assimilatory capacity of vegetation and in severe drought conditions, can exceed 

physiological water-carbon deficiency thresholds that could in turn trigger reduced 

recovery hysteresis, cascading effects and mortality (Gutschick and BassiriRad, 2003; 

Galmés et al., 2007; Granier et al., 2007; Haldimann et al., 2008). Further 

confounding this debate is evidence that slightly warmer temperatures within a tree’s 

optimum range could enhance forest growth under enhanced CO2 (Luo, 2007). 

 

Satellite imagery has become a well-accepted source of information, providing 

useful information on the spatio-temporal variation of vegetated landscapes. In this 

study we used 3 different types of remotely sensed data; (1) DMSI airborne imagery 

(0.5 m), (2) SPOT-5 high-resolution (10 m) and (3) MODIS moderate resolution (0.5 

km) satellite imagery that were further aggregated to 5 km. We combined them to first 

detect and map a decline event at a single point in time, highlighting the significant 

spatial extent of the event. Then analyzed historical data to understand how the past 

impacted on the changes in photosynthetic cover (i.e., forest canopy) we observed and 

modelled following the summer of 2010–2011. We found both satellite sensors 

(SPOT-5 and MODIS) detected changes in photosynthetic and non-photosynthetic 

cover following the summer of 2010–2011. The MODFC data provided a long-term 

(2000–2012) baseline for fractional cover suggesting that in the years prior to the 

2010–2011 event the POM modeled sites were persisting within their environmental 

niche- in a “healthy” state with no evidence of widespread stress. In addition to the 

independent validation, the MODFC analysis provides greater confidence in this 



101 
 

multiple sensor methodology. The similar results following spatial down-aggregation 

of the MODFC data, i.e., to the same resolution as the climatologies, adds yet further 

confidence to the usefulness of MODFC for mapping such events at lower resolutions 

when no better data are available. Additionally, this approach demonstrates the 

potential use of programmable satellites such as SPOT-5 to acquire these data on 

demand and for broad-scale, near-real time post-mortem POM detection.  

 

The threat of fire in the NJF remains significant as long as the residues of each 

POM remain scattered across the forest. Should the POM combust; it could 

potentially create a wildfire in the same way that the 1998 Yellowstone fires evolved 

from distributed patches into one large conflagration which persisted for months 

(Knight and Wallace, 1989). Such an event could have a significant impact on the 

biodiversity of the flora and fauna of the forest’s and threaten the welfare of the local 

population. 

 

4.7 Conclusion 

Expansion of the thermal extremes of minimum and maximum temperature 

and prolonged drought were major drivers of forest mortality in the NJF following the 

summer of 2010-2011. This forest scale mortality event was successfully captured 

using SPOT 5 imagery using a three-rule feature extraction algorithm that produced a 

map of their distribution across the landscape. Used in this way, the combination of 

remote sensing and gridded climatologies provides a means of monitoring, mapping 

and analyzing the drivers of bioclimatic induced change of forested ecosystems for 

known events and a basis for a new generation of models on similar spatial and 

temporal scales. As such, this approach makes a significant contribution towards a 

robust methodology for monitoring the impact of climate induced drought and the 

underlying ecological consequences of extreme climate variability on forest 

dynamics. 
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CHAPTER 5 
LINKING A DECADE OF FOREST AND 

WOODLAND DECLINE IN THE SOUTHWEST OF 
WESTERN AUSTRALIA TO BIOCLIMATIC 

CHANGE  
 

5.1 Overview of author contributions 

This chapter addresses the specific aim of applying the methodology 

developed in chapter 4 to include several forest and woodland areas across the 

southwest of Western Australia (SWWA). Rather than going back 30 years, as is the 

case in chapter 4, this chapter focuses on the last decade for which MODIS fractional 

cover data is available (2000-2012). The results define a set of thresholds for the key 

bioclimatic variables identified in chapter 4, including precipitation, diurnal 

temperature range and the aridity index based solely on the remote sensing and 

bioclimatic analysis. This chapter has been published by the Journal of Australian 

Forestry.  

  
A number of decline events have been reported over the last decade. Whilst 

their reported causes vary, most consider or conclude that drought is an inciting 

factor. This chapter relies on these reported events, which do not necessarily present 

detailed temporally or spatially explicit observations of decline or mortality, yet 

provide an indication of time and place. By extending the spatial domain to include 

SWWA, it adds additional value as a guide for future monitoring and modeling the 

forested and woodland ecosystems generally. Additionally, this chapter demonstrates 

that this methodology is applicable to a diverse range of ecosystems, robust and 

consistent yet uses only freely available data and software. 
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Evans wrote all sections of this chapter, performed all of the data reformatting 

and analysis. Evans prepared the manuscript for publication. Stone and Barber 

contributed significantly to the publication and provided feedback on the chapter 

together with Lyons and Hardy. 

  

5.2 Abstract 

The south-west of Western Australia has experienced severe and prolonged 

drought over the last three decades. This has coincided with forest declines and more 

recently (following the summer of 2010–2011) sudden stand mortality in the Northern 

Jarrah Forest. Over the same period the Southern Jarrah and Southern Karri Forests 

remained unaffected. The bioclimatic linkage between these localised climatic events 

and forest responses is key to developing a predictive capability that permits timely 

interventionist management strategies. We looked at the temporal dynamics of three 

accessible bioclimatic parameters (monthly mean diurnal temperature range, monthly 

mean precipitation and an aridity index derived from evaporation data) that were 

spatially registered with forested areas known to have been affected by this shift 

towards dryer and hotter conditions. Changes in forest condition were determined by 

accessing the vegetation fractional-cover dataset, freely available from the high 

temporal resolution satellite MODIS. This dataset provided estimates of three 

vegetation-related indices, namely photosynthetic vegetation, non-photosynthetic 

vegetation and bare soil cover. Both the climatic variables and the vegetative response 

variables were spatially co-registered over each of the three selected forest areas and a 

time series analysis undertaken for each variable. From the observed trends, we 

identify a set of threshold values for each bioclimatic metric and the approximate time 

lag associated with observed notable deterioration in the vegetation cover metrics. 
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5.3 Introduction 

The south-west of Western Australia (SWWA) has been getting dryer and 

warmer over the last three decades and this sustained and substantial shift in climate 

has been linked to forest decline and mortality throughout the region (Brouwers et al., 

2012a, b; Evans and Lyons, 2013; Matusick et al., 2013). Wardell-Johnson et al. 

