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Abstract 

This thesis applies object-based image analysis (OBIA) to mapping 

spectrally variable land cover from moderate to high resolution satellite 

imagery. The study was undertaken over a 2600ha area within tropical 

northern Australia. The region is dominated by typical savanna vegetation 

characterised by continuous grass cover and discontinuous woody 

overstorey. The first objective examines the advantages of OBIA over per-

pixel methods for mapping land cover. A comparison found object-based 

image analysis to be statistically superior (z=2.285 (p=0.01), McNemar’s 

χ
2
=8.966 (p=0.0028)). The second objective developed a rule-set for land 

cover classification of QuickBird data. For a subset of the study area the 

overall accuracy was 94% and K^ = 0.92. Applied to the entire area, 

accuracies were lower with error associated with burnt vegetation. The third 

objective investigated mapping vegetation structural attributes using OBIA. 

A tree crown extraction process was developed for QuickBird data. 

Accuracies over 75% were obtained, despite savanna Eucalypts exhibiting 

canopy characteristics hindering delineation. The fourth objective compared 

canopy cover estimates from extracted tree crowns to pixel-based and 

manually derived methods. Tree crown cover shows relationships (p=0.001) 

with vegetation indices from QuickBird (r
2
=0.93) and ASTER (r

2
=0.22) 

imagery, and manually interpreted estimates from aerial photographs 

(r
2
=0.43). The final objective implemented area-based measures quantifying 
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the spatial and thematic accuracy of OBIA. Results show these measures 

provide valuable thematic and geometric accuracy information provided 

appropriate reference data are available. This study has demonstrated OBIA 

is suitable for mapping land cover in spectrally variable landscapes at 

multiple scales. More specifically, OBIA has better accuracy over per-pixel 

methods, transferrable rule sets can be used to map land cover from high 

spatial resolution data, and OBIA methods can extract dominant vegetation 

structures. Finally, limitations of site-specific accuracy assessments can be 

addressed through area-based accuracy measures. 
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Chapter 1 Introduction 

 

1.1 Context/problem description 

Savanna landscapes with co-dominant tree/grass communities cover large 

portions of the Earth’s land surface primarily in tropical and subtropical 

areas (Sankaran et al., 2004). Savannas are major zones of net primary 

productivity (NPP) (Beringer et al., 2007) and human and livestock 

populations (Hutley and Setterfield, 2008). Annual burning of savanna 

contributes significant proportions of emissions to the atmosphere which is 

thought to be a contributing factor to climate change (Grace et al., 2006). A 

better understanding of savanna patterns and processes is needed to facilitate 

effective management of these areas. Remote sensing provides the data and 

tools to extract some of the information that can be used to analyse patterns 

and processes within the landscape. In particular, the recent development of 

robust object-based image analysis techniques aligns itself well with current 

landscape analysis thought (Burnett and Blaschke, 2003; Hay, 2002; Hay et 

al., 2003). 

 

This thesis addresses a number of challenges relevant to remote sensing in 

tropical savannas. Northern Australia is dominated by savanna landscapes 

(Lehmann et al., 2009). Most savanna landscapes are characterised by a 

continuous grass cover with a discontinuous canopy of woody vegetation 

(Scholes and Archer, 1997). Savanna landscapes are sustained by 
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disturbance (such as fire and herbivory) and are thus considered unstable in  

areas of high rainfall (>650 mm) (Sankaran et al., 2005). Savanna 

landscapes are an important component of global ecology (Hutley and 

Setterfield, 2008), yet are poorly described in global vegetation and climate 

models (Scheiter and Higgins, 2009). Therefore, knowledge and an 

understanding of their structure and function are imperative to local, 

regional and global ecological management strategies and implementation. 

There is no definitive model of savanna function and in particular, the 

function and structure of savanna landscapes in the Northern Territory of 

Australia are not fully understood particularly at regional to local scales. 

Structure in savanna landscapes in particular, the patterns, proportions and 

distributions of the two co-dominants, trees and grass, have received limited 

research (Boggs, 2010; Pearson, 2002; Sankaran et al., 2004). Data and 

analysis tools that enable ecologists to gain a better understanding at 

regional to local scales are needed. Remote sensing data are suitable for the 

analysis, detection and mapping of surface (and sub-surface) features and 

provide information that has application within a variety of fields such as 

geology, forestry, ecology, land use planning, emissions trading, 

climatology and oceanography (Jensen, 2007; Landsberg and Kesteven, 

2002). Of specific relevance, remote sensing provides data that can enable 

analysis of landscape patterns and processes at multiple scales (Quattrochi 

and Pelletier, 1994; Shao and Wu, 2008). Object-based image analysis 

provides methodologies that assist with this (Burnett and Blaschke, 2003; 

Shao and Wu, 2008) creating multiscale objects for analysis within a 

hierarchical framework  
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Further, remote sensing analysis using ‘traditional’ per-pixel methods for 

classification suffers from the base unit and subsequent analytic output 

being the arbitrary pixel that has no tangible real life representation (Hay, 

2002). Pixels (depending on resolution) are either a part of a real world 

object (or one of its components) or a mixture of a number of land covers 

and thus are limited when used in landscape analysis (Hay, 2002; Shao and 

Wu, 2008). In addition, as mentioned previously, atmospheric effects and 

the nature of capturing remotely sensed data mean that individual pixel 

reflectance signals are influenced by surrounding pixels (Huang et al., 

2002b; Townshend et al., 2000), thus creating a level of uncertainty when 

using per-pixel approaches and absolute pixel values. Object-based image 

analysis provides methodologies for overcoming these shortfalls (Blaschke 

and Strobl, 2001). The use of objects at the appropriate scale and relative 

values will result in minimising the above issues (Hay, 2002) and provides a 

suitable data input for landscape analysis (Shao and Wu, 2008). 

 

In addition, the utilisation of object-based image analysis calls for greater 

measures of accuracy over and above the site-specific measures and 

associated confusion matrix (Schöpfer et al., 2008). Methods that are 

capable not only of assessing the thematic accuracy but also assess the 

geometric accuracy (location and shape) of objects (Lucieer, 2004) need to 

be developed and evaluated. 
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1.2 Thesis objectives and overview 

1.2.1 Aim 

The primary aim of this study is to prove the advantages of object-based 

image analysis over ‘traditional’ pixel-based methods for remote sensing of 

vegetation cover and structure within a tropical savanna matrix. 

 

1.2.2 Objectives 

1. To develop a supervised object-based analysis approach and compare to 

a traditional supervised pixel-based method. 

2. To develop a transferable rule set methodology to segment and generate 

a land cover classification for a savanna matrix using high spatial 

resolution imagery. 

3. To develop and apply a feature extraction technique to extract vegetation 

structural information for savannas from high spatial resolution 

multispectral imagery. 

4. To compare object derived canopy cover measures to manual 

delineation methods. 

5. To develop and apply geometric based techniques for the validation of 

object-based image analysis products. 

 

1.2.3 This chapter 

The following sections of this chapter (Chapter 1) provide an overview of 

savannas focussing on North Australian savannas, the role of remote sensing 
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as a source of land information in savannas and image analysis techniques 

for land cover classification. Further information on landscape ecology and 

object-based image classification is provided, including the advantages of 

object-based methods over per-pixel based methods and links with 

landscape studies. The final section provides the structure for the thesis. 

 

1.3 Overview of savannas 

Savannas are one of the most extensive biomes on the planet (Cook et al., 

2002; Williams et al., 1996). Savannas occupy approximately one eighth of 

the planet’s land surface (Sankaran et al., 2004; Scholes and Archer, 1997) 

and occur in over 20 countries mostly in the seasonal tropics throughout 

Africa, South America, Australia and Asia (Beringer et al., 2007) (Figure 

1.1). Savannas account for almost 30% of global net primary production 

(Hutley and Setterfield, 2008) and support a large proportion of the world’s 

population and livestock (Scholes and Archer, 1997). Land use and 

management within savannas ranges from conservation and subsistence 

livelihoods through to mining, tourism and grazing (Hutley and Setterfield, 

2008).  

 

Savanna landscapes are typically characterised by the co-dominance of 

scatterings of trees and continuous grass cover (Scholes and Archer, 1997). 

The variation of woody cover can range from near-treeless to 80% cover 

(Hutley and Setterfield, 2008). Savanna is best defined as a landscape with a 

near continuous grass dominated understorey (typically of the C4 
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photosynthetic pathway and often more than 1m in height) with 

discontinuous woody canopy cover (Hutley and Setterfield, 2008). The 

variation in the proportions of these two life forms within the landscape is 

determined by a number of environmental factors including water and 

nutrient availability, the frequency and intensity of disturbances (most 

notably fire and herbivory) and intermittent extreme weather episodes 

(Hutley and Setterfield, 2008) and thus in turn influences the processes and 

usage of the regions (Scholes and Archer, 1997). In juxtapose, structural 

variation within savanna is also considered a product of these processes and 

land management practices (Miller et al., 2005). 

 

 

Figure 1.1: Distribution of the world's tropical savannas (from Hutley and Setterfield, 2008) 

 

There has been much debate over what constitutes a comprehensive model 

for savanna that explains co-existence of and the relative productivity and 

cover of trees and grasses within savanna systems (Sankaran et al., 2004). 

Savanna systems are considered unstable and in areas where there is 

sufficient mean annual precipitation to maintain woody canopy closure, 
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savanna tree-grass co-existence is maintained by disturbances (such as fire 

and herbivory) (Sankaran et al., 2005). 

 

1.4 North Australian savannas extent and structure  

Australia’s savannas cover about 2 million square kilometres and account 

for around 12% of the world’s tropical savanna extent (Lehmann et al., 

2009). Australia’s tropical savannas occur in northwest Western Australia, 

north Queensland and the northern portion of the Northern Territory (Figure 

1.2), lying east and north-west of Australia’s northern 500 mm rainfall 

isohyet (Williams et al., 1996). Rainfall in this region is characterised by 

short intense rainy season (December to March) and extended dry period 

covering the other months. North Australian savannas consist of Eucalypt 

dominant forests and woodlands, with varying understoreys dominated by 

seasonal grasses with a C4 photosynthetic pathway (Hutley and Setterfield, 

2008). Within these tree/grass matrices, other tropical ecosystems occur 

including floodplains (Cowie et al., 2000), tropical rainforests and vine 

forests (Bowman, 2000; Russell-Smith, 1991; Russell-Smith and Bowman, 

1992). 

 

Within the Northern Territory, landscapes and vegetation communities 

change markedly as one travels south from the monsoonal north to the arid 

centre. There is a noticeable climatic (specifically rainfall) gradient and 

associated vegetation characteristics. Mean annual rainfall declines about 

100 mm every 100km travelled south (Williams et al., 1996), thus there are 
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changes in vegetation along the gradient with an associated decline in 

woody cover height and density (Williams et al., 1996). These declines are 

due to the increasing aridity but some have attributed human impact 

(particularly burning) as one of the long term drivers of this change (Miller 

et al., 2005). 

 

 

Figure 1.2: Extent of tropical savannas within Australia. 

 

There is significant local variation within savanna landscapes, with a high 

degree of heterogeneity recorded (Pearson, 2002). This variation is along a 

continuum which makes classification into distinct classes difficult. Thus 

patterning might better be described using other approaches such as local 

spatial autocorrelation (the spatial dependence in data or similarity as a 

function of disctance) (Pearson, 2002). To further illustrate this local 

variability, multiscale remote sensing analysis of North Australian savannas 

has indicated that there are spectral overlaps between different land cover 



 

9 

types as well as a large degree of heterogeneity within land cover types 

(Hayder, 2001; Hayder et al., 1999). 

 

1.5 The need for the application of remote sensing 

technology 

Remotely sensed imagery provides information that can be used to map the 

Earth’s surface. This imagery has been utilised to map surface features at a 

range of scales, from global to local, as well as being a means of cheaply 

and efficiently updating existing spatial information (Campbell, 2002; 

Jensen, 2005). The need for updating existing maps may be due to changes 

in land cover, maps being created by inaccurate or antiquated techniques, or 

requirements for monitoring and change detection. Advances in sensor 

technology have provided imagery with increased spatial and spectral 

resolution. This has allowed remote sensing analysts to detect quite specific 

objects (in size and composition). Recent advances in computer processing 

(size and speed) enable the analyst to employ techniques and methodologies 

to analyse remote sensing data that were impossible or relatively resource 

hungry in the near past. 

 

The Northern Territory of Australia (NT) as a region is ideally suited to the 

application of remote sensing technologies. The NT occupies a large area of 

over 1.3 million square kilometres and is characterised by a low population 

(224,800 at end of the June Quarter for 2009) of which over two thirds live 

in or in close proximity to the regional centres of Darwin (the capital, in the 
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north) and Alice Springs (in the south) (ABS, 2009). As a consequence of 

the population concentration, large area, extensive land use and tenure, there 

is a lack of accessibility to much of the landscape. In addition, there are 

many scientific, management and policy requirements for the accurate 

mapping of land cover, particularly vegetation (including a lack of baseline 

data for many areas at local and regional scales in the NT). These 

requirements include the need for sustained monitoring of land cover change 

and ecological processes on a number of scales (temporal and spatial) due to 

increasing pressure from food production (Collier et al., 2008), climate 

change (Bowman, 2005), introduced species (Rossiter-Rachor et al., 2009), 

and altered fire regimes (Edwards et al., 2001). 

 

The application of remote sensing technologies offers a range of 

possibilities for landscape analysis in such regions. Remote sensing analysis 

creates opportunities to provide output for landscape analysis over large 

areas that may not be able to be studied on the ground in the sufficient detail 

required due to the nature of the landscape. 

 

Traditional land cover mapping within North Australian savannas involves 

the manual interpretation of stereo sets of aerial photography to delineate 

cover classes, followed by a field-based assessment of the region to assign 

attributes a posteriori (Kirkpatrick et al., 1987; Lewis, 2005; Lynch and 

Manning, 1988). Cover is mapped primarily at community level. Very little 

research has been conducted into investigating methods of determining and 

visualising the proportions, distribution, and patterns describing the co-
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occurrence of grasses and woody cover over large areas of northern 

Australia. Remote sensing provides the data and tools to extract such land 

cover information. The following section provides an overview of the 

application of remote sensing to map land cover, in particular the 

characterisation of vegetation.  

 

1.6 Land cover and vegetation mapping 

Land cover describes the physical cover of the land and includes vegetation, 

structures and other surfaces be they natural or anthropogenic in origin 

whereas land use describes the function of land and thus includes socio-

economic factors in its determination. Land cover is an important 

component of global and climate change models (Brown et al., 1993; 

Wilson and Henderson-Sellers, 1985) and changes in land cover may 

influence regional climates (Chapin et al., 2005; Miller et al., 2005) and 

regional climates in turn affect vegetation patterns and the distribution of 

ecosystems (Bond et al., 2005; Bowman, 2005). The dominant land cover 

on the planet is vegetation. It covers over 70% of the earth’s land surface 

and is one of the most critical components of terrestrial ecosystems (Jensen, 

2007). At a more regional scale, land cover products derived from satellite 

imagery have numerous ecological applications including wildlife habitat 

modelling and prediction of individual and species assemblage distributions 

(Kerr and Ostrovsky, 2003). 
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Traditional analysis of satellite imagery for land cover studies has involved 

four steps (Jensen, 2005): 

1. Image pre-processing; 

2. Image enhancement; 

3. Image classification, estimation and modelling; and 

4. Accuracy assessment. 

 

Image pre-processing is used to correct image data that may be distorted or 

degraded either spectrally or spatially. The intent of this is to create a more 

faithful representation of the original scene. Image pre-processing involves 

radiometric and geometric calibration and correction to adjust for known 

sensor error, atmospheric attenuation, as well as slope, terrain and aspect 

effects (Jensen, 2005). 

 

Image enhancement improves the visual display of the imagery for better 

interpretation and the extraction of more effective features for further 

analysis. Enhancements may include, but not exclusively, the reduction or 

magnification of imagery, contrast enhancement, filtering including 

convolution, masking, and edge-detection (Jensen, 2005). Other 

transformations include Principal Component Analysis, Fourier transforms, 

vegetation indices and texture transformations (Jensen, 2005). 

 

The third step is the extraction of thematic information including image 

classification and the modelling and the estimation of biophysical or socio-
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economic parameters (Jensen, 2005). See section 1.7.5 for further 

explanation. 

 

Accuracy assessment involves the assessment of the classified image against 

some form of reference or 'ground truthed' data. The most accepted method 

of validating a classified map is the confusion matrix (Congalton and Green, 

2009) where the observed actual class (reference) is compared to predicted 

class (classification). The error matrix can provide an overall accuracy 

assessment (% of correctly identified pixels) as well as commission and 

omission (Story and Congalton, 1986) for each class. Multivariate statistics 

such as an estimate of K^ can also be applied using the error matrix to 

measure the level of accuracy (Congalton and Green, 2009). To be useful, 

eference data need to be sufficient and independent of the data used for the 

classification (Jensen, 2005). 

 

1.7 Remote sensing of vegetation 

This section summarises the theory behind the information within 

multispectral imagery and how that is used to delineate land cover, 

including vegetation characteristics, from the data. Firstly, a description of 

how spectral information is used to map vegetation characteristics is 

presented, and secondly a brief summary of how other non-spectral 

remotely sensed data has been used to characterise land cover, particularly 

vegetation. Thirdly, a short section is included on how the spatial resolution 
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of imagery determines what particular land cover characteristics can be 

defined. 

 

1.7.1 Spectral data and vegetation mapping 

Mapping vegetation using multispectral remotely sensed imagery is based 

on the spectral characteristics of the vegetation of the area under 

investigation. The dominant factors influencing reflectance in leaves are 

concentrations of the various leaf pigments (such as chlorophyll and beta-

carotene) in the palisade mesophyll layer, the scattering of incident energy 

(including near infrared) in the spongy mesophyll (which increases the 

probability of absorption in the palisade layer) and the amount of water in 

the plant (Jensen, 2007). Maximum chlorophyll absorption occurs between 

0.43-0.45μm and between 0.65-0.66μm in the visible region of the 

electromagnetic spectrum (Figure 1.3), while maximum water absorption 

occurs at 0.97, 1.19, 1.45, 1.94 and 2.7μm (Jensen, 2007). 

 

There are several variables affecting remote sensing of a vegetated canopy. 

External viewing variables are related to the source of illumination (the sun) 

and the sensor. Illumination variables refer to the geometry of the source 

such as the angle of incidence of sun (zenith angle), and azimuth, as well as 

the intensity of spectral characteristics brought about by atmospheric 

conditions. Sensor variables include the geometry such as the angle of view 

(degree off-nadir) and azimuth (looking direction), as well as the spectral 

sensitivity of the sensor and the instantaneous field of view (IFOV). 
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Figure 1.3: Typical spectral reflectance for healthy, green vegetation for the wavelength 

interval, 0.35-2.6μm (after Jensen (2007)). 

 

Variables within the vegetation itself that can affect the results of analysis of 

vegetation using remotely sensed data include canopy, crown, stem and leaf 

variables. Vegetation canopy variables include type (such as form or 

species), the amount of closure (density of canopy), and orientation (random 

or systematic). Crown variables include shape (distinct shape i.e. circular, 

conical) and diameter. Stem density (the number of stems per unit area) and 

thickness (diameter at breast height (DBH)) also influence the results of 

remote sensing analysis. Variables related to plant leaves include the Leaf 

Area Index (LAI - one-half the total green leaf area per unit ground-surface 

area) and leaf angle distribution (LAD). LAD may change through the day 

as leaves orient themselves relative to incident radiation. Plants may have 

leaves on a horizontal plane (e.g. many broadleaf trees) or vertically angled 
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(e.g. Eucalypts). Variables within the understorey that influence reflectance 

are similar to canopy vegetation. Other non-vegetative variables that 

influence reflectance include the soil properties: texture, moisture and 

colour (Jensen, 2007). Combined, the above variables may be described as 

the radiative transfer problem. 

 

To attempt to take into account the above variables associated with this 

radiative transfer problem, Bidirectional Reflectance Distribution Function 

(BRDF) models have been applied to data using a number of bi-directional 

observations (Kimes et al., 2000). It is termed Bidirectional as it considers 

both (1) solar incidence and azimuth angles, and (2) sensor viewing 

geometry. 

 

1.7.2 Spectral signatures, canopy reflectance and vegetation indices 

A spectral signature is the collection of band values for a pixel 

representative of a particular land cover type. Band values may be radiance 

or reflectance (either as raw DNs, or adjusted to at sensor, top of atmosphere 

or ground values) for the bands within the imagery. Spectral signatures can 

be represented and visualised using the collections of band values as the 

coordinates for a pixel in feature space. As mentioned above, canopy 

reflectance within the instantaneous field of view (IFOV) is influenced by a 

number of factors including canopy height, canopy density, leaf area index 

(LAI), leaf pigment concentrations, atmospheric conditions, sun angle, 

viewing angle, terrain and shadowing. In addition, temporal factors 
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including the phenological cycles of plants also influence reflectance from a 

vegetative canopy. These changes provide different reflectance values for 

vegetation at different times of the year. 

 

According to Glenn et al. (2008), spectral vegetation indices (SVIs) are 

indispensible tools in land cover classification, climate and land use change 

detection, monitoring of drought and habitat loss. Most SVIs are considered 

measures of optical greenness; with this greenness being composed of leaf 

chlorophyll content, leaf area, canopy cover and structure (Glenn et al., 

2008). SVIs have been found to be closely related to carbon and moisture 

fluxes (Glenn et al., 2008). The relationship is less so with LAI (leaf area 

index) (typically non-linear) and thus any ecological or climate model that 

uses SVI-based estimations of this parameter are subject to error and 

uncertainty (Glenn et al., 2008). 

 

The main vegetation index, the Normalised Difference Vegetation Index 

(NDVI) (equation (1)) is based around the observation that the a and b 

chlorophylls in green leaves absorb light in the red region of the electro-

magnetic spectrum (maximising at 690nm) while the cell walls of leaves 

scatter radiation in the near infrared region (near 850nm) (Tucker, 1979). 

 

     
       

       
 (1) 

where NIR and Red are the reflectance in the near infrared and red bands of 

the imagery respectively. 

 



 

18 

NDVI shows a strong correlation with the chlorophyll content of leaves and 

subsequently with other chlorophyll-related canopy characteristics such as 

green biomass and leaf water content (Tucker, 1979). NDVI has been found 

to correlate strongly with fractional absorbed photosynthetically active 

radiation (fAPAR) and as such can be an estimator of above ground Net 

Primary Production (NPP) (Kerr and Ostrovsky, 2003). Wang et al. (2005) 

describe the relationship between NDVI and LAI within deciduous forest. 

Pettorelli et al. (2005) provide a review of the utilisation of NDVI as a 

covariate in trophic inter-linkages rather than as a response variable, and 

using time-series NDVI as a measure of vegetation dynamics have shown an 

association with biodiversity, faunal species distribution and population 

dynamics with matching temporal resolution. NDVI has also been shown to 

be an indicator or used in studies of landscape heterogeneity and 

biodiversity (Gould, 2000). 

 

1.7.3 Other data for vegetation characterisation 

Other remote sensing data (apart from passive optical) that can provide data 

for use in analysing and production of vegetation biophysical information 

include: 

 

 Digital elevation models (DEMs) 

 RAdio Detection and Ranging (RADAR) such as (Synthetic 

Aperture RADAR (SAR)) 

 Light Detection and Ranging (LiDAR) 
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Digital elevation models (DEMs) are digital representations of the terrain or 

ground surface topography that are derived from a number of sources. 

Remotely sensed DEMs are primarily derived from stereo pairs of optical 

imagery or backscatter information from active remote sensing sources such 

as RADAR and LiDAR. DEMs provide quantitative elevation data that has 

application in land cover studies. Bare earth (ground) DEMs are termed 

digital terrain models (DTMs) whereas elevations related to the reflective 

surface of the Earth (including above ground entities such as vegetation, 

anthropogenic features) are termed digital surface models (DSMs). Apart 

from height information, derivatives from DEMs including slope layers, 

landform descriptors, hydrological flow models, delineation of drainage can 

also assist with delineation of land cover classes. Land cover studies that 

have incorporated DEM layers in their classification of multispectral data 

have shown an increase in accuracy over classifications based purely on 

multispectral data (Franklin et al., 2002; Saha et al., 2005), however it needs 

noting that increases in DEM error have shown a non-linear decrease in 

classification performance (Lees et al., 2008). 

 

An active remote system such as Synthetic Aperture RADAR (SAR) has 

advantages over optical sensing in that imagery can be captured at night and 

can penetrate cloud cover. Remote sensing using RADAR involves the 

transmission of long-wavelength microwaves (3-25cm) through the 

atmosphere and recording the amount of energy backscattered from the 

terrain (Jensen, 2007). SAR has the capability to provide information that 
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enables the estimation of vegetation bio-physical parameters such as 

vegetation type, biomass, canopy structure, basal area and fire scars. 

(Collins et al., 2009; Menges et al., 2004; Minchella et al., 2009).  Airborne 

LiDAR provides high to very high spatial resolution elevation data that can 

be used to model three-dimensional vegetation structure (Andersen et al., 

2006; Tiede et al., 2005; Wang et al., 2008) and to delineate tree crowns 

(Tiede et al., 2004). 

 

1.7.4 Spatial resolution and vegetation mapping 

Many land cover / vegetation mapping methodologies are based on low to 

medium resolution imagery (pixel size greater than 10 m), and the 

techniques and classification systems used are incompatible with high and 

very high spatial resolution (pixels 5m or less) imagery (Hay et al., 2003). 

Thus a re-evaluation is required regarding the methodologies for mapping 

vegetation at local and regional levels using high and very high spatial 

resolution imagery. 

 

Landscape structure and function exist on a number scales. Therefore, to 

effective map or model landscapes, remote sensing needs to operate at 

multiple scales. Scaling refers to transferring information from one scale to 

another. Arbitrary scaling across spatial domains can pose significant errors 

(Hay, 2002). When ‘down-scaling’ (using coarse resolution data in finer 

scale analysis), it is difficult to assume that data from a coarse scale 

(generalised data) will be accurate or appropriate at a finer scale. 
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Conversely, information obtained at a finer scale may have issues when it is 

generalised or filtered as it is ‘upscaled’ (used in coarser scale analysis) 

(Marceau, 1999). Important information and/or detail may be lost. Scaling 

of data leads to two questions: (1) What is the appropriate scale for the 

remote sensing study of a particular feature or process? and (2) how can 

information be suitably transferred between scales? (Hay, 2002). 

 

Some of the scale issues associated with remote sensing, can be seen in the 

following example using a portion of QuickBird imagery covering savanna 

vegetation (Figure 1.4). The resolution of the imagery (the multispectral 

pixels are 2.4m) provides a scale where there is clear differentiation between 

areas of light woody cover (grassland) and areas with heavier woody cover. 

The reasonably distinct boundaries between these two types of cover may 

not be readily delineated in coarser imagery due to pixels along the 

boundary containing information from both types of land cover. The finer 

resolution imagery also enables the differentiation of tree crowns and 

clusters of tree crowns from the understorey in the wooded areas. However, 

the finer resolution increases the spectral variability (heterogeneity) within 

that particular land cover with pixels being either tree canopy, shadow, 

understorey grasses, understorey shrubs, bare ground, or exposed rock. The 

heterogeneity in such a land cover means that any per-pixel analysis of that 

land cover will also display heterogeneity. 
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Figure 1.4: A sample of a QuickBird scene over a tropical savanna matrix. Scale plays a 

role here in providing a distinct boundary between grassland and surrounding wooded area.  

It is harder to distinguish between slightly lighter wooded area to the lower left of the 

image and the heavily wooded area to the right. 

 

1.7.5 Classification 

The classification of remotely sensed data involves the translation of data 

acquired by the sensor into a thematic map with assigned classes. Such 

maps can then be used as layers for GIS (Geographical Information 

Systems) analysis and decision making. Classification is generally 

undertaken in a semi-automated fashion using computer algorithms. To be 

useful a classification scheme should have taxonomically correct definitions 

for its information classes, organised using logical criteria (Jensen, 2005). 

Information classes are different to spectral classes in that information 

classes are user-defined by human beings to meet specific needs, whereas 

spectral classes are inherent in the spectral data of the imagery and must be 

identified and labelled into information classes by the analyst (Jensen, 

2005). 
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According to Congalton and Green (2009) a classification scheme should 

have: 

 A set of labels for the information classes; and 

 A set of rules that define and differentiate between these classes. 

Further to this, a classification should be: 

 Mutually exclusive; 

 Totally exhaustive; and 

 Preferably hierarchical. 

Where there is uncertainty as to whether a classification is mutually 

exclusive or not and particular land covers could be potentially assigned to a 

number of classes, class memberships can be used (see the next section). 

 

1.8 Pixel-based classification 

Per-pixel or pixel-based classifications use computer algorithms to assign 

classes to each pixel based on the spectral values of that pixel. This is 

generally undertaken in one of two methods: unsupervised or supervised. 

Unsupervised classifications require minimal input from the remote sensing 

analyst. An algorithm is run on the data that finds clusters or groupings of 

pixel spectral properties as examined in feature space. Once, the user has 

specified the number of classes, all pixels within the image are assigned to 

data classes, however, there is no indication of what each class represents or 

its meaning. The next step involves the user assigning data classes a 

posteriori to information classes. Algorithms used for unsupervised 
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classifications include ISODATA (Iterative Self-Organising Data Analysis 

Techniques A) (Jensen, 2005), k-means (McQueen, 1967) and fuzzy k-

means (de Gruitjer and McBratney, 1988). 

 

Supervised classification involves the identification and utilisation of 

training pixels. Training areas are clusters of pixels of homogeneous land 

cover where both the spectral values and class is known. Classes are 

determined a priori, training areas are then chosen that are representative of 

these classes. The training data determines the spectral signatures for the 

classes. A classifier algorithm then compares each pixel in the image to the 

training class spectral signatures to find the most similar class and each 

pixel is assigned to a class. Supervised and unsupervised classifications can 

be applied using fuzzy logic that accounts for the heterogeneous nature 

(consisting of multiple land covers) of pixels in medium spatial resolution 

imagery as well as the lack of hard, sharp boundaries in nature where classes 

grade into one another (Foody, 1992). Where there exists m number of 

classes, pixels are assigned m class memberships providing the probability 

of the pixels belonging to each class (Jensen, 2005). 

 

1.9 Some of the issues associated with pixel-based analysis 

There are a number of issues associated with the use of per-pixel analysis of 

remote sensing data for land cover mapping. These are primarily based 

around the difficulty of the pixel being representative of what is actually on 

the ground. Firstly, a significant point regarding per-pixel classifications 
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that is often ignored is that a substantial proportion of the signal captured 

coming from a pixel actually comes from neighbouring pixels (Townshend 

et al., 2000). This results from the instrument’s optics, the detector and 

electronics as well as atmospheric effects (Huang et al., 2002b). Secondly, 

per-pixel statistical analysis of imagery does not necessarily represent 

concepts associated with patches or spatial patterns of multi-scalar 

ecological phenomena (Blaschke and Strobl, 2001). Thirdly, pixels are used 

in GIS analysis ahead of other forms of tessellation because all areas of a 

plane are covered, pixels align with mapping grids, and remotely sensed 

data is often used as an input (Fisher, 1997). However, pixels are an 

arbitrary division of image space with no real similarity to real-world 

objects (Fisher, 1997) and a landscape does generally not consist of 

elemental square units (Cracknell, 1998). 

 

Further issues relate to mixed pixels that occur when a pixel contains 

information from boundaries between two or more mapping units; 

transitional areas between two different land covers (ecotones), linear and 

other sub-pixel objects (Fisher, 1997). While the deployment of sensors 

with increasing resolution have addressed some of the problems associated 

with the mixed pixel, the spectral variability and heterogeneity within land 

cover classes has increased (Cushnie, 1987). Per-pixel classifiers that cluster 

or group using spectral homogeneity produce either too many or poorly 

defined classes (Carleer and Wolff, 2004; Schiewe et al., 2001). Thus the 

real disadvantage of pixel-based classification for mapping land cover 

particularly from high resolution data comes from the issue that pixels from 
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the same class can have very different spectral signatures. Thus it is not the 

spectral signatures of a single pixel that defines a class but the specific 

mixture of spectral signatures that define a class. This heterogeneity is not 

handled well by a pixel-based algorithm. 

 

One operational method that may be undertaken to create and analyse 

homogenous areas within heterogeneous imagery is the use of image 

segmentation and object-based analysis techniques (Blaschke and Hay, 

2001). Using the object-based approach to analysing remotely sensed 

imagery moves the analysis from the enforced constraints of the arbitrary 

unit of analysis (the pixel) to something approaching real world or 

ecological entities (objects) (Burnett and Blaschke, 2003). 

 

1.10 Image texture and classification 

Most of the per-pixel techniques described in the previous section undertake 

classification based on the spectral values of individual pixel and do not 

consider the spatial context of pixels (Murray et al., 2010). Context is 

needed particularly with HSR imagery where there is increase spatial 

variability and objects of interest are often greater than one pixel. Context 

describes the spatial relationship of a pixel to its neighbouring pixels 

(Jensen, 2005). One approach for dealing with context within an image is 

the modelling of texture. Image texture can be defined as the function of 

spatial variation of pixel intensity (grey values) across an image (Tuceryan 

and Jain, 1998). Image texture analysis is a form of spatial pattern analysis 



 

27 

however it is constrained by the spatial resolution of the sensor, which in 

turn affects the modelled texture (Hay et al., 1996). 

 

Texture has been used to assist in the classification of imagery particularly 

over spectrally variable land covers (Ouma et al., 2008; Puissant et al., 

2005). Pixels are assigned to classes based on their relationship to 

neighbouring pixels based on a texture measure (Haralick, 1979; Haralick et 

al., 1973). Texture has also been used to segment imagery containing 

spectrally variable regions into differently textured regions (Lucieer, 2004). 

 

Statistical texture approaches measure variation by placing a moving 

neighbourhood window or fixed sampling range (Hay et al., 1996) around a 

central pixel. In a spatial scale context, the window size is important. A 

window that is too small will not detect the relevant variation or pattern 

within the land cover; in a window that is too large, edge effects appear 

from neighbouring land covers (Franklin et al., 1996; Puissant et al., 2005). 