(2011) showed this sustained decadal change in climate threatens both biodiversity 

and carbon stocks in the region. This shift towards aridity has also been demonstrated 

as consistent amongst decline and mortality events observed in Mediterranean climate 

forests in eastern Australia and overseas (e.g. Allen et al., 2010). In fact, most past 

decline events in Australia have been attributed to a complex of causes but with 

drought as the inciting factor. For example, drought has been implicated as one of the 

single factors most likely causing the widespread decline and mortality of Eucalyptus 

crebra and E. xanthoclada in Queensland (Rice et al., 2004). Palzer (1983) similarly 

attributed the most likely cause of dieback of E. regnans and E. obliqua to be water-

deficit (i.e. drought) and high leaf temperatures (i.e. heatwaves) although his work 

was confounded by the possibility of a virus or mycoplasma. The proposed causes of 

dieback affecting E. obliqua in Tasmania included a combination of drought followed 

by attack from leaf-consuming insects and a root-colonising fungus (Felton et al., 

1981; Palzer et al., 1981). Similarly, dieback of E. rossii and E. macrorhyncha in the 

ACT and NSW was attributed to the susceptibility of these species to drought 

followed by secondary attack from stem borers (Phoracantha spp.) (Pook et al., 1981; 

Pook and Forrester, 1984).  

A number of Western Australian eucalypt species have also suffered a severe 

decline in health associated with drought or diminished access to soil moisture, 

including E. marginata (Scott et al., 2012), E. gomphocephala (Archibald et al., 2004; 

Cai et al., 2010), and C. calophylla (Paap et al., 2008; Matusick et al., 2012). 

Matusick et al. (2012) reported the occurrence of a severe and sudden dieback event 

within an E. gomphocephala woodland coincided with extreme drought and heat 

conditions experienced in south-west WA during early 2011. They concluded that 

reduced precipitation resulted in a significant lowering of groundwater and lake levels 
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in the entire study area and stand vulnerability was influenced by local precipitation 

drainage patterns. Recent observed outbreaks of insect infestations and fungal 

diseases in this region have also been attributed to altered climatic conditions 

presenting complex and damaging aetiologies (e.g. Hooper and Sivasithamparam, 

2005).  

The observed catastrophic collapse of forest stands throughout parts of 

SWWA following the summer of 2010–2011 (Evans et al., 2013; Matusick et al., 

2013) highlights the sensitivity of these forest types to prolonged drought and 

elevated temperatures and, coupled with a predicted increase in the incidence and 

severity of extreme rainfall and temperature events, exposes the vulnerability of these 

forests to future climate-change scenarios. Forest managers in this region and 

elsewhere now require access to software tools that improve their capacity to forecast 

drought-induced stand mortality with sufficient time to implement adaptive 

management strategies.  

Fortunately there has been an unprecedented release of global and national 

earth observation climatologies and remote sensing data in recent years. For example, 

the Terrestrial Ecosystem Research Network (TERN) established AusCover, which is 

coordinated by the CSIRO’s Marine and Atmospheric Research Division (CSIRO 

CMAR), and provides a data distribution service by connecting remote-sensing 

science groups and providing the infrastructure to support data collection, in-situ 

calibration, validation and technical documentation. Remotely-sensed data, such as 

those used in this study, are freely downloadable from the AusCover Distributed Data 

Archive and Access Capability (DAAC) data portal (AusCover, 2013). In addition, 

the South Eastern Australian Climate Initiative (SEACI) funded the Australian Water 

Availability Project (AWAP), a collaboration between CSIRO CMAR, the Australian 

Government Bureau of Meteorology (BoM) and Bureau of Rural Sciences (BRS), to 

monitor the state and trend of the terrestrial water balance of the Australian Continent 

(Raupach et al., 2009). Combined, these data present a powerful capacity for 

monitoring changes in forest condition and degradation. These data are also needed 



107 
 

for the parameterisation of models that attempt to predict the vulnerability of forests 

to climate change (Griesbauer et al., 2011; West et al., 2012).  

Many consider satellite technology as the only cost-effective method for 

monitoring forest condition or disturbance across landscapes at high temporal 

frequencies, despite the spatial trade-off (i.e. reduction in spatial resolution) inherent 

in these data (e.g. Kerr and Ostrovsky, 2003; Coops et al., 2009; Verbesselt et al., 

2009 and 2010; Caccamo et al., 2011). Recently, Evans and Lyons (2013) showed 

that when combining these datasets for quantifying bioclimatic shifts in forest 

mortality over large areas, a resolution of 0.05° was sufficient to characterise the time 

and intensity of the event. Evans and Lyons (2013) showed that a MODIS-based 

vegetation fractional (FC) cover dataset developed by Guerschman et al., (2009) was 

able to quantify the natural variability experienced by the forest against observed 

mortality of the 2010–2011 event. FC accurately represented changes in the 

photosynthetically active cover, non-photosynthetically active cover and bare soil 

(Evans and Lyons, 2013). Furthermore, Evans and Lyons (2013) analysed 20 

bioclimatic variables over the Northern Jarrah Forest (NJF) and showed that although 

temperatures were hotter preceding the event, the diurnal temperature range (DTR) 

best captured the total contribution of temperature on the mortality of patches of the 

forest. Whilst Evans and Lyons (2013) covered the NJF 2010–2011 mortality event in 

detail, the method was not tested across other forested regions in SWWA. 

Accordingly, we apply a subset of the Evans and Lyons (2013) method in this study. 

We use monthly aggregated gridded climatologies of the DTR, precipitation, 

evapotranspiration and fractional cover at 0.05° resolution for the period 2002–2012 

(Raupach et al., 2009). 

In this study we identify and map canopy declines of three forests in the 

SWWA documented between 2002 and 2013 (Evans et al., 2012a, b; 2013; Brouwers 

et al., 2012a; Matusick et al., 2012, 2013) and extract temporal climatic data spatially 

co-incident with these forests. In doing so we demonstrate the potential of three 

bioclimatic parameters (i.e. monthly mean DTR, monthly mean precipitation and an 
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aridity index derived from evaporation data) to forecast forest decline in terms of loss 

of canopy cover at the landscape scale. 

 

5.4 Methods 

5.4.1 Study areas and region selection 

 
The study area, SWWA, lies between 30°0′S and 35°0′S and 115°0′E and 

118°0′E (Figure 5.1). The region has a Mediterranean climate that is typified by dry 

and hot (temperatures in excess of 40°C) summers and mild-to-cool, wet winters 

(Gentilli, 1989). The dominant landform, the Darling Scarp, rises sharply east of the 

Swan Coastal Plain and is a substrate of archaen granite and metamorphic rocks with 

an average elevation of 300 m above sea level (Heddle et al., 1980; Williams and 

Mitchell, 2002). Rainfall varies from around 1000 mm on the western side of the 

scarp to 400 mm to the northern and eastern extremes (Williams and Mitchell, 2002). 

Petrone et al. (2010) showed that since the 1970s the south-west has received 15–20% 

less than average rainfall and this resulted in a step-change reduction in stream flow 

across the Northern Jarrah Forest (NJF) (Hughes et al., 2012). Bates et al. (2008) 

showed the south-west has had a 0.4°C increase in temperature over the same period.  
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Figure 5.1. Map of the study area showing the three forested areas considered in this 

study, the Northern Jarrah Forest (NJF), the Southern Jarrah Forest (SJF) and the 

Southern Karri Forest (SKF). 
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Table 5.1. Forest and woodland zones across the SWWA 

 
Zone Description Reference 
NJF Northern Jarrah Forest Evans and Lyons (2013); 

Matusick et al. (2012); 
Brouwers et al. (2012a) 

SJF Southern Jarrah Forest Shearer and Smith, 2000 

SKF Southern Karri Forest Wardell-Johnson et al. 
(2004, 2007); Dean and 
Wardell-Johnson (2010) 

 
 

We used two Geographical Information System (GIS) layers to determine and 

manually delineate three forest zones for comparison (Table 5.1). Firstly, we used 

Geoscience Australia’s dynamic land cover dataset (DLCD) because it provided the 

most recent validated estimate of land cover over the region and is completely 

remote-sensing-based (i.e. NASA’s Moderate Resolution Imaging Spectroradiometer- 

MODIS) at 250 m resolution (Lymburner et al., 2010; AusCover, 2013). Secondly, 

we overlaid this with the Interim Biogeographic Regionialisation of Australia (IBRA) 

zones because they provide a biologically and geographically justified distinction 

between the forested zones (Australian Government, 2012). The resulting map of the 

study area (Figure 5.1) shows the three forested areas listed in Table 1.1, the Northern 

Jarrah Forest, the Southern Jarrah Forest (SJF) and the Southern Karri Forest (SKF). 

This approach was necessary because the DLCD revealed areas inside the 

IBRA zones that contained cover other than forest (e.g. water and crops), that were 

excluded, and provided a buffer between the zones, thus avoiding edge-effects 

between land-use classes. The spatial layers were used as a guide to ensure the 

selection of forest regions as classified by both the DLCD and IBRA datasets and 

either reported in the literature as declining (Table 5.1) or in the case of SKF, 

assumed to be stable in condition over the 2000–2012 period of available MODIS 

data.  
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5.4.2 Fractional cover dataset and statistical analysis of time series  
 

We use a MODIS-based FC that was developed by Guerschman et al., (2009) 

and more recently by Evans and Lyons (2013) for monitoring changes in evergreen 

forest cover. FC provides an estimate of photosynthetic vegetation (fpv), non-

photosyntheic vegetation (fnpv) and bare soil (fbs). The FC model has been evaluated 

for use in Australia (Guerschman et al., 2012) and found to reproduce vegetation 

cover with root mean squared error between 13% and 16%. FC uses information from 

both the Normalised Difference Vegetation Index (NDVI) and Cellulose Absorption 

Index (CAI) known to be sensitive to cellulose and lignin foliar content and the 

amount of vegetative cover (i.e. green biomass). Linear endmember unmixing links 

in-situ observations of classes of canopy cover to the reflectance properties of the 

satellite pixels. Through assessing combinations of NDVI and CAI, the model 

evaluates the pixels’ location relative to the vertices of a triangle (empirically 

assigned as fpv, fnpv or fbs) and assigns an appropriate cover fraction. Whilst the model 

is constrained by the information contained in the underlying vegetation indices 

(NDVI and CAI) and limited by observations, it remains informative of total canopy 

fractional cover. Evans and Lyons (2013) showed that it is useful for disentangling 

canopy mortality as it is observed transitioning from one mix of cover to another. 

 

We extracted the FC data for each of the three zones between 2002 and 2012. 