Marceau et al. (1990) found window size accounts for as much as 90% of 

image-texture classification variability. In addition, since the pixel of 

interest needs to be in the centre of the window, the edges of the image 

cannot be assessed which is a major drawback of window centred texture 

analysis (Ruiz et al., 2004). 

 

Texture analysis is also affected by image spatial resolution where the 

spatial resolution of the imagery determines how closely image texture 

relates to scene texture (Hay et al., 1996). Therefore, pixel size may prevent 



 

28 

texture at the appropriate scale being analysed. In HSR imagery, image 

texture closely models scene texture, whereas in lower resolution imagery, 

pixels contain information from an unknown number of scene objects and 

image texture may not be representative of scene texture. The thematic scale 

of the regions of interest within the imagery also needs consideration when 

performing image texture analysis. Many studies have adopted hierarchy 

theory to image classification where generic classes sit at the top of the 

hierarchical tree and increasingly specific classes sit below (Benz et al., 

2004; Burnett and Blaschke, 2003). 

 

A number of recent studies have successfully incorporated texture into 

classification algorithms to improve the per-pixel classification of HSR 

imagery (Murray et al., 2010; Ouma et al., 2008; Puissant et al., 2005). 

Textures within natural landscapes tend not to be recurring nor are 

boundaries between textures well defined and as such structural texture 

measures do not suit these landscapes (Murray et al., 2010) therefore 

statistical measures are used. One of the most popular texture measures used 

in remote sensing literature is the Grey Level Co-occurrence Matrix 

(GLCM) (Haralick, 1979; Haralick et al., 1973) which has been applied to a 

number of classifications including forest structure and species composition, 

land use and land cover (Franklin et al., 2001; Gong et al., 1992; Ouma et 

al., 2008). 
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1.11 Object-based image analysis 

Another approach for dealing with context within an image is object-based-

image analysis (OBIA). Although the concept of image segmentation and 

object classification is not new (Kettig and Landgrebe, 1976), the 

emergence of robust object-based approaches to the automated classification 

of satellite imagery appears to be one of the major advances in image 

processing in recent years (Benz et al., 2004). These methods are finding 

increasing popularity particularly when applied to high resolution satellite 

imagery (Lennartz and Congalton, 2004). The range of resolutions of 

satellite imagery lends itself to mapping of land cover at a number of scales. 

High resolution images obviously contain more spatial information than low 

resolution. Therefore it is reasonable to suggest that coarser resolution data 

can be used to create small scale land cover maps while higher resolution 

data can map land cover in greater detail (Colombo et al., 2004). Pixels 

within a low resolution imagery may contain combined or integrated signals 

from a number of objects, whereas pixels within a high resolution image 

will more closely approximate these objects or their components (Hay et al., 

2003). 

 

Primarily there are two steps to object-based image analysis, segmentation 

and classification (Blaschke et al., 2000). These steps may be iterative and 

repeated through an analysis. Segmentation involves the partitioning of a 

remotely sensed image into objects that are homogeneous in nature (either 

spatially or spectrally). Classification of these objects is then conducted 

using the mean band values and other statistical spectral information for 



 

30 

these objects derived from the pixel values of the spectral bands of the 

imagery, shape features associated with the objects as well as the 

topological relationships between objects. 

 

1.11.1 Summary of segmentation techniques 

In depth reviews of segmentation techniques can be found in Haralick and 

Shapiro (1985) and Pal and Pal (1993). Segmentation is the partitioning or 

subdivision of an image into meaningful regions or segments with the 

resultant segments displaying a measure of homogeneity (Lucieer, 2004). 

These segments correspond to objects or parts of objects detected within the 

imagery. Pixels within a segment or object have similar spectral values or 

belong to a similar pattern (as determined by segmentation parameters). 

Thus objects or segments are formed based on spatial correlation as well as 

high spectral autocorrelation (clustering in feature space) (Hay, 2002). 

 

There are three main categories of image segmentation (Haralick and 

Shapiro, 1985): edge-based segmentation, region-based segmentation and 

split and merge segmentation. In edge-based segmentations, an edge filter is 

applied to an image and pixels are either identified as edge or non-edge 

relevant to the objects displayed in the image. Chains of edge pixels are 

connected and segmentation can then be achieved by allocating to a single 

category all non-edge pixels which are not separated by an edge (Glasbey 

and Horgan, 1995). Segmentation using edge detection uses pixel 

differences to create image objects whereas segmentation using region 
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growing uses pixel similarities to create image objects. Region growing 

starts with a seed point or pixel and grows objects  iteratively until a certain 

threshold is met (Sonka et al., 2007). Split and merge segmentation involves 

an initial image splitting phase (creating a quadtree segmentation) followed 

by an agglomerative clustering phase (Lucieer, 2004). In the splitting phase, 

the image is initially considered as one region. If a region has a degree of 

homogeneity it remains intact. If it lacks coherency it is split into four 

quadrants. These steps are applied recursively to each new region until all 

objects have a level of homogeneity. At this point adjacent objects 

(regardless of size) may have similar spectral characteristics. Objects can 

then be merged into larger regions based on these characteristics. 

 

A hierarchy of segments can be established by creating upper levels of 

super-objects or lower levels of sub-objects relative to the focal level 

(Figure 1.5). Upper levels of super objects require the merging of segments 

at the previous layer, while lower levels of sub-objects involve further 

segmentation. To put this into context consider looking at the woody 

cover/grass relationships within savanna. A land cover class super object 

within a tropical savanna is invariably composed of a mix of woody cover 

(such as trees), grass and bare ground objects. These objects consist of sub-

objects, for example vegetation objects may divided into species, 

individuals, or whether they are stem or leaf, bare ground may be exposed 

rock, bare soil or gravel. 



 

32 

 

 

Figure 1.5: An example illustrating the hierarchy of segmentation within a savanna and 

potential classes at each level. 

 

1.11.2 Classification of objects 

Within the hierarchical framework of segments or objects a classification 

can then be conducted. Supervised classifications can be conducted using 
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select objects as training data (for example Definiens utilise the Standard 

Nearest Neighbour algorithm (Baatz et al., 2004)). Alternatively, 

classification of hierarchical image objects can be undertaken using a set of 

classification rules. A rule set contains class membership functions and is 

built on an a priori knowledge base of object characteristics. This 

knowledge not only includes the spectral information from pixels within the 

objects, but also object shape characteristics (such as size, circumference, 

length and width.) and relationships to adjacent objects (super- and sub-

objects within hierarchy). Rule sets enable iterative and looping 

classification steps until the set number of iterations or feature-based 

thresholds are met and also include sequential classification and the 

masking out of classes as a classification proceeds, hierarchical 

classification steps and the reclassification of objects based on a number of 

membership functions. 

 

1.12 Error or uncertainty of classification 

Never is a classification perfect and there will always be a degree of error or 

uncertainty. Uncertainty in the classification of remote sensing data can 

come from a number of sources. Data associated uncertainty that influences 

information extraction includes atmospheric conditions, geometric 

calibration, sensor sensitivity and resolution (Lucieer, 2004). Uncertainty 

regarding the classification of images includes vagueness in categorical 

definitions, mixed pixels and transition zones between distinct land covers 

(Lucieer, 2004). Classifying heterogeneous land cover into discrete 
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categories is also uncertain. Savanna for example, is described as a 

continuous grass cover co-occurring with a discontinuous woody canopy 

(Sankaran et al., 2004). Partitioning savanna into discrete cover classes 

(forest, open forest, woodland etc.) will contain a degree of uncertainty as 

the proportions of woody cover and grass are variable along a continuum 

and classes are estimated from information in the spectral bands in the data. 

 

Current approaches to accuracy assessment follow site-specific based 

methodologies (Congalton and Green, 2009). They generally involve the 

utility of the confusion matrix comparing classified pixels to reference data 

such as gathered from field surveys or aerial photograph interpretation. 

Confusion matrices generate accuracy probabilities for classes such as 

user’s accuracies, producer’s accuracies and Kappa statistics. Confusion 

matrices however, do not provide information on the spatial uncertainty of 

classifications (Lucieer, 2004). In addition, when applied to object-based 

classification, a confusion matrix does not include any information about 

geometric accuracy or the quality of objects when matched against reference 

or real world objects. Recent efforts to provide some form of geometric 

assessment into classification validation have included boundary-matching 

(Schöpfer et al., 2008) and area overlap based approaches (Weidner, 2008; 

Zhan et al., 2005). 
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1.13 Linking object-based image analysis to landscape 

analysis 

This section provides the theoretical framework that links remote sensing 

including object-based image analysis (OBIA) with landscape analysis. A 

summary of landscape studies including landscape ecology are presented. 

 

A simple definition of landscape ecology is the study of spatial and 

temporal patterns of vegetation and landscape processes at landscape scales 

(Hay, 2002). Burnett and Blaschke (2003) define it as the ‘study of the 

relationship between spatial pattern and (interconnected continuums of) 

ecological processes.’ It is however a little more complex than that as 

landscapes consist of a variety of interactions not only between organisms 

and their physical surroundings but also external influences such as 

anthropogenic forces and other phenomena (Hay, 2002). 

 

A landscape is a geographic area where ecological processes are affected by 

spatial patterns (Reynolds and Wu, 1999). The multiplicity of scale within 

landscapes is inherent. Landscapes consist of objects. The patterns, 

processes and interactions of landscape objects (or patches) are the subjects 

of landscape ecology. The patch is the basic element of landscape structure 

and is defined as a spatial unit differing from its surroundings in nature or 

appearance (Kotliar and Wiens, 1990). Patches are homogeneous at a 

particular scale, although when studied at different scales they may be 

heterogeneous. For example a patch may consist of sub-patch elements if 

viewed at a finer scale or alternatively at a broader scale a patch may be an 
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element of a larger landscape structure/concept. Objects within a landscape 

are described as either structural or conceptual (Wu, 1999). Structural 

objects are either individual entities or integrated and are not necessarily 

scalar in nature (Hay, 2002). Conceptual objects are composed of aggregates 

of structural objects (Wu, 1999). For example a leaf is a structural object. It 

is part of a larger structural object, a tree. This relationship is not scalar in 

that, for example, 100 leaves do not equal a tree, and if you detect 1000 

leaves you have detected 10 trees and vice versa. Both these structural 

objects are part of a conceptual object, a forest. Although a forest can be 

considered structural (it may be spatially and spectrally distinct from its 

surroundings), it is also conceptual as there are differing views as to what 

differentiates forests from other treed ecosystems. As mentioned above, 

patterns and processes within a landscape occur at a multiplicity of spatial 

and temporal scales. These scales implicitly form nested hierarchies. 

 

Hierarchy theory involves the partial ordering of entities (Wu and Loucks, 

1995). Complex systems are broken down in interrelated sub-systems, these 

systems can be broken down further into sub-systems until elemental or 

primitive components are reached. Systems within the same level are called 

holons. Higher levels within a hierarchy consist of larger entities and slower 

processes whereas lower level smaller entities and faster processes. The 

focal level (of interest) is part of a larger system above (which provides 

boundary or constraint) and is composed of sub-systems below (which 

become filtered or averaged out at the focal level). A hierarchy is 

characterised by decomposability and decomposition – and in the case of 
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landscapes this involves the separation of system components into distinct 

levels according to spatial and/or temporal scales (Hay, 2002; Wu and 

Loucks, 1995). Thus single scale observations really only capture patterns 

and processes pertinent to that scale, be they either spatial or temporal. 

 

1.13.1 Scale 

Scale is an important tool for understanding the spatiotemporal complexities 

of ecological processes (Maurer, 2008). Scale refers to the functional and 

dimensional units of space and time that are used to measure (observe and 

characterise) the entities, patterns and processes within an ecological system 

(Hay, 2002; Marceau, 1999; Maurer, 2008). Scale plays an important role 

on hierarchical structures (Hay, 2002). In the spatial sense, ecologists refer 

to scale as grain (the base sampling unit) and extent (the total area of which 

observations are made), cartographers refer to scale as ratio between the 

distance on a map and the corresponding distance on ground. In remote 

sensing, scale relates to the spatial resolution of the imagery (pixel size). 

Within landscape ecology, studies are undertaken using grain and extent 

(Reynolds and Wu, 1999). Grain describes the smallest individual 

component of the landscape under investigation. With regards to remote 

sensing and in spatial terms it is the pixel. Temporally, grain refers to the 

time interval between observations. Extent refers to realm of analysis. 

Spatially it is the total area under study and while the temporal extent refers 

to the entire period of study. 
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Scale arbitrariness is not necessarily appropriate (Wiens, 1989). An arbitrary 

scale may be selected by the investigator or may be inflicted by the 

resolution of the imagery (the pixel) but it does not mean that scale is 

suitable for the information required. According to Woodcock and Strahler 

(1987) the appropriate scale for observations is ‘a function of the type of 

environment and the kind of information required.’ Thus the sub-scene 

elements investigated may vary depending on the interests of the 

investigator, the processes under investigation or the resolution of the 

imagery. For example, in a forest scene, elements might be individual 

leaves, branches, tree or stands of trees (Woodcock and Strahler, 1987). 

Another  scale example is provided by Wiens (1989) on what is the main 

driver of transpiration in plants. At the leaf scale, plant physiologists 

conclude it is stomatal mechanisms, while at the vegetation scale, 

meteorologists conclude it is climate. 

 

The scale problem is expressed by the appropriate scale for studying 

particular phenomena and the transferability of information from one scale 

to another (Marceau, 1999). Scaling involves the transfer of information 

from one scale to another (Marceau, 1999). Upscaling involves taking 

information at finer scales to derive processes or patterns at coarser scales, 

while downscaling involves the decomposition of information from one 

scale into constituents at finer scales (Marceau, 1999). The scale of analysis 

determines what patterns and processes can be detected, for example it is 

difficult to assume information from a broader scale data (i.e. a 

generalisation) is consistent across the unit. Thus, pattern, be it spatial or 
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temporal or functional is inseparable from scale in theory and practice (Wu 

and Loucks, 1995). 

 

The minimum mapping unit (MMU) refers to the spatial grain used for 

mapping the phenomena under investigation and is defined as 'the smallest 

size areal entity to be mapped as a discrete entity' (Lillesand et al., 2008). 

The MMU should be small enough to map the spatial heterogeneity and 

precision of the entities being mapped, but maybe influenced by economic 

cost, the requirements of end users, and data availability (Rutchey and 

Godin, 2009).  Knight and Lunetta (2003) determined that for classifying 

medium spatial resolution remotely sensed data (20 m to 30 m pixels), 

relatively large differences in MMU resulted in significantly different 

accuracy results, while Stohlgren et al. (1997) found that for field-based 

mapping, a MMU of 0.2 ha produced more information regarding plant 

species diversity than MMUs of 50 ha and 100 ha, but still did not detect 

smaller vegetation types. Rutchey and Godin (2009) found a MMU of 2500 

m
2
 was the most effective for mapping Everglade vegetation. Arbitrary 

selection of a MMU can lead to a quantitative problem commonly referred 

to as the modifiable areal unit problem (MAUP) (Openshaw, 1984). MAUP 

occurs when data regarding entities are aggregated into areal units and these 

units are then dealt with as individuals during analysis (Marceau, 1999). 

MAUP especially occurs when boundaries are arbitrary and not related 

directly to the breaks in the data relevant the phenomenon under 

investigation. (Openshaw, 1984). There are two distinct effects within 

MAUP: the scale effect and aggregation/zonation effect (Marceau and Hay, 
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1999). The scale effect occurs where data collected at one areal scale are 

statistically analysed in aggregated objects or regions of a differing size and 

different results are produced. The aggregation effect occurs where different 

methods of aggregating the same data to the same scale are used producing 

different results. MAUP may occur, for example, where the canopy density 

recorded at specific locations is aggregated across cadastral parcels of land. 

Marceau et al. (1994) found per-class accuracies are affected by changing 

scale and aggregation and neglecting these two effects will produce results 

with little relevance to the geographical entities within the scene. 

 

To overcome the ‘scale problem’, the development of quantitative 

techniques is required for detecting scales for identifying particular patterns 

and processes in a landscape, and secondly describe and predict how 

patterns and processes change across scales (see 1.13.3 below). 

 

1.13.2 Spatial heterogeneity 

The degree of heterogeneity can be described as the level of complexity or 

variability of a system property in space or time (Reynolds and Wu, 1999). 

In remote sensing, as in landscape ecology, a system property is a measure 

of interest (e.g NDVI) from the landscape (Reynolds and Wu, 1999). 

Complexity relates to categorical attributes and variability refers to 

continuous variables within the landscape. 
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Heterogeneity in the landscape can be looked at as either structural or 

functional (Reynolds and Wu, 1999). Structural heterogeneity relates to 

structural properties within the landscape such as vegetation cover and soil 

nutrients whereas functional heterogeneity relates to functional properties of 

landscape such as primary production, photosynthesis, soil loss, run-off, and 

other associated properties such as bioaccumulation and carbon exchange 

(Reynolds and Wu, 1999). 

 

Reynolds and Wu (1999) suggest that it is more pertinent not to ask whether 

one landscape is more heterogeneous than another but rather how do they 

differ in some measure of heterogeneity. 

 

1.13.3 Hierarchical Patch Dynamic Paradigm 

The Hierarchical Patch Dynamic Paradigm (HPDP) as proposed by Wu and 

Loucks (1995) provides a basis to study the relationships between patterns, 

processes and scale in landscapes by marrying the vertical structure of 

hierarchy theory with the horizontal structure of patch dynamics (Hay, 

2002). Patch dynamics is central to the theory and applications of landscape 

ecology (Wu and Loucks, 1995). Within Hierarchy theory, the higher levels 

within a hierarchy impose limits or constraints on lower levels. Patterns and 

processes at lower levels are ‘smoothed out’ or averaged when dealt with at 

higher levels. Thus within HPDP, a landscape is a mosaic of ecosystem 

patches. Each of these patches is a component of a broader scale super-patch 

and in turn is made up of sub-patches at a finer scale. 
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1.13.4 The remote sensing contribution to landscape analysis 

Once relationships between spectral information and field-based 

observations and measurements have been determined, it is more efficient to 

analyse land cover patterns and temporal dynamics over large areas using 

remote sensing rather than intensive field campaigns (Quattrochi and 

Pelletier, 1994).  

 

Spatial patterns within a landscape mosaic can be expressed using a number 

of structural measures (Wiens et al., 1993). These measures can be mapped 

and quantified at specific time and space. The mapping scale used is 

dependent upon the research focus, phenomena or organisms being studied, 

and the temporal duration. To study spatial patterns within landscape 

mosaics, patch boundaries need to be identified. This can be done by image 

analysis. As landscape mosaics are not static (seasonal change, disturbances, 

regeneration), it would be preferable to include temporal considerations. 

 

Quattrochi and Pelletier (1994) provide a conceptual model of the remote 

sensing landscape. The remote sensing landscape is multi-dimensional – 

horizontal (x,y), vertical (z), and multispectral. The pixel array describing 

the relative location of land cover is fundamental to the horizontal 

dimension. The vertical dimension is the height above horizontal axis. 

These data include topography, tree-height, buildings etc. Multispectral 

information helps to differentiate between land cover classes. Landscape 
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attributes are time/space dependent and the effects of spatial scale need to be 

considered since scale permeated all landscape studies (Quattrochi and 

Pelletier, 1994). 

 

Relatively low accuracy results for land cover maps become an issue when 

using these data for undertaking landscape analysis and deriving landscape 

metrics (Shao and Wu, 2008). Accuracies are usually lower than expected 

and rarely have accuracies over 80% (Shao and Wu, 2008). Other issues 

associated with using remote sensing products within landscape analysis 

include the repeatability of the analysis and results, and the different 

methodologies/analysts producing different results. In addition, there is 

often no consideration of land cover over different spatial and/or temporal 

scales. 

 

Shao and Wu (2008) provide a number of suggestions for improving the 

reliability of landscape metrics derived from remote sensing. Firstly, select 

the most appropriate classification techniques as higher accuracies in remote 

sensing lead to more stable values in landscape studies (Shao and Wu, 

2008). According to Shao and Wu (2008), OBIA has potential for landscape 

analysis preferable over per-pixel methods as it has been shown to have 

greater accuracies (Gao et al., 2006) and has potential to create 

homogeneous objects, within a hierarchical framework of decomposability 

(Shao and Wu, 2008). Secondly, select imagery at the appropriate spatial 

and temporal scales for analysis (Shao and Wu, 2008). Thirdly, balance 

Producer’s Accuracy and User’s Accuracy (Shao and Wu, 2008). Fourthly, 
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where possible avoid using landscape metrics sensitive to classification 

errors (Shao and Wu, 2008). Finally, a multi-factor assessment of accuracy 

is required including: Overall Accuracy, Similar User’s 

Accuracy/Producer’s Accuracy and Minimum mapping unit (Shao and Wu, 

2008). 

 

Of the methods used to analyse remote sensing data, OBIA is believed to be 

the most suitable to undertake multi-scale analysis of the landscape (Shao 

and Wu, 2008). The ‘end product’ of OBIA is a set of homogeneous objects 

(at a number of scales) assigned to specific information classes. These 

objects have topological relationships to neighbouring objects and maybe 

arranged in a hierarchical structure of sub- and super- objects. 

 

1.14 Chapter summary and thesis niche 

1.14.1 Chapter summary 

A synopsis of the previous sections in this chapter provides a number of 

challenges, posing problems or questions. Northern Australia is dominated 

by savanna landscapes. Savanna landscapes are characterised by a 

continuous grass cover with a discontinuous canopy of woody vegetation. 

Savanna landscapes are sustained by disturbance (such as fire and 

herbivory) and are thus considered unstable. Savanna landscapes are an 

important component in global terrestrial ecology. Therefore knowledge and 

an understanding of their structure and function are imperative to local, 

regional and global ecological management strategies and implementation. 
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There is no definitive model of savanna function and in particular, the 

function and structure of savanna landscapes in the Northern Territory of 

Australia are not fully understood particularly at regional to local scales. 

Structure in savanna landscapes in particular, the patterns, proportions and 

distributions of the two co-dominants, trees and grass, have received limited 

research. Data and analysis tools that enable ecologists to gain a better 

understanding at regional to local scales are needed. Remote sensing 

provides data that can enable analysis of landscape patterns and processes at 

multiple scales (Quattrochi and Pelletier, 1994; Shao and Wu, 2008). 

Object-based image analysis provides methodologies that assist with this 

(Burnett and Blaschke, 2003; Shao and Wu, 2008) creating multiscale 

objects for analysis within a hierarchical framework. 

 

Further, remote sensing analysis using ‘traditional’ per-pixel methods for 

classification suffers from the base unit and subsequent analytic output 

being the arbitrary pixel that has no tangible real life representation (Hay, 

2002). Pixels (depending on resolution) are either a part of a real world 

object (or one of its components) or a mixture of a number of land covers 

and thus have a number of limitations when used in landscape analysis 

(Hay, 2002; Shao and Wu, 2008). In addition, atmospheric effects and the 

nature of capturing remotely sensed data mean that individual pixel 

reflectance signals are influenced by surrounding pixels (Huang et al., 

2002b; Townshend et al., 2000), thus creating a level of uncertainty when 

using per-pixel approaches and absolute pixel values. Object-based image 

analysis provides methodologies for overcoming these shortfalls (Blaschke 
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and Strobl, 2001). The use of objects at the appropriate scale and relative 

values will result in minimising the above issues (Hay, 2002) and provides a 

suitable data input for landscape analysis (Shao and Wu, 2008). 

 

The utilisation of object-based image analysis calls for greater measures of 

accuracy over and above the site-specific measures and associated confusion 

matrix. The accuracy assessment of object-based image analysis is an 

identified emerging field of research (Blaschke, 2010) and methods of 

assessing the geometric accuracy (location and shape) need to be developed 

(Schöpfer et al., 2008). 

 

1.14.2 Thesis research niche 

The above summary indicates that there are clear knowledge gaps relating to 

object based image analysis and remote sensing of savannas. This thesis 

addresses a number of these gaps, making key contributions to four research 

areas: 

1. Scale – This thesis examines the suitability of high and 

medium spatial resolution satellite imagery for characterising 

savanna landscapes; 

2. OBIA vs. Pixel Based Image Analysis – This thesis uniquely 

compares the applicability of these techniques for 

characterising savanna landscapes; 
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3. Savanna Ecology – This thesis identifies suitable analysis 

techniques for characterising tree crown distributions, a key 

ecological variable in savanna landscapes; and 

4. OBIA Validation – This thesis assesses the use of area based 

accuracy assessment techniques for validating the thematic 

and geometric accuracy of OBIA in natural environments.  

 

Increasing heterogeneity is displayed in savannas when analysing medium 

to high spatial resolution imagery. Object-based image analysis addresses 

many of the issues associated with classifying spectrally variable land cover, 

in this case tropical savanna, with per-pixel approaches. One of the ways 

OBIA addresses the issues is the ability to characterise features at different 

scales (Hay et al., 2003). This thesis uses techniques at scales suitable for 

characterising vegetation structure at both community level and at a co-

dominant level where such techniques have not commonly been applied. 

The selection of correct scale for analysis has been identified as a hot topic 

in object-based image analysis (Blaschke, 2010). 

 

One particular contribution is an assessment of object-based vs. pixel based 

image analysis for classifying savanna land cover using medium spatial 

resolution data. While there have been numerous studies comparing pixel-

based and object-based classification algorithms (Dingle Robertson and 

King, 2011; Gao et al., 2006; Myneni et al., 1995), this work contributes 

uniquely by providing an assessment for tropical savannas. 
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The thesis also addresses an identified need for robust techniques for the 

extraction of one of the co-dominants in savanna, discontinuous tree cover 

(Boggs, 2010). Work in this area provides a link between broadscale 

analysis (Korontzi, 2005; Spessa et al., 2005) and field-based approaches 

(Hutley et al., in press). Such techniques are important for providing 

missing ecological information describing tree distribution patterns across a 

variable landscape and the results from such analysis can contribute to 

surface and vegetation models to predict biodiversity distributions, fire 

regimes, carbon budgets and regional climate variations (Scheiter and 

Higgins, 2009). 

 

Finally, there is an identified need for robust means of assessing both the 

thematic and geometric accuracy of object-based image analysis results 

(Lucieer, 2004; Schöpfer et al., 2008). Object-based image analysis 

accuracy assessment is an emerging area of research (Blaschke, 2010) and 

as such there is little work based on the combined needs of geometric and 

thematic accuracy assessment (Möller et al., 2007; Zhan et al., 2005), 

particularly in natural environments. The thesis describes and applies novel 

techniques of accuracy assessment for addressing the need for thematic and 

geometric accuracy of the results of object-based image analysis. 

 

1.15 Thesis structure 

This chapter (Chapter 1) has provided an overview of savannas and image 

analysis techniques for land cover classification along with information on 
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landscape ecology and object-based image classification. It also provides the 

aims and objectives for the research. 

 

Details of the study area investigated within this thesis are described in 

Chapter 2. Included are the location of the area under investigation, 

geomorphology and underlying geology, climate, vegetation characteristics, 

and other information (including fire history, land use, other impacts weeds, 

feral animals, endangered species etc.). Also included is a description of the 

remote sensing data sets used for analysis and the information utilised as 

reference data. Details are also provided of previous research and mapping 

that has been undertaken in the area under investigation. 

 

Chapter 3 investigates vegetation mapping in a tropical savanna matrix at a 

community level using ASTER imagery. The focus of this chapter is 

comparing the viability of an object-based approach with a more traditional 

pixel-based methodology to map savanna vegetation cover from medium 

spatial resolution (ASTER) imagery. The chapter highlights the difficulties 

associated with applying per-pixel classification techniques on medium 

spatial resolution imagery for mapping land cover. The chapter’s findings 

suggest that OBIA may be able to process the detailed information available 

in high spatial resolution imagery to produce appropriate landcover maps. 

 

Chapter 4 examines the potential of QuickBird HSR imagery and OBIA for 

mapping land cover in northern Australia savanna. Within this chapter, a 

rule set (including segmentation and a class hierarchy) is developed and 



 

50 

implemented to produce a community level land cover classification of a 

QuickBird image, including the incorporation of additional data (in the form 

of a Principal Component transform) to assist in the classification. Arising 

from this chapter is the issue of scale. Using high spatial resolution imagery 

such as QuickBird for traditional regional/local land cover classification 

(such as at the vegetation community level) does not fully utilise the 

increased spatial information available. This requires examination of finer 

scale vegetation attributes. 

 

Chapter 5 provides a different approach to vegetation mapping using the 

increased spatial information and spectral variability available from the 

higher spatial resolution QuickBird imagery. In this case, a classification 

using a more appropriate scale attribute, the extraction of tree crowns from 

Eucalypt dominant savanna, is proposed and implemented. The derived 

information describing tree crowns, including crown density and area of 

cover, can then be used at the local/regional scale as attributes for further 

landscape studies such as the analysis of pattern or distribution of woody 

cover or up scaled to determine land cover classes. 

 

Chapter 6 tests the application of the results from the tree crown extraction 

(Chapter 5) for providing estimates of canopy cover within tropical savanna 

against other methods of estimating cover, including per pixel methods and 

manual interpretation methods. 
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Chapters 3-6 highlight the shortfalls of traditional site-specific accuracy 

assessment and the use of confusion matrices in validating OBIA. While 

these techniques provide information on thematic accuracy, there is no 

information regarding the similarities or dissimilarities of spatial properties 

between classified and reference objects. For example, in feature extraction 

a site-specific accuracy assessment can indicate how many objects have 

been identified correctly but there is no information on how well the objects 

have been identified.  Chapter 7 examines the use of area-based methods for 

assessing the quality of the results of OBIA. The first part of Chapter 7 is a 

brief review of a number of these methods while the second part is the 

application and evaluation of some of these measures to assess the quality of 

two case studies. 

 

Finally, Chapter 8 describes the final conclusions of the thesis and provides 

recommendations for further study. 
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Chapter 2 Study site and 
data 

This chapter describes the details of the area that is the focus of this study. 

Details include the location, geomorphology and geology, climate, 

characteristic vegetation, and other information such as land use, fire 

history, and weeds. 

 

2.1 Characteristics 

2.1.1 Location 

The study site is located within Litchfield National Park (LNP) and is 

located approximately 120 kms south of Darwin, the capital of Australia’s 

Northern Territory (Figure 2.1). LNP is approximately 1500km
2
 in area and 

includes the Tabletop and Tableland Ranges within its boundaries. The Park 

includes parts of the Reynolds, Finniss and Adelaide Rivers drainage basins 

(Griffiths et al., 1997). LNP sits at the junction of the boundaries of the 

Daly Basin, Darwin Coastal, and Pine Creek Bioregions (Figure 2.2) 

(DEWHA, 2010). Of the bioregions, the Daly Basin bioregion (with less 

than 10% of its area in conservation reserve status) is classified as 

underrepresented in the National Reserve System and Interim 

Biogeographic Regionalisation for Australia (IBRA) version 6.1, 

(Thackway and Cresswell, 1995). 
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Figure 2.1: Location of study area within northern Australia. 

 

The study site covers approximately 2600ha and comprises most of the 

Florence Falls region located in the northern portion of LNP at the 

northwest edge of the Tabletop range (Figure 2.2). The region contains two 

of the most popular tourist sites within the park: Florence Falls and Buley 

Rockhole which sees hundreds of thousands of visitors annually. The region 

also contains four public campgrounds and an environmental education 

centre. 

 



 

55 

 

 

Figure 2.2: Location of the study site (cross-hatched polygon) within Litchfield National 

Park (LNP). The extent of previous studies (dash bounded polygon), and Interim 

Biogeographical Regionalisation of Australia (IBRA) regions located within LNP are also 

shown. 

 

2.1.2 Underlying geology 

The underlying geology of the Tabletop Range is comprised predominantly 

of Proterozoic Depot Creek sandstone – pervious massive cross-bedded 

quartz sandstone interlaced with pebble bands (Figure 2.3 and Table 2.1). 
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The Depot Creek sediments overlie the Burrell Creek sandstone structure 

which is relatively impervious (Lynch and Manning, 1988). 

 

 

 

 

Figure 2.3: Litchfield National Park geology from Lynch and Manning (1988). See Table 

2.1 for key. 
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Table 2.1: Geology of Litchfield National Park from Lynch and Manning (1988). 

Period 
Rock unit and 

symbol 
Lithology 

Cainozoic 

Qa 
Silt, sand, caly, mud; coastal and river 

alluvium 

Cz 
Sand, gravel and laterite; colluvial, 
talus and transported terrestrial 

sediments 

Palaeozoic Co 
Limestone, sandstone, siltstone, 

dolomite, calcilutite, marl. 

Middle 
Proterozoic 

Stray Creek 
Sandstone 

Pts 

Flaggy quartz sandstone, green 
siltstone and shale, dolomitic in places 

Depot Creek 
Sandstone 

Ptd 

Massive cross-bedded quartz 
sandstone, pebble bands 

Early 
Proterozoic 

Well Tree Schist 
Pxw 

Schist, gneiss, minor quartzite 

Burrell Creek 
Formation 

Pfb 

Greywacke, siltstone, shale, minor 
conglomerate 

 

Roberts Creek 
Granite 

Pxgr Granitoids 
Two Sisters Granite 

Pxgt 

 

2.1.3 Landforms 

Lynch and Manning (1988) identify seven landforms within the northern 

portion of the Park (Figure 2.4): (1) plateau surface, (2) sideslopes, (3) 

secondary plateau surfaces, (4) steep hills and slopes, (5) undulating 

lowlands, (6) drainage floors and depressions, and (7) stream channels and 

levees. The Tabletop Range consists of intact Tertiary plateau surfaces of a 

lateritic origin. On the primary plateau there is little to no drainage network 

and thus most rainfall infiltrates. Depressions in the plateau surface act as 

intakes for groundwater which, via seepage, feed into the waterfalls on the 

plateau edges. At the edge of the plateau are gently inclined to moderately 
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steep sideslopes with laterite and sandstone outcrop. An exposed secondary 

plateau exists below these slopes were the lateritic plateau surface has been 

removed and exposed the Depot Creek sandstone. This secondary plateau is 

intersected by steep hills and slopes.  