We then spatially and temporally aggregated the data to 0.05° and a monthly time 

step. To determine significant change or trends we used the Seasonal Decomposition 

of Time Series procedure within the Loess (STL) package in the R-Project framework 

after Cleveland et al., (1990). The STL is a filtering procedure for decomposing a 

time series into trend, seasonal and remainder (noise) composition. Parameterisation 

of the seasonal smoothing parameters is set to ‘periodic’, which assumes the seasonal 

component is constant throughout the time series and analogous to replacing the 

smoothing parameter with the mean (Cleveland et al., 1990). Accordingly, a 

significantly positive trend is said to occur when the loess trend is greater than the 
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sum of the time series mean (M) and standard deviation (SD), for example, we define 

significant growth when fpv is greater than the sum of the M and SD (MSD) and a 

decline in cover when fpv is less than MSD.  

 

 

5.4.3 Climatologies 

 
We used The AWAP dataset (Raupach et al., 2009) because it has been 

recognised as an accurate resource of the terrestrial water balance of the Australian 

continent (van Dijk and Renzullo, 2011). For each of the zones (Table 5.1) we 

extracted monthly AWAP data of minimum and maximum temperature and derived a 

monthly mean diurnal temperature range (TR in degrees Celsius), that is, the 

maximum minus the minimum, which is known to be a biologically significant factor 

affecting vegetation growth (Nix, 1986). We also extracted monthly mean 

precipitation (PA in mm day–1), actual (total) evaporation and potential evaporation 

over the period 2001–2012. Finally, using the potential and actual evaporation we 

calculated an aridity index, α (unitless), which was designed by Prentice et al., (1993) 

to capture the seasonal variability of soil moisture independently of vegetation 

interception and thus considered indicative of the growth-limiting drought stress as 

per Evans and Lyons (2013). We used the STL package in the R-Project framework 

(Cleveland et al., 1990) as per the FC time series data analysis and calculated M, SD 

and an MSD for each variable.  

5.5 Results 

5.5.1 Changes in fractional cover  

 
A visual comparison of changes in fpv, fnpv and fbs reveal a common trend of 

declining fpv (Figure 2.1) and increasing fnpv (Figure 3.1) across all study zones since 

2007 and relative stability in fbs throughout the period (data not shown). All three 
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study zones show a significant increase in fnpv following the summer of 2010–2011 

(Figure 3.1). This corresponded to a significant decrease in fpv at all sites except SKF 

which suffered a significant decrease 12 months prior (i.e. 2009–2010) and was 

recovering following the summer of 2010–2011. The early 2000s had slightly 

significant increases in fpv at SJF (2002, 2005) and SKF (2003–2005). Accordingly, 

these growth events corresponded to reductions in fnpv (i.e. low) and fbs (i.e. low). The 

jarrah (NJF, SJF) and karri (SKF) forests show a similar and significant sinusoidal 

pattern between 2006 and 2008, with significant decreases in fnpv (starting after the 

summer of 2005–2006) followed by significant increases which peak in summer 

2007–2008. 
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Figure 5.2. Loess trends of Photosynthetic Fractional Cover percent (%) for the period 

2000–2012 at the Northern Jarrah Forest (NJF), Southern Jarrah Forest (SJF) and 

Southern Karri Forest (SKF) zones across the south-west of Western Australia (see 

Table 5.1 for zones details). 
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Figure 5.3. Loess trends of Non-Photosynthetic Fractional Cover percent (%) for the 

period 2000–2012 at the Northern Jarrah Forest (NJF), Southern Jarrah Forest (SJF) 

and Southern Karri Forest (SKF) zones across the south-west of Western Australia 

(see Table 5.1 for zones details). 
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5.5.2 Changes in the bioclimate 

 

Significant departures from TMDR and α between 2000 and 2011 precede the 

trends in the FC, particularly around the decline events observed following the 

summer of 2007 and 2010–2011 (Figures 5.2 and 5.3). Specifically, both of these 

decline events were preceded by a peak in TR. Accordingly, there is a similarly strong 

relationship between rainfall and FC trends with a regular, approximate six-monthly 

gap between the trends (Figure 5.4). Starting in early 2009, all zones show a 

continued high-level TR which exhibited a ‘saddle back’ bimodal peak feature 

occurring around the summer 2008–2009 and autumn 2010–2011; the latter was of 

greater intensity than the former. 
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Figure 5.4. Loess trends for the Northern Jarrah Forest (NJF) of monthly alpha (α 

unitless), the unitless aridity index, monthly average diurnal temperature range (TR in 

degrees Celsius) and monthly precipitation (PA in mm day–1) for the period 2000–

2011 at each of the zones across the south-west of Western Australia (see Table 5.1 

for zones details). 

 
 

Considering only the TR trends, the 2010–2011 event was significantly strong 

at NJF and mildly significant (data not shown) at the SJF and SKF. However, a peak 

of strongly high TR occurred at all zones in the second half of 2007, following an 

almost equally intense dip in the TR for the preceding 12 months (i.e. a sinusoidal 

trend). The period 2011–2012 is ignored since the remote-sensing time series begins a 
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year later and ends a year earlier. Variances in the first year are considered to be 

biased by the truncation of the time series and ignored. 

The aridity index, α, followed a similar (i.e. inverse or significantly below the 

mean) trend to the temperature data surrounding the 2010–2011 decline event. 

Additionally, the α trends follow the fpv with high synchronicity at a number of mildly 

significant departures from the mean (both positive and negative) throughout the time 

series. The mild 2007 decline event, featuring significant preceding TR (high) and PA 

(low) across all sites, did not feature a significantly low α as expected across all 

zones; as was the case in 2010–2011. By comparison, the previous (wet) year (2008–

2009) had significantly high fpv, corresponding to a significantly low TR and high PA 

across the zones and a significantly high α, indicative of the high humidity (refer 

Figures 5.2–5.4).  