 

 

Figure 2.4: Litchfield National Park landforms from Lynch and Manning (1988). 
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2.1.4 Climate 

The study area displays typical climate for seasonal monsoon tropics with a 

long period of warm to hot temperatures with little to no rainfall and a short 

intensive wet season with hot temperatures and heavy rainfall. This is 

characterised by data from the Australian Bureau of Meteorology 

(www.bom.gov.au). Figure 2.5 shows the mean monthly rainfall for Buley 

Rockhole located within the study site. Records are from December 1999- 

October 2009 with data missing from April-May 2000, January, March and 

December 2001, December 2002, March and December 2007, February and 

November 2008, and April-August and November-December 2009. No 

temperature data is available from the Buley Rockhole Observation Station. 

 

 

Figure 2.5: Annual mean monthly rainfall for Buley Rockhole within the study area, LNP. 

Based on incomplete records for period: 1999-2009. 
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Rainfall records compare with longer term data from nearby weather 

stations, Mango Farm and Batchelor Airport (Figure 2.6). Records from 

Batchelor Airport began in 1992 and Mango Farm in 1980. Temperatures 

from these stations show lowest maximum temps co-occurring in June and 

July with highest maximum temps occurring in October (Figure 2.7).  

Minimum temperatures are relatively low in the dry months on June and 

July (around 15°C) rising to over 23°C in December and January. 

(a)  

(b)  

 
Figure 2.6: Climate data (mean minimum and maximum temperatures (°C) and mean 

rainfall (mm)) for (a) Batchelor Airport and (b) Mango Farm, approximately 30km east and 

60km south of the study area respectively. (Source: www.bom.gov.au) 
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(a)  

(b)  

Figure 2.7: Mean maximum and minimum monthly temperatures for (a) Batchelor Airport 

and (b) Mango Farm, approximately 30km east and 60km south of the study area 

respectively. 

 



 

62 

2.1.5 Vegetation 

According to the 1:1 000 000 Northern Territory Vegetation map (Wilson et 

al., 1990), the LNP is dominated by Eucalyptus open forests and woodland 

comprising a continuous ground cover of annual grasses and discontinuous 

canopy and understorey of woody cover. Seven main vegetation types are 

present: (1) Eucalyptus miniata and E. tetradonta open forest with Sarga 

(formerly Sorghum) spp. understorey, (2) Eucalyptus miniata, E. tetradonta, 

E. bleeseri woodland with Sarga understorey, (3) Eucalyptus miniata 

woodland with grass understorey, (4) Eucalyptus tintinnans, low woodland 

with Sarga understorey, (5) Corymbia dichromophloia and E. miniata low 

open woodland with Plectrachne pungens open-hummock grassland 

undersstorey, (6) Livistona humilis tall-open shrubland with Sarga 

understorey and (7) Mixed closed grassland/sedgeland, seasonal floodplain. 

The large scale of this map fails to identify vegetation communities 

occupying smaller patches within the general community matrix, 

particularly the monsoon vine forest (rainforest) and riparian forest patches 

which although small in size or linear in pattern are significant contributors 

to the flora of the park (Griffiths et al., 1997). 

 

The phenology of the annual grasses occupying the understorey/ ground 

cover affects the remote sensing of savanna land cover. The growth period 

for these grasses is over the wet (monsoon) season. Thus for remotely 

sensed biomass estimation for the grass layer of a savanna ecosystem, the 

ideal remote sensing period is at this time. However, this is coincident with 

the dense cloud cover associated with monsoonal weather patterns so 
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obtaining satisfactory imagery with minimal cloud cover is difficult. This 

time period is not appropriate for woody cover estimation as the spectral 

signature of the high photosynthesis rate of grass at this time makes it 

difficult to differentiate/discriminate from trees. Thus a better time for 

imagery to be captured for use in woody cover studies is in the dry season 

when the annual grasses have senesced, providing spectral differentiation 

between trees and grasses. However, if left too late into the dry season, 

disturbances such as fire can influence reflectance from the surface. So the 

ideal time for imagery is the early dry season (around May). 

 

2.2 Other site information (fire history, land use and weeds) 

2.2.1 Fire history 

In a study over 8 years (1990-1997) of the fire regimes within LNP using 

Landsat imagery, it was estimated that at least 56% of LNP is burnt 

annually (Edwards et al., 2001). Burning in LNP occurs mostly in the early 

dry season (May-June). In 1996, over 75% of Park was burnt. Early dry 

season burning indicates most fires occurring within LNP are management 

fires (low intensity causing minimal destruction and protecting fire-sensitive 

plant communities). Fires typically recur at any one site at least every 1-2 

years (Edwards et al., 2001). 

 

Based on data available from the North Australian Fire Information website 

(www.firenorth.org.au/nafi2/), it has been observed that between 1997 and 

2008 the entire region covering the study site has experienced at least three 
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fires with some parts enduring up to six fires during the period. The scale of 

mapping used on this website (pixel=1km) does not describe smaller 

phenomena such as topographically protected areas as well as management 

burns and these may go undetected. 

 

2.2.2 Land use 

Tourism and conservation are the primary land uses for LNP (CCNT, 1992). 

Prior to being gazetted as a national park, the area was under the lease as 

Stapleton Station, a pastoral property grazing cattle. Litchfield National 

Park was established in 1985 after the NT Government took up the 

surrendered pastoral lease for Stapleton Station (CCNT, 1992). LNP was 

extended with the subsequent addition of sections of Tipperary Station and 

Camp Creek Stations.  

 

Grazing was the predominant land use prior to park establishment, with 

Stapleton Station lease commencing in 1901, and the Tipperary lease in 

1899. Grazing was confined to lowland areas to the south and east of the 

Tabletop and Tableland Ranges with little activity on the sandstone ranges 

and hills due to unsuitability for grazing (Griffiths et al., 1997). 

 

2.2.3 Weeds 

There has been very little issue with weeds until recently. 42 introduced 

plant species have been recorded in LNP (Griffiths et al., 1997). These are 

generally confined to disturbed areas around campgrounds and buildings 
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(Griffiths et al., 1997). The presence of Gamba Grass (Andropogon 

gayanus) within LNP is of ecological concern. If this species becomes 

widespread it has the potential to alter community composition and structure 

within savannas (Rossiter-Rachor et al., 2008; Rossiter-Rachor et al., 2009). 

The increased fuel loads associated with Gamba grass infestations and the 

later seasonal availability of fuel results in a significant increase in fire 

intensities and damage to adjacent vegetation (Rossiter-Rachor et al., 2008). 

The introduced pasture species is prevalent in areas surrounding Park and 

outbreaks have been observed by the author in LNP. 

 

2.3 Previous work in the area 

Land unit mapping (1:50000) of the northern section of LNP was 

undertaken (Lynch and Manning, 1988). They identified 7 major landforms 

within the Park that are divided into 37 land units. Land units were 

delineated using stereoscopic interpretation of aerial photography based on 

assumption that a land unit (area of uniform or homogeneous landform, soil 

and vegetation) exhibits a characteristic ‘photopattern’ (Lynch and 

Manning, 1988). Following map creation, 120 sites were visited by Lynch 

and Manning, where they collected landform, drainage, soils and vegetation 

information to drive an a posteriori assignation of land unit attributes 

(Lynch and Manning, 1988). 

 

A biological survey of LNP was undertaken in 1995-96 by the NT Parks and 

Wildlife Commission including a comprehensive vertebrate survey 
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(Griffiths et al., 1997). This work included sampling in 116 (50 m x 50 m) 

quadrats within LNP. Floristic data collected in the quadrats delineated 8 

distinct vegetation groups (Table 2.2) although this was not representative 

of all communities within LNP (Griffiths et al., 1997). 

 

Table 2.2: Vegetation communities described within Litchfield National Park by Griffiths 

et al. (1997). 

Group 
No. of 

quadrats 
Vegetation description 

Floodplain – Grassland 3 
Grassland on seasonally inundate 
floodplains with little to no woody 

cover. Grasses and sedges. 

Melaleuca – 
Lophostemon Tall Open 

Forest 
11 

Adjacent to permanent water or 
drainage depressions 

Monsoon Rain Forest 9 Adjacent to permanent water 

Corymbia Open 
Woodland 

21 Bloodwoods 

Eucalyptus miniata / 
Eucalyptus tetradonta Tall 

Open Forest 
35 

Occurs on variety of landforms and is 
most extensive floristic group within 

the park. 

Eucalyptus tectifica / 
Eucalyptus tintinnans Low 

Open Woodland 
16 Occurs on stony hills and ridges 

Grevillea / Banksia Low 
Open Woodland 

11  

Mixed Low Open 
Woodland 

10  

 

 

A transect study was also undertaken through the Eucalyptus dominant 

communities across the Tabletop Range within the Park (Kirkpatrick et al., 

1987). This study included the creation of a vegetation map (Figure 2.8) for 

the northern section of LNP derived from the manual interpretation of 

1:20000 colour aerial photographs and a posteriori characterisation of 

structural classes (Table 2.3). A comprehensive study of Northern Territory 

rainforest flora included sites within LNP (Russell-Smith, 1991). Work 
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investigating the factors (including fire regimes) affecting the decline of 

Callitris intratropica (Northern Cypress Pine) included sites in LNP 

(Bowman and Panton, 1993). An analysis of historical aerial photographs 

over a portion of LNP has shown a thickening of vegetation and an increase 

in the size of rainforest patches between 1941 and 1994 (Bowman et al., 

2001).  

 

Table 2.3: Structural vegetation classes derived by Kirkpatrick et al. (1987). 

Class Description 

G Eucalyptus woodland with a perennial grass understorey 

A Acacia woodland with an annual grass understorey 

F 
Eucalyptus open forest with an understorey dominated by 

low shrubs and annual grasses 

Es 
Terminalia/Eucalyptus open forest with understorey 

dominated by low shrubs 

F1 
Eucalyptus open forest with understorey dominated by 

annual grasses 

S Low woodland with hummock understorey 

Lo 
Eucalyptus open forest with understorey dominated by 

annual grasses 

M Melaleuca closed forest 

RF Closed forest (Rainforest) 

W Wetland 
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Figure 2.8: Litchfield National Park vegetation map (Kirkpatrick et al., 1987). See Table 

2.3 for legend. 

 

2.4 Remote sensing data sets 

This section describes the remote sensing data sets used in this study. 

2.4.1 ASTER data (Multispectral and DEM) 

The Advanced Spacebourne Thermal Emissivity Radiometer (ASTER) is a 

system of sensors that sits aboard the Terra satellite which was launched in 
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December 1999. The swath width of ASTER is 60km. Within ASTER there 

are three subsystems providing a total of 14 Bands (Table 2.4). There are 

three bands in the visible near infrared (VNIR), six bands in shortwave 

infrared (SWIR) and five bands in thermal infrared (TIR) (Yamaguchi et al., 

1998). 

 

Table 2.4: ASTER subsystems and bands. VNIR= visble near infrared, SWIR-shortwave 

infrared and TIR=thermal infrared respectively. 

Subsystem Band Bandwidth (μm) 

VNIR 
8-bit, 15m resolution 

1 (Green) 0.52–0.60 

2 (Red) 0.63–0.69 

3N (NIR) 0.78–0.86 

3B (NIR) 0.78–0.86 

SWIR 
8-bit, 30 m resolution 

4 1.600–1.700 

5 2.145–2.185 

6 2.185–2.225 

7 2.235–2.285 

8 2.295–2.365 

9 2.360–2.430 

TIR 
12-bit, 90 m resolution 

10 8.125–8.475 

11 8.475–8.825 

12 8.925–9.275 

13 10.25–10.95 

14 10.95–11.65 

 

 

The VNIR subsystem contains three bands at nadir: Green, Red, NIR (3N) 

and is 15m resolution. The subsystem includes a backward looking 

telescope that produces another NIR band (3B). This creates a pair of along-

track stereo images (bands 3N and 3B) with a base-to-height ratio of 0.6. 

The image is processed to Level 1B which is described as registered 
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radiance at the sensor to which coefficients are applied for radiometric 

calibration and geometric co-registration. 

 

The ASTER data set used in this study was captured on 28 July 2000 

(Figure 2.9 and Figure 2.10). ASTER data for the area was captured on 28 

July 2000 providing 14 spectral bands; three in the visible and near infrared 

(0.52-0.86 μm) portion (VNIR) at 15m nominal pixel size, six in the 

shortwave infrared (1.60-2.43 μm) at 30 m, and five in the thermal infrared. 

(8.12-11.65 μm) at 90 m (Yamaguchi et al., 1998). The near infrared (NIR) 

band 3 is captured at nadir (3N) and backwards looking (3B), producing a 

stereo pair of images that can be used to create a DEM (Hirano et al., 2003).  

The DEM has a spatial resolution in the x,y plane of 30 m and in z-axis of 

1m. The relative DEM has a root mean square (RMSE) accuracy (xyz) of 

between 10 to 30 m. An absolute DEM can be created from user defined 

ground control points with RMSE of between 7 and 30 m. The relative 

DEM image derived from ASTER bands 3N and 3B was requested from 

NASA’s EROS Data Center and acquired in October 2002. A slope layer 

(%) was derived from the DEM image for inclusion. 

 

Pre-processing of the image included geometric correction and the creation 

of subsets for the study area. Geometric rectification of the imagery was 

undertaken using a first order polynomial with a nearest neighbour 

interpolation, incorporating the DEM with 25 ground control points taken 

from a 1:100000 topographic map producing a RMSE of less than 0.5 pixels 

(7.5 m). Further topographic adjustments of the spectral imagery were not 
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undertaken due to the relatively small area affected by slope and the 

unsuitability of the ASTER DEM in accurately reflecting such small 

variations. Subsets for the study area were created from the ASTER VNIR 

bands 1, 2 and 3N (green, red and NIR nadir respectively) and the DEM 

(Figure 2.10). Pixel dimensions of the subset are 249 (columns) x 245 

(rows) for the 15m ASTER layer. 
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Figure 2.9: The ASTER subset used in this study, RGB = Near Infrared, Red and Green 

bands respectively. 
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Figure 2.10: Subset of the ASTER DEM used in this study. 

 

2.4.2 QuickBird data 

The satellite that supports the QuickBird sensor system was launched in 

October 2001. The sensor has a swath width 16.5 km, and consists of 

panchromatic and multispectral subsystems (Table 2.4). The image data 

used in this thesis were captured at 11.09 am Australian Central Standard 

Time (CST) on 28 August 2004. The centre of the image is approximately 

13°7’ S , 130°48’ E and the off-nadir angle is 8.7° The single panchromatic 
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band outputs 0.6 m pixels (Figure 2.11) and the multispectral sub-system 

consists of four bands (blue, green, red and near infrared) with a 2.4 m pixel 

(Figure 2.12). Data from QuickBird is 11-bit. Multispectral bands were 

adjusted to top-of-atmosphere radiance values (Krause, 2003). The image 

was geometrically corrected to a previously geo-referenced aerial 

orthophoto of the area with an error of less than 0.5 pixels. 

 

Table 2.5: Spatial and spectral details for QuickBird data. 

Sensor Band Pixel size (m) Bandwith (μm) 

Panchromatic Panchromatic 0.6 0.45-0.90 

Multispectral 

Blue 

2.4 

0.45-0.52 

Green 0.52-0.60 

Red 0.63-0.69 

NIR 0.76-0.90 
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Figure 2.11: The subset of the QuickBird panchromatic image covering the study area. 
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Figure 2.12: The QuickBird Multispectral subset covering the study area, RGB=NIR, Red 

and Green bands respectively. 

 

2.5 Reference data 

2.5.1 Field data 

An intensive field campaign was undertaken in the early dry season of 2006. 

Within May and June, one hundred sites were visited and sampled.  

Stratified random sampling was utilised for providing 100 reference sites 
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including at least 2 sites per land cover class (Figure 2.13), although this 

sampling was constrained in some part by accessibility. A portion of the 

study area contains sites of cultural significance to traditional owners with 

claims over the area, and as a consequence, this area was not entered, while 

other areas were not ventured into due to terrain and distance from access 

tracks. 

 

At each site the following information was collected: the handheld GPS 

location (decimal degrees) of quadrat centres averaged for a minimum of 5 

minutes, positional error (in metres), aspect (in degrees), and landscape 

position. For further reference, four photos (north, west, south and east) 

were taken at the centre of each site. Within each 50 m x 50 m quadrat, the 

following data was recorded for each tree located in the quadrat: dominant 

Genus, mean canopy height (m), mean trunk diameter (DBH) at 130 cm 

above the ground, basal area (m
2
), percentage canopy density and 

percentage foliage projective cover (FPC). Also recorded at each site were 

estimates of groundcover (%), evidence the site was burnt or unburnt, the 

presence of exposed and surface rock. Details of the 2006 field collected 

data are provided in Appendix 1. 
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Figure 2.13: Location of the 2006 field data collection sites throughout the study area laid 

over the multispectral QuickBird image, RGB=bands 4,3,2 respectively. 

 

A further 71 field data sites were visited and data recorded at opportunistic 

times prior to 2006 (Table 2.6). The size of quadrats varies between 100 m
2
 

and 10000 m
2
. Measures recorded at each site included the location, 

dominant canopy taxon, canopy height (m
2
), percentage canopy cover, FPC, 

basal area (m
2
), mean DBH (cm) and land cover class. Details of these sites 

are provided in Appendix 2. 
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Table 2.6: Dates of opportunistic field data collection and number of sites. 

Year No. sites 
2000 2 
2002 11 
2003 29 
2004 25 
2006 5 

 

2.5.2 Aerial photography 

Vertical colour aerial photographs taken in 2000 were also used as a source 

of reference data. These were acquired from the Northern Territory 

Government’s Land Information Centre. Photographs were taken at 6705m 

above MSL providing a scale of 1:43000 over Litchfield National Park 

(Table 2.7).  

 

Table 2.7: Aerial photo details. 

Job Track Run Photo Date Time Latitude Longitude 

NTc 
1424 

319 3 

177 08/05/2000 15:04:56 13.1534 130.7931 

178 08/05/2000 15:05:34 13.1257 130.7687 

179 08/05/2000 15:06:11 13.0988 130.7447 
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Chapter 3 A comparison of 
object-based and pixel-
based classification 
methods for mapping 
vegetative land cover in 
northern Australian 
savannas 

3.1 Introduction 

The Northern Territory of Australia is characterised by large areas of land 

and a very small population.  This situation is ideal for remote sensing data 

and analysis to map natural resource information.  A range of remotely 

sensed data has previously been used to map land cover in northern 

Australia, however prior to this study, land cover classification was based 

on traditional pixel-based methods (Ahmad et al., 1998; Ahmad et al., 1997; 

Hayder et al., 1999; Menges et al., 2000), although there has been recent 

interest within the Northern Territory in using object-based approaches to 

map land cover (Crase and Hempel 2005; Whiteside and Ahmad 2004). The 

nature of land cover in tropical Australia creates some issues relating to 

pixel-based methods of classification (Whiteside, 2000). Most of the native 

vegetation in northern Australia is relatively intact and has undergone little 

modification apart from grazing and fire (Wilson et al., 1990). Therefore 
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there are large areas of spectrally similar but compositionally different 

vegetation cover (Hayder, 2001) that may be difficult to differentiate 

between, potentially increasing classification uncertainty. This 

discontinuous nature of tree cover within savannas also contributes to the 

heterogeneous appearance of cover within imagery (Hutley and Setterfield, 

2008; Pearson, 2002). Similarly, when undertaking a per-pixel 

classification, the spectral heterogeneity within a particular land cover can 

lead to spurious (misclassified) pixels appearing within classes creating a 

‘salt and pepper’ effect (Blaschke et al., 2000).  In addition, the increased 

application of higher resolution imagery (pixel size less than 5 m) is 

problematic as it is difficult to classify accurately using traditional pixel-

based methods.  The increased spectral heterogeneity within land cover 

classes often leads to an inconsistent classification of pixels. 

 

The development of robust object-based image analysis (OBIA) methods 

suitable for the classification of medium (pixel size 10 m to 30 m) to high 

(pixel size 2 m to 10 m) spatial resolution satellite imagery provides a valid 

alternative to the ‘traditional’ pixel-based (PB) methods of analysing and 

categorising remotely sensed data (Baatz et al., 2004; Benz et al., 2004).  

Pixels are grouped together into objects or segments based on some criterion 

of homogeneity (either spectral or spatial, or both). One of the benefits of 

using objects is that in addition to spectral values (for example, the mean 

band values for each object), objects have a number of 

geographical/geometrical features attributed to them such as shape and 

length, and topological entities, such as adjacency and found within (Baatz 
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et al., 2004). These attributes create a knowledge base for the sample 

objects far greater than that for individual pixels, which can be called upon 

in the development of a rule-based classification process. 

 

This chapter describes a comparison between an object-based classification 

process and a supervised per-pixel classification for mapping tropical 

savanna land cover in the monsoonal north of the Northern Territory, 

Australia using medium spatial resolution ASTER data. The comparison 

uses the VNIR bands of the ASTER image. Accuracies for the 

classifications are produced and compared using statistical tests. A 

comparison between the object-based process based on the spectral ASTER 

data and another incorporating an ASTER digital elevation model (DEM) is 

also conducted. 

 

3.1.1 Pixel-based classification 

Pixel-based classification for land use or land cover (LULC) classification 

has traditionally been conducted in one of either two ways; supervised or 

unsupervised classification based on spectral information only (Campbell, 

2002).  Each process has a number of advantages and disadvantages. 

Unsupervised classification is the statistically based identification of natural 

groups within spectral data using algorithms, such as ISODATA (Iterative 

Self-Organizing Data Analysis Techniques A), to assign numeric classes 

based purely on the spectral information within imagery. The operator 

designates the number of classes and the algorithm examines multispectral 
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feature space to find the natural groupings or clusters of pixel values 

(Jensen, 2005). Advantages of undertaking an unsupervised classification 

include: detailed knowledge of the region is not required, the opportunity 

for human error is minimised, and the classes defined are usually more 

uniform in spectral composition and small unique classes may be recognised 

as distinct units (Campbell, 2002). Disadvantages of unsupervised 

classification include potential spectrally homogeneous classes not 

corresponding to the intended informational classes, as well as no control 

over the class names or their identities. Due to the potentially large number 

of spectral classes that result from unsupervised classifications (Vogelmann 

et al., 1998), some form of grouping of these into larger classes is needed. 

This is done with the use of clustering algorithms (Shimabukuro et al., 

1998; Vogelmann et al., 1998).  

 

Supervised classification is the process of assigning pixels of unknown 

identity to classes that contain pixels of a known identity located within 

training areas.  These areas are defined by matching regions on the image to 

those of known identity generally from previous knowledge such as aerial 

photograph interpretation or field data.  These areas may have spectral 

characteristics that are typical and homogeneous for that particular land 

cover type (spectral signatures). Thus the training areas can be spatial areas 

identified and delineated directly from the imagery or delineated from 

spectral signatures identified within feature space (two- and three-

dimensional feature spaces can be depicted as scatterplots of reflectance 
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values for pixels from two or three image bands respectively) (Lucieer, 

2004). 

 

Advantages of supervised classification include control over the menu of 

classes, as well as the fact that it is tied to specific areas of known identity 

and there is no need to try to match spectral classes to informational classes 

(Campbell, 2002).  Disadvantages in the use of supervised classification (as 

with unsupervised classification) for land cover mapping include its 

limitations when different land classes have similar or overlapping spectral 

signatures (Graetz, 1987; Prakash and Gupta, 1998)). In addition, 

unsupervised and supervised classifications may not recognise the spatial 

properties represented in the training data (Campbell, 2002). In supervised 

classifications, some pixels do not exactly fit into the information classes 

based on training areas. Statistical algorithms are used to assign pixels to the 

class they most closely approximate and include the maximum likelihood 

classifier (MLC) (Bober et al., 1996; Fuller et al., 1994; Salem et al., 1995), 

parallelepiped algorithm (Miller et al., 1998) or  the Euclidean minimum 

distance classifier (de Moraes et al., 1998). Support vector machines are an 

enhanced method of supervised classification involving the construction of 

hyperplanes (planes in multi-dimensional feature space) to locate optimal 

boundaries to separate classes of pixels (Cristianini and Scholkopf, 2002; 

Huang et al., 2002a). 

 

Another less frequently used method is a variation of the mixed or hybrid 

classification (Ahmad et al., 1998; Green et al., 1998; Tung, 1992). The 



 

84 

hybrid form tends to be used when a scene displays heterogeneous 

characteristics and groups of pixels are too small to define reasonable 

training areas or the characteristics of the image’s LULC cause a large 

number of classes in an unsupervised classification. Artificial neural 

networks (ANNs) avoid some of the issues associated with MLC by 

utilising non-parametric analysis (Huang et al., 2002a) although they utilise 

a back propagation training algorithm that results in multiple local minima. 

ANNs and other expert knowledge systems enable the establishment of 

knowledge bases and the integration of ancillary datasets to assist with the 

classification. 

 

3.1.2 Object-based image analysis (OBIA) 

Object-based image analysis (OBIA) involves the segmentation of an image 

into homogeneous objects and followed by the analysis and classification of 

these objects. One of the advantages of segmentation is that it creates 

objects from land cover that is spectrally variable and thus eliminates 

spurious pixels associated with per-pixel classification. Another advantage 

is that OBIA uses non-arbitrary units for analysis as opposed to pixels, 

objects can approximate real world features better than pixels. In addition, 

OBIA can utilise contextual non-spectral information such as shape features, 

the hierarchical structures of objects and classes, and the topological 

relationships between objects. Object-based analysis enables the 

construction of rule sets, consisting of object shaping algorithms (including 

segmentation) and class membership criteria based on object features 
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characteristic to particular classes, which can be used across a variety of 

scenes producing a repeatable methodology. One of the disadvantages of 

OBIA is a requisite a priori knowledge of the area and the types of land 

cover under investigation which may not necessarily be available. Another 

disadvantage is that the segmentation process and subsequent calculation of 

the topological relationships described between objects can utilise a large 

amount of computer memory. Further, there is no definitive algorithm or 

parameters for the creation of image objects. Most assessment of the 

suitability of segmentation is undertaken by visual assessment, although 

recently the use of local variance has been applied to determine a suitable 

segmentation scale (Drǎguţ et al., 2010). 

 

3.1.3 Comparison of OBIA and pixel-based image analysis 

While there have been some studies comparing object-based and pixel-

based classification techniques, little has been conducted in northern 

Australia. Many publications claim that object-based classification has 

greater potential for classifying higher resolution imagery than pixel-based 

methods (Mansor et al., 2002; Oruc et al., 2004; Willhauck et al., 2000). 

However, Dingle Robertson and King (2011) found no statistically 

significant difference between the two methods in their study using 

McNemar’s non-parametric test for proportional difference (de Leeuw et al., 

2006), although visual inspection indicated the OBIA approach occurred a 

less significant error in the larger regions of homogeneous cover (Dingle 

Robertson and King, 2011). Neimeyer and Canty (2003) claim that object-
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based classification has greater possibilities for detecting change in higher 

resolution imagery. Castillejo-Gonzalez et al. (2009) found that an object-

based method out-performed five pixel-based supervised classification 

algorithms (parallelepiped, minimum distance, Mahanalobis Distance 

Classifier, Spectral Angle Mapper, and MLC) for mapping crops and agro-

environmental associated measures. Based on their reference data, Gao et al. 

(2006) achieved far greater accuracy in mapping 12 land cover classes using 

an object-based versus a pixel-based approach (83.25% and 46.48% 

respectively) while the object-based methodology used by Gao and Mas 

(2008) outperformed both MLC and NN pixel-based methods in mapping 

cover using SPOT 5 (10 m spatial resolution) data. However the authors 

noted that after smoothing filters were applied to the imagery, the accuracy 

of the pixel-based methods increased with the coarser resolution while 

object-based accuracies decreased. 

 

Jobin et al. (2008) noted that one of the advantages of OBIA is the utility of 

a knowledge base that is beyond purely spectral information and includes 

object-related features such as shape, texture and context/relationship, along 

with the ability to include ancillary data. Manakos et al. (2000) found that 

the ancillary data utilised within object-based classification is advantageous 

in improving the classification. Similarly, Devhari and Heck (2009) found 

the overall accuracy of the object-based classification was clearly ahead of 

the pixel-based and even further ahead when ancillary surface data (DEM 

and contours) were introduced into the segmentation. Myint et al. (2011) 

found that by including principle component images and a Normalized 
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Difference Vegetation Index within an object-based rule-set classification 

produced significantly higher accuracy than MLC. Yu et al. (2006) 

incorporated ancillary and derivative data (IHS transformations, elevation 

slope and aspect and water channel GIS layer) and 4 band airborne digital 

camera imagery to map vegetation in Douglas-fir, California Bay and Coast 

live oak communities to 60% accuracy. 

 

3.2 Methods 

3.2.1 The study area 

The study area covers approximately 1373 ha is part of the Florence Creek 

region of Litchfield National Park, in the northwest of the Northern 

Territory of Australia. Details of the study area can be found in Chapter 2. 

3.2.2 Remote sensing data 

This chapter uses the ASTER data captured on 28 July 2000 (see section 

2.4.1 for description). Subsets for the study area were created from the 

ASTER VNIR bands 1, 2 and 3N (green, red and NIR nadir respectively) 

and the DEM. Pixel dimensions of the subset are 249 (columns) x 245 

(rows) for the 15m ASTER layer. 

 

3.2.3 Object-based classification 

Two object-based classifications were undertaken. The first classification 

was conducted using only the VNIR bands from the ASTER imagery for 
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comparison with the per-pixel classification, while the second classification 

incorporated information from the ASTER DEM. Both object-based 

classifications followed OBIA procedure (Figure 3.1). 

 

Segmentation

ASTER

MS Image

Image objects

NN supervised 

classification

Classified objects

Pre-processing

 

Figure 3.1: Data flow for object-based classification. Rectangles represent image layers 

used in the procedure; circles represent processing and analysis steps; and irregular 

polygons represent objects. 

 

Multi-scale segmentation 

The object-based approach first involved the segmentation of image data 

into objects on two scale levels. The subset images were initially segmented 
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into object primitives or segments using the multiresolution segmentation 

algorithm that follows the fractal net evolution approach (FNEA) (Baatz and 

Schäpe, 2000; Benz et al., 2004). The segmentation of the images into 

object primitives is influenced by three parameters: scale, colour and form 

(Willhauck et al., 2000). The algorithm is a primarily an iterative bottom-up 

segmentation method starting with individual pixels and merging these 

pixels based upon pixel heterogeneity and object shape and colour. These 

are determined within the algorithm by two parameters; (i) colour versus 

form (homogeneity) and (ii) scale (heterogeneity). The first parameter 

within FNEA is the composition of homogeneity of the image objects 

(Figure 3.2). There are four criteria which define the relative homogeneity 

of image objects. These four criteria are grouped into two pairings: (i) 

colour versus shape and (ii) smoothness versus compactness.  In the first 

pairing (i), the shape criterion is a measure of spatial homogeneity while the 

colour criterion refers to the spectral homogeneity. By assigning less 

emphasis to the shape criterion the contribution of the spectral values of 

image layers is increased.  The shape criterion is influenced by the second 

pairing (ii). The smoothness criterion optimises image objects in relation to 

the smoothness of the borders whereas the compactness criterion optimises 

objects that are compact (Figure 3.3). The sum of the weightings for colour 

and shape combined equal one and the same applies for the sum of the 

weightings for smoothness and compactness. The second parameter is the 

scale parameter which although unit-less determines the maximum 

allowable heterogeneity of pixels within objects, and hence the size of the 

objects resulting from segmentation. The weighting of these parameters 



 

90 

establishes the homogeneity criterion for the object primitives.  A visual 

inspection of the objects resulting from a number of segmentations using 

variations in the weightings was used to determine the overall values for the 

parameter weighting at each scale level (Table 3.1). 

 

Composition of homogeneity

Colour

Shape

Compactness

Smoothness

 

Figure 3.2: The four criteria that determine the composition of homogeneity during an 

image segmentation (after Definiens (2006a)). 

 

 

Figure 3.3: Diagram showing the effect on an object boundary of the weighting for 

smoothness versus compactness. Increased weighting for smoothness provides optimised 

smooth borders (polygon with grey border), whereas increased weighting for compactness 

optimises compact objects. 

 

Table 3.1: Segmentation parameters used at both scale levels. 

Scale 
level 

Scale 
parameter 

Shape factor Compactness Smoothness 
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2 10 0.4 0.7 0.3 

1 5 0.2 0.7 0.3 

 

Applying a scale parameter greater than 10 tended to under-segment the 

image with noticeable mixes of land covers. Scale parameters smaller than 5 

tended to over-segment the image with many adjacent objects of the same 

land cover observed. Due to irregular patterns and boundaries of land covers 

in the natural landscape within the image, emphasis was placed on the 

colour (lack of spectral variability) criterion of algorithm of an object over 

its shape (60% to 40% respectively). An increase in the ratio of colour to 

shape in the algorithm resulted in objects with extremely convoluted 

boundaries, whereas an increase in the shape parameter saw regular shaped 

segments not representing identifiable land cover boundaries. Two levels 

were chosen as the first level provided objects at a suitable scale for 

mapping however some of the objects still contained noticeable spectral 

variability. Thus a finer scale was introduced to produce smaller objects of 

less variability that could then be combined into suitable classes later. 

 

Classification 

A total of ten land cover classes for the study area were identified based on 

the structural formation of the vegetation and characteristic taxon (Table 

3.2). Two of these classes were introduced to include areas of the study site 

that were identified as recently burnt.  The object-based classification 

involved the supervised classification using objects selected as training data 
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based on their class as determined by a combination of field observation and 

aerial photo interpretation (Figure 3.4). 