 

5.5.3 Bioclimate thresholds for modeling 

 

A summary of the key bioclimatic thresholds that were exceeded and 

identified as preceding the inter-zonal occurring decline events of 2007 and 2010–

2011 (Table5.2). Mean TR values range between 10.34°C ± 0.32°C across the SKF up 

to 13.06°C ± 0.42°C in the NJF and have a relatively low variance. PA has a higher 

standard deviation, and the driest (NJF) zone has a monthly average of 2.24 mm/day 

± 0.37 mm/day and the wettest; SKF has an average of 2.82 mm/day ± 0.36 mm/day. 

The aridity index, α, follows this basic trend, the driest region, NJF had a mean α of 

0.55 ± 0.04 and the wettest, most thermally variable region was SKF 0.69 ± 0.03.  
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Table 5.2. Bioclimatic thresholds resulting in declines of vegetation fractional cover 

dataset (FC) photosynthetic cover derived from 2000–2011 mean and standard 

deviations of the loess trend for three forests in the south-west of Western Australia 

Forest TR (°C) 
Time (t) – 12 months 

PA (mm day–1) 
t – 6 months 

α (unitless) 
t – 12 months 

NJF ñ > 13.48  
mean: 13.06 sd: 0.42 

ò > 1.87  
mean: 2.24 sd: 0.37 

ò > 0.51  
mean: 0.55 sd: 0.04 

SJF ñ > 12.21  
mean: 11.85 sd: 0.36 

ò > 1.93  
mean: 2.21 sd: 0.28 

ò > 0.57  
mean: 0.6 sd: 0.03 

SKF ñ > 10.66 
mean: 10.34 sd: 0.32 

ò > 2.46  
mean: 2.82 sd: 0.36 

ò > 0.66  
mean: 0.69 sd: 0.03 

 

We suggest that these three climatic variables could be used in a simple model 

for predicting drought-induced canopy decline by incorporating two or three of the 

local threshold values identified to occur over the preceding 6–12-month period for 

each forest (Table 5.2), initially using only TR and PA (time minus 6 and 12 months) 

and then, in the last 6 months, α for additional confidence. A practical implementation 

of this approach could be to monitor these metrics to achieve a 6–12 months advanced 

warning of broad-scale decline. In this example these three metrics could have been 

used 6–12 months in advance as a warning that the summer of 2010–2011 TR was 

exceeding these thresholds. Similarly, PA was significantly less than these thresholds 

for the wettest months (June, July and August) of the six months prior. Finally, α was 

significantly lower than these thresholds for most of the 12 months prior. A similar 

pattern can be observed preceding the 2007 declines and an inverse relationship prior 

to growth events (e.g. 2005–2006). Similarly, the FC data exhibits declining trends 

throughout this period and may provide additional predictive potential. 

 

5.6 Discussion 

By definition, drought refers to a sustained reduction in rainfall of some 

magnitude, yet this threshold is seldom defined for forests at the landscape level. The 
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bioclimatic thresholds identified in this study (Table 5.2) provide the potential to 

predict forthcoming changes in canopy condition, namely the risk of drought-induced 

decline for specific forested landscapes, up to 12 months preceding the event. We 

stress that the development of such a model would require substantial field validation 

beyond the scope of this work. Yet, once developed it could offer a near real-time 

indicator of the potential of canopy decline and mortality. Our time series analysis 

demonstrates a strong temporal and spatial agreement with decline events recorded in 

the literature and the aggregated FC trends. This relationship was significantly strong 

at zones with known decline episodes over recent years (2007–2011), for example in 

the NJF (Matusick et al., 2012, 2013; Evans and Lyons, 2013). Our results also 

suggest that this method is equally applicable to other areas where declines have not 

been recorded (e.g. SKF) or are weaker in intensity (SJF and some examples across 

the NJF).  

 

The high temporal resolution of the datasets used in this study not only 

enables long-term trends to be identified, but also captures the variability inherent in 

rainfall and temperature records. The jarrah forests appear not only to be responding 

to long-term climatic trends (Bates et al., 2008) but also through acute fluctuations in 

fpv, fnpv and fbs, presenting phases of decline and in some cases, canopy recovery. 

These finer-scale responses are known to be significantly influenced by local terrain 

and hydrological factors (e.g. Mitchell et al., 2012). For example, in the case of the 

NJF, the recent severe drought and subsequent decline event has been linked to 

marked depletion of stream flow (Petrone et al., 2010; Kinal and Stoneman, 2011). 

Potential evaporation was found to exceed precipitation in the NJF (Petrone et al., 

2010) and only a small portion (3–20%) of runoff is generated directly from rainfall 

(Ruprecht and Stoneman, 1993; Hughes et al., 2012). This finding is of particular 

significance to our results and the use of TR, PA and α together because they suggest 

that relying on TR or PA independently might not account for the significant 

contribution from evaporation inherent in α—which is designed to quantify the 

seasonal variability of soil moisture independently (Prentice et al., 1993). In the 
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context of these results, it suggests that the decline in forest condition and cover was a 

product of both a severe shortage of surface water (rainfall converted to soil moisture 

in-situ) and stream-flow-(sub-surface) derived water. This could be confirmed 

through access to low-resolution surface hydrology models.  