 

Table 3.2: Classes used in this chapter. Note: The last two classes WF, CFl, EW1 and WS 

are interim classes not used in the final classification and thus have no colour assigned to 

them 

Colour code Class code Class name 

 EOFB Burnt Eucalypt open forest 

 EOF Eucalypt open forest 

 CFo Mixed closed forest 

 MelF Melaleuca riparian forest 

 EW Eucalypt woodland 

 EWB Burnt Eucalypt woodland 

 EWRO 
Eucalypt woodland with 

rocky outcrops 

 OW Open woodland 

 MW Mixed woodland 

 GL Grassland 

- WF Woodland flats 

- CFl Creek flats 

- EW1 Eucalypt woodland 1 

- WS Woodland slope 



 

93 

 

Figure 3.4: Sample objects used for the object-based NN classification at levels 1 & 2. 

Colours correspond to those in Table 3.2.  

 

The object-based classification procedure incorporating the DEM involved a 

combination of a supervised classification and the development of class 

decision rules (where class membership is defined by a series of hierarchical 

decisions based on object features that characterise a particular class) based 

upon the mean spectral signatures, as well as DEM and slope values of the 

objects. Samples for each class were selected from the image objects to act 

as training areas for the classification (Figure 3.4). 
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Details of the multilevel object-based classification are depicted in Figure 

3.5. Initial classification of the broad scale (Level 2) segmentation was 

conducted using the Nearest Neighbour (NN) classification algorithm with 

the relevant training samples shown in Figure 3.4. The NN classification 

used the object means of all three spectral bands to create five broad classes 

(Riparian, EOF, EW, GL, and MF). The finer scale Level 1 objects were 

initially categorised based on the class assigned to their level 2 super-object. 

Further division of classes was then undertaken using NN supervised 

classification based on the sample objects (Figure 3.4). The output of the 

classification is fuzzy and provides class memberships for the objects (Baatz 

et al., 2004).  Fuzzy classifications use fuzzy logic to account for the 

heterogeneous nature (consisting of multiple land covers) of pixels (or in 

this case objects) in medium spatial resolution imagery as well as the lack of 

hard, sharp boundaries in nature where classes grade into one another 

(Foody, 1992). Where there exists m number of classes, pixels or objects are 

assigned m class memberships providing the degree of truth of the pixels (or 

objects) belonging to each class (Jensen, 2005).The class with the highest 

membership (or truth) value is assigned as the best and final class for each 

object (Baatz et al., 2004). After the Level 1 classification step, WF 

(‘Woodland flats’) and CFl (‘Creek flats’) objects were then merged into 

MW (‘Mixed woodland’) class producing 10 classes for the purpose of 

comparison with pixel–based classification and reference data. 
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3.2.4 Object-based classification with ancillary DEM layer 

A second object-based classification was conducted this time incorporating 

the DEM data to assist in classifying objects associated with regions where 

irradiance is potentially affected by slope. The classification procedure 

using samples and NN algorithm was the same as for the initial object-based 

classification however two class rules based on information within the DEM 

layer were introduced (Figure 3.6). The class rules were based on DEM and 

object slope values (Figure 3.7). Level 2 ‘Eucalypt woodland’ objects were 

classified at level 1 as ‘Open woodland’ objects if their DEM value was less 

than 140 and as ‘Woodland slope’ if their slope was greater than 8%. The 

thresholds used here easily distinguished the affected areas from 

surrounding objects. ‘Woodland slope’ objects were then reclassified as 

‘Eucalypt woodland’ for the final output and comparison to the first object-

based classification. 

 

3.2.5 Pixel-based supervised classification. 

The pixel-based classification procedure (Figure 3.8) used a supervised 

maximum likelihood (MLC) algorithm (Jensen, 2005; Lillesand et al., 

2008). This rule was trained by the parametric signatures derived from the 

mean and covariance matrix of the pixels within the training samples and 

every pixel assigned to a class. 50 training areas representative of the ten 

land cover classes (Figure 3.4) were selected to develop the class signature 

files similar to those used in the object-based classification to ensure 

consistency. The MLC then assigned pixels to the class of highest 

probability producing a land cover map for these 10 land cover classes. 
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Figure 3.5: Classification processes for the object-based land cover classifications based on spectral bands. 
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Figure 3.6: Data flow for object-based classification including DEM information. 

Rectangles represent image layers used in the procedure; circles represent processing and 

analysis steps; and irregular polygons represent objects. 
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Figure 3.7: Classification processes for the object-based land cover classifications based on spectral bands with additional information from DEM. 
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Figure 3.8: Data flow for pixel-based classification. Rectangles represent image layers used 

in the procedure; circles represent processing and analysis steps; and irregular polygons 

represent objects. 

 

3.2.6 Accuracy assessment 

The accuracy of the fuzzy classification was estimated using the mean 

membership of the best classification and the mean stability of each class 

(Baatz et al., 2004). Stability is the difference between an object’s first and 

second class memberships and is a measure of uncertainty and expressed as 

a percentage - the higher the value the greater the stability and the less the 

value the greater the uncertainty and expected mixing of classes. 
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The accuracy of the classified image was also assessed using a range of 

reference data including field data collected in the study area between 2000 

and 2006 and interpretation of aerial photography of the area (Table 3.3). 

Each campaign collected vegetation data that have enabled the 

determination of the structural classification of the communities. Data 

included the dominant taxon (Genus or species), canopy height, stem 

diameter (at 130cm above the ground), basal area, foliage projective cover, 

canopy cover and canopy density. Vegetation structural classes were 

determined based on the standard systems used in Australia (Hnatiuk et al., 

2009; Specht, 1981). In areas that were inaccessible (due to cultural 

restrictions or terrain), aerial photograph interpretation was undertaken to 

delineate the vegetation community. A stereo pair of 1:43,000 colour 

positive photographs taken at 1500hrs on 5 May 2000 covering the study 

area were observed under a stereoscope with 6x magnification. Cover 

calculations after Fensham et al (2002) and dominant taxon were identified 

and structural classes determined over 90 points derived from a stratified 

random sampling over the area. Locations of all reference sites are shown in 

Figure 3.4. 

Table 3.3: Reference data details. 

Year No. sites 
2000 1 
2002 11 
2003 29 
2004 20 
2006 4 
2006 100 

Air photo 91 

Total 256 
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For the ease of convenience for comparison between classification methods, 

only thematic accuracy was undertaken using point-based reference data 

mentioned above. There was no consideration of any accuracy measures 

relating to the geometric accuracy of the objects (such as location and 

shape). See Chapter 7 for methods for assessing spatial accuracy of object-

based image analysis. 

 

Accuracy assessments of all three classifications were undertaken using 

confusion matrices and Kappa statistics (Congalton, 1991). Producer and 

User accuracies for each class were calculated (Story and Congalton, 1986) 

along with the overall accuracies and Kappa coefficient statistics (Congalton 

and Green, 1999). Conditional Kappa was calculated for each class. The 

statistical significance of the difference between the two overall Kappa 

coefficients for the pixel-based classification and the object-based 

classification was assessed using a Z-test (equation (2)) (Congalton and 

Green, 2009). The null hypothesis being that there is no difference in the 

results for both methods. 

 

  
     

            
  

(2) 

 

where Ka and Kb are the Kappa coefficients from the two classifications and 

VarKa and VarKb are their estimated variances (Congalton and Green, 2009; 

Stehman, 1996). As one set of reference data was used to assess the 

accuracy of both classifications, the two confusion matrices may show 
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dependence and thus a further test for statistical significance of the 

difference between the two classifications was undertaken using McNemar’s 

test (de Leeuw et al., 2006). The test is non-parametric (equation (3)) 

assuming that the number of correctly and incorrectly identified points is 

equal for both classifications (de Leeuw et al., 2006; Dingle Robertson and 

King, 2011; Gao et al., 2006). 

   
         

 

         
  (3) 

 

where f12 and f21 respectively, are the number of points correctly identified 

by one classifier and not the other. The statistic follows a chi-squared 

distribution with one degree of freedom (Dingle Robertson and King, 2011). 

The initial object-based classification was then compared to the object-

based classification incorporating the DEM data using the same statistical 

tests. 

 

3.3 Results 

Within the object-based analysis, the segmentation provided 615 level 2 

objects and 1495 level 1 objects for classification (Figure 3.9a). At level 2, 

visual inspection shows objects of this size contain more than one spectrally 

distinct land cover (Figure 3.9b). The objects within the segmentation at 

level 1 tend to follow the spectral boundaries more closely. The images 

resulting from the object-based and pixel-based classifications are shown in 

Figure 3.10 and Figure 3.11 respectively.  For comparison, the area (ha) 

assigned to each class is presented in Table 3.4. 
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(a) 

 

(b) 

Figure 3.9:  A section of the study area showing hierarchical segmentation at scale level 2 

(a) and level 1 (b). 
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Figure 3.10: Resultant images of the object-based classification. 
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Figure 3.11: Resultant images of the pixel-based classification. 

 

According to the object-based classification the land cover class occupying 

the largest area was ‘Eucalypt woodland’ (376 ha) with the number of 

objects identified as belonging in that class being 675. Within the per-pixel 

classification only 256 ha were assigned to this class. The class with the 

largest area in the per-pixel classification was ‘Eucalypt open forest’ with 

302 ha (140 ha in the object-based classification). The land cover with the 

smallest area within the study site was ‘Grassland’ occupying only 15 ha 
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and consisting of just 21 image objects in the object-based classification and 

16 ha in the pixel-based classification. A visual comparison of the resultant 

land cover images (Figure 3.10 and Figure 3.11) shows noticeable 

differences between the classifications. While both methods produced 

aggregations of pixels based on land cover classes, the object-based 

classification yielded multi-pixel features whereas the pixel-based 

classification contains many small groups of pixels or individual pixels.  

This produced classes with mixed clusters of pixels as displayed by the 

heterogenic nature of the pixel-based classified image. 

 

Table 3.4: Areas of classes determined by object-based and pixel-based classifications 

 Area (ha) 

Class name Object –based 
object-based 

with DEM 
Pixel-based 

Burnt Eucalypt open forest 228.38 228.38 188.53 

Eucalypt open forest 140.54 140.54 302.24 

Mixed closed forest 19.58 19.58 21.94 

Melaleuca riparian forest 168.09 168.09 173.68 

Eucalypt woodland 376.02 368.24 256.10 

Burnt Eucalypt woodland 114.39 114.39 77.38 

Eucalypt woodland with rocky 
outcrops 

42.59 42.59 118.19 

Open woodland 57.55 65.33 37.59 

Mixed woodland 208.84 208.84 180.86 

Grassland 15.18 15.18 16.11 

 

The areas of classes with cover that were more spectrally homogeneous 

such as ‘Mixed closed forest’, ‘Melaleuca riparian forest’ and ‘Grassland’ 

classes were relatively similar in both object-based and pixel-based 

classifications (Figure 3.11 and Table 3.4).  The area classified as ‘Eucalypt 
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woodland’ was noticeably lower in the pixel-based classification compared 

to the two object-based classifications. This was supported by a visual 

comparison with the original image showing ‘Eucalypt woodland’ classes 

apparently under-represented in the pixel-based classification, while there 

was an apparent over-representation of the ‘Eucalypt open forest’, ‘Eucalypt 

woodland with rocky outcrops’ and ‘Grassland’ classes. 

 

A summary of the accuracy assessment of the fuzzy classification for both 

object-based classifications is presented in Table 3.5. The Mean p1st column 

displays the highest mean class membership of objects. Nearly all classes 

had a mean p1st value over 0.8 suggesting that the degree to which were 

image objects being assigned the best class was high.  Within the initial 

object-based classification, the class with the lowest mean best classification 

value was ‘Open woodland’ with 0.68. Most of the classes displayed 

stability in their classification, only the ‘Eucalypt open forest’, ‘Melaleuca 

riparian forest’ and ‘Mixed woodland’ classes had a Mean stability value 

under 0.1. This suggests object within these classes may not belong to their 

assigned class or potentially contain more than one class. 

 

From the results of the confusion matrices based on the reference data set, 

the proportions of pixels classified due to chance agreement are 13% for the 

object-based classification and 12.5% for the pixel-based classification. The 

overall accuracy of the object-based classification was higher than for the 

pixel-based classification, 78.5% versus 69.5% respectively (Table 3.6).  

This was also the case for the overall Kappa statistic: the object-based 
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classification had an overall Kappa of 0.74 with a standard error of ± 0.03 

while the Kappa statistic for the pixel-based classification was 0.65 with a 

standard error of ± 0.03. The resultant Z-value (Table 3.7) calculated from 

the comparison of Kappa coefficients from the two classification methods 

was 2.29 which is greater than the critical value for Z at the 95% confidence 

level (1.96). This indicated that there was a statistically significant 

difference between the results of the two classifications. The χ² value from 

the McNemar’s test (Table 3.7) was 8.97 with a P-value of 0.01, 

strengthening the argument that the difference between the two 

classification methods was statistically significant. In addition, the producer 

and user accuracies were greater for the majority of the classes in the object-

based classification. Five classes in the object-based classification had User 

and Producer’s accuracies over 70%, while only three had similar accuracy 

values for the pixel-based classification. Six of the classes from the object-

based classification had conditional Kappa coefficients of 0.75 or greater 

while the pixel-based classification had four. The land cover classes that 

were more accurately classified using the pixel-based method were the 

heavily treed classes of homogeneous cover, ‘Melaleuca riparian forest’ and 

‘Mixed closed forest’. The classes that had poor User’s accuracy in both 

classifications are ‘Mixed woodland’ and ‘Grassland’ and this may 

attributable to the small number of reference data points for those classes 

(19 and 4 respectively). The object-based classification appeared to be able 

to differentiate more accurately the relatively heterogeneous ‘Eucalypt open 

forest’ and the several woodland classes (Table 3.6). 
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Table 3.5: Fuzzy classification accuracy assessment of the initial object-based image 

analysis and with DEM. 

  Object-based 
Object-based with 

DEM 

Class Class name Mean p1st 
Mean 

stability 
Mean p1st 

Mean 
stability 

EOFB 
Burnt Eucalypt 
open forest 

0.880 0.136 0.880 0.136 

EOF 
Eucalypt open 
forest 

0.827 0.092 0.827 0.092 

MFo 
Mixed closed 
forest 

0.810 0.362 0.810 0.362 

MelF 
Melaleuca 
riparian forest 

0.796 0.048 0.796 0.048 

EW 
Eucalypt 
woodland 

0.832 0.145 0.858 0.215 

EWB 
Burnt Eucalypt 
woodland 

0.856 0.373 0.856 0.373 

EWRO 
Eucalypt 
woodland with 
rocky outcrops 

0.839 0.362 0.839 0.362 

OW Open woodland 0.676 0.373 
0.756 0.385 

MW Mixed woodland 0.874 0.048 0.874 0.048 

GL Grassland 0.840 0.138 0.840 0.138 

 

Comparison of the object-based and OBDEM classifications showed a 

slightly higher accuracy for the OBDEM classification. The two classes 

(‘Eucalypt woodland’ and ‘Open woodland’) influenced by the rule set had 

higher UA and PA, and the overall accuracy and Kappa were also higher 

although the difference in accuracies (based on Kappa) was not statistically 

significant (Table 3.8). 
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Table 3.6: Summary of confusion matrices for the accuracy of object-based and pixel-based 

classifications including the Producer’s accuracy (PA), User’s accuracy (UA) and 

conditional Kappa (CK) for each class as well as overall accuracy, probability of chance 

results and Kappa statistic. 

 Object-based 
classification 

Object-based 
classification with DEM 

Pixel-based 
classification 

Class name PA(%) UA(%) CK PA(%) UA(%) CK PA(%) UA(%) CK 

Burnt Eucalypt 
open forest 

91.00 75.00 0.68 91.00 75.00 0.68 63.64 65.63 0.61 

Eucalypt open 
forest 

81.00 76.32 0.73 81.00 76.32 0.73 75.00 57.45 0.50 

Mixed closed 
forest 

100.0
0 

66.67 0.66 
100.0

0 
66.67 0.66 91.67 

100.0
0 

1.00 

Melaleuca 
riparian forest 

67.74 80.77 0.75 67.74 80.77 0.75 87.10 90.00 0.89 

Eucalypt 
woodland 

77.42 90.57 0.88 77.77 92.45 0.89 50.00 75.61 0.68 

Burnt Eucalypt 
woodland 

85.71 80.00 0.78 85.71 80.00 0.78 84.62 55.55 0.53 

Eucalypt 
woodland with 
rocky outcrops 

66.67 
100.0

0 
1.00 66.67 

100.0
0 

1.00 63.63 87.5 0.85 

Open woodland 91.67 91.67 0.87 92.31 92.31 0.88 83.33 76.92 0.76 

Mixed 
woodland 

73.68 50.00 0.43 73.68 50.00 0.43 80.00 51.61 0.48 

Grassland 50.00 50.00 0.51 50.00 50.00 0.51 75.00 42.86 0.39 

Overall accuracy 78.51 % 79.30% 69.53 % 

Chance results 13.15% 13.24% 12.5% 

Kappa 0.7526 0.7611 0.6516 

 

 

Table 3.7: Comparison statistics Z-test and McNemar's χ
2
 for pixel-based and object-based 

classifications. 

Z-value for Kappas 2.285 p-value 0.05 (p=0.01) 

McNemar’s χ² 8.966 p-value 0.01 (p=0.0028) 
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Table 3.8: Comparison statistics Z-test and McNemar's χ
2
 for the Object-based 

classification and Object-based with DEM classification. 

Z-value for Kappas 0.2175 p= 0.41 

McNemar’s χ² 0.995 p= 0.35 

 

3.4 Discussion 

The object-based image analysis method applied in this chapter provided 

results with statistically significant higher accuracies than the pixel-based 

classification.  This is consistent with findings within the literature 

(Castillejo-Gonzalez et al., 2009; Gao and Mas, 2008; Gao et al., 2006). 

This result suggests that object-based analysis has potential as an alternative 

method (over per-pixel approaches) for extracting land cover information 

from medium to high resolution satellite imagery captured over tropical 

Australia.  

 

The improved classification using OBIA can be attributed primarily to its 

use of objects to reduce the spectral variability in land cover types that are 

heterogeneous such as savanna. Based on a community level classification 

such as used here, pixel-based classifications do misclassify pixels, 

particularly in land covers that are spectrally heterogeneous in medium 

(pixels of 30 m or less) and high (pixels of 5m or less) spatial resolution 

imagery, such as tropical savanna. Classifying savanna into discrete classes 

(such as forest or woodland) is difficult with per-pixel approaches due to the 

discontinuous and variable nature of the woody cover within such 

landscapes. For example, within the pixel-based classification many of the 

pixels classified as ‘Eucalypt woodland with rocky outcrops’ are actually 
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grass understorey or bare ground between tree crowns whereas tree crown 

canopy itself has been classified as ‘Open forest’ as the co-dominants within 

savanna woodland are trees and grass. The combination of the two classes 

would produce a ‘Woodland’ classification. This would account for the 

greater confusion found in the Eucalypt dominant classes as mentioned in 

the results where the ‘Eucalypt woodland’ classes are under-represented 

while there is an over-representation of the ‘Eucalypt open forest’, 

‘Eucalypt woodland with rocky outcrops’ and ‘Grassland’ classes. Object-

based classification appears to overcome some of the problems encountered 

using pixel-based methods to classify Eucalypt land cover types and their 

characteristic spatial heterogeneity (Pearson, 2002), while it is evident that 

pixel-based classification is still quite successful in classifying land cover of 

a spectrally homogeneous nature (i.e. ‘Mixed closed forest’). 

 

One of the advantages of object-based classification is the ability to use 

ancillary data (such as derivative data sets, data from other sensors and 

existing GIS layers) as additional information layers to assist with land 

cover mapping is being investigated.  Another feature is the utility of 

contextual information related to objects. One such data set as used in this 

study is the incorporation of height information in the form of DEM and 

derivative slope layer. Such information enables better delineation of land 

cover types that occupy certain locations within the landscape such as on 

slopes and drainage flats. This is consistent with findings of other studies 

(Devhari and Heck, 2009; Manakos et al., 2000). 
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Comparing object-based and pixel-based classifications in this manner 

presents a number of issues. While, both methods produce a thematic map, 

the object-based approach appears to eliminate the salt and pepper or noise 

effect by considering mean pixel values within objects as opposed to 

individual pixel values.  However, in using the ‘traditional’ point-based 

method of accuracy assessment, the comparison between point-based 

reference data and the classification is based on ‘individual’ or site-specific 

cases (i.e. pixels in a pixel-based classification and specific points within 

objects). As such, information relating to the spatial accuracy of the 

classified objects is not considered (Lucieer, 2004). For example, questions 

that should be asked include: Is that class consistent across the entire object? 

Is the object located in a similar location to the real-world object it is 

representing? To what degree (area, length etc.) is the shape of the object 

similar to the real-world object? This information is important in 

determining the quality of an object-based classification. 

 

The tendency to produce spurious or misclassified pixels within classes (the 

so-called ‘salt & pepper’ effect) means that heterogeneous land covers will 

nearly invariably have slightly lower accuracies for pixel-based 

classifications than object-based using classes such as used here. Part of this 

may attributed to mis-registration between the imagery and field data. 

Methods to improve accuracies for pixel-based classifications include some 

post-classification editing such as filtering and manual removal (Johansen 

and Phinn, 2006). Even with filtering, potential under-evaluation will occur 

within certain classes that are heterogeneous in cover such as savanna in 
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which cover is co-dominated by grass and discontinuous and variable 

woody cover. Trees will be assigned to a forest class and understorey gaps 

between trees will be assigned to a grassland class. Filtering will not merge 

these two classes into a savanna class. Thus it may be necessary to redefine 

classes away from the ‘traditional’ land cover or vegetation classes into 

more contextual classes e.g. canopy vs non-canopy or using quantitative 

measures (e.g % canopy cover). This is where the hierarchical structure of 

object-based classification has potential in enabling the use of these types of 

classes at a particular level and then the proportions of these classes in 

super-objects at higher level to determine level of canopy cover in those 

objects. This will be covered in detail in Chapter 5 and Chapter 6. 

 

3.5 Conclusion 

The results of this study show a significant difference in the accuracy 

between a pixel-based maximum likelihood classifier and object-based 

hybrid nearest-neighbour/rule-based classifier for mapping land cover from 

tropical savanna using ASTER data. Resultant noise in the pixel-based 

classification suggest that thematic mapping using HSR satellite data 

requires a new methodology in land cover classification forgoing the 

traditional community level classifications for the initial stages of 

classification and perhaps focussing on the smaller spatial elements such as 

tree/canopy, grass, and bare ground. These objects could then be the basis to 

develop the community/structural level classification grouping based on the 

proportional values of the various components. This is an area where OBIA 

has great advantage over per-pixel classification methods. 
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Chapter 4 Object-based 
image analysis of 
QuickBird imagery for the 
classification of savanna 
vegetation 

 

4.1 Introduction 

Savanna landscapes display land cover types that are both spatially and 

spectrally heterogeneous making classification difficult (Khwaja et al., 

2003; Pearson, 2002). The spectral dynamics of vegetation associated with a 

monsoonal wet-dry climate and seasonal bushfires also contribute to the 

difficulty in classifying land cover. In addition, as the spatial resolution of 

imagery increases so does heterogeneity (or spectral within-field 

variability). This is particularly evident within recently commercially 

available high spatial resolution (HSR) imagery with a resolution of less 

than 5 metres (Wulder et al., 2004) (see Figure 4.1). Whereas medium 

resolution imagery (e.g. Landsat 30 m pixels) will generally contain a 

mixture of information about a number of surface features within each pixel, 

HSR imagery will capture only part of a feature that collectively distinguish 

a particular land cover (e.g. variable proportions of canopy and understorey) 

(Figure 4.2).  
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Figure 4.1: A sample of QuickBird multispectral imagery (2.4m pixel size) over tropical 

savanna displaying heterogeneity in surface cover. RGB=Near Infrared, Red and Green 

bands respectively. Red is tree canopy, black is shadow, green is dry grass and lighter 

patches are rocky outcrops. 
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(a) 

 

 
(b) 

 
Figure 4.2: Sample Landsat TM 5 (RGB=Bands 4, 3, 2) (a) and QuickBird MS (b) imagery 

showing the increase in heterogeneity associated with increased spatial resolution (30 m 

pixels versus 2.4m pixels respectively). Each image is 1200 m across. 
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As mentioned in Chapter 1, pixel resolution is arbitrary and pixels bear little 

resemblance to real world features (Cracknell, 1998; Fisher, 1997) and have 

values influenced by signals emanating from beyond immediate neighbours 

(Townshend et al., 2000). This results from a number of factors including 

instrument optics, the sensor’s electronics and method of sampling 

(Cracknell, 1998) as well as atmospheric effects. The impact of these factors 

is described by the Modulation Transfer Function (MTF) (Townshend et al., 

2000). MTF can be defined as a measure of a system’s ability to recreate 

spatial frequency (contrast) of a scene. Alternatively, the effects can be 

described by the sensor’s response (blurring) to point sources of radiation 

via the Point Spread Function (PSF) (Huang et al., 2002b). MTF is the 

magnitude of the Fourier transform of the PSF. Such effects provide an 

inherent level of uncertainty in remotely sensed imagery as a pixel’s value is 

not only the signal from its area but also from its neighbours (Huang et al., 

2002b). Pixel-based classifications rely purely on the spectral values of the 

pixels and do not consider the spatial characteristics inherent in an image 

(Blaschke and Strobl, 2001). By not considering the spatial context of 

features represented in remotely sensed data within the classification 

process, the misclassification of pixels within a particular land cover can 

occur providing ‘noise’ or a ‘salt and pepper’ effect (Willhauck et al., 

2000). This chapter uses OBIA to reduce the spatial complexity or 

heterogeneity of a high spatial resolution image by segmentation and 

classifying using a combination of spectral and contextual features. 
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While digital image segmentation is nothing new (Haralick and Shapiro, 

1985) and the classification of objects extracted from multi-spectral imagery 

is also described in the early remote sensing literature (Kettig and 

Landgrebe, 1976), the application of object-based image analysis in 

classifying remotely sensed imagery has only become recently popular 

(Baatz and Schäpe, 2000; Blaschke et al., 2000). This increase in 

application has coincided with the availability of commercial object-based 

image analysis software such as Definiens (Definiens, 2006b), Feature 

Analyst® (Blundell and Opitz, 2006), ENVI EX 

(http://www.ittvis.com/ProductServices/ENVI.aspx) and ERDAS Imagine 

Objective (http://www.erdas.com/tabid/84/currentid/1141/default.aspx). 

 

The recent emergence of these robust object-based methods involving image 

segmentation and the subsequent classification of the resulting objects has 

opened new possibilities for image interpretation. Image objects can be 

considered geographical entities that approximate real world objects (Hay et 

al., 2005) and as such a series of attributes (or a knowledge base) can be tied 

to objects to assist with classification. Objects can be classified based on a 

knowledge base built using an image’s spectral information as well as 

ancillary data including derivative data sets (i.e. vegetation indices (Hurd et 

al., 2006)), digital terrain models (Chubey et al., 2006), and existing GIS 

layers (Förster and Kleinschmit, 2006). Using objects allows an increased 

use of a priori knowledge and context within image analysis (Baltsavias, 

2004). Features relating to the shape of objects (such as size, length, width, 

and perimeter) can be utilised to provide further information to aid in 
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differentiation of classes. Further to this, the relationships between objects 

including distance, spatial patterns, multiple scales and topological 

relationships (Blaschke and Strobl, 2001) can be described within the 

knowledge base. 

 

In this chapter, the aim is to develop and apply an object-based approach to 

classifying high resolution imagery for land cover mapping, in this case 

vegetation characterisation at a community level. Segmentation and a rule-

based classification are undertaken on a sample area within a QuickBird 

scene covering north Australian tropical savanna. The classification rules 

create a hierarchical classification involving several levels of re-

classification of objects based not only on their spectral features but their 

shape properties and topological relationships. The rule set (the process of 

segmentation and classification algorithms) created for the sample area is 

then applied to the whole image to test its transferability. The resultant 

classifications are then validated against reference data. 

 

4.2 Methods 

4.2.1 Study Area 

Research was conducted in a 1373 hectare area of the Florence Creek region 

of Litchfield National Park, located approximately 100km south of Darwin, 

the capital of Australia’s Northern Territory (approximately 13° 7’ S, 130° 

47.5’E). Details of the study area can be found in Chapter 2. 
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4.2.2 Dataset and pre-processing 

The primary dataset for this project was the DigitalGlobe QuickBird image 

captured on 11.09 am (CST) on 28 August 2004. A description of the data 

and radiometric and geometric pre-processing are found in section 2.4.2. A 

subset for this project was then ‘cut’ from the image to provide a sample of 

the larger scene and improve processing times for testing the classification 

(Figure 4.3a). The dimensions of the subset were 848 x 618 pixels (covering 

2035m x 1483m on the ground) and representative of variations in 

vegetation cover typical of the region. 

 

Apart from the four multispectral bands of the QuickBird dataset, two 

derivative indices were created for the project: the Wide Dynamic Range 

Vegetation Index (WDRVI) (equation (4)) and a variation of the Normalised 

Difference Water Index (NDWI) (equation (5)) based on the Green band 

(McFeeters, 1996; Spruce and Hall, 2005). The WDRVI (Figure 4.3b) is a 

variation of the Normalised Difference Vegetation Index (NDVI) that 

overcomes the problems that NDVI has with saturation at high values 

(Gitelson, 2004). 

 

      
        

        
 (4) 

 

where a is a weighting parameter, NIR is the near infrared band and Red is 

the red band of the image respectively. A value of 0.2 for a was used as it 

has been found to address the atmospheric effect of increased radiance in the 
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red channel and a decrease in the near infrared channel (Viña et al., 2004) 

and is effective for a range of sensors (Henebry et al., 2004). 

 

The Green-based NDWI (Figure 4.3c) is a ratio between the green and NIR 

bands of the imagery: 

 

     
         

         
 (5) 

 

where Green is the green band and NIR is the near infrared band 

respectively. Within this study both these indices were stretched to 8-bit 

data values (0-255) using minimum-maximum. 

 

A Principal Component Analysis (PCA) of the subset was undertaken and 

the resulting four 32-bit principal component layers (PC1, PC2, PC3, and 

PC4) were also included (Figure 4.3d). PCA is a popular technique that 

reduces the dimensionality of imagery by reducing correlation between the 

original image bands. The output of PCA transforms feature space so that 

most variance is displayed in the first band, the second-most variance is 

displayed in the second band, and variance decreases until the last band 

contains the least variance. In this manner, the first few bands contain the 

most useful information and the later bands contain least useful. By 

incorporating the PC layers, it is hoped to increase the amount of 

information that can be used to classify the image. 
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4.2.3 Object-based image analysis 

Object-based image analysis is conducted primarily in two stages: 

segmentation and classification (Benz et al., 2004).  This analysis was 

undertaken using the Definiens® Professional 5 software package 

(Definiens, 2006b). 

 

Segmentation 

The first step of an object-based image analysis is segmentation. This 

involves segmenting an image into uniform and homogeneous regions or 

objects based on some particular characteristic (Haralick and Shapiro, 

1985). For this project, the characteristics are the values of the spectral 

layers and their associated derivatives.  Segmentation aims to decompose an 

image into meaningful parts or objects that approximate real world features 

(Benz et al., 2004).  These objects can then be classified not only using the 

mean spectral values of the objects, but statistics such as the standard 

deviation of object values for layers, maximum and minimum pixel values 

for each object, texture measures, shape features such as length, width, area 

and number of edges, topological entities such as distance, neighbour, 

super- or sub- objects (Benz et al., 2004). See Section 1.11.1 for description 

of sub- and super- objects. 
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(a) 

 
(b) 
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(c) 

 
(d) 

Figure 4.3: The subset of (a) QuickBird multispectral dataset (Bands NIR, Red and Green 

displayed as RGB), (b) WDRVI, (c) NDWI and (d) PCA bands (PC3, PC2, PC1 displayed 

as RGB) used in the analysis to create the ruleset. 
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The project uses a multi-scale segmentation (Lang and Langanke, 2006) 

based on a ‘fractal net evolution approach (FNEA)’ (Baatz and Schäpe, 

2000; Blaschke and Hay, 2001). Refer to Section 3.2.3 for a description of 

the segmentation algorithm. After the application of a range of weightings 

for the homogeneity and heterogeneity parameters and visual inspection of 

these, the weightings determined to be the best fit were applied to each 

parameter (Table 4.1). Due to the spectral heterogeneity of the vegetation 

classes of interest greater emphasis was placed on the spectral 

characteristics during the segmentation. The layer weightings for input to 

the colour parameter of the segmentation algorithm were determined using 

the statistics for each layer as an indicator of heterogeneity. The four layers 

with the highest standard deviation (Red, NIR, PC1 and PC2 bands) were 

given an equal weighting value for implementation within the segmentation 

algorithm (Definiens, 2006a). Input from other layers showing less 

heterogeneity was not utilised during segmentation to ensure heterogeneous 

land covers were suitably segmented (Kim and Madden, 2006). 

 

Table 4.1: The selected parameters used for the Level 1 segmentation (SP is the scale 

parameter). 

Level SP Colour Compact 

1 50 0.9 0.2 

 

The second object level (Level 2) was created to minimise the over-

segmentation of larger areas of interest using the spectral difference 

segmentation algorithm (Definiens, 2006a). This algorithm merges 

neighbouring objects with similar mean intensity values if they are below a 

specified spectral difference threshold. This reduces the number of objects 
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that need to be analysed thus reducing processing time. In this case, where 

the mean intensity value of neighbouring objects differs by less than 15, 

objects were merged (Table 4.8). This threshold satisfactorily aggregated 

segments into more suitably sized objects, while maintaining the finer scale 

objects (i.e. buildings) (Figure 4.4b). 

 

Classification 

Classification of the image was conducted through a series of stages using a 

step-by-step process to assign and reassign classes to the image objects. The 

initial classification of the image was undertaken on the Level 2 object level 

created by the segmentation.  The classification algorithms based on spectral 

information within the rules set were based upon visual understanding of the 

content of the imagery and a priori knowledge of the area under study. 

Objects of known land cover were analysed and features useful for 

discriminating between land covers were identified. Details provided below. 

A class hierarchy was created with a set of rules for the objects developed 

using the information provided by the multispectral bands, the WDRVI and 

NDWI images and the Principal Component images. As mentioned above, 

the ability to include derivative data layers within object-based analysis 

enables more information to be incorporated into the classification process. 

Further rules were then developed based on assumptions regarding shape 

information (area) and topological features (sub-objects). These rules were 

then applied during the classification of the image as described below. 
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(a) 

 

 
(b) 

 
Figure 4.4: Sample of the study area showing objects created at the level 1 multiresolution 

segmentation (a) and level 2 spectral difference segmentation (b). 
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The first stage of classification identified and extracted infrastructure 

(buildings and roads) from the surrounding landscape and categorised the 

remaining objects into three vegetation cover classes (Figure 4.5). At this 

stage, the classification occurred sequentially. In other words, once objects 

were assigned to a particular class they were removed from the remaining 

classification steps during the first stage. Initially, objects were assigned to 

the ‘Building’ class based on two membership criteria: a mean PC3 value 

less than -81 and mean PC2 value less than -100. Although a shape measure 

could also be used to extract buildings, none were used as the two criteria 

based on PCA layers were sufficient. Next an arithmetic feature algorithm, 

road extractor (RE) that enhanced areas of non-vegetation was created to 

assist with the extraction of the ‘Road’ class (equation (6)). 

 

   
              

               
 (6) 

 

where PC3 is the third principal component image layer, NDWI is the 

Normalised Difference Water Index image layer and WDRVI is the Wide 

Dynamic Range Vegetation Index image layer. The RE algorithm is 

designed to suppress information from vegetation and enhance impervious 

surfaces. Analysis of objects known to be road indicated a rule including a 

mean RE value of greater than -69 would assign objects to the road class. 

 

A ‘Monsoonal/Riparian’ class was then created from objects with a mean 

WDRVI value above 139. Remaining objects were assigned to the ‘Grassy’ 
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class based on the membership criterion of a mean NIR value of less than 

325. Finally, any unclassified objects at this point were assigned to a 

‘Eucalypt dominant’ class. These rules are based on the reasoning that 

objects with a high density of trees display high values in vegetation indices 

and grassy areas are senescent at the date of data capture and therefore have 

low reflectance in NIR. 

 

The next stage of classification divided the three vegetation classes into 

further sub-classes. The class rules for this second stage were determined by 

the parent class of the object created in the first classification (shown in 

Figure 4.5) and the mean WDRVI value of the objects (Table 4.2). Based 

upon a mean WDRVI threshold of 190, objects within the 

‘Monsoonal/Riparian’ parent class were assigned to either ‘Monsoon 

Forest’ (>= 190) or ‘Riparian’ sub-classes (<190). This decision rule is 

based on tree densities being not as great in Riparian objects with gaps in 

cover along draining lines producing lower WDRVI values. The ‘Grassy’ 

parent class was split using a mean WDRVI threshold of 100. Objects with 

a mean WDRVI value equal to or less than 100 were assigned into a 

‘Grassland/Sedgeland’ class. Objects with a value greater than 100 were 

classified as ‘Low Open Woodland’. This threshold identified a split 

between objects with no trees and objects with low tree density. 
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Figure 4.5: Level 2 Classification process. Parallelogram is image layers, diamonds are 

decision steps and rectangles classes. 

 

Table 4.2: Threshold values for classes within the stage 2 classification. 

Class Parent class Feature Value 

Monsoon 
forest 

Monsoonal 
/Riparian 

Mean WDRVI >= 190 

Riparian 
Monsoonal 
/Riparian 

Mean WDRVI < 190 

Grassland 
/sedgeland 

Grassy Mean WDRVI <= 100 

Low open 
woodland 

Grassy Mean WDRVI > 100 

 

Objects were then merged based on their stage 2 class membership to create 

class objects (as opposed to the image objects created during the 

segmentation steps) and a new object level (Level 3) was created. These 

merged objects within Level 3 then underwent a third classification stage to 
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remove misclassified objects based on mean WDRVI value or object area; 

these objects were assigned to ‘Unclassified’ (Table 4.3 and Figure 4.6). 

 

Table 4.3: Class rules for the third stage of classification at Level 3. 

Classified as Previous class Feature Value 

Unclassified Building Mean Blue >300 

Unclassified 
Low open 
woodland 

Mean 
WDRVI 

> 20 

Unclassified 
Low open 
woodland 

Area (m²) < 1500 

Unclassified 
Grassland 
/sedgeland 

Area (m²) < 1500 

Unclassified Riparian Area (m²) <= 3050 

Unclassified Riparian 3 Area (m²) > 3050 

Unclassified Eucalypt dominant 
Rel. border 
to Low-
woodland 

>0 

Unclassified Road Area (m²) <100 

 

 

Figure 4.6: Algorithms for the class rules for the third classification step. 

 

Unclassified objects were then assigned to another riparian class (‘Riparian 

2’) based on two membership criteria: an absolute border to objects from the 

‘Riparian 1’ class of greater than 100 metres and an area of less than 2500 

m². ‘Monsoon Forest’ objects with an area of less than 200 m
2
 were 

assigned to ‘Riparian 1’ class. The reasoning behind the above criteria was 

small objects abutting ‘Riparian 1’ objects were assumed to also belong to a 
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Riparian class, and small objects within the ‘Monsoon Forest’ were too 

small to be considered a forest. Based on the assumption that objects 

containing Eucalypts display lower mean reflectance in the green band than 

riparian and forest objects, the remaining unclassified objects were assigned 

to the ‘Eucalypt dominant’ class if their mean green intensity value was less 

than 400. 

 

The next step extracted objects to a ‘Eucalypt woodland rocky outcrops’ 

sub-class from the ‘Eucalypt dominant’ class using the mean PC3 value (>-

13) (Table 4.4). A further sub-class (‘Bare sand/Rock’) was extracted from 

the ‘Eucalypt woodland rocky outcrops’ class based on two membership 

criteria: a mean PC4 value of less than -6 and a distance to the road of less 

than 105 metres. These rules were based on the observation that objects 

representing bare sand or rock have higher overall reflectance and close 

proximity to the road. 

 

Table 4.4: Features used to extract Eucalypt woodland rocky outcrops and Bare sand/Rock 

from Eucalypt dominant class. 

Classified as Previous class Feature Value 

Eucalypt woodland rocky 
outcrops 

Eucalypt dominant Mean PC3 > -13 

Bare sand/Rock 
Eucalypt woodland 
rocky outcrops 

Mean 
WDRVI 
 
Distance to 
road 

< -6 
 
< 105m 

 

Some further merging and reclassifying of objects was conducted to refine 

the classification (Table 4.5). Mostly objects on borders of classes were 

reclassified based on the amount of border they shared with a particular 
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class and is based on the assumption that if an object shares the majority its 

border with a larger object of a certain class then that object must also be 

that class. ‘Eucalypt woodland rocky outcrops’ objects less than 1000 m
2
 in 

area were reclassified back into the ‘Eucalypt dominant’ class. The 

‘Eucalypt dominant’ class was refined by removing any objects that had 

over 50% of their border adjoining ‘Low woodland’ objects and re-

assigning as ‘Low woodland’. ‘Eucalypt dominant’ objects were reassigned 

to ‘Riparian’ if their relative border to other ‘Eucalypt dominant’ objects 

was less than 20% and their relative border to ‘Riparian’ objects was greater 

than 20%. These two rules were iterated twice. ‘Eucalypt dominant’ objects 

with relative borders to ‘Eucalypt dominant’ and ‘Low woodland’ classed 

objects of less than 37% and 70% respectively were assigned to a ‘Eucalypt 

woodland rocky outcrops2’ class. Objects with lower tree densities will 

display lower mean NDWI values and so ‘Eucalypt dominant’ objects with 

mean NDWI of greater than 124 were assigned to ‘Low woodland’. 

 

Further work to finalise the classification included the following criteria 

(Table 4.6). All ‘Low woodland’ objects were merged and any objects that 

were less than 1500 m
2
 were reclassified as ‘Unclassified’ as these objects 

were too small to be considered a community. Any ‘Eucalypt dominant’ 

objects with a relative border of 100% (i.e. enclosed by) to ‘Low woodland’ 

were reclassified as ‘Low woodland’. ‘Eucalypt woodland rocky outcrops2’ 

objects with relative border to ‘Grassland/sedgeland’ class of greater than 

30% were assigned to ‘Grassland/sedgeland’. ‘Eucalypt woodland rocky 

outcrops2’ objects were then combined with existing ‘Eucalypt woodland 
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rocky outcrops’ objects. These ‘Eucalypt woodland rocky outcrops’ objects 

were then merged and any with a relative border to the ‘Low woodland’ 

class of greater than 25% were classified as ‘Low woodland’. Any ‘Eucalypt 

woodland rocky outcrops’ remaining with a relative border greater than 60% 

to ‘Riparian’ classed objects were then reclassified as ‘Riparian’ objects. 

 

Table 4.5: Further re-classifying of objects based on spectral, shape and topological 

relationships. Rules marked with asterisk (*) were looped to run twice. 

Classified as Previous class Feature Value 

Eucalypt woodland 
rocky outcrops 

 Mean PC3 > -13 

Bare sand/Rock 
Eucalypt woodland 
rocky outcrops 

Mean WDRVI 
 
Distance to road 

< -6 
 
< 105m 

Eucalypt dominant 
Eucalypt woodland 

rocky outcrops 
Area <1000 m2 

Low woodland Eucalypt dominant 
Relative border to 
Low woodland 

>50% 

Riparian Eucalypt dominant 

Relative border to 
Eucalypt 
dominant* 
 
Relative border to 
Riparian* 

<20% 
 
 
>20% 

Eucalypt woodland 
rocky outcrops2 

Eucalypt dominant 

Relative border to 
Eucalypt 
dominant 
 
Relative border to 
Low woodland 

<37% 
 
 
<70% 

Low woodland Eucalypt dominant Mean NDWI >124 
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Table 4.6: Features used to finalise the re-classification of objects at Level 3. 

Classified as Previous class Feature Value 

Unclassified Low woodland Area 1500 m2 

Low woodland Eucalypt dominant 
Relative border to 
Low woodland 

100% 

Grassland/sedgeland 
Eucalypt woodland 
rocky outcrops2 

Relative border to 
Grassland/sedgeland 

>30% 

Low woodland 
Eucalypt woodland 
rocky outcrops 

Relative border to 
Low woodland 

>25% 

Riparian 
Eucalypt woodland 
rocky outcrops 

Relative border to 
Riparian 

>60% 

Eucalypt dominant Unclassified Relative border to  >34 

Eucalypt dominant Low woodland 
Relative border to 
Eucalypt dominant 

>90% 

Eucalypt woodland 
rocky outcrops 

Unclassified 
Relative border to 
Eucalypt woodland 
rocky outcrops 

>50% 

Monsoon forest 
Eucalypt woodland 
rocky outcrops 

Enclosed by Monsoon 
forest 

- 

Eucalypt woodland 
rocky outcrops 

Low woodland 
Relative area of 
Eucalypt dominant 

>95% 

Eucalypt woodland Low woodland 

Relative border to 
Eucalypt dominant 

 
Relative to Riparian 

55% 
 
 
44% 

 
Eucalypt woodland 
rocky outcrops 

Mean WDRVI >96 

 

Unclassified objects adjoining ‘Eucalypt dominant’ objects with a relative 

border greater than 34% were assigned to the ‘Eucalypt dominant’ class. 

‘Low woodland’ with relative border greater than 90% to ‘Eucalypt 

dominant’ were re-assigned to ‘Eucalypt dominant’. Unclassified objects 

with a relative border greater than 50% to the class ‘Eucalypt woodland 

rocky outcrops’ were observed to belong to the ‘Eucalypt woodland rocky 

outcrops’ class. ‘Eucalypt woodland rocky outcrops’ objects enclosed by 

‘Monsoon forest’ class objects were considered and reassigned to ‘Monsoon 

forest’. ‘Low woodland’ objects with a relative area of ‘Eucalypt dominant’ 

sub-objects greater than 95% were reassigned to the ‘Eucalypt woodland 

rocky outcrops’ class based on the assumption that they were almost 
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enclosed within that class. ‘Low woodland’ objects were converted to 

‘Eucalypt woodland’ based on two specific conditions: (a) relative border to 

‘Eucalypt dominant’ was 55% and (b) relative border to ‘Riparian’ was 

44%. Finally, all ‘Eucalypt woodland rocky outcrops’ objects with a mean 

WDRVI value greater than 96 were observed to have higher tree densities 

and were reclassified as ‘Eucalypt dominant’. All objects were then merged 

accordingly within their class to produce the final output polygons. 

 

4.2.4 Transferring the rule set to the whole scene 

The rule set developed above for the sample area was next applied to the 

whole image to assess its transferability. An assumption was made that the 

sample area contained all representative land cover classes across the whole 

image. It must be noted here that in the south-eastern portion of the main 

image there were significant areas that were fire affected and there was an 

associated reduction in reflectance especially in the NIR. No fire affected 

cover was observed in the sample area. 

 

Validation 

Accuracy assessment was undertaken by selecting image objects as 

reference samples based on field data collected during May 2006 and the 

visual interpretation of aerial photographs over the area using a mirror 

stereoscope. Over 100 sites were visited in the study area and information 

was recorded for species composition including dominant canopy species, 

understorey and ground cover. The vegetation class for a number of random 
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sites across the aerial photograph was visually determined. An assumption 

was made here that the site-specific class within the reference data was 

consistent across the entire object as the software performs accuracy 

assessment on objects. The reference sample objects were compared to the 

classified objects prior to the final merge and confusion matrices was 

constructed for the sample area and the whole study site. Results of 

accuracy assessment are measured as area (pixels). There has been no actual 

assessment of the spatial extent of classified objects in relation to classified 

objects. 

 

4.3 Results 

The object-based image analysis produced a classification image identifying 

nine classes (Figure 4.7). After the final merging of image objects a total of 

131 classified objects or polygons were produced (Table 4.7). The class 

covering the largest area was ‘Eucalypt dominant’ (102 ha) followed by 

‘Low woodland’ (51 ha).  Two buildings were identified in the eastern 

portion of the scene with a surface area of 340 m². 

 

Table 4.7: Final number of objects and total area for each class.  

Class 
No. of 

objects 
Total area 

(m²) 

Bare sand/Rock 19 8120 

Building 2 340 

Eucalypt dominant 37 1022800 

Eucalypt woodland_ 
rocky 

9 67940 

Grassland/sedgeland 3 85064 

Low woodland 20 506688 
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Monsoon forest 18 26848 

Riparian 13 358340 

Road 8 19772 

 

 

 

 

Figure 4.7: Final classification image resulting from the object-based image analysis 

 

Overall accuracy of the image was 94% (Table 4.8). Most individual classes 

displayed high accuracy with user’s and producer’s accuracies over 96%. 

The ‘Grassland/sedgeland’ class had low producer’s accuracy (52%). This 

was due to one large object being erroneously assigned to the ‘Low 

woodland’ class. Subsequently, the user’s accuracy for the ‘Low woodland’ 
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class was 87%. The producer’s accuracy for ‘Eucalypt woodland rocky 

outcrop’ was 89% as some objects were incorrectly assigned to the 

‘Eucalypt dominant’ class. 

 

Based on reference data, the ‘Road’ class possessed 100% accuracies but 

visual inspection showed that a significant amount of dirt road in the 

western portion of the study area was erroneously classified as vegetative 

classes ‘Eucalypt dominant’ and ‘Eucalypt Woodland with Rocky 

Outcrops’. This was possibly due to undersegmentation. 

 

4.4 Transferring the rule set to the whole scene 

The transferred rule set produced a classification for the whole image 

(Figure 4.8). When the rule set was applied to the whole scene the overall 

accuracy was 57% (Kappa=0.50) (Table 4.9). This was much lower than for 

the sample area. Land covers that were visually identified as fire affected in 

the south eastern portion of the image were classified as 

‘Grassland/sedgeland’ when they were ‘Eucalypt dominant’ according to 

reference samples. This was highlighted in the low producer’s accuracy for 

‘Eucalypt dominant’ (30%) and low user’s accuracy for 

‘Grassland/sedgeland’ (25%). In addition, some of the objects with higher 

tree densities and labelled as ‘Eucalypt dominant’ in the reference data were 

classified as ‘Riparian’ contributing to the low user’s accuracy for 

‘Riparian’ (42%) and low producer’s accuracy for ‘Eucalypt dominant’. 

 



 

Table 4.8: Confusion matrix (in pixels) for classes. Values are in number of pixels. EWRO = Eucalypt woodland_rocky_outcrop, G/S = Grassland/sedgeland, 

Euc_dom = Eucalypt dominant, BSR =Bare sand/Rock. 

User \ Reference Class Road Monsoon forest Building Low woodland EWRO G/S Riparian Euc_dom BSR Sum 

Road 1149 0 0 0 0 0 0 0 0 1149 

Monsoon forest 0 987 0 0 0 0 0 0 0 987 

Building 0 0 85 0 0 0 0 0 0 85 

Low woodland 0 0 0 56155 0 8113 0 0 0 64268 

Eucalypt woodland rocky 

outcrops 
0 0 0 0 14848 0 0 0 0 14848 

G/S 0 0 0 0 0 8628 0 0 0 8628 

Riparian 0 0 0 0 0 0 38007 250 0 38257 

Eucalypt dominant 0 0 0 0 1826 0 0 40611 0 42437 

BSR 0 0 0 0 0 0 0 0 752 752 

unclassified 0 0 0 0 0 0 0 0 0 0 

Sum 1149 987 85 56155 16674 16741 38007 40861 752  

           

Producer 1 1 1 1 0.89 0.52 1 0.99 1  

User 1 1 1 0.87 1 1 0.99 0.96 1  

Conditional Kappa Per 

Class 
1 1 1 1 0.88 0.49 1 0.99 1  

Overall Accuracy 0.94          

Overall Kappa 0.92          
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When looking at other classes, a number of objects identified as ‘Bare 

sand/rock’ in the reference data were classified as ‘Road’. There was also 

some confusion between objects in the ‘Low woodland’ class and the 

‘Grassland/sedgeland’ class contributing to the low user’s and producer’s 

accuracies and conditional Kappa for these classes. For the remainder of the 

classes strong agreement existed between the classification and reference 

data. 

Table 4.9: Summary of confusion matrix for classification of QuickBird data. 

Class 
User 

accuracy (%) 
Producer 

accuracy (%) 
Conditional 

Kappa 

Road 57 100 1 

Monsoon_forest 100 100 1 

Building 100 100 1 

Low_woodland 50 67 0.62 

Eucalypt woodland 
rocky outcrops 

89 100 1 

Grassland/sedgeland 25 38 0.23 

Riparian 42 100 1 

Eucalypt dominant 69 30 0.04 

Bare sand/Rock 100 33 0.31 

Overall accuracy 57% 

Kappa 0.50 
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Figure 4.8: Classification of whole image using the rule set devised for the sample area. 

 

4.5 Discussion 

The results of this study have shown that the object-based classification 

process described here was able to classify different types of vegetation 
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cover from spectrally and spatially heterogeneous HSR data. In a high 

resolution scenario where pixel size is definitely smaller than the objects of 

interest, object-based image analysis provides an option for aggregating 

pixels into ‘meaningful’ and useable objects for the purposes of 

classification (Strahler et al., 1996; Walker and Blaschke, 2008). The utility 

of rule-based classification enables the classification without the need to use 

training data sets. Moreover, the ability to assign and re-assign the classes of 

objects using not only spectral features but also shape and topological 

features allows spectrally similar land covers to be differentiated using these 

spatial properties. The inclusion of derivative layers (WRDVI, NDWI and 

Principal Component images) provided further information for classification 

of the image objects. 

 

The segmentation parameters used in this study created objects that were 

useful in delineating vegetation features from the imagery. However due to 

the scale used here, some of the generated objects contained information 

from a mixture of land cover types. One issue pertaining to segmentation is 

that real world objects with high internal spectral heterogeneity may be split 

into different image objects (Walker and Blaschke, 2008). For example, 

some unsealed roads were included in objects with the surrounding 

vegetated areas.  Determining the optimal parameters for use in 

segmentation using Definiens® software was done using a visual best-fit 

approach (Baatz et al., 2004), although recent research has investigated 

optimising parameter selection using local variance statistical methods 

(Drǎguţ et al., 2010; Feitosa et al., 2006; Kim and Madden, 2006). Möller et 
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al. (2007) and Lucieer (2004) have applied comparative indices (between 

segment and reference object) to assist in selecting optimal segmentation 

scales, although Baatz et al. (2004) suggest that no segmentation is fully 

convincing unless it is visually satisfying. Additionally, there appears to be 

some overly convoluted boundaries of objects, although this could be 

rectified by undertaking some form of smoothing of polygons for a map 

ready product. 

 

Within the woodland classes the mean spectral values for objects were 

decreased by the low spectral values of the understorey, not necessarily 

through lack of trees. Visual inspection indicated that the objects appear to 

have relatively similar numbers of trees or similar areas of canopy but not 

necessarily the same mean response due to differences in the levels of 

reflectance in the understorey. 

 

The rule-based classification enabled the development of a hierarchical 

classification system where classes were decomposable into sub-classes 

based on topological, shape or spectral features. Mis-classification due to 

spectral similarity in differing vegetation types was re-assigned using other 

features that assisted in delineation. Setting up the series of algorithms 

within the classification process was a lengthy procedure with over 60 

processes created for implementation. Given the large number of processes, 

the entire rule set, including segmentation, only took 16 seconds to run on a 

standard personal computer. Once the initial parent classes were established, 

most of the processes involved re-assigning classes to objects.  This 
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required a  comprehensive a priori knowledge of the landscape displayed in 

the imagery. The analysis undertaken in this study was specific to the 

dataset used and is yet to be tested on other areas. However, it is possible 

that similar methods could be used to classify other data covering similar 

landscapes. 

 

Savanna vegetation consists of a continuous grass layer and a discontinuous 

canopy of trees (Sankaran et al., 2004). Mapping cover classes attempts the 

grouping of a continuum (tree cover) into discrete classes. This is arbitrarily 

done based on spectral values or derivative values at either a per-pixel level 

or in OBIA using the mean spectral values of objects or the mean values of 

derivatives. This classification method was based on the assumption that 

more vigorous spectral response (e.g. higher NDVI) values reflect a greater 

tree cover. While most classes displayed a high degree of accuracy, the 

‘Eucalypt woodland rocky outcrop’ class was under represented in the 

classification. Some objects that should have been within this class were 

classified as ‘Eucalypt dominant’. One of the possible explanations for the 

high accuracy values is some of these classes are quite broad in the 

vegetation cover that they contain. For example, the ‘Eucalypt dominant’ 

class typically covers areas that are dominated by the tree species E. 

tetradonta and E. miniata with densities ranging from open forest through to 

open woodland and does describe vegetation in a variety of terrains. Further 

processing of objects using some more classification rules based on tree 

density and slope would enhance the classification. In addition, a 33 ha 

object identified as ‘Grassland/sedgeland’ was assigned as ‘Low woodland’. 
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The membership threshold for distinguishing between these two classes was 

based on a mean WDRVI of 100.  Mean layer values for objects from these 

classes are similar and the application of some contextual feature (i.e. 

texture) in future work may assist in differentiation. 

 

Transferring the rule set to the whole image worked well for the land covers 

that are spectrally distinct and homogeneous however the rule set did not 

have contingency for areas that are fire affected. According to reference data 

objects within these areas belonged mostly to the ‘Eucalypt dominant’ class 

but were assigned to other classes based on the spectral information they 

contained which was influenced by being burnt. Thus these areas contained 

large degrees of error. The potential for error in such areas could be reduced 

by adding additional rules based on the spectral characteristics of burnt 

areas. 

 

As mentioned above some of the classes described are very broad due to the 

discontinuous nature of tree cover. Further work would be needed to divide 

classes such as ‘Eucalypt dominant’ into more meaningful classes. This 

could be done using a method of extracting objects representing tree crowns 

from the surrounding understorey objects as a means of determining canopy 

density or some form of crown/gap analysis. Further methods to distinguish 

classes could include descriptions of the position of objects in relation to the 

landscape. This could be achieved by incorporating further ancillary data 

into the project such as a digital elevation model (DEM) and derivatives 

such as slope and aspect. 



 

148 

 

There is a scale issue associated with using high spatial resolution (HSR) 

imagery for mapping vegetation at the community level. Savannas, in 

particular, are not homogeneous land cover as displayed by the 

discontinuous nature of the woody cover portion (Sankaran et al., 2004), 

and this is the case for Eucalypt savannas (Pearson, 2002). The increased 

spectral variability associated with the higher spatial resolution highlights 

the heterogeneity of savanna vegetation cover and as such HSR data lends 

itself to looking at finer scale components of the landscape such as the 

structure within a community i.e. areas of tree to non-tree (non-canopy). 

This approach is dealt with in Chapter 5 and Chapter 6. 

 

4.6 Conclusion 

The object-based classification approach developed for this study was 

successful in delineating broad land cover classes for tropical savannas from 

HSR imagery. Segmentation identifies spatially homogeneous regions 

within and image and creates image objects that hold information (based on 

the spectral and spatial characteristics of the objects) that can assist with the 

differentiation between vegetation cover types. The incorporation of further 

data in the form of ratio indices and Principal Component images provide 

extra information that can enhance analysis. 

 

The rule set used for the land cover classification operated in a step-wise 

manner and produced very good results for classifying the subset with an 
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overall accuracy of 94% (Kappa of 0.92). When applied to the whole scene 

the rule set did not have rules for areas within the image that displayed fire 

affected land cover and as such accuracies where lower (overall accuracy 

57%, Kappa 0.50). 

 

While the rule set described here is complex, it requires very little 

processing time. Although specific to the dataset covering the study area, it 

may be feasible that the process could be used to classify similar regions of 

land cover using HSR imagery. In addition, broad land cover classes could 

be broken down into further sub-classes with further data input (e.g. DEM) 

and further analysis. 
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Chapter 5 The extraction of 
tree crowns from high 
resolution imagery over 
Eucalypt dominant tropical 
savanna 

 

5.1 Introduction 

Very high (< 1m pixels) and high (1m to 5m pixels) spatial resolution 

satellite imagery provides data that enable spatially detailed analysis of 

landscapes. The identification and extraction of information about tree 

crowns is one such use. Woody canopy cover is one parameter utilised in 

the classification of vegetation based on structural formation. Crown cover 

estimations have a number of significant applications including the 

prediction of wildfire fuel loads (Scott et al., 2002) and landscape ecological 

applications including describing the distribution and patterns of woody 

vegetation (Scanlon et al., 2007; Uuttera et al., 1998). Actual crown cover 

estimates can also contribute to the calculation of leaf area index (LAI), the 

amount of photosynthetically active radiation (APAR) absorbed by plant 

canopies and the standing biomass for determining carbon stocks, budget 

and sequestration potential of vegetation communities for consideration in 

carbon (Landsberg and Kesteven, 2002) and emission trading schemes 

(Tietenberg, 2006). Crown cover is also important in vegetation 

management applications, such as Australia’s National Vegetation 
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Information System (NVIS), which uses the cover characteristics of the 

dominant growth form as one of the attributes in the determination of its 

structural formation classes for vegetation communities (Thackway et al., 

2008). The NVIS structural formation classes are determined by the 

attributes: cover characteristics, growth form and height. The cover 

characteristics described for use within the system include the crown or 

canopy cover, total cover, projective foliage cover and cover abundance 

rating (Thackway et al., 2008). Vegetation cover in savannas is co-

dominated by grass and a discontinuous tree canopy (Sankaran et al., 2004). 

Savannas are important terrestrial ecosystem occupying around 13% of the 

Earth’s surface and activities and processes within savannas have significant 

importance in regards to global carbon and water budgets (Grace et al., 

2006; Hutley and Setterfield, 2008). The variability of tree cover in 

savannas is not fully understood and methods that identify and measure 

crown cover in these ecosystems are important. 

 

5.1.1 Eucalypt tree crowns 

The extraction of tree crowns within Eucalypt dominant communities from 

imagery provides a number of challenges for remote sensing practitioners. 

Trees in northern Australia savannas, particularly Eucalypts, are known for 

the significant degree of openness and light penetration within their crowns.  

Typically, this is due in part to the erectophile (vertically-angled) habit of 

the leaves that are characteristic of most Eucalypts (King, 1997; Williams 

and Brooker, 1997). Other phenomena such as branch shedding (Jacobs, 
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1955) and disturbances such as fire (Williams et al., 1999) lead to irregular 

crown shapes, clumping of foliage and concentrations of leaves around the 

perimeter of the crown (Jacobs, 1955). All of these factors contribute to low 

values for LAI and foliage cover. Within Eucalypt dominant tropical 

savanna, the LAI (0.6) is noticeably lower in the mid-to-late dry season 

(August to October) compared to values (1.0) during the wet and early dry 

seasons (December to May) (O’Grady et al., 2000). These levels are 

considerably lower than the LAI values of between 6 and 10 for plantation 

conifers (Gower and Norman, 1991), values of 5 for temperate deciduous 

broadleaf-dominated forest (Lee et al., 2004) and values of up to 6 for 

temperate Eucalypt forests (Macfarlane et al., 2007). Such low LAI and 

foliage cover estimates make it difficult to delineate crowns from 

background using remotely sensed imagery due to the existence of pixels 

within crown boundaries that contain information from the understorey and 

ground cover directly beneath the crowns.  

 

5.1.2 Tree crown extraction  

The extraction of tree crowns from remotely sensed imagery is founded on 

basic assumptions. One such assumption is that the crown centre appears 

radiometrically brighter (i.e. pixels display higher values in the green, red 

and near infrared portion of the electromagnetic spectrum) than the crown 

edge (Culvenor, 2002). Another assumption is that a tree is a bright object 

surrounded by darker shaded objects (Leckie et al., 2005). While these 

assumptions may hold for forested areas with tree crowns all exhibiting 
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similar characteristics (i.e. plantations and conifer forests) they may not be 

true when dealing with mature Eucalypt tree crowns in naturally-occurring 

savanna (open forest / woodland) communities. Due to phenomena such as 

those mentioned in the previous section, there may be darker shaded or non-

canopy areas directly within the observed tree crown and in some cases, the 

perimeter of the crown may be radiometrically brighter (in the near infrared 

portion of the electromagnetic spectrum) than the centre (Johansen and 

Phinn, 2006). Information from sub-canopy vegetation cover (senescent 

grasses and shrubs and small trees) also contribute spectral information 

furthering the challenge. 

 

The published approaches for tree crown delineation do follow the above 

assumptions and identify crowns through either low intensity (dark) values 

(assumed to be the spaces between crowns) or high intensity (bright) values 

(assumed to be the crown centres or peaks). Gougeon (1995) developed a 

valley following or low value approach to delineate space between crowns 

or crown edges from surrounding shadows and then build crown boundaries 

which has been applied with classification accuracies ranging from 59% 

(Gougeon and Leckie, 2006), and 51-89% (Leckie et al., 2005; Leckie et al., 

2003). Geometric validation of the approach indicated correspondence for 

59% of trees between manual and automated delineations for one data set 

and 49% for another (Leckie et al., 2005). Local maxima approaches use 

peaks in intensity indicating the brightest spot in the tree canopy, thus 

identifying the location of a tree canopy but not its shape or outline (Bunting 

and Lucas, 2006; Culvenor, 2002; Tiede et al., 2005). These spots (local 
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maxima), be they individual pixels or clusters, can then be used to count the 

number of crowns identified or alternatively used as ‘seeds’ to initiate a 

region-growing or clustering method based on a threshold of intensity 

within the image 

 

Culvenor’s (2002) tree identification and delineation algorithm (TIDA) uses 

a top down approach applied to the near infrared band of multispectral video 

imagery. TIDA follows three steps: (1) the identification of local maxima 

based on linear divergent searches in multiple directions to identify crown 

apices, (2) the identification of minimum values across the image to 

construct a network of absolute crown boundaries and, (3) the threshold-

based clustering of crown pixels utilising the minima network as a limiting 

boundary (Culvenor, 2003). The TIDA algorithm works well at identifying 

crowns within even age stands of trees, less so when dominant taller trees 

overlap smaller trees where clusters of crowns are identified rather than 

individuals (Culvenor, 2002). Eriksen’s (2004) tree crown delineation 

methods utilise a threshold based on the near infrared band of false colour 

aerial photography, a distance transform to locate tree crown centres and a 

Brownian motion based region-growing algorithm is then applied to 

delineate the crowns. The method worked to an overall accuracy of 71% but 

found it difficult to delineate between species and the transferral of 

procedure across test sites (Erikson, 2004). Bunting and Lucas (2006) also 

use an object-based region growing method after identifying object maxima 

based on a series of ratios derived from the upper and lower red edge bands 

within hyperspectral (CASI) data with a success rate of between 73% and 
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92%. The process found difficulty in delineating crowns within denser 

stands of trees with close proximity to each other (Bunting and Lucas, 

2006). Other studies applying region growing methods have utilised 

multispectral digital camera data in association with LiDAR (Light 

Detection And Ranging) surface models (Tiede et al., 2006; Tiede et al., 

2007). In these cases LiDAR data was used to identify crown peaks to use 

as region growing seeds. 

 

The aim of this chapter is to apply and evaluate an object-based approach 

for tree crown delineation suitable for estimating canopy cover of Eucalypt 

dominant savanna in the wet/dry tropics of northern Australia using high 

resolution multispectral data. 

 

5.2 Method 

5.2.1 Study site 

This study was undertaken in Australia’s wet/dry tropics in the Florence 

Creek region of Litchfield National Park, located approximately 100km 

south of Darwin, the capital of the Northern Territory (13° 7’ S, 130° 

47.5’E). Details of the study area can be found in Chapter 2. 

 

5.2.2 Dataset and pre-processing 

The primary dataset for this project was the DigitalGlobe QuickBird image 

captured at 11.09 am Australian Central Standard Time (CST) on 28 August 

2004. Descriptions of the data and pre-processing are found in section 2.4.2. 
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The panchromatic band and multispectral bands were utilised. The date of 

capture is in late August which is the mid-to-late dry season, by which time 

the annual grasses have ‘hayed off’ and photosynthetic activity is minimal 

in the understorey and ground cover. This reduced reflectance of non-crown 

vegetation in the near infrared should assist in differentiating tree crowns 

from the understorey and ground cover (Johansen and Phinn, 2006). 