 

Periods of reduced rainfall can also correspond to dry cloudless winter 

conditions, which contribute to surface cooling and increase the chance of frost 

damage to foliage, which in turn represents an additional stressor. This effect is 

captured in TR because it contains the difference between the maximum and minimum 

temperatures. Whilst the minimum temperatures experienced in the SWWA (data not 

shown) are relatively mild and seldom result in retardation of growth, acute episodic 

frost can damage the cells of eucalypt foliage and result in defoliation (Brookhouse 

and Brack, 2006). Frost is well known to impact on eucalypt foliage and therefore 

contributes to vegetation stress (Barry et al., 2008). As such, the TR results suggest 

variations in diurnal temporal variability have not only increased significantly since 

2007, but sustained high values since then have preceded forest declines across the 

south-west. 

 

The coldest zone considered in this study, the SKF, has no reported episodes 

of canopy decline in the literature. There was no significant change in the FC and TR 

trends despite a significant reduction in PA and α. The SKF PA trend features the 

greatest variability of all zones 2007–2011. The SKF peak rainfall event (2008–2009) 

was the overall greatest in magnitude across all the zones monitored. This may 

suggest that a strongly significant positive TR is an essential pre-cursor to a decline (as 

was the case at the other sites) or merely confirm that there was sufficient surface or 

sub-surface water available in the SKF at the time—enough to maintain normal FC. 

Following the aridity-humidity index classification of Middleton (1997), the SKF is 

the only ‘Humid and Wet’ zone considered. We suggest that the climatic thresholds of 
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canopy decline cannot be determined in this time series, yet the method remains 

useful for this and potentially other humid and wet zones. 

 

Finally, this study also confirms the results of Evans and Lyons (2012), in that 

0.05° provided an adequate estimate of the most appropriate pixels for comparison 

and the highest temporal resolution gain appropriate for strategic planning activities 

(Kerr and Ostrovsky, 2003; Gillanders et al., 2008). When higher-resolution 

climatology surfaces become available, this work could be repeated using the 500 m 

FC surfaces and hence be more appropriate for operational-scale decisions. These data 

were all freely downloadable and publicly available through the TERN and other 

Australian Government funding initiatives, making this an affordable approach for 

high temporal resolution monitoring of forest canopy condition at the landscape scale 

(Raupach et al., 2009; AusCover, 2013). However, further work is required to confirm 

whether these three climatic variables TR, PA and α could provide a simple means for 

predicting regional drought-induced mortality events in other forest types and in other 

regions. 
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CHAPTER 6 
GENERAL DISCUSSION, RECOMENDATIONS 

AND CONCLUSION 
 

6.1 General discussion and conclusions 

The methods and tools developed in this study have made several key 

contributions to our scientific understanding of monitoring and mapping forest 

declines using remote sensing and climatologies across a range of scales from the 

individual tree to the landscape scale. General discussion and conclusions on how 

these knowledge gaps are addressed are presenting in two parts. The first part 

discusses how the total crown health index and digital multispectral imagery can be 

applied to monitoring and modeling the condition of individual crowns across 

landscapes and thereby addresses the first and second specific aims of the thesis and 

their associated knowledge gaps. The second part discusses monitoring, modeling and 

quantification of forest and woodland declines through space and time at the 

landscape scale using remote sensing and climatologies and thereby addresses the 

remaining thesis aims and knowledge gaps.  

 

6.1.1 Development and application of the total crown health index 

and digital multispectral imagery for monitoring and modeling 

individual tree crowns across landscapes 

Whilst in-situ crown assessments have been applied to a number of eucalypt 

species (Stone and Haywood, 2006), including E.gomphocephala (tuart) (Horton et 

al., 2011) across SWWA, no previous study has attempted to (a) combine these 

measures into a single metric, nor (b) related them to digital multispectral imagery 

(DMSI). In this study, high resolution digital multi-spectral imagery (DMSI) was 

combined with in-situ observations of individual crown health. A novel Total Crown 



124 
 

Health Index (TCHI) was developed from repeatable and operationally (USDAFS, 

2005; Schomaker et al., 2007) and scientifically (Stone et al., 2003; Souter et al., 

2010) proven crown condition metrics and applied to tuart, a species in decline in the 

southwest of Western Australia. In doing so, a strong biophysically relevant 

relationship between crown condition and the TCHI and the DMSI was established.  

 

Applying the new model, the crown condition of 80 tuart, spatially distributed 

across a forest, was assessed using inter-annual DMSI images, therefore 

demonstrating the effectiveness of the technique on individual trees across 

landscapes. The model was used to indicate changes in crown condition through space 

and time and a declining trend was identified in the healthiest class of tuart. Whilst 

the precision of this modeled TCHI was investigated in Chapter 3, it is suggested that 

future research using either approach (i.e. Chapters 2 or 3) should carefully consider 

the appropriate condition or health classification resolution (i.e. number of classes). 

For example, for research questions addressing the presence or absence case of 

‘health’ or ‘decline’ (or ‘mortality’), it may not be necessary to estimate a five or ten 

class TCHI, such as presented in Chapters 2 and 3. It may be more appropriate to use 

a simple binary classification, because it is reasonable to expect this would yield 

improved results. Similarly, it would be reasonable to expect that increasing the 

sample number of in-situ observations, in terms of the overall total, would increase 

the reliability of the models estimate.  

 

The temporal resolution of the imagery is also an important consideration. For 

example, in Chapter 2 and 3 single annual images were used to detect inter-annual 

change in condition. Moderate resolution satellite imagery, such as MODIS, provide 8 

daily, 16 daily and monthly and annual composite images. Depending on the 

scientific question or management objective, an appropriate spatial and temporal scale 

may provide additional insight into the timing of broadscale changes in forest 

condition. Whilst it is costly and technologically prohibitive to have 0.5m DMSI 
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resolution imagery at the temporal frequency of MODIS for large forested areas, this 

study adds support to a case for continued scientific research into the combination of 

limited temporal, high spatial resolution data (such as DMSI) with moderate spatial 

and high temporal resolution data (such as MODIS and Landsat). 