However, as mentioned previously, LAI for Eucalypt canopy at this time is 

also quite low (O’Grady et al., 2000). In addition, as the dry season 

progresses the area subjected to wildfire increases (Edwards et al., 2001), 

adding further challenges to vegetation cover analysis. The timing of the 

image (just under 1 hour prior to midday) provides a reduced solar zenith 

angle increasing the opportunity for identification of canopy from surrounds 

(Culvenor, 2002). The image was geometrically corrected to a previously 

geo-referenced aerial photograph of the area with an accuracy error of less 

than 0.5 pixels. A 2090 x 1467 pixel (0.6m pixel size) subset for this project 

representative of the various land cover types of the region was then ‘cut’ 

for all the imagery (Figure 5.1a). 

 

A pan-sharpened data set was also created from the panchromatic and 

multispectral data sets using the modified IHS (intensity, hue and saturation) 

merge technique (Siddiqui, 2003) where the near infrared, red and green 

bands of the multispectral image are transformed into an IHS image and 

after histogram matching the Intensity layer is replaced by the panchromatic 

data set and an inverse transformation is performed returning to the three 

‘original’ bands. The pan-sharpened image was used for visually 
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interpreting the reference data used in the validation process described 

below. 

 

An additional derivative data set was also created by conducting a 

‘decorrelation stretch’ of the multispectral data. ‘Decorrelation stretching’ 

enhances or stretches the contrast between an image’s bands to remove 

inter-band correlation. It does this by applying a contrast-stretching 

principal component (PC) transformation to the image and then 

retransforming the subsequent PC image to the original colour channels of 

the image for display (Gillespie et al., 1986). The resulting transformation 

produced four additional 32-bit layers with the third decorrelation stretch 

layer DS3 being incorporated here (Figure 5.1b) to differentiate between 

Eucalypt and non-Eucalypt dominant communities due to its apparent 

ability to detect variations in soil. 

 

5.2.3 Image analysis 

An object-based approach was undertaken to extract tree crowns from the 

imagery. Within object-based image analysis there are fundamentally two 

process steps: segmentation and classification. The first step involves the 

segmentation or partitioning of an image into spatially or spectrally 

homogeneous objects. The second step is the classification of the created 

objects where various methods can be utilised involving either unsupervised 

classification algorithms, supervised classification routines or rule-based 

classification methods. The process described here uses two levels of 
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segmentation and classification. The first broader level (level 1) of 

segmentation is used to identify areas of Eucalypt dominant vegetation 

while the second finer segmentation (level 0) is used to identify and classify 

tree crowns. 

 

5.2.4 Broad segmentation 

The first segmentation (level 1) involved the creation of objects that could 

be used to provide a broad segmentation to determine basic land cover 

classes to separate Eucalypt or savanna vegetation from closed forest 

riparian, grassland and flood plain vegetation. For the level 1 segmentation, 

the multiresolution segmentation algorithm was used (see section 3.2.3) and 

only data the multispectral layers were considered. Table 5.1 shows the 

details of the parameters for segmentation and Figure 5.1b displays the 

resultant objects. Visual inspection of the objects resulting from a number of 

segmentations using variations in the weightings of shape and colour were 

used to determine the overall values for these parameters. Greater emphasis 

on colour tended to create objects with convoluted borders, while greater 

emphasis on shape produced more uniformly shaped objects but with some 

inconsistencies regarding identifiable regions in the image. Compactness 

was emphasised over smoothness to minimise border irregularity. 

 

Table 5.1: Parameters for the broad level (level 1) of segmentation. 

Segmentation 
method 

Scale parameter Colour /Shape 
Compactness / 

Smoothness 

Multiresolution 200 0.4 / 0.6 0.8 / 0.2 
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(a) 

 
(b) 
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(c) 

Figure 5.1: Greyscale image of NIR band of study area (a), DS3 derivative band with 

broader Level 1 segmentation overlaid (b), and areas of non-Eucalypt dominant vegetation 

communities masked out (c). 

 

At the broad segmentation level objects were classified after analysis of the 

mean DS3 values for objects provided a distinct threshold between objects 

representing Eucalypt and non-Eucalypt communities. Objects that 

represent riparian forest and grassland (with a mean DS3 value equal to or 

less than 0.345) were classified as non-Eucalypt dominant communities and 

excluded or masked out from the next segmentation step (Figure 5.1c). 

Objects possessing a mean DS3 value greater than 0.345 represent Eucalypt 

dominant vegetation communities and were thus included in the finer level 0 

segmentation and extraction processes. 
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5.2.5 Secondary segmentation 

The objective of the level 2 segmentation level was to create a layer of grid 

objects of a size that could be utilised in identifying the location of tree 

crowns. This finer scale segmentation was conducted only within objects 

identified as containing Eucalypt dominant vegetation. A chessboard 

segmentation algorithm was conducted creating a grid of square objects 2x2 

panchromatic pixels in size (1.44m
2
). This object size equates to one quarter 

the size of a QuickBird multispectral pixel and results in every second 

object in every second row solely containing information from a single 

multispectral pixel (Figure 5.2). 

 

 

Figure 5.2: A sample of the chessboard segmentation overlying the NIR band. Each square 

object is four panchromatic pixels or 1.44m
2
. Note every second object in every second row 

is situated in the centre of a multispectral pixel. 
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5.2.6 Tree crown identification and extraction 

The tree crown processes described here were applied to the level 2 

segmentation and utilised a derivative feature based on the Normalised 

Difference Vegetation Index (NDVI) (Wang et al., 2005) that was 

calculated using the mean object values of the near infrared and red bands of 

the multispectral image. 

 

The rule set created to identify tree crowns follows four steps: 

 Identifying seeds using local maxima; 

 Growing the seed objects to tree crown objects; 

 Splitting objects into crowns and clusters; 

 Splitting clusters into crowns. 

 

Identifying seeds using local maxima 

The first step was the creation of seed objects that lie within tree crowns. 

These were created by identifying local maxima objects within the level 2 

chessboard segmentation based on their mean NDVI value and subject to a 

distance measure. In this instance, the distance measure of the search range 

was 6 metres as this was determined the best distance for seed extraction for 

this scene. Visual inspection indicated lesser ranges of distance (< 6 metres) 

tended to over supply the seeds while ranges greater that 6 metres did not 

detect enough crowns. 
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Growing the seed objects to tree crown objects 

The region growing algorithm used an iterative process whereby the local 

maxima derived seed objects were expanded to engulf adjoining chessboard 

objects within level 2 based upon the NDVI
 
criterion until the threshold of 

0.3 was met and the region growing terminated. The value of 0.3 was 

observed as a distinct cut-off between a tree crown and its surroundings. 

Following the region growing process, smaller classified objects, less than 

10 m
2
, where classed as sub-crowns and those neighbouring larger objects 

were then merged to these larger objects. Those not abutting larger objects 

were identified as not being crowns. Unclassified objects fully enclosed by 

crown objects were also classified as belonging to crowns and merged into 

these larger objects. 

 

Splitting objects into crowns and clusters 

Classified objects were then determined to be either individual crowns or 

clusters of crowns based on three shape-based criteria: area, length/width 

ratio, and shape index. For the area criterion, objects greater than 180 m
2
 

were considered large enough to be potential clusters of crowns and not 

individual crowns. The length/width ratio was used to differentiate between 

crowns and potential elongated rows of crowns. Objects with a ratio of 2:1 

or greater were considered elongated enough to be clusters. The shape index 

(SI) describes the fractal characteristic of the object and is the relationship 

between the circumference and the area of an object (Equation (7)) such that 

the SI for an object equals the border length of the object divided by 4 times 

the square root of its area (Definiens, 2007): 
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 (7) 

where SI is the shape index, b is the border length of the image object, and p 

is the area of the image object. Values for the SI range between 1 and ∞, 

with 1 approximating a square. In this case, objects that met the above two 

criteria and had a SI greater than 1.3 were also considered clusters and not 

crowns. 

 

Splitting of clusters into crowns 

Objects identified through the above procedure as clusters were re-

segmented to objects of 2 x 2 panchromatic pixels in size and local maxima 

were identified based on NDVI values with a shorter distance of 8 pixels. 

Further iterative region growing using the maxima as seeds was undertaken 

within the cluster objects to a threshold NDVI value of 0.37. A second 

iteration was then undertaken on objects less than 10 m
2
 to a threshold of 

0.3. 

 

5.2.7 Validation 

Two validation measures were applied. Both measures used the pan-

sharpened false colour image as a basis for the reference data. Firstly, the 

seed objects identifying tree crowns were visually assessed to determine 

whether or not each of the seeds were located within a tree crown on the 

pan-sharpened image. A grid of 100 x 100 m squares was laid over the 

entire study area. Of the 117 squares, 85 contained Eucalypt dominated 
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cover. Within each of the 85 squares the number of seed objects located 

within tree crowns, the number of tree crowns missed by the algorithm and 

the number of seed objects not situated within a tree crown were counted. 

This was done for all tree crowns within the subset within the Eucalypt 

dominant class. These numbers were then aggregated for the entire area and 

the proportions calculated and presented in a confusion matrix. The Kappa 

coefficient was not produced from this matrix due to its unsuitability for 

single-class classifications (Zhan et al., 2005). 

 

The second validation measure was used to determine the quality of the tree 

crowns created through the extraction process. The measure compared the 

extracted tree crown objects to 112 manually delineated tree crowns created 

within a GIS. The reference crowns were randomly selected and then 

digitised based on the visual interpretation of the pan-sharpened false colour 

image. This process provided three areal measures for each object: the area 

of overlap between the extracted object and the reference object; the area of 

reference object not covered by extracted object and; the area of extracted 

object not corresponding to the reference object. The relative area of overlap 

within the reference and extracted objects can then be utilised as a measure 

of accuracy. Leckie et al. (2005), Winter (2000) and Zhan et al. (2005) 

consider an extracted object matched with a reference object if the overlap 

between the two objects exceeds 50%. For a match between a reference tree 

crown and extracted tree crown to occur in this chapter, the relative area of 

overlap had to exceed 50% for both the area of the reference tree crown and 
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the corresponding extracted tree crown. This can be met by the following 

equation (8): 

 

          
                      (8) 

 

where C is the area of extracted tree crown, R is the corresponding area of 

reference tree crown, C∩R is the intersection of C and R and max|C|,|R| is 

the maximum area of either C or R. 

 

5.3 Results 

The seed creation algorithm produced a total of 1406 seed objects (Figure 

5.3a). A total of 1604 crowns were identified and counted within the study 

area (Table 5.2). Of these, 1352 (producer’s accuracy (PA) of 84.3%) were 

detected by the extracted seeds. In addition, there were 54 seeds created that 

did not match any observed crowns (false positives) providing a user’s 

accuracy (UA) of 96.3%. 
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(a) 

 
(b) 
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(c) 

Figure 5.3: Sample region of the study areas showing seed objects (2x2 pixels) classified in 

white within the level 2 segmentation (a), the NDVI image of the sample region (b), and the 

extracted tree crowns (white polygons) overlaying a greyscale image of the pan-sharpened 

NIR layer (c). 

 

 

Table 5.2: Accuracy results of seeds derived from local maxima. UA is user’s accuracy and 

PA is producer’s accuracy. 

    Reference crowns 

   Crown False positive Total UA (%) 

Ex
tr

ac
te

d
 s

ee
d

s 
 Seed 1352 54 1406 96.3 

Missed 252 - - - 

Total 1604 - - - 

PA (%) 84.3 - - - 

 

The resultant classification of tree crowns (Figure 5.3c) has delineated most 

of the visible tree crowns. When viewed in conjunction with the NDVI image 

of the study area (Figure 5.3b), it is apparent that where trees were closely 
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spaced there appeared to be some delineation of tree clusters as opposed to 

individual tree crowns that were closely spaced. Some crowns were not 

detected although an observed shadow (indicating that some structure such 

as a tree exists) is present (Figure 5.3c). 

 

Figure 5.4 shows the frequency distribution of extracted crown sizes in the 

study area. Mean crown size for the extracted crown layer was 46.6 m
2
, 

minimum size was 10 m
2
and the maximum was 196.5 m

2
. The most 

frequent crown sizes were at the lower end of the size range, 143 crowns 

were 11 m
2
 while 114 were 12 m

2
.  The corresponding mean crown size of 

the extracted crowns of 82 m
2
 compared to mean size of reference was 89 

m
2
. 

 

 

Figure 5.4: Distribution of crown sizes for the extracted crowns. 
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Visual inspection indicated a good proportion of match between most of the 

extracted tree crown objects and the reference polygons (Figure 5.5). 

Samples of the associated accuracy images (Figure 5.6) show objects where 

there was greater than 50% overlap between the extracted tree crown object 

and the reference object (Ragia and Winter, 2000; Zhan et al., 2005). Figure 

5.6a displays extracted tree crown objects within a sample portion of the 

study area that had over 50% overlap with the corresponding reference 

objects. Figure 5.6b highlights the reference objects with over 50% overlap 

in area with corresponding extracted tree crown objects. Figure 5.6c shows 

objects that satisfy both criteria above. 

 

 

Figure 5.5: An example from the study site showing the degree of agreement between 

extracted tree crowns and reference objects. Black objects show agreement between the 

reference object and the extracted object. Stippled objects show the extent of the extracted 

object not covered by the reference object (commission). Hatched areas are the extent of the 

reference object not detected by the extracted object (omission). 
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Table 5.3 shows correspondence results for the extracted tree crowns against 

reference crowns. Over three quarters (78%) of extracted tree crown objects 

overlap their corresponding reference object by 50% of their area. A greater 

proportion (92%) of the reference tree crown objects display overlap with 

their corresponding extracted objects by 50% or more of their area. A 

slightly smaller proportion of objects contain both overlaps (75%). 

 

 

 
(a) 

 
(b) 
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(c) 

Figure 5.6: A section of the accuracy images for the tree crown extraction process. 

Extracted objects that overlap by over 50% with the corresponding reference object (a), 

reference objects that agree in area greater than 50% of the corresponding extracted object 

(b), and objects that have greater than 50% overlap against both extracted and reference 

objects(c). 

Table 5.3: Accuracy results for the extracted tree crowns against reference crowns. 

Percentage (%) accuracy here is the proportion of overlap objects to total reference objects. 

 No. % accuracy 

Total reference objects 112 - 

Total extracted objects > 50% overlap 
with reference objects. 

87 78 

Total reference objects > 50% overlap 
with extracted objects. 

103 92 

Total objects containing both 84 75 

 

5.4 Discussion 

There is a high degree of accuracy for both the seed objects and actual tree 

canopies. The procedure worked well for areas of savanna with larger trees 

with reasonable visually delineated crown size (>50 m
2
). Where smaller 

crowns existed there was occasionally a lack of contrast between canopy 

and sub-canopy cover which made them difficult to distinguish. Further 

splitting of the Eucalypt dominant savanna into densely treed and sparsely 
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treed regions (such as in Bunting and Lucas, 2006) prior to tree crown 

delineation would enable parameters to be ‘fine-tuned’ specifically to each 

region to potentially draw out these crowns. The results compare well to 

other studies of tree crowns delineated from imagery for woodland/forest 

Eucalypt vegetation where accuracies of greater than 72% were obtained 

from woodland where trees were well spaced (Bunting and Lucas, 2006). 

Results also compare well with the accuracies from other studies on other 

tree dominant communities (Erikson, 2004; Leckie et al., 2005). Bunting 

and Lucas (2006) did not undertake a quantitative comparison of areas of 

reference to extracted tree crowns due to the unsuitability of their reference 

data for such an assessment. 

 

Several factors could be attributed to the high accuracy of the results, 

including the spacing of trees within savanna landscapes, the date of 

acquisition of the imagery and the method of validation. The openness of 

the savanna landscape means that the trees or clumps of trees are well 

spaced and generally distinguishable as entities from each other as well as 

the surrounding understorey and groundcover, particularly using the NDVI 

feature. 

 

The masking out of non-Eucalypt dominated land cover types maximised 

the performance of the distance measure applied to the local maxima 

algorithm. The measure would not have enabled effective crown 

identification within the vegetation cover types that were masked out. The 

distance between seeds would have been too great for the closed forest 
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communities (thus crowns would have been under-sampled) and potentially 

too small for the open woodland /grassland system (thus over-sampled). 

Each of these cover types would require a different value. Studies that have 

included the masking of non-target regions (be they forest/non-forest or 

other) have reported improvement in accuracies (Bunting and Lucas, 2006; 

Leckie et al., 2005). There is also a scale issue associated with the FNEA 

multiresolution segmentation algorithm which was used here for creating the 

objects used in the masking of non-Eucalypt vegetation. The scale parameter is 

arbitrary and is affected by differences in data properties (such scene size or bit 

depth). Therefore, the scale parameter would need to be adjusted accordingly to 

create similar sized objects for different data. In regards to the tree crown 

extraction algorithm, the chessboard segmentation and subsequent object 

creation method used here should remain unaffected regardless of the above 

data properties due to the method being reliant on pixel size only. Although, 

obviously, the larger the image the greater the effort and resources required for 

processing. 

 

The date of capture of the imagery enabled the differentiation between 

actively photosynthesising trees and the surrounding ‘hayed off’ or 

senescing groundcover. The timing of data acquisition (late dry season) 

assisted in distinguishing non-target cover types (being either semi-deciduous, 

deciduous or senescent) that have low levels of photosynthetic material and 

display low NDVI values at that time of year. Bright spots and small shrubs 

that may have been picked up in the local maxima seed creation step were 

readily identified due to not growing sufficiently during the NDVI based 

region-growing step and were subsequently eliminated using the size rule. 



 

176 

Although the LAI is lower at this time (O’Grady et al., 2000) in savanna 

Eucalypts, contrast with the understorey is adequate for distinguishing trees 

using features based on NDVI. Thus the method described here might not 

work well using imagery from dates or regions where understorey grasses 

are photosynthetically active and contrast is reduced (Johansen and Phinn, 

2006). 

 

The validation of the tree crown seeds was conducted using visual 

assessment of the seed objects against the tree crowns identified within the 

image. Obviously, some human error is to be expected. For example, it may 

be difficult to visually distinguish individual crowns within a clump or 

cluster. It may also be difficult to detect a very sparse open canopy. Thus 

the crowns missed by the seed algorithm may also be missed by visual 

inspection. Crowns not detected by the seed creation algorithm may lack 

contrast against the surrounding and underlying groundcover and 

understorey. This could be partly attributed to the sparse nature of Eucalypt 

crowns or at the other end, similar reflectance from the surrounding 

understorey and ground cover vegetation. Seeds that were created but not 

spatially matched to tree crowns (false positives) might have resulted from 

photosynthesising groundcover or understorey. Alternatively, in areas that 

are low tree density, a local maximum may be detected from a slightly 

brighter object that is not necessarily a tree crown due to the range 

parameter set. Most of these false positive seeds would have been removed 

by the second step in the tree crown identification and extraction process. 
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The tree crown objects created from the multispectral imagery using the 

region-growing algorithm were assessed for accuracy against manually 

delineated tree crowns based on visual interpretation of the pan-sharpened 

imagery. Although conservative bias (Verbyla and Hammond, 1995) based 

on mis-registration or minimum mapping unit issues is avoided, some bias 

may exist based on the creation of the reference data. Human interpretation 

might influence the reference data in that the polygons drawn may not 

accurately represent the actual tree crown (due to the spatial and radiometric 

limitations of the image or personal perceptions of what constitutes a tree 

crown). This bias should be minimised by use of the 50% overlap method 

(Zhan et al., 2005). 

 

There also may be some optimistic bias (Hammond and Verbyla, 1996) in 

the accuracy of the results. Although the reference crowns were randomly 

selected across the image, they would still be selected from those crowns 

that were visually easy to delineate from their surroundings as opposed to 

all crowns. Having ground data on tree canopies available would certainly 

enhance the validation process. This however was unavailable. In addition, 

obtaining accurate locations of trees is using GPS is always difficult due to 

interference of GPS signal due to foliage. 

 

The accuracy of the described process for tree crown extraction could also 

be matched against other methods of obtaining crown information such as 

accurately recorded and mapped tree crowns from the field. Further research 

includes comparing the information from the tree crown extraction to data 
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obtained from field measurements including the location of trees and species 

identification, and metrics such as DBH, height and canopy density. 

However, while crown area can be estimated, the actual spatial extent of the 

crown may be difficult to determine in the field. 

 

Further work is required to test the process on similar areas of Eucalypt 

savanna to assess the transferability of the algorithms and the threshold 

levels within the algorithms. The relative area of tree crown objects created 

in level 2 segmentation within the super objects created in level 1 should 

provide an indication of canopy cover variations across the landscape. Such 

an area of potential future research could assess these measures against other 

measures of canopy cover such as estimates for LAI and foliage projective 

cover (see Chapter 6). 

 

5.5 Conclusions 

The diversity of crown shapes and characteristics of trees within a Eucalypt 

savanna provide a challenge to tree crown delineation. Object-based image 

analysis and, in particular, region-growing algorithms can be used successfully 

for tree crown delineation from savanna using high spatial resolution 

multispectral imagery, in this case with an overall accuracy of 75%. The 

method’s results correspond to the visual interpretation of pan-sharpened 

imagery and may be useful in applications where the availability of other forms 

of data used for tree crown extraction, such as very high resolution (pixels 

<0.5m), hyperspectral and LiDAR imagery, may not be available. The method 

presented here has not been previously applied to QuickBird data over 
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Australia’s tropical savanna. Further work however needs to be conducted to 

further assess the method’s accuracy, test its transferability to other regions of 

savanna and relevance of the output against other measures of vegetation cover. 

As such the method provides important data for managing savannas. Tree 

crown information (location and extent) indicates the distribution of woody 

cover, helping understand the processes and patterns within the savanna matrix. 

These data can be used as input into models for environmental monitoring, 

nutrient cycling, and establishing carbon budgets. 
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Chapter 6 A comparison of 
canopy cover derived from 
object-based crown 
extraction to pixel-based 
cover estimates 

 

6.1 Introduction 

Descriptions of the canopy or vegetative crown cover of plant communities 

provide important information about processes within ecosystems. For 

example, the determination of the amount of green vegetation and the 

structural composition of ecosystems can provide estimates of their 

photosynthetic potential (and therefore the primary production potential) 

which has implications in the calculations of carbon stocks and 

accumulation within ecosystems (Landsberg and Kesteven, 2002). This in-

depth knowledge of the fractional cover needs to be spatially explicit and 

reliable, and this detailed information is not available for large areas of 

tropical savannas (Gessner et al., 2008). New methods are needed to derive 

these measures for the large and remote areas of northern Australia. Due to 

the relationships that exist between reflectance captured by passive sensors 

and measurements of vegetation cover including canopy cover (CC), foliage 

projective cover (FPC) and leaf area index (LAI) (Gower et al., 1999b; 

Scarth et al., 2008), a number of studies have investigated broadscale 
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savanna vegetation patterns using moderate to coarse resolution sensors 

(Korontzi, 2005; Spessa et al., 2005). Cover estimates derived from such 

sensors are proportional and do not consider tree numbers or patterning 

(Boggs, 2010). The use of high spatial resolution imagery for the extraction 

of tree crowns to estimate woody cover is one method to obtain this finer 

scale information; however, it has not been used widely for this purpose in 

northern Australia. 

 

Leaf area index (LAI) can be described as one half the total green area of 

leaf per unit of ground surface area (Chen et al., 1997). It is considered half 

since foliage has a range of orientations within a canopy. The projected area 

in one direction (i.e. zenith) does not contain all information about the tree 

canopy related to the interception of radiation (Chen et al., 1997). Canopy 

cover (CC) is defined as the percentage of ground area covered by the 

vertical projection of tree crowns (Hnatiuk et al., 2009; Scarth et al., 2008; 

Walker and Hopkins, 1990) and assumes the crowns are opaque (i.e. where 

a crown can be identified it is determined to be 100% cover). Foliage 

projective cover (FPC) is defined as the percentage of ground area covered 

vertically by photosynthetic material including foliage, green stems and 

twigs (Hnatiuk et al., 2009; Specht, 1981). FPC assumes gaps within crowns 

and many Australian tree species have crowns of low density. Therefore,  

FPC represents the photosynthetic and evapotranspirative properties of 

vegetation communities better than canopy cover (Specht, 1981). LAI is 

important to a number of ecological processes such as photosynthesis, 

evapotranspiration and net primary production (NPP) (Xavier and 
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Vettorazzi, 2004).  LAI has also been used as a predictor of future growth 

and is indicative of canopy structure (Coops et al., 2004).  LAI has also 

become a critical input variable for a number of environmental models.  

Therefore, LAI is a handy tool for environmental management. FPC is also 

described as being of similar value (Specht, 1981) and with knowledge of 

Leaf Angel Distribution (LAD), FPC can be converted to LAI and vice 

versa. Estimations of CC are of less value particularly in Australia where 

native trees have low crown densities, however CC can be converted to FPC 

when combined with an estimation of crown openness (Hnatiuk et al., 2009; 

Walker and Hopkins, 1990). 

 

FPC can be measured in the field along a transect using a vertical sighting 

tube with crosshairs (Specht, 1981). By taking 100 recordings evenly spaced 

along a transect noting green vegetation or non-vegetation visible at the 

intersection of the crosshairs, it is possible to obtain a percentage cover of 

foliage for a site. FPC is time-consuming to calculate in the field and 

difficult to determine in communities with dense understorey, deciduous 

canopies and species with vertical or near-vertical leaves (Walker and 

Hopkins, 1990).  CC can be easily determined with field methods (Hnatiuk 

et al., 2009). Field- and laboratory-based approaches to LAI estimation 

include area harvest and the use of allometric equations using stand 

diameter data and/or leaf litterfall (Gower et al., 1999a). The area harvest 

method involves destructive sampling of foliage collected from random 

plots throughout a community although it is most suitable for non-forest 

ecosystems and is labour intensive. Indirect measurements for CC can be 
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obtained from the analysis of aerial photographs (Fensham et al., 2002). 

Indirect measurements of LAI can be obtained through field optical devices 

such as LAI 2000, TRAC or a zenith-pointing digital camera fitted with a 

hemispherical (fish-eye) lens (Leblanc and Fournier, 2005). The only 

reasonable means of obtaining LAI estimates on a regional scale, however, 

is through reflectance recorded by satellite-based sensors (Running et al., 

1989). This applies also to FPC and CC. Remote sensing reflectance can 

provide information on photosynthetic material within a canopy due to the 

high absorption of radiation in the red spectral range (0.6-0.7 μm) and high 

reflectance in the near infrared spectral range (0.7-1.3 μm) (Jensen, 2005). 

 

There has been extensive research into the correlation between LAI and 

measures of reflectance obtained by remote sensing. LAI can be derived 

(estimated) from empirical regression relationships with spectral vegetation 

indices (Berterretche et al., 2005). Spectral vegetation indices (SVIs) 

derived from remotely sensed data have been used often to estimate a range 

of environmental/vegetation variables such as canopy cover. SVIs that are 

useful for vegetation discrimination, are based on the high absorption of 

radiation in the red spectral area by plant pigments and scattering by leaves 

in the near infrared (NIR) spectral range (Xavier and Vettorazzi, 2004). The 

most commonly used indices are the simple ratio or vegetation index (SR) 

(equation (9)) and the normalised difference vegetation index (NDVI) 

(equation (10)). 
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 (9) 

 

     
       

       
        (10) 

 

where NIR and Red are the near infrared and red bands respectively of 

multispectral imagery. As SR and NDVI use the same bands they are related 

thus (equation (11)): 

     
    

    
 (11) 

 

The most widely described LAI-SVI relationship is between LAI and NDVI 

however due to the asymptotic nature of LAI-SVI relationships it is 

typically not a straight forward linear regression but polynomial (Xavier and 

Vettorazzi, 2004). NDVI is limited in its relationship with LAI as it reaches 

saturation when LAI approaches 2.  This saturation means fewer levels of 

NDVI are observable particularly in the higher values and distinguishing 

differences in LAI values greater than 2 using NDVI is difficult (Chen and 

Cihlar, 1996; Gitelson, 2004).  This has limitations for land resource and/or 

environmental management research. Further to this, Qi et al. (2000) claim 

there are limitations with the application of an empirical SVI-LAI approach 

including the point that a different function is generally required for 

different ecosystems/biomes within a region and an a priori knowledge 

(including field-based measures of LAI) of the region is required. This 

becomes apparent when a review of the literature shows a variety of 
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relationships between LAI and SVIs (particularly SR and NDVI). 

Relationships between SR and LAI range from linear (r
2
= 0.82) for 

coniferous forests from Airborne Thematic Mapper imagery (Running et al., 

1986) to cubic logarithmic polynomial (r
2
=0.69) for a disturbed, 

heterogeneous landscape from Landsat TM data (Lawrence and Ripple, 

1998). When comparing NDVI to estimated and fitted LAI values in a semi-

arid region, Qi et al. (2000) record r
2
= 0.88 with a linear regression but a fit 

of r
2
= 0.94 for a cubic polynomial. Xavier and Vettorazzi (2004) show a fit 

of r
2
= 0.72 for their power regression model and found the relationship 

between LAI and the red band was statistically significant but not the LAI-

NIR relationship. Turner et al. (1999) also found a cubic polynomial model 

suited the NDVI-LAI relationship across three land types (r
2
= 0.74) and 

noted the best fit occurred when imagery had been corrected to surface 

reflectance. A quadratic polynomial relationship with r
2
= 0.70 is also 

described (Lawrence and Ripple, 1998). 

 

To compensate for the saturation that occurs in NDVI, Gitelson (2004) 

developed a variation of NDVI, the Wide Dynamic Range Vegetation Index 

(WDRVI) that claims to enhance the dynamic range of NDVI.  This is done 

by adding a weighting parameter to the equation (4): 

 

      
        

        
 (12) 
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where a is the weighting parameter, NIR is the near infrared band and red is 

the red band of the satellite imagery respectively. Viña et al. (2004) found 

that WDRVI was generally more sensitive than NDVI in a variety of land 

covers (9 different ecoregions) with NDVI values greater than 0.4 and 

values for a less than 1 attenuate the contribution of the NIR channel (Viña 

et al., 2004). Values for a between 0.05 and 0.2 were suited for remote 

sensing of LAI in row crops (Gitelson, 2004), while a value of 0.2 was 

found to address the atmospheric effect of increased radiance in the red 

channel and a decrease in the near infrared channel (Viña et al., 2004) and 

was effective for a range of sensors (Henebry et al., 2004). 

 

Less work has been done in relating FPC and CC to reflectance detected by 

remotely sensed imagery. Meakin et al. (2001) use a range of band ratios to 

calculate potential FPC in northern Australia from bands 3, 4 and 5 of 

Landsat TM imagery. The band weighting within the ratios is dependent 

upon both the date of imagery and the regional vegetation variation as 

determined from field-based FPC measurements. FPC estimations derived 

from a regression model approach based on Landsat TM and ETM+ data 

showed linear relationships to measured, stand allometric, and laser scanner 

derived FPC values (Danaher et al., 2004). 

 

Another issue to be considered (but often neglected) is the inclusion of areas 

of non-canopy in the calculations for canopy cover estimation. This issue is 

typically associated with calculating cover measures from medium to low 
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resolution satellite data where pixels contain a mix of canopy and non-

canopy spectral information. It also occurs in attempts to provide regional 

NDVI values from high spatial resolution (HSR) imagery. The availability 

of HSR data and object-based techniques of feature extraction facilitate the 

ability to identify and extract tree canopy from their surroundings. This 

should in theory provide a more accurate prediction of canopy cover. 

 

While there have been a number of studies in the past attempting to extract 

individual tree crowns from remotely-sensed imagery (Bunting and Lucas, 

2006; Culvenor, 2002; Erikson, 2004; Gougeon and Leckie, 2006; Leckie et 

al., 2005; Tiede et al., 2007), the use of extracted crown cover to estimate 

canopy metrics and canopy cover has not been documented widely (Boggs, 

2010), and this is particularly the case for Australia’s tropical savanna 

regions. This chapter aims to compare estimates of canopy cover derived 

from tree crown extraction to estimates based on spectral indices and 

derivative FPC. In addition, further comparisons to measures of canopy 

cover and FPC derived from aerial photograph interpretation and field-based 

methods will also be conducted. 

 

6.2 Methods 

6.2.1 Study site 

The area under investigation is the Florence Creek region situated in the 

northeast portion of Litchfield National Park in the Northern Territory 
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approximately 100 km south of Darwin. The centre point of the imagery is 

13.116° S, 130.803° E and area is 26 km
2
. Details of the study area can be 

found in Chapter 2. 

 

6.2.2 Data and processing 

Imagery and pre-processing 

The primary dataset for this project was the DigitalGlobe QuickBird image 

captured at 11.09 am on 28 August 2004. Section 2.4.2 includes descriptions 

of the data and pre-processing. The multispectral bands were utilised along 

with two derivative data sets. A 4 band de-correlation stretch image was 

created from the multispectral data with the third band (DS3) being used 

here. In addition a derivative WDRVI layer (WDRVI_QB) using a 

parameter (a) weighting of 0.20 was created from this dataset (Figure 6.1). 

 

Another WDRVI layer (WDRVI_ASTER) was derived from the ASTER 

data described in section 2.4.1 (Figure 6.2). Also included was a subset of 

the Northern Territory Government’s Northern Australian FPC dataset 

(FPC_NTG) for comparison to the canopy cover derived from the tree 

crown extraction (Figure 6.3). The dataset is derived from Landsat TM data 

and is based upon guidelines for obtaining FPC (Meakin et al., 2001). The 

FPC algorithm for this area (equation (13)) uses red, near infrared and short 

wave infrared information from Landsat TM imagery: 
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                                 (13) 

 

where b3, b4 and b5 are Landsat TM bands 3, 4 and 5 respectively. 

 

Figure 6.1: Wide Dynamic Range Vegetation Index (WDRVI) image derived from the 

QuickBird top-of-atmosphere radiance dataset. 
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Figure 6.2: WDRVI image derived from the ASTER image (15m pixels). 
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I 0 1 2 30.5
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Figure 6.3: The Northern Territory Government’s FPC data set derived from Landsat TM 

imagery (30 m pixels). 