 

The TCHI-DMSI method presented in Chapters 2 and 3 has the potential to be 

used on other forest ecosystems, both evergreen and deciduous, in any location. In 

considering such use, it is recommended that the variable influence of understory, soil 

and atmospheric moisture (Huete et al., 2002) is considered. In Chapter 2 this was 

demonstrated by comparing a range of vegetation indices (VI), each selected in an 

attempt to deal with the noise associated with over-story and understory dynamics. In 

Chapter 3, this was extended using a range of textural, spectral and geometric indices. 

It is important to note these chapters considered 100’s of pixels across a tuart crown 

using 0.5m DMSI and found that the effects of soil and atmospheric noise were not an 

issue. For similar reasons, choosing the most appropriate resolution for the target 

objective itself is critical. For example, in Chapters 2 and 3, 0.5m DMSI was 

satisfactory for individual tuart crowns, yet in Chapter 4 it was found that SPOT-5 

10m satellite imagery was not satisfactory for similarly sized crowns in the NJF.   

 

The methods presented in Chapters 2 and 3 demonstrate the usefulness of 

DMSI for forest and woodland condition monitoring and therefore provide land 

managers with additional tools for quantifying changes in individual tree crown 

condition over large areas. However, careful consideration of the appropriate degree 

of change to be detected remains critical to scientific and operational applications of 

the methodology. Accordingly, this issue raises the question; Should one take a 

simple or complex approach?  If limited computing resources are available and 

precision is not an issue, the simple linear regression based approach might be more 

appropriate (i.e. Chapter 2). Alternatively, if this is not an issue, Chapter 3 may be 

considered. In this study, this question was addressed by the extension of the 
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regression based model developed in Chapter 2 to make use of more complex 

textural, spectral and geometric variance indices calculated from the DMSI (Chapter 

3). This improved estimate of the biophysical relationship was achieved by using the 

machine learning algorithm Random Forest (Breiman, 2001) to identify, from a large 

number of predictor variables, which combinations better explained the variance.  

 

In summary, Chapters 2 and 3 demonstrate the use of state-of-the-art, high 

resolution remote sensing imagery and a number of statistical modeling and validation 

techniques for combining ground based and remotely sensed data to quantifying the 

health of individual trees across a forested landscape. We suggest these methods are 

best combined as part of an integrated low-to-moderate resolution monitoring system 

and therefore dispatched to identify individual condition changes when landscape 

scale decline and mortality events occur. 

 

6.1.2 Combining remote sensing and climatologies for monitoring, 

mapping and quantifying forest declines and mortality events and 

defining bioclimatic envelopes 

The methodologies developed in Chapters 4 and 5 were a response to 

questions arising from an unexpected forest mortality event which took place across 

NJF following the summer of 2010-2011. Namely; Can we effectively map the 

decline event using high resolution satellite imagery and feature extraction? and Can 

be determine the bioclimatic drivers which preceded the event? This second question 

motivated further questions to be addressed, including; Are the impacts of the event 

evident in moderate resolution satellite sensors (i.e. MODIS)? and What resolution is 

necessary to compare the remote sensing with climatologies in order to determine the 

bioclimate drivers of the mortality event? 
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Accordingly, Chapter 4 addresses the related knowledge gaps presented in 

Chapter 1 and in doing so demonstrates the ability to progress in scale from Chapters 

2 and 3 to study changes in forest condition (and health) at the patch and landscape 

scales. This was achieved using SPOT 5 imagery (10m) by extracting these features 

as patches or mortality (POM) across the NJF. Once the POM were established, a 

nationally validated MODIS based fractional cover dataset (500m) was used to 

demonstrate that POM represented a significant change in long term forest condition 

and these data were further aggregated to a resolution comparable to the available 

climatologies (around 5000m). Once this spatial resolution gap was bridged, the data 

were used to quantify the bioclimatic drivers, and relevant thresholds, that surrounded 

both the NJF mortality event (Chapter 4) and declines across SWWA over the last 

decade (Chapter 5).  

 

As such, the step from one region (NJF) too many (i.e. across SWWA) 

demonstrates the potential to apply this methodology to any region in Australia and 

perhaps beyond. Additionally, these data were used to establish a relevant spatial 

scale for combining and comparing the MODIS data and the available Australian 

Water Availability Project (AWAP) climatologies and around 5000m was determined 

satisfactory in this case. Furthermore, the bioclimatic analysis quantified the climatic 

drivers preceding the event and establish a set of thresholds; changes in the 

environmental envelopes proceeding the declines. This led to the discovery that the 

NJF had not only experienced an increase in temperature (well documented) but 

significant increase in the mean diurnal temperature range (TR), which has not been 

previously reported in the literature. Combination of TR with monthly mean 

precipitation (PA) and an aridity index, alpha (α or Mean Annual Aridity Index 

(MAAI)) were shown to explain changes in the forest condition up to 12 months in 

advance. This significant result provided a foundation for Chapter 5. 
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Addressing a knowledge gap in the understanding of the bioclimatic envelopes 

of the forests and woodlands of SWWA, Chapter 5 defines this set of comparable 

bioclimatic thresholds, based on TR, PA and α. Analysis showed, when considering 

their decadal variability (mean plus or minus standard deviation), some forest and 

woodland areas, known to have experience declines, exhibited a similar response to 

the findings of Chapter 4 and others did not. Analysis of the predictive ability of the 

TR, PA and α together suggested that combining them enabled a prediction of the 2010-

2011 decline at between 6 and 12 months prior to the event after these variables 

showed significant changes in magnitude. As such, the thresholds offer the potential 

to assist in the modeling of the ecosystems and therefore provide guidance in the 

development of adaptive management strategies for the forest.  