 

Object-based analysis 

Data analysis was undertaken using Definiens Developer v7 object-based 

image analysis software (Benz et al., 2004).  The technique used in this 

chapter is based on the method used on the subset in Chapter 5 but the 

thresholds were modified to suit the whole image. The method involved 

utilising a two spatial-level tree crown extraction process including the 

region-growing of local maxima. This process has an overall accuracy of 
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81.5% for detecting crowns and 73% for matching actual tree canopies 

(Chapter 5). The data sets included in this project were: all QuickBird 

multispectral bands (NIR, Red, Green and Blue); the DS3 band; the 

WDRVI_QB, WDRVI_ASTER, and NTG_FPC layers; and a canopy cover 

(CCa) thematic layer (see section 6.2.6). 

 

6.2.3 Masking out non-Eucalypt vegetation 

Firstly, a broad segmentation (level 1) was conducted on the imagery to 

identify and mask out non-woodland vegetation types determined to be 

closed forest (canopy with FPC > 70%) and grassland (FPC < 10%) (Figure 

6.4) based on standard classification systems (Hnatiuk et al., 2009). This 

level used the multiresolution segmentation algorithm that is based upon the 

'fractal net evolution approach' (Baatz and Schäpe, 2000) with parameter 

values listed in Table 6.1 (see section 3.2.3 for a description of the 

algorithm). The vegetation types were classified as ‘non-target’ based on 

DS3 value of equal to or less than 0.350 and not considered for further 

analysis. The remaining objects within level 1 were then considered as 

‘super objects’ from where tree crowns were to be extracted. 

 

Table 6.1: Parameters for the multiresolution segmentation creating level 1 within 

Definiens. 

Layer weightings Scale parameter 
Shape 

criterion 
Compactness 

criterion 

NIR = 1, Red = 1, Green = 1, Blue = 1 
DS3 = 0, FPC_NTG = 0 

WDRVI_QB = 0, WDRVI_ASTER = 0, 
CCa = 0 

150 0.4 0.6 
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Figure 6.4: Study area with non-Eucalypt vegetation level 1 polygons masked out (green). 

 

6.2.4 Tree crown extraction.  

Tree crowns were extracted from the QuickBird multispectral imagery using 

an object-based region growing approach. The level 1 super objects were 

then subjected to a second finer level (level 2) of segmentation using a 

chessboard segmentation algorithm producing square segments (sub-

objects) each 1 m2. Local maxima were identified from these sub-objects 
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using the NDVI feature derived from the mean reflectance value of the NIR 

and Red bands for each of the objects (1). The distance criterion between 

maxima was set at 5 pixels (12 metres). The identified local maxima were 

then used as seeds for a region growing algorithm. The seed objects were 

expanded iteratively into surrounding unclassified objects creating crown 

objects until a threshold NDVI value of 0.28 was reached. NDVI values 

between 0.2 and 0.28 were observed to be the limiting extent of tree 

canopies. Crown objects that were deemed too small to be potential crowns 

were reassigned as sub-crowns. Sub-crown objects adjoining a crown object 

and less than 6 m2 in area were merged into the crown object. Sub-crown 

objects greater than 6 m2 adjoining crown objects were assigned as crown 

objects in their own right. Sub-crown objects not adjacent to crown objects 

were subjected to iterative region growing until a threshold NDVI of 0.24 

was reached. Sub-crown objects that were greater than 12 m2 in area were 

re-subjected to iterative region growing until a threshold NDVI of 0.20 was 

met. After this last batch of growing the remaining remnant sub-crown 

objects less than 6 m2 in size were determined to not be crown of any kind 

and were removed. Any remaining sub-crowns were then re-assigned back 

to the crown class. 

 

6.2.5 Separating crowns from clusters.  

Crown objects were considered to be clusters of crowns based upon three 

criteria: an area of greater than 180 m
2
, a length/width ratio of greater than 

2.1 and a Shape Index (SI) equal to or greater than 1.3. SI describes the 
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relationship between the circumference and the area of an object and is 

explained in section 5.2.6. 

 

Objects identified as clusters were then re-segmented using the chessboard 

segmentation into objects 1 pixel in size. Local maxima were then identified 

again based upon the NDVI feature creating cluster seeds. Iterative region 

growing was undertaken on the cluster seeds using NDVI criteria to a 

threshold of 0.37. In a second growing step cluster seeds with an area of less 

than 20 m2 were grown to a threshold of 0.30. Each of these new growth 

areas were considered crowns and reassigned to the crown class. The area of 

the cluster objects not included in the region growing was then declassified. 

A morphology erosion filter using a disc structuring element of 5 pixels 

across was then applied to the crown objects to 'smooth' their shape and 

remove any erroneous 'noses' and other extremities. 

 

The following data for all target level l objects were then exported for 

further statistical analysis: area; the areas and relative areas of level 2 tree 

crowns; the number of crowns; the mean and maximum pixel values for 

both WDRVI layers; and the mean pixel value for the NTG_FPC layer. 

Linear and polynomial regression techniques were used to determine model 

relationships between these various attributes for the level 1 objects. 
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6.2.6 Aerial photography 

A dataset of canopy cover (CC) and FPC was estimated from the analysis of 

aerial photography (after Fensham et al.(2002)) for the purposes of 

validation. A stereo pair of 1:43,000 colour positive photographs taken at 

1500 hrs CST on 5 May 2000 covering the study area were observed under 

a stereoscope with 6x magnification. A clear plastic overlay of a reticule 10 

x 10 points was scaled so that points were 10 m apart on the ground. The 

underlying canopy cover/not cover from the aerial photo was recorded for 

each point. This reticule was then matched to a grid of squares 1000 m
2
 so 

that each square contained 100 points thus providing a percentage cover. 

This step was repeated four times with slight adjustments (1 m) to the 

location (i.e. not exactly in the same position). The average percentage 

cover (CCa) of the four sets of points per square was then calculated and 

added as an attribute of a corresponding GIS layer of 4000 m
2 

(200 m x 200 

m) polygons (Figure 6.5). FPC can then be derived from CC using the 

empirical relationship between CC and FPC found in Scarth et al. (2008). 

The difference in dates between the QuickBird data (2004) and the aerial 

photography (2000) is not considered to be an issue due to the area being a 

managed natural area. 
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Figure 6.5: Percentage canopy cover as derived from aerial photo interpretation. Top right 

area is the edge of the photo and was not considered in any calculations using these 

attributes. 

 

6.3 Results 

Figure 6.6 shows tree crowns extracted for a sample of the study area. In 

total, there were 204 level 1 objects created with a mean size of 73487 m
2
. 

Approximately 979812 m
2
 of the target study area was determined to be 

under canopy. The mean percentage cover for the level 1 objects was 13.1% 

while maximum cover was 34.3% and minimum was 0.01%. The mean 
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stem density (number of crowns per object area) was 21 stems/ha
-1

 with a 

maximum of 34.2 stems/ha
-1

, and minimum of 2 stems/ha
-1

. 

 

 
Figure 6.6: Sample of the layer of tree crowns extracted from the QuickBird imagery 

overlaying a natural colour display of the imagery. 
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Figure 6.7: Regression plots: (a) relative area of crowns to mean WDRVI_QB, (b) stem 

density to mean WDRVI_QB, (c) relative area of crowns to WDRVI_ASTER, and (d) 

Stem density to relative area of crowns. 
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Figure 6.7 shows the various relationships between variables derived from 

the analysis. Proportional canopy cover shows a good level of fit with the 

mean WDRVI_QB values (r
2
=0.93) following a second order polynomial 

model (Figure 6.7a). Stem density also follows a polynomial regression 

model (r
2
=0.80) with WDRVI_QB (Figure 6.7b). The relative area of 

crowns versus mean WDRVI_ASTER values (Figure 6.7c) shows a linear 

regression (r
2
=0.22). There is a power regression model between stem 

density and the relative area of crowns (r
2
=0.90) although it is noticeable 

that deviation from the model increases as both the stem density and relative 

area of crowns increases (Figure 6.7d). Figure 6.8 shows regression plots 

linking the pixel-based measures of cover. While the mean object values for 

the NTG_FPC layer do not show any relationship to the cover estimates 

derived from tree crown extraction, however, there is a relationship with the 

mean object values from the WDRVI_ASTER layer (r
2
= 0.19) (Figure 

6.8a), and the mean object values for the WDRVI_ASTER layer show a 

relationship to the WDRVI_QB layer (r
2
= 0.27) (Figure 6.8b). Although 

visibly not strong, both relationships show statistically significant 

correlation at 0.001 level. 

 

When compared to the manually interpreted cover estimates, cover derived 

from tree crown extraction shows a linear relationship (r
2
= 0.43) (Figure 

6.9), although it appears where canopy cover is below 20%, the relationship 

is not as strong with a number of instances a noticeable distance from the 

model line. 
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Figure 6.8: Regression plots: (a) between the mean WDRVI_ASTER and the mean 

NTG_FPC values for each level 2 object, and (b) between the mean WDRVI_ASTER and 

mean WDRVI_QB values for each level 2 object. 
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Figure 6.9: Regression plot for relative area of extracted crowns to percentage canopy cover 

derived from manual interpretation of aerial photography. 

 

6.4 Discussion 

Relationships between vegetation cover as identified by remote sensing and 

field-based measurements of LAI and FPC have been demonstrated 

previously. The findings here support these studies. Estimates of canopy 

cover within a Eucalypt-dominant savanna show various relationships to 

SVIs and through this should be able to be converted to LAI and FPC. The 

work described has not been undertaken previously and, while more work is 

required to test and define these relationships, the research does show links 

between extracted crown cover and per-pixel estimates. Ideally the 

relationship between cover estimates such as LAI and FPC and the actual 

estimated canopy within tropical savannas can be determined. The 

advantages of using extracted tree crowns in estimations of canopy cover 

are the minimisation of information from the understorey and ground cover 
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in any calculations. This non-canopy information is always going to be 

included in any pixel-based measures of canopy cover.  

 

As mentioned above, the saturation of NDVI is one of the issues associated 

with methods of estimating canopy information from spectral indices 

derived from remotely sensed imagery. Areas where discrepancy may occur 

include the provision of a cover value for an object although there may 

actually not be any canopy or tree crowns identified within the level 2 super 

object. 

 

While the relationship between the relative area of tree crown per super 

object to the mean WRDVI value is strong, the low regression between tree 

crown figures and ancillary data (ASTER and NTG_FPC) can be attributed 

to the dates of imagery. The FPC_NTG data set was based on Landsat TM 

imagery from the early 1990s and documentation on the dataset contains no 

mention of the location of fire scars or the exact dates of capture. Within the 

ASTER data there is clear visible evidence of fire scars in a large portion of 

the southeast portion of the study area. 

 

The linear relationship shown between the cover derived from extracted tree 

crowns and canopy cover estimated from manual aerial photograph 

interpretation shows the potential of the automated extraction method. The 

relationship is shown although there is a discrepancy in dates of four years 
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between the imagery (2004) and the aerial photography (2000). One 

potential issue associated with manually aerial photo interpreted percentage 

cover at 1:43,000 scale is cover might not be detected due to the spatial and 

spectral limitations of colour aerial photography. Trees with sparse cover 

would be hard to identify and separating crown from shadow would also be 

difficult. 

 

The correlation between woody cover detected from HSR imagery and 

coarser scale cover estimates from MSR imagery and the interpretation of 

aerial photography,  

 

6.5 Conclusion 

This chapter has used a novel approach of hierarchical segmentation and 

classification approach to successfully delineate tree crowns from their 

surroundings. This was achieved by masking out non- Eucalypt vegetation 

from a coarse segmentation and applying an NDVI based local maxima and 

iterative region growing set of algorithms to an underlying finer 

segmentation. These tree crowns were used to calculate proportional cover 

of the super-objects they occupied. Results show that in comparing the 

proportional area of tree crowns with various estimates of cover, vegetation 

indices show a high correlation to proportional tree cover (r
2 

= 0.93 for a 

second order polynomial model); however SVIs do include information 

from non-canopy surfaces. This needs to be noted in any efforts to estimate 

canopy measurements from remotely sensed data using per-pixel methods. 
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Results also show relationships between extracted woody cover from high 

spatial resolution data and SVIs and FPC estimates derived from coarser 

scale imagery. Further, proportional cover shows a significant relationship 

to canopy cover estimated from the manual interpretation of aerial 

photography over the study area (r
2
 = 0.43 for a linear model). The research 

in this chapter has shown that woody cover information in savanna can be 

derived using tree crown extraction on high spatial resolution imagery. 

These finding are significant in so much as the information extracted can be 

used as an input for the structural classification of vegetation communities. 

In addition, these techniques provide information suitable for the calibration 

and validation of fractional cover estimates derived from coarser resolution 

imagery. 
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Chapter 7 Area-based and 
location-based validation 
of classified image objects 

 

7.1 Introduction 

7.1.1 The problem 

The emergence of object-based image analysis (OBIA) has exposed 

limitations in the application of site-specific accuracy assessment methods 

typically associated with pixel-based classifications (Congalton, 1991; 

Congalton and Green, 2009). While these methods do provide information 

on the quality or accuracy of a classification, they are primarily site-specific 

and point-based thus only assess the thematic accuracy at particular 

locations (x,y) across the image (Zhan et al., 2005). Applied to object-based 

analysis it is uncertain whether the reference class is consistent across the 

entire object. According to Schöpfer and Lang (2006), a major limitation of 

point-based accuracy assessment typically used to verify pixel-based 

classification (Congalton, 1991; Congalton and Green, 2009) is that the 

method only considers the reference class accuracy of a given point/pixel 

whereas an object-based classification also requires an assessment of the 

geometric accuracy (shape, symmetry and location) of the objects/polygons 

that have been created and classified. Even if the point reference is 

extrapolated out to an extended area (i.e. a quadrat or other shape) it is still a 

point albeit a larger point (square or circle) covering a group of pixels but it 
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does not necessarily exist as an object with geometric properties 

representative of a real world object. The assumption that the thematic value 

of that reference point is consistent over the entire area of the object is 

therefore debatable. In short, pixel-based approaches for accuracy 

assessment do not answer the following question: How well does the 

classified object typify, both thematically and geometrically, the real world 

object it is meant to represent? 

 

Very little work has been undertaken on spatial accuracy measures for 

object-based image analysis (Schöpfer et al., 2008; Weidner, 2008; Winter, 

2000; Zhan et al., 2005). Much of the work has been undertaken on 

assessment of building extraction where spatial accuracy is a requirement 

(Weidner, 2008; Winter, 2000). Very little research has been undertaken 

into the application of spatial accuracy measures for OBIA for mapping land 

cover (Lang et al., 2009; Lang and Tiede, 2008; Schöpfer et al., 2008) in 

landscapes or natural environments, and none in tropical savanna 

landscapes. 

 

This chapter describes and applies methods for assessing the accuracy of 

OBIA. The chapter reviews a number of current approaches for object based 

validation and investigates the novel application of these for assessing the 

accuracy of the segmentation and classification of both a single class and 

multi class classification in a tropical savanna in northern Australia. 
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7.1.2 Chapter structure 

This chapter is divided into two sections. The first part of the chapter is a 

brief review of accuracy assessment applied to object-based image analysis 

including a number of location- and area-based measures that can be utilised 

for object validation. The second part includes case studies where novel 

location- and area-based accuracy measures are applied to a single-class tree 

crown extraction and multi-class vegetation land cover mapping. 

 

7.2 Assessing accuracy or agreement of classified objects. 

This section discusses the methods from the literature that have been 

employed to assess classifications resulting from OBIA. In determining the 

classification accuracy of post-classification objects it is important to 

consider both (a) the classification (also known as categorical or thematic) 

accuracy of the objects and (b) the spatial accuracy (the shape and location) 

of the objects. 

 

7.2.1 Classification or thematic accuracy 

Assessing whether an object has been assigned to the correct class can be 

determined using a simple confusion matrix (Congalton and Green, 2009). 

However there are issues with confusion matrices, particularly in regards to 

single category classifications or feature extraction (Zhan et al., 2005).  For 

a single class/purpose classification (such as feature extraction), the 

traditional confusion matrix metrics such as user’s and producer’s 

accuracies for the non-extracted (not) class do not contain accuracy 
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information relevant to the intent of classification. It is not actually assigned 

a class. Information from such a confusion matrix does not enable the 

reliable calculation of an overall measures such as the Kappa statistic (Zhan 

et al., 2005). 

 

A number of recent publications have applied accuracy assessments to 

object-based image analysis. However, most only assess the classification 

accuracy not geometric accuracy. Schiewe & Gahler (2006) proposed a 

Fuzzy Certainty Measure (FCM) per class where the larger the value of 

FCM the closer the reference and class are. Although using a fuzzy 

membership function, the focus in their study is solely on the classification 

accuracy as opposed to or in addition to spatial accuracy. Grenier et al. 

(2008) state that within object-based image analysis, thematic accuracy 

needs to be based on the object and as such spatial accuracy describes the 

degree of agreement between the classified object and the actual object of 

interest. Their work focuses on the methods of sampling to obtain a 

distribution of reference samples based on the pooled standard deviation of 

the main attributes of the objects. They sample reference objects at a greater 

density in heterogeneous areas of objects (higher pooled standard deviation) 

and less so in homogeneous areas of objects (lower pooled standard 

deviation). Once the samples are selected however, the validation still 

focuses on thematic accuracy of the objects and an objective effort to 

sample for reference objects. There is little consideration for spatial 

accuracy of the objects. Gamanya et al. (2007) also tested the thematic 
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accuracy of objects using site-specific methods but did not assess the spatial 

accuracy of the objects as such. 

 

As mentioned previously, spatial accuracy measures do require a layer of 

reference objects prior to implementation. In some cases, that particular 

reference information may not be available or is of inappropriate scale. In 

such instances, this limitation of the assessment must be stated, clearly 

indicating that no assessment of spatial accuracy has been undertaken and 

that thematic accuracy at specific sites is being assessed only. While using a 

per-pixel measure to assess thematic accuracy of building extraction 

process, Zhan et al. (2005) also apply a per-object approach that assesses 

the spatial quality for each object against a corresponding reference object. 

 

7.2.2 Spatial accuracy 

Spatial accuracy refers to how well the classified object spatially matches 

the real world object it is intended to represent. There are two aspects to 

consider when assessing spatial accuracy: location and shape. Location 

accuracy refers to the position in space of a classified object in relation to 

the corresponding reference object. Shape-based accuracy refers to the 

degree of similarity of two objects based on a number of shape-based 

criteria (including area, perimeter, length, and width). These measures can 

be undertaken by including a reference map and/or reference objects for 

comparison against classified objects (Figure 7.1). Within certain 

limitations, a dataset like this provides a set of reference objects with 

potential for assessing the accuracy of an object-based classification. A 
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major limitation is scale. For a better assessment of accuracy, reference data 

need to be of a similar spatial scale to the classification. If the reference data 

are of a coarser scale than the classification they will lack the spatial 

variability of the classification. Alternatively, if the reference data are of a 

finer scale than the classification there will be greater spatial variability than 

the classification. Both cases may affect the perceived accuracy of the 

classification. Temporal scale also needs consideration. For example, 

seasonal differences between the capture date of the classified image and 

date of reference data collection have the ability to affect accuracies. 

 

The accuracy of thematic maps derived from a classification algorithm can 

be assessed by comparing the areal extent of the classes against a reference 

map (Stein et al., 2007).  Congalton and Green (2009) describe this method 

as popular during the ‘second epoch’ of digital accuracy assessment and as 

the ‘age of non-site-specific assessment’. One major limitation associated 

with this whole-of-image non-site specific approach to quantify thematic 

map accuracy is that although the map may contain correct proportions for 

each class the proportions may not be in the same locations (Congalton, 

2001; Congalton and Green, 2009; Foody, 2002). Areas of omission and 

commission error tend to compensate for one another and little to no 

information is available as to where agreement and disagreement occur 

(Congalton and Green, 2009). This means that although the accuracy may 

be quantified, its quality may still be dubious. Therefore if area-based 

approaches were to be implemented they require some form of locational 

specificity. An advantage of OBIA is that objects have spatial extents. It is 
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therefore, possible to introduce site specificity to area-based assessment by 

using sample reference objects or sample reference areas containing a 

number of objects or portions of objects (Möller et al., 2007; Schöpfer and 

Lang, 2006). By overlaying and comparing reference and classified objects 

the area measures derived indicate specific areas of agreement, omission 

and commission for each object. 

 

Prior to overlaying and comparing reference objects with classified objects a 

number of issues need to be considered. Firstly, reference data needs to be 

on a comparable scale (temporal and spatial) with the thematic data (Foody, 

2002). Secondly, a consideration is required of the initial accuracy and the 

methods of sampling used in the assessment of the reference data (Foody, 

2002). Thirdly, when comparing a classified image to reference data there is 

likely to be a degree of geometric mis-registration between the two data 

sets. After considering all these factors, the measure of agreement between a 

classified image and corresponding reference data may not necessarily be a 

measure of accuracy of reality (Foody, 2002). It is more likely a measure of 

agreement between the two data sets. 
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Figure 7.1: A section of a land unit map for Litchfield National Park derived from aerial 

photograph interpretation (Lynch and Manning, 1988). 

 

7.2.3 Location-based accuracy. 

Location-based accuracy measures assess the similarity in location between 

a classified or extracted object and its corresponding reference object. 

Measures that define the distance between a classified object and the 

corresponding reference object can be considered measures of object 

accuracy. Within certain parameters, the distance from the centre of the 

classified object to the centre of the reference object is inversely 

proportionate to the location accuracy (Figure 7.2). Conversely, the smaller 

the distance between the central points, the greater the location accuracy of 

the classified object in relation to the reference object. 
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Figure 7.2: Location accuracy. Distance (d) between the centre point of an extracted object 

(a) and the centre point of the corresponding reference object (b). 

 

The QLoc measure (equation (14)) utilised by Zhan et al. (2005) is based on 

the Euclidean distance between centroids to provide location accuracies for 

extracted objects within a scene to relation to their reference counterparts.  

 

                                             (14) 
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where xc(Oi) and yc(Oi) are the x and y coordinates of the centroid of 

extracted object, Oi, and xr(Oi) and yr(Oi) are the x and y coordinates of 

centroid of the corresponding reference object. Mean QLoc (equation (15)) is 

the average distance (quality) while StDevQLoc (equation (16)) is the 

standard deviation of the measure. 

 

7.2.4 Area-based spatial accuracy measures 

There are several measures that have been used to determine similarity 

between classified objects and reference objects. These measures utilise the 

spatial relationships between two sets of objects (classified and reference). 

Winter (2000) and Straub and Heipke (2004) identify five relevant 

topological relationships that exist between two sets of objects (Figure 7.3): 

i. Disjoint – where there is no location overlap between two objects; 

ii. Overlap – where two objects share a proportion of the same space; 

iii. Contains – where one object is located entirely within the other; 

iv. Contained by – where one object is located entirely within the other, 

and; 

v. Equal – where the two objects occupy exactly the same space or 

location. 
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Figure 7.3: Four topological relationships between two objects: disjoint (a), overlap (b), 

contains (c), and contained by (d). 

 

All the above relationships refer to the degree or proportion of overlap 

between a reference object and the corresponding extracted or classified 

object. Overlap (and the degree or proportion thereof) can then be a means 

of assessing accuracy/quality of an object-based classification. The 

proportion of overlap in a disjoint relationship is zero. Overlap has values 

between 0 and 1 and where proportional overlap equals 1, the relationship is 

equals. Contains refers to where the classified object lies totally within the 

boundary of the reference object. Contained by refers to the condition where 

the reference object lies totally within the boundary of the classified object. 

Note that in the relationships of disjoint and overlap (Figure 7.3a & b), the 

area of the comparative objects can be the same but their locations differ, 

while in the contains and contained by relationships (Figure 7.3c & d), the 

locations can be the same while area differs. 

 

Area-based measures that utilise these relationships imply location accuracy 

based on similarities in shared area between the two objects unless the 

difference in area between a classified object and its corresponding 

reference object is significant. If two objects occupy the same area or a 
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significant amount of the same area, the location accuracy can be assumed 

to be correct, however, if two objects are the same or similar sizes but 

occupy a slightly different area then a measure of location accuracy is also 

needed. This leads to the following diagram of accuracies (Figure 7.4). The 

area of inclusion (or intersection) is the area shared by the classified object 

and the reference object. The area of exclusion is the area of the extracted 

object not shared by the reference object and the area of omission is the area 

of the reference object not shared by the classified object.  

 

 

Figure 7.4: Three areas related to the agreement between two objects. The area of union is 

entire area (red + orange +yellow). 

 

For object-based assessment the region/object agreement categories based 

on proportional overlap between an extracted or classified object (C) and a 

reference object (R) can be looked at as four spatial areas and their 

proportions (Figure 7.4): 

 Area of Inclusion or agreement between C and R (the intersection 

C∩R) – the portion of an extracted object that is covered or 

overlapped by the corresponding reference object.  
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 Area of Union (C∪R) – the area covered by both the extracted 

object and reference object. 

 Area of Commission (C∩¬R) – the portion of the extracted object 

that lies outside the boundary of the reference object. This is 

potentially the user’s error (commission) and thus along with C∩R is 

part of an user’s accuracy (UA) (see equation (17)): 

 

   
     

   

        
    (17) 

 

where UA is the user’s accuracy, C is the classified object, R is the 

corresponding reference object.  Radoux and Defourny (2007) 

describe commission as an overestimation of the classification of the 

object while the commission error has also been referred to as the 

branch factor (Weidner, 2008). 

 Area of Omission (¬C∩R) – the portion of the reference object not 

covered by or outside the boundary of the extracted object. This is 

potentially the producer’s error (omission) and thus along with C∩R 

part of a producer’s accuracy (PA) (see equation (18)). 

 

   
     

   

        
    (18) 

 

where PA is the producer’s accuracy, C is the classified object, R is the 

corresponding reference object.  Omission can be described as an 

underestimation of the classification of an object (Radoux and Defourny, 
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2007) and the omission error has been referred to as the miss factor 

(Weidner, 2008). 

 

Winter (2000) also describes a fifth area, ¬C∩¬R (the area occupied by 

neither C or R), but rejects this as irrelevant for comparing C and R as in 

boundless conditions it approaches ∞. 

 

Thus the level of agreement between two objects could be seen as a function 

of the relative area of inclusion (C∩R) compared to the relative areas of 

exclusion (C∩¬R) and omission (¬C∩R). The greater the proportion of the 

extracted object matching the reference object, the smaller the proportion of 

exclusion and omission. The five topological relationships above can be 

defined for the four types of spatial objects. Where: 

 the area |C∪R| = |C|+|R|, then |C∩R| = Ø (null set) and the 

relationship is disjoint; 

 the area |C∪R|=|C| and the area |C∩R| = |R|, then |¬C∩R| = 0 and 

the relationship is contained by; 

 the area |C∪R| = |R| and the area |C∩R| = |C|, then |C∩¬R| = 0 and 

the relationship is contains; 

 the area |C∩R| is greater than 0 but less than either |C| or |R| the 

relationship is overlap; and 

 the area |C∩R| = |C∪R|, then |C∩¬R|=0 and |¬C∩R|=0 and the 

relationship is equals. 
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It is argued that there is adequate agreement between extracted and 

reference objects when overlap is greater than 50% (Straub and Heipke, 

2004; Zhan et al., 2005). In other words, when the extracted object overlaps 

the reference object by 50% or greater and/or the reference object overlaps 

the extracted object by 50% or more. This 50% threshold divides between a 

weak overlap (or a touch approaching disjoint as the percentage nears 0) and 

strong overlap (approaching equals as the percent nears 100) and is 

presented as an overlap factor (OF) (Ragia and Winter, 2000) (equation 

(19)): 

 

         
                                 (19) 

 

where OFC,R is the overlap factor between C and R, C∩R is the area of 

intersection of C and R and min(|C|,|R|) is the minimum area of either C or 

the corresponding R. 

 

The OF has been described elsewhere as a grade of overlaps (Winter, 2000). 

Other points pertaining to OF to note are: 

 Where C∩R=Ø then OFC,R = 0 there is no relationship between C 

and R, in other words they are disjoint with no overlap. 

 Where OFC,R = 1 there is complete coverage or containment (Winter, 

2000). Where C∪R= C∩R then the condition of equals is met. 

Where C∩R=C the condition of contains is met. Where C∩R=R the 

condition of contained by is met. 
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 Where C∩¬R or ¬C∩R are greater than C∩R then OFC,R <0.5, the 

area of overlap is less than 50% and described as weak (Ragia and 

Winter, 2000). 

 Where C∩¬R or ¬C∩R are less than C∩R then OFC,R >0.5, the area 

of overlap is greater than 50% and can be described as strong (Ragia 

and Winter, 2000). 

 

The OF measure can be strengthened by replacing the minimum criterion 

with maximum in equation (19) creating a Modified Overlap Factor (MOF) 

(equation (20)): 

          
                                  (20) 

 

where max(|C|,|R|) is the maximum area of either C or corresponding R. The 

measure is sensitive to proportions (as opposed to OF) (Winter, 2000) and 

ensures that if the measure is over 50% it is for both the C and R objects. 

 

7.2.5 Similarity 

Tversky (1977) proposed a feature contrast model that describes similarity 

between two sets of features: 

 

                                             

    
(21) 

 

where s(a,b) is the similarity between sets a and b and is a function (f) of 

three arguments: f(A∩B) are features common to both a and b, f(A – B) 
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features of a but not b, f(B – A) features of b not a, and α, β and θ are the 

respective weightings for the three relationships. This model assumes that 

the similarity between two items or sets is a weighted function of both 

feature matching (common to both items) and mismatching (belonging to 

one item but not the other) (Tversky, 1977). 

 

7.2.6 Geometric quality utilising spatial extent and location  

Geometric quality is divided into two areas: location (which is the positional 

difference between the centre points of the extracted object and the 

reference object) and spatial extent, which is measured by per-pixel or area-

based measures (ratio of agreement). Table 7.1 provides a summary of the 

area-based similarity measures as applied by Winter (2000), Zhan et al. 

(2005) and Weidner (2008). 

 

Both Winter (2000) and Zhan et al. (2005) utilise Tversky’s model as a 

foundation for their similarity measures. Zhan et al. (2005) do not apply 

values to weights α and β to their functions and the assumption follows that 

α = β = 1, thus the equation if based on area is the same as Winter’s s11 

metric as: 

 

                           (22) 

 

where f is the function, C is the area of the classified object, R is the area of 

corresponding reference object and α and β are weightings. 
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Table 7.1: A summary of the area-based measures of similarity/dissimilarity as described by Winter (2000), Zhan et al. (2005) and Weidner (2008): where C is the area of the 

classified object and R is the area of the reference object, C∩R is the area of intersection between C and R, C∪R is the area of union between C and R, max (|C|,|R|) is the 

maximum area of either C or corresponding R, min(|C|,|R|) is the minimum area of either C or corresponding R, C∩¬R is the area of C that is not covered by R, and ¬C∩R is 

the area of R not covered by C, A is a weighting applied by (Weidner, 2008) based on distance between boundary pixels of C and boundary pixels of R. 

Author Measure Equation Domain Notes Eq. no. 

 
 
 
 
 
 
 
 
 

Winter (2000) 
 
 
 
 
 
 
 
 
 

s11    
     0-1 Grade of equals (23) 

s21 or OF    
              0-1 

Overlap factor (Ragia and Winter, 
2000) 

(24) 

s31    
              0-1 Modified overlap factor (25) 

s41    
         0-0.5 s41 * 2 (26) 

s12              
       0-1 Grade of disjoint (27) 

s32 
             

              
0-2 s32/2 (28) 

s42 
             

         
0-1  (29) 
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Author Measure Equation Domain Notes Eq. no. 

Winter (2000) 
continued s43 

     
         

0.5-1 (s43-0.5) * 2 (30) 

Zhan et al. 
(2005) 

OQa 
     

                     
0-1 Based on area. Same as ρq and s11 (31) 

UA      
     0-1 

User’s accuracy (UA) based on area. 
Same as ρd 

(32) 

PA      
     0-1 

Producer’s accuracy (PA) based on 
area. 

(33) 

OQo 
     

               
0-1 Based on number of objects. (34) 

Completeness 
     

     0-1 PA based on objects. (35) 

Correctness 
     

     0-1 UA based on objects. (36) 

Sim_size 
           

              
0-1 Size similarity of C & R objects (37) 

Weidner 
(2008) 

Detection rate 
(ρd) 

     
     0-1 Same as PA (18) (38) 
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Author Measure Equation Domain Notes Eq. no. 

Weidner 
(2008) 

continued 

False positive 
rate (ρFP) 

      
     0-∞ False alarm rate (39) 

False negative 
rate (ρFN) 

      
     0-1 

Type 2 error 
(if R≠∅) 

(40) 

Branch factor 
(ρb) 

      
       ≥0  (41) 

Miss factor 
(ρm) 

      
       0-∞  (42) 

Shape 
dissimilar-ity 

(ρs) 

             
     ≥0 Sum of ρFP and ρFN (43) 

Quality rate 
(ρq) 

     
       0-1 Same as s11 and OQa (44) 

Weighted 
quality rate 

(ρqw) 

   
           0-1  (45) 
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Zhan et al. (2005) claim their ‘Overall Quality’ measure (OQ) is applicable 

to multi-class quality assessment (equation (46)) but do not test this 

application in their paper:  

 

    
        

                          
         (46) 

 

where f is the function, k is a designated class, C is the area of the classified 

object, R is the area of corresponding reference object and m is the total 

number of designated classes. 

 

Winter (2000) provides a number of measures for determining the similarity 

between two sets of objects. Most of these are ratios between the area-based 

measures of the two objects. Three similarity measures (s11 (grade of 

equals) (equation (23) , s31 (equation (25)), and s41 equation (26)) and four 

dissimilarity measures (s12 or grade of disjoint (equation (27)), s32 

(equation (28)), s42 (equation (29)), s43 (equation (30)) are identified as 

being useful for describing the similarity of two independent objects (Table 

7.1). The s11 measure is a grade of equals, where a value of 0 indicates C 

and R are disjoint and a value of 1 indicates C and R occupy exactly the 

same area (Winter, 2000). Any value between 0 and 1 indicates some level 

of overlap, with the degree of overlap (grade of equality) increasing as the 

value approaches 1. Winter (2000) considers s12 as a grade of disjoint and 

thus a compliment of s11. Similarity measure s41 is normalised by 

multiplying by 2. When used as a dissimilarity measure s32 normalised by 
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dividing by 2. When used as a dissimilarity measure s43 is normalised by 

subtracting 0.5 and multiplying by 2. 