 

It is reasonable to expect that in the application of this methodology to other 

regions, one should consider all of the bioclimatic variables analysed in Chapter 4 

rather than just TR, PA and α. This is because, whilst TR, PA and α were found to be 

statistically significant in explaining the forest declines in NJF and SWWA, these 

effects may not easily transfer to other wetter or drier climates around Australia or 

beyond. Although, the limited evidence provided by the mildly significant changes in 

the southern karri forest (SKF in Chapter 5) suggest they may transfer to slightly 

more humid and wet bioclimates. Nonetheless, it stands that with an appropriate 

consideration of the limitations of the methodology that these strong results on the 

forest and woodlands of SWWA justify further exploration of the applicability of this 

methodology to other regions. For example, in the transfer of the methodology from 

Chapter 4 to Chapter 5 the temporal resolution was enhanced (from annual to 

monthly) and the spatial resolution was kept at 5000m to make use of a new version 

of the AWAP data that became available in the interim (i.e. run 26h). It is reasonable 

to expect that future improvements in the spatial and temporal resolution of 

climatologies and remotely sensed datasets may provide further improvements. In the 

case of the continental United States of America and Europe such datasets already 

exist.  
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One of these adaptive strategies could be the inclusion of the use of DMSI and 

in-situ assessments of crown condition to employ the TCHI-DMSI approach 

presented in Chapters 2 and 3. To achieve this at the MODIS scale (250-500m) 

considerable effort would be required to validate an aggregate canopy condition at a 

scale relevant to these pixels. Therefore, a sub-pixel or hybrid approach is suggested 

because it is expected this would be more economically viable, and therefore more 

likely of being adopted. The approach would involve use of the moderate scale 

remote sensing data to detect change, then the deployment of the high resolution and 

on-ground resources as necessary. For example, it would be critical to set the 

temporal frequency of the TCHI in-situ assessments to be relevant to the desired 

temporal frequency of any research question and perhaps repeat these measurements 

through time.  

 

In summary, the methodologies presented in Chapters 4 and 5 have been 

shown to be useful in monitoring, mapping and potentially predicting forest declines 

in SWWA. Combined, these tools and methodologies represent an opportunity for 

scientific and operational (i.e. land managers) re-use of these methods and if 

conditions are similar to those found in SWWA, potentially predicting the most 

critical areas that are likely to become drought stressed by up to 12 months in 

advance. Combined with Chapters 2 and 3, Chapters 4 and 5 constitute a framework 

for monitoring, mapping and modelling forest condition and declines across a range 

of temporal and spatial resolutions. 

 

6.2 Recommendations for land managers and policy makers 

The following recommendations are suggested for consideration by land managers 

and policy makers in the development of operational land management procedures 
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and adaptive management strategies of forests and woodlands facing declines which 

are likely to be associated with climatic change; 

 
1. Mandate the research, definition and publication of bioclimatic envelopes 

using the methodology developed in Chapters 4 and 5. These bioclimatic 

metrics should be based the best available gridded climatologies at spatially 

and temporally relevant scales to the land management units of interest. The 

technical limitation of this recommendation is access to satellite remote 

sensing and climatology data such as that used in this study.  
 

2. Implement or extend existing continuous monitoring of the condition of 

forested and woodland areas using the best available remote sensing (a 

balance of spatial and temporal considerations) in a spatially explicit manner, 

such as that proposed in Chapters 4 and 5, yet remain relevant to management 

units or at the highest possible temporal resolution available at the time.  It is 

expected that this recommendation will require scientific validation of target 

specific spatial metrics (i.e. size and composition of forest or woodland region 

or target species) in order to achieve an effective monitoring program design. 

With this limitation in mind, it is important to note that it is likely the highest 

publicly available (and therefore free) remotely sensed data will be at 25m 

resolution from the Landsat sensor.  
 

3. Combine the data suggested in points (1) and (2) to identify key bioclimatic 

indices, such as those identified in this research (i.e. TR, PA and α) yet extend 

this to consider all of the bioclimatic indices analyzed in Chapter 4. Once 

identified, implement them as an advanced warning of the potential for forest 

and woodland declines. The objectives of such an advanced warning system 

should include the potential for intervention or at least, preparation for 

adaptation. For example, preventative burning or thinning of forested areas 

likely to experience extreme heat or drought stress could reduce the risk of 
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mortality or gradual decline.  
 

4. Integrate the use of high spatial resolution DMSI and in-situ assessments of 

individual crowns for critical areas identified using the landscape scale 

methods suggested in points (1) and (2). This provides the “ground truth” 

necessary to improve confidence in the biophysical changes expected from 

lower resolution monitoring. It is expected that, similar to the spatial and 

temporal limitations inherent in the monitoring proposed in point (2) any 

scientific or operational implementation of the TCHI-DMSI approach should 

consider the appropriate spatial and temporal resolution necessary to achieve 

the scientific and operational objectives at the time. Similarly, these objectives 

should be relevant to both the spatial and temporal resolution needed to 

effectively measure the target objective, for example, a number of individual 

tree crowns scattered across woodland. In the case of the TCHI this would 

likely involve the identification and selection of a suitably large sample of 

trees for the in-situ monitoring campaign. The total number of trees to be 

assessed, the range of conditions sampled and their spatial distribution should 

all be included as considerations dependent on the objectives of the research. 

 

5. Combine the use of these tools to provide a means of quantifying, from the 

landscape right down to an individual tree, the impacts of adaptive land 

management practices, such as thinning and hydrological intervention 

(diversion of water by physical or political means) of critical forest and 

woodland regions. Then apply this knowledge to ensure the succession of our 

forest and woodlands under changing climatic conditions. 

 

6. Consider the application of this methodology to other events which lead to 

defoliation and mortality, such as wildfires, land clearing and storm damage. 
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