 

The per-pixel quality measure as applied by Zhan et al. (2005) involves 

‘individual’ locations as such is similar to pixel-based accuracy assessment 

and thus provides no real information on the geometric quality of the 

classified objects. To compensate for this, per-object measures are obtained 

by counting the number of objects that are correctly detected, the number of 

false positives and the number of non-positives. The per-object overall 

quality (OQo) describes the percentage of the number of matched objects 

among the total number of objects in the classification result and reference 

data. Within a set of test objects (reference and corresponding classified 

objects), completeness is the ratio between the number objects with OF 

greater than 0.5 and the total number of classified objects, and correctness is 

the ratio between the number objects with OF greater than 0.5 and the total 

number of reference objects. A comparison of area between C and R objects 

is catered for by the Sim_size measure (equation (37)). 

 

Weidner (2008) provides a number of metrics for the purposes of matching 

classified objects and segmented objects. Several have already been 

described by Winter (2000) and Zhan et al. (2005) but some others are 

offered. Detection rate (equation (38)) is the same as producer’s accuracy 

and is the proportional area of intersection to area of R object. The false 

positive rate (equation (39)) is the proportional area of C not covered by R. 

The false negative rate (equation (40)) is the proportional area of R not 
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detected by the classification. The branch factor (equation (41)) is the 

proportional area of C not covered by the area of agreement (C∩R). The 

miss factor (equation (42)) is the proportional area of R not covered by the 

area of agreement. Shape dissimilarity feature is the area of union outside 

the area of intersection divided by area of R. Quality rate (ρq) (equation 

(44)) is the same as the s11 measure (Winter, 2000) and similar to the OQ 

measure (Zhan et al., 2005). A weighted quality rate (ρwq) (equation (45)) is 

also introduced, with the weighting based on the sum of the distance of 

pixels within ¬C∩R and C∩¬R objects to the boundary of C∩R (Weidner, 

2008). The greater the distance of pixels is to the boundary, the lower the 

agreement is between C and R and the higher the weight becomes to 

penalize the disagreement. The software application for determining ρwq was 

not available at the time of publication. 

 

Object fate analysis (OFA) was initially designed (as the name suggests) for 

the comparison of objects from different date images but the creators have 

also identified its application for the accuracy assessment of object-based 

analysis (Lang et al., 2009; Schöpfer and Lang, 2006; Schöpfer et al., 

2008). Within OFA, three possibilities exist within a comparison of two sets 

of objects: good (agreement between the two sets), expanding (objects from 

the first set are larger in the second set) and invading objects (objects from 

the first set are smaller in the second set). OFA assigns accuracy classes 

based on the degree of overlap of the classified object with the 

corresponding reference object (Tiede et al., 2008). The degree of overlap 

category that is assigned is determined firstly by whether the classified 
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object crosses the border of the reference object and secondly whether it 

crosses a buffer around the reference border. (Tiede et al., 2008). Again the 

application for the method of validation was not available to the authors at 

the time of publication. 

 

7.3 Case Studies 

The previous section of the chapter is a brief synopsis of accuracy 

assessment of object-based image analysis and some of the area-based and 

location-based accuracy measures that can be applied to OBIA. The 

proportional overlap between classified objects and their corresponding 

reference objects enables a number of measures that can be used to 

determine accuracy against suitable reference material. The following 

sections provide two case studies applying area-based measures to object-

based image analysis. The first case study utilises a single-class feature 

extraction and the second to a multi-class object-based image classification. 

Both the single class and multi-class object-based image analyses used here 

were conducted on imagery over the study site within Litchfield National 

Park. Detailed site description is found in Chapter 2. The centre of both 

studies is approximately 13° 7’ S, 130° 47’ E. 
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7.4 Case study 1: Validation of a single class classification 

7.4.1 Area-based measures for validating a single-class object-based 

classification 

Similarity measures after Zhan et al. (2005), Winter (2000) and Weidner 

(2008) were applied to assess the accuracy of a semi-automated process to 

extract tree crowns from multispectral QuickBird data against associated 

reference data. The details of the image, the segmentation and classification 

and reference data processes are described in Chapters 5 and 6. In summary, 

the image was captured on 28 August 2004, and consists of four 

multispectral bands and a single panchromatic band. A 113 ha subset 

centred on the above coordinates was cut from the image. The tree crown 

extraction process involved in identifying local maxima seeds based on 

NDVI derived from the multispectral bands. A threshold-based region-

growing algorithm was then applied to extract the extent of individual tree 

crowns (Figure 7.5). For reference data, 112 tree crowns were visually 

delineated from pan-sharpened imagery within a GIS. The creation of 

objects to be used within the similarity measures was undertaken using the 

two thematic layers (extracted crowns and reference crowns) in Definiens 

Developer software. Objects for the region matching validation were created 

on four hierarchical levels using two thematic layers: the classified/extracted 

tree crown objects (C) and 112 reference objects (R). 
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Figure 7.5: Sample of the extracted tree crown classification. 

 

To establish the hierarchy (Figure 7.6), bottom level (Level 1) objects were 

created by implementing the multiresolution segmentation algorithm (Baatz 

and Schäpe, 2000) within Definiens Developer using information from both 

the reference and OBIA tree crown thematic layers and a large nominal 

scale parameter. Objects created within this level received their boundaries 

purely from the information provided by the thematic layers and not the 

underlying imagery. These objects were assigned to one of three classes 

located at each tree crown: the area of intersection or overlap (C∩R), the 

area of extracted tree crown object not overlapping with the corresponding 

reference object (C∩¬R) and area of reference area not overlapping with the 
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corresponding extracted tree crown object (¬C∩R). C objects that did not 

correspond with any R object were then removed. Level 1 was then copied 

and recreated three times creating level 2c, level 2r and level 3 above. At 

level 3 all three categories (C∩R, C∩¬R and ¬C∩R) of objects located at 

each tree crown were merged to create C∪R (union) super objects. At level 

2c, C∩R and C∩¬R objects were merged to recreate C objects and at level 

2r, C∩R and R∩¬C objects were merged to recreate R objects. In this way, 

the hierarchy was created where level 1 objects (C∩R, ¬C∩R and C∩¬R), 

level 2c objects (C) and level 2r objects (R) are all sub-objects of the level 3 

C∪R super-object (Figure 7.6). 

 

 

Figure 7.6: Diagrammatic depiction of objects at the four levels. (a) Level 3 objects 

(C∪R), (b) level 2r reference objects (R), (c) level 2c classified objects(C), and (d) Level 1 

objects (C∩R (cyan), C∩¬R (magenta), and ¬C∩R (yellow)).  
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Relative areas of all sub-objects (levels 1, 2c and 2r) were then calculated in 

relation to Level 3 super-objects using the ‘Relative Area to Super-Object’ 

feature within the Definiens software. Areas and relative areas of all objects 

within and including super-objects from the four levels were then exported 

as attributes within a comma separated values (.csv) file for additional 

calculations within a spreadsheet. Within the spreadsheet, similarity 

measures and dissimilarity measures from Table 7.1 were calculated for 

each object and summary statistics (total areas, mean areas per object, 

standard deviation, minimum and maximum) were produced for measures 

with numerical values. 

 

7.4.2 Location measure of objects. 

Gravity centre points (centroids) for both the manually delineated reference 

objects and corresponding semi-automatically extracted classified objects 

were obtained within Definiens Developer and then exported as GIS point 

layers. The location accuracy measure based upon Q_Loc (Zhan et al., 2005) 

was calculated in ArcGIS v9.3 using the Distance Between Points (Between 

Layers) function within the Hawth’s Analysis Tools extension that is freely 

available online (Beyer, 2004). The single closest point to each centroid in 

the reference point layer was assumed to be the corresponding centroid of 

the classified object. Summary statistics (mean, standard deviation, 

minimum and maximum) for the distances were then calculated. 
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7.4.3 Results for single-class analysis 

From comparing the extracted tree crown layer (C) and the reference objects 

(R), the total number of crowns where overlap or containment occurred 

between C and R objects was 109 out of 112. The total area covered by 

reference objects and corresponding classified objects was 11627 m
2
 (Table 

7.2). Of that area, 61% (7071 m
2
) is the intersection of C and R objects with 

a C∩R object mean size of almost 65 m
2
. 

 

Table 7.2: Summary statistics (m
2
) for objects created to display relationships between two 

sets for application in the similarity/dissimilarity measures. C⋃R and C∩R are the areas of 

union and intersection respectively between Classified (C) and reference (R) objects. C∩¬R 

is the area of C objects not corresponding to R objects and ¬C∩R is the area of R objects 

not corresponding to C objects. 

class_name C⋃R C C∩¬R ¬C∩R R C∩R 

Total 11627 8999 1927 2629 9701 7072 

Mean 107 83 18 24 89 65 

Minimun 15 0 0 0 14 0 

Maximum 482 467 175 120 341 325 

Standard 
Deviation 

73 74 29 25 56 53 

 

Similarity measures 

For similarity measures, the overall area total (m
2
) for each object class are 

calculated from the total areas of all objects whereas the mean totals are the 

averages of the values for each object (Table 7.3). Overall quality area 

(OQa) uses the area of objects to create measure whereas overall quality per 

object (OQo) is based on the 50% overlap threshold. Within the OQo 

column, the main figure is 50% overlap based on the OF measure (equation 

(19)) and figure in parentheses is based on MOF measure (equation (20)). 

Values are noticeably higher for the OF derived Correctness, Completeness 
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and OQo (0.97, 0.95 and 0.93 respectively) over the MOF derived values 

(0.77, 0.75 and 0.73). Overall similarity measures are based on total area 

covered by all objects within reference data and corresponding classified 

data (Table 7.3). Mean values are based on the value for each measure for 

each object. The bottom row of Table 7.3 (No. objects > 0.5) shows the 

number of objects where the value for the particular measure is greater than 

0.5 (50%). The same applies for the summary statistics for dissimilarity 

measures (Table 7.4). 

 

Table 7.3: Comparison of the similarity measures (Weidner, 2008; Winter, 2000; Zhan et 

al., 2005) applied for assessment of single-class tree crown extraction. The values in 

parentheses for Correctness, Completeness and OQo are derived based on modified overlap 

factor (MOF) values. 

 
s21, 
OF 

s11, 
ρq, 

OQa 

s31, 
MOF 

s41 
x2 

ρd Correct-
ness 

Complete
-ness 

OQo 
Sim_
size 

Overall 0.79 0.61 0.73 0.76 0.73 
0.97 

(0.77) 

0.95 

(0.75) 

0.93 

(0.73) 
N/A 

Mean 0.90 0.59 0.62 0.72 0.71 - - - 0.68 

Standard 
Deviation 

0.17 0.20 0.21 0.19 0.26 - - - 0.23 

Minimum 0.00 0.00 0.00 0.00 0.00 - - - 0.00 

Maximum 1.00 0.93 0.96 0.96 1.00 - - - 1.00 

No. 
objects 
>0.5 

106 78 84 98 87 - - - 91 

 

As with the similarity measures, the dissimilarity measures were provided as 

both overall total area and per object (as a mean) (Table 7.4). Apart from 

s32, the mean values for all measures are higher than the overall measures. 

The most notable discrepancy is between the values for the miss factor (ρm) 

suggesting a number of instances are quite dissimilar and the reference 
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object is larger than the classified object. This is backed up by the maximum 

and standard deviation values for this measure. 

 

Table 7.4: Comparison of dissimilarity measures (Weidner, 2008; Winter, 2000) applied for 

assessment of single-class tree crown extraction. Std Dev is standard deviation and No >0.5 

is number of object that have a value of greater than 0.5 for each measure. 

 s12 s32/2 s42 
(s43-

0.5/2) 
ρFP ρm ρs 

Overall 0.39 0.24 0.24 0.24 0.21 0.37 0.47 

Mean 0.42 0.22 0.28 0.28 0.27 0.68 0.50 

Minimum 0.07 0.04 0.04 0.04 0.00 0.00 0.07 

Maximum 1.00 0.50 1.00 1.00 1.45 9.93 1.45 

Std Dev 0.20 0.10 0.19 0.19 0.27 1.33 0.25 

No > 0.5 30 0 11 11 11 42 45 

 

 

By undertaking regression analysis between a number of the measures over 

all objects it is clear there is a strong linear relationship between the 

measures For example the similarity measure s11 has a strong correlation to 

the s41*2 and s31 measures (r
2
=0.96 and r

2
=0.98 respectively), while s31 

shows a strong relationship to the size comparison measure, Sim_size 

(r
2
=0.95). Similar linear relationships are shown for the dissimilarity 

measures. 

 

Location measures 

Using the nearest location based distance measure, 104 relationships were 

identified between reference objects and corresponding classified objects 

(Table 7.5). The mean distance between centroids was 0.8m and the error 
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range (the mean plus or minus one standard deviation) was between 0 and 

1.7m (0 and 0.7 pixels). Maximum distance between centroids was a little 

over five metres (just over 2 pixels). 

 

Table 7.5: Location measures summary statistics of Euclidean distances (in metres) 

between centroids of reference objects and corresponding classified objects. 

Statistic Value 

No. of events 104 

Mean distance 0.8 

Maximum distance 5.1 

Minimum distance 0.0 

Standard deviation 0.9 

 

 

7.5 Case study 2: Multi-class assessment 

7.5.1 OBIA dataset 

Using the area-based validation method over multi-class analyses required a 

slightly different approach. In this case, the object-based land cover 

classification of ASTER data from Chapter 3 was matched against reference 

data from land unit mapping over the area (Lynch and Manning, 1988). A 

1376 ha subset over the study area was extracted from an ASTER scene 

captured on 28 July, 2000 (Figure 7.7). A vegetation cover map was derived 

from the three multispectral bands (near infrared, red and green) of the 

imagery plus the corresponding ASTER digital elevation model (DEM). 

This was conducted using an object-based method based around image 

segmentation and subsequent combined supervised and rule-based 
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classification approach (Whiteside and Ahmad, 2004) (see Chapter 3 for 

details). In summary, a multiresolution segmentation (Baatz and Schäpe, 

2000) was undertaken at two levels (Table 7.6). A supervised routine was 

undertaken using training samples and the Nearest Neighbour algorithm 

based on mean pixel values for the three visible and NIR spectral bands of 

the ASTER data (15m resolution). Further class differentiation was 

undertaken using a rule set based upon thresholds involving the DEM 

(Figure 7.8a). 

 

 

Figure 7.7: Subset of ASTER image covering the study site. RGB=NIR, Red and Green 

bands respectively. Yellow circles are random sample regions for assessment. 

 

Table 7.6: Parameters for multiresolution segmentation. 

Scale level Scale parameter Shape factor Compactness 

2 10 0.4 0.7 

1 5 0.2 0.7 
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7.5.2 Reference data set 

The reference data used for the assessment were taken from the ‘Vegetation 

Type’ attribute from the Northern Territory Government’s land unit 

mapping dataset for Litchfield National Park. The polygon layer was based 

on the manual interpretation of 13 runs of 1:15 000 vertical aerial 

photographs taken over Litchfield National Park in July 1979 (Lynch and 

Manning, 1988). The method assigned attributes including Vegetation Type 

(dominant taxa, structure and density) for these land units from field data 

collected from 120 field sites (Lynch and Manning, 1988). The resultant 

land unit map output was 1:50 000 scale (Figure 7.8b). While the aim of the 

case study is to describe the application of area-based validation methods to 

assess the accuracy of an object-based classification with several classes, the 

reference data used is not ideal. The reference data is used to show how the 

process operates and it is important to note that there are a number of issues 

identified with the reference data that may influence the accuracy results. 

There is a discrepancy in dates between the image used in the classification 

(captured in 2000) and the aerial photography used to create the polygons 

used as reference data (captured in 1979).  Land cover may have changed 

over that time. For instance, there has been some recorded change in land 

cover in the region over that period (Bowman et al., 2001). In addition, 

there was a new road built in the late 1980s. Further, the method of 

delineation of the reference polygons was manual interpretation thus 

vegetation class boundaries are subject to a degree of uncertainty regardless 

of the experience of the analyst. The actual spatial accuracy for this dataset 

is unknown although the metadata for the layer states positional accuracy is 
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within 300 m but generally below 200 m. There is no recorded measure of 

accuracy for polygon attributes. All of the above issues will have an impact 

on the level of agreement between the two data sets and that a proportion of 

the uncertainty described will be attributable to the unsuitability of the 

reference data set. Therefore, the information provided by the measures will 

be more a comparison between the two data sets than an accuracy 

assessment. However, the data set is widely used for research and 

management within the Park and, for the purpose of this case study, the data 

are used as reference to prove the capability of the method in providing 

information on accuracy.  

 

As both the classification and reference data set contained differing 

classifications, a generalisation of classes was implemented to assist with 

the validation (Table 7.7). 
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(a) 

 
(b) 

Figure 7.8: Reference layer (a) and classification image (b). Yellow circles show the 20 

random sample regions. 
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Table 7.7: Generalised classes (centre column) derived from the object-based classification 

(left column) and reference layer (right column) for use in the multi-class accuracy 

assessment. 

OB class/es Generalised class Reference class/es 

Eucalypt open forest Open forest N/A 

Eucalypt woodland; 
Eucalypt woodland 
with rocky outcrops 

Woodland 
Mid-high open woodland 

to tall woodland; 
Mid to high woodland 

Open woodland; 
Woodland flats; 
Woodland slope 

Open woodland 
Mid-high open woodland; 

Tall open woodland 

Riparian; 
Creek flats 

Riparian 

Tall sparse grassland; 
monsoon forest spp. or 

Melaleuca spp.; mid-high 
open woodland 

Grassland Grassland 
Tall closed tussock 

grassland/sedgeland 
Unclassified Unclassified N/A 

 

Instead of using entire objects in this case study, sample areas were used 

which combined the site-specific nature of point-based accuracy assessment 

(Congalton and Green, 2009) with a number of the area-based measures. 

Sample areas for validation were created based on the method employed by 

Möller et al. (2007) where randomly sampled points were buffered to 

provide ‘field boundaries’. In this case, 20 random points were created over 

the study area and buffered to a 200 m radius to provide the sample areas to 

spatially and thematically represent land cover of the area. The resulting 200 

m radius circle polygons were used as a mask to clip both the reference and 

classified layers within these buffers creating 20 samples of corresponding 

objects. These field boundary samples were then imported into Definiens 

Developer to undertake the analysis. Using the steps for creating an object 

hierarchy described above in the single-class analysis, four levels of objects 

were created. However this time, the four types of objects were created for 

each class (Figure 7.9). Where the reference and classified objects matched, 
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objects were classified as an agreement (C∩R) according to their class. 

Areas where the classified object did not correspond to the reference object 

(C∩¬R) and likewise where reference objects did not correspond to the 

classified objects (¬C∩R) objects were assigned to a non-agreement class. 

Using this sample method many of the overall area-based measures were 

difficult to apply as the overall area of classified objects and overall area of 

reference objects will be the same within each sample and across the image. 

The full suite of accuracy measures will be easier to apply to per-class 

assessments. No location measures were considered for the multi-class 

assessment. 

 

 

Figure 7.9: Hierarchy of multi-class validation layers. (a) Level 3 - total area of sample 

(C∪R), (b) Level 2r - reference object layer (R), (c) Level 2c - classified object layer (C), 

(d) Level 1 - agreement layer where areas of agreement between C and R (C∩R) are shown 

in class colours, and areas of omission and commission (C∩¬R and ¬C∩R) are shown in 

red. 
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7.5.3 Results 

Area-based measures of multiple-class object based classification 

The hierarchical structure of the accuracy assessment created three levels of 

objects (Figure 7.10). Based on visual inspection, there appears to be a large 

proportion of agreement for the ‘Riparian’ class. This is supported by 

information based on the confusion matrix constructed from the agreement 

and non-agreement objects of this sample area (Table 7.8). 

 

An overall accuracy of 30% was achieved by comparing the classification to 

reference data, while producer’s accuracies for the classes ‘Riparian’, 

‘Woodland’ and ‘Open woodland’ were 57%, 0% and 2% respectively and 

user’s accuracies were 98%, 0% and 12%. Objects classified as ‘Open 

forest’ were not represented in the reference data. 

 

 
(a) 

 
(b) 

 
(c) 

Figure 7.10: Example of one sample created for validation (a) classified objects at Level 2c, 

(b) reference layer at Level 2r, and (c) Level 1 agreement objects between the classification 

(2c) and reference objects (2r) are shown in red (‘Riparian’ class) and magenta (‘Open 

woodland’ class), while non-agreement objects are shown in yellow. 

 

Table 7.8: Confusion matrix (based on m
2
) for the sample area shown in 7.10. Kappa is 

shown with standard error (S.E.). 

Area (m2) Reference data  

Classification 
Open 

woodland 
Woodland Riparian total 

User’s 
Accuracy (%) 
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Open forest 13324 0 9024 22348 0 

Open woodland 1066 0 7808 8874 12 

Woodland 33356 0 3988 37344 0 

Riparian 508 0 27788 28296 98 

total 48254 0 48608 96862  

Producer’s 
Accuracy (%) 

2 0 57   

Overall Accuracy = 28854/96862 = 30%   

Kappa ± S.E. = 0.2743 ± 0.001   

 

Looking at selected similarity measures for the riparian object in the sample 

area shown in Figure 7.10, we can see a Grade of equals (s11) of 0.57, an 

overlap factor (s21) of 0.98 and a modified overlap factor (s31) of 0.57 

while the dissimilarity measure, Grade of disjoints (s12) is 0.44 (Table 7.9). 

These results indicate that the reference object and classified object are 

more similar than they are dissimilar. The difference between the s21 and 

s31 measure indicates that while there is significant overlap between the 

reference object and the classified object, the reference object is much 

larger. 

 

Table 7.9: Selected similarity measures for the ‘Riparian’ object in sample area shown in 

Figure 7.10. 

 
Similarity measure 

Object class s11 s21 s31 s12 

Riparian 0.57 0.98 0.57 0.44 

 

Looking at selected similarity measures for all sample areas (Figure 7.11), 

the strongest similarity between classified objects and reference data is 

occurs in sample area 4 (s11 = 0.95). The only other sample areas with over 
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50% similarity are 15 (0.65) and 20 (0.51). There is no similarity between 

objects in sample areas 2 and 6, signifying that the classes identified in 

those areas are not in agreement with the classes from the reference data. 

 

 

Figure 7.11: Similarity (s11) values for each sample area. 

 

Based on the confusion matrix constructed from the agreement and non-

agreement areas of all 20 samples, an overall accuracy of 32.55% was 

achieved by comparing the classification to reference data (Table 7.10). 

Producer’s accuracies for the classes ‘Riparian’, ‘Woodland’ and ‘Open 

woodland’ were 66%, 36% and 25% respectively while user’s accuracies 

were 26%, 49% and 53%. The ‘Grassland’, ‘Open Forest’ and 

‘Unclassified’ objects identified in the classification samples used here were 

not represented in the reference samples. 120 m
2
 were undefined in the 

process. 
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Table 7.10: Confusion matrix for multiclass object-based classification based on area (m
2
) 

within samples. 

Total Area (m²) Reference data  

Classification 
Open 

woodland 
Riparian Woodland Total 

User's 
Accuracy (%) 

Grassland 532  27208 27740 0.0 

Open forest 202176 9008 496780 707964 0.0 

Open woodland 282992 11376 239504 533872 53.0 

Riparian 168796 68608 30736 268140 25.6 

Unclassified 104 - - 104 0.0 

undefined 120 36 180 336 0.0 

Woodland 460436 15360 450764 926560 48.7 

Total 1115156 104388 1245172 2464716  

Producer's 
Accuracy (%) 

25.4 65.7 36.2   

Overall Accuracy = 802364 / 2464716 = 32.5%   

Kappa ± S.E. =0.0467±0.0007    

 

The overall measure of quality (OQa, s11 or ρq) of 0.19 indicating similarity 

between classification and reference classes is low based on the samples 

used (Table 7.11). This is backed by other similarity measures s41 and s42 

(0.33 and 0.34 respectively). This lack of similarity is supported by the high 

values for the dissimilarity measures. 

 

The OQa measure for all classes is quite low indicating there is little 

similarity in area between the classification and the reference data based on 

the samples used (Table 7.12). While the overlap factor s21 is above 0.5 for 

two classes, the high values for the dissimilarity measures across the board 

suggest there is little commonality between the two sets of data 
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Table 7.11: Overall area-based measures of multiclass object-based classification including 

Overall quality (OQa, s11, ρq), another measure of similarity (s41/2), and measures of 

dissimilarity (s12, s32/2, s42, s43 and (s43-0.5)*2) (Winter, 2000). 

Measure Value 

OQa, s11, ρq 0.19 

s12 0.67 

s43 0.84 

(s43-0.5)*2 0.67 

s41*2 0.33 

s32/2 0.67 

s42 0.34 

 

. 
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Table 7.12: Area-based measures per class over all sample areas. 

 OQa s21 s31 s41*2 s12 s32/2 s42 
(s43-

0.5)*2 
ρfp ρfn ρb ρm 

Open woodland 0.21 0.53 0.25 0.34 0.79 0.49 0.66 0.66 0.22 0.75 0.89 2.94 

Woodland 0.26 0.49 0.36 0.42 0.74 0.51 0.58 0.58 0.38 0.64 1.06 1.76 

Riparian 0.23 0.66 0.26 0.37 0.77 0.44 0.63 0.63 1.91 0.34 2.91 0.52 
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7.6 Discussion 

There are a number of area-based measures that can be applied to assess 

both the thematic and geometric quality (or accuracy) of an object-based 

classification. These validation measures require an available and suitable 

layer of reference objects. Where no such reference data is available but a 

point-based set of reference data is, care must be taken to state the 

assessment is for specific instances within the objects and as such no 

inferences can be made in regards to the geometric extent of the objects or, 

for that matter, the thematic accuracy across entire objects. 

 

While, it may be convenient and desirable to provide a single measure of 

accuracy to an end user, due to the quality requirements of OBIA (thematic 

and spatial) there is no single measure that could provide an overall 

assessment of the accuracy of a classification. Zhan et al. (2005) and 

Weidner (2008) both provide overall quality measures but neither advocates 

the use of their measure as a standalone measure and include it with a suite 

of other measures. This aligns with Foody’s (2002) comment: ‘In reality it is 

probably impossible to specify a single, all purpose measure of 

classification accuracy.’ Indeed, in using object-specific area-based 

validation methods, more information comparing classified and reference 

objects is available for determining quality or accuracy. While the work 

conducted here, shows strong linear relationships between a number of 

similarity measures, most have a particular role to play. Indeed, the 
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descriptive titles applied to the measures by Weidner (2008) indicate the 

intent of the measures. The same applies for the dissimilarity measures. 

Winter (2000) believes that at least one similarity and one dissimilarity 

measure need to be included. By incorporating these measures, it can be 

shown not only how well two sets of objects agree but also how they are 

different and possible reasons for the dissimilarity may be discovered. 

 

Based on the above recommendations, the justification of any specific 

measure as definitive is difficult. However, measures that should provide 

the most useful information to the end user for assessing the quality of a 

classification are OQ (in overall, per-class and per-object format), MOF and 

s12. The OQ measures provide information regarding the overall area of 

overlap, per class accuracies and per object accuracies. The MOF provides a 

proportional measure of the number of objects that meet the 50% overlap 

criterion (and are considered agreement objects). Winter’s grade of disjoint 

measure, s12, provides information regarding the degree of dissimilarity 

between a classification and reference data. 

 

By basing the classification assessment on areas and their proportions, a 

means of conducting the assessment of both thematic and geometric quality 

together is provided. There are, however issues associated in relying on one 

measure or the other. By focusing purely on the thematic accuracy with 

reference data that are generally in point form makes it very difficult to 

claim that a class is consistent across an entire object. Location-based 

measures add vital information to assessing validity of object-based image 
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analysis, particularly in cases of containment or overlap where there may be 

a high proportional agreement but the location of two objects are 

significantly different. By using location-based measures on their own, no 

information on the extent of agreement between two objects is provided. 

 

Lang et al. (2009) and Weidner (2008) both include distance weighting 

based on boundary information that penalise dissimilarity, the greater the 

distance between the classified object’s boundary and the reference object’s 

boundary, the greater the weighting or penalty placed on the measure. This 

is largely overcome using the proportional method, but may also be 

something to consider for future research. However,  it is noted here that the 

penalty may not be due to classification errors but to registration 

discrepancies between the image and reference data. 

 

The methods used for assessment here appear to be viable despite the issues 

associated with matching a classification to suitable reference data. For 

example, there are a number of inherent differences (scale, dates and 

method of analysis) between the multi-class classification based on ASTER 

data and the aerial photo interpretation derived reference data. The 

vegetation polygons within the reference data were derived from a digitised 

version of a hand drawn map at 1:50 000 scale and lacks the detail displayed 

within the classified image. The discrepancy in dates between the image 

used in the classification (2000) and the aerial photography used to create 

the polygons used as reference data (1979) may account for some of the 

error as there has been a recorded thickening of woody vegetation in the 
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region (Bowman et al., 2001). Changes in vegetation cover may be a result 

of changes in land use and management practices from pastoral to 

conservation and have included the removal of large herbivores (cattle) 

from the region along with the changes in fire regimes. In addition, 

numerous fires of varying intensity would have also invariably occurred 

through the area over the period. Although there would have existed a 

burning regime prior to being established as a park, the majority of the park 

undergoes prescribed management burns of low intensity and a patchy 

nature that occur early in the dry season (Edwards et al., 2001). 

 

The methods used in the delineation of vegetation classes were also quite 

different: the reference data was derived from visual interpretation of aerial 

photography, whereas vegetation classes from the ASTER classification 

were derived from calculable spectral differences within the imagery that 

were used to discriminate land cover. This and the grouping of vegetation 

types account for most of the error. 

 

7.7 Conclusion 

This chapter has presented the novel application of area-based methods for 

the quality or accuracy assessment of object-based image analysis. These 

approaches have been used infrequently in the literature, and prior to this 

research have not been used for assessing object-based image analysis of 

tropical savannas. The use of differing methods to assess the accuracy or 

quality of segmentations and subsequent object-based image analysis has 
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been discussed along with the benefits and pitfalls of the various methods. 

The methods used apply proportional measures of overlap between 

classified objects and corresponding reference objects. For the single class 

tree crown extraction it was found that 73% of tree crown objects were in 

agreement with the corresponding reference crowns. For the multiclass land 

cover map overall accuracy was 32.5% with only two of the 20 sample 

objects showing a similarity value of greater than 50%. Low similarity and 

high dissimilarity values show a lack of agreement between the 

classification and the reference data. The values can largely be attributed to 

the unsuitability of the reference data. The approaches used here, provided 

that the reference data is suitable, showcase a number of advantages of the 

method over traditional site-specific pixel or point-based methods of 

accuracy assessment have been demonstrated. Further work should include 

the application of these measures of assessment in a variety of contexts and 

scenarios. 
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Chapter 8 Conclusion 

 

This study has proposed a number of object-based image analysis (OBIA) 

techniques for classifying land cover at multiple scales over a tropical 

savanna matrix, a varied landscape consisting mostly of spectrally 

heterogeneous land cover types. Identified shortcomings of per-pixel 

classification methods led to the adoption of OBIA methods for 

classification. Firstly, a comparison of a supervised object-based 

classification and a supervised per-pixel classification of medium spatial 

resolution multispectral ASTER data was conducted with significantly 

higher accuracy results shown for the object-based classification. Next, a 

rule set was developed and applied to a subset of high spatial resolution 

QuickBird multispectral data to classify land cover producing high accuracy 

results. The application of the rule set to the whole scene produced lower 

accuracies in part due to the presence of areas affected by fire. Following 

this a tree crown extraction algorithm was developed and applied to extract 

tree crowns from Eucalypt dominant tropical savanna using OBIA 

techniques and QuickBird data. Cover estimates from the extracted tree 

crowns were then compared to other cover estimates derived from per pixel 

measures and manual interpretation of aerial photography. Using regression 

significant correlations were described between extracted cover and other 

methods of determining cover. 
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Throughout the study there was an identified deficit in the application of 

site-specific accuracy assessment methods for land cover classifications 

obtained from object-based image analysis. While thematic accuracies can 

be determined for particular sites within objects, there is no means of 

obtaining any quality information regarding the spatial qualities of the 

objects. Thus methods of area based quality assessment of OBIA were 

reviewed, implemented and assessed. Provided there is accurate and 

relevant reference data available these methods can be used to combine 

thematic and spatial accuracy assessment to provide greater information 

regarding the accuracy of an OBIA result. 

 

8.1 Object-based image analysis for vegetation 

characterisation 

Per-pixel methods are limited in their suitability for classifying spectrally 

variable or heterogeneous land covers using medium and high resolution 

imagery. By creating objects (groups of pixels) and then classifying the 

objects a lot of the uncertainty surrounding erroneous classification of pixels 

is removed. Chapter 3 shows that for a landscape comprised of spectrally 

variable land cover types, an object-based classification has significantly 

higher accuracies than a per-pixel classification method. The incorporation 

of ancillary data in the form of a DEM enhances classification of classes 

with different landscape characteristics, although in this case the 

improvement was not significant. While there are numerous publications 

comparing pixel-based and object-based classifications (Castillejo-Gonzalez 
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et al., 2009; Dingle Robertson and King, 2011; Gao et al., 2006; Myint et 

al., 2011), the research presented here contributes to the small body of work 

comparing these methods in savanna landscapes (Boggs, 2010). Chapter 4 

shows the establishment of rule sets that can map within a class hierarchy 

and reclassify objects a number of iteratively. Also shown is the application 

of additional data in the form of derivative layers such as Principal 

Component Analysis transforms and vegetation indices to help in class 

differentiation. While the rule set is less accurate when applied to the full 

image due to the existence of fire affected areas, the potential for 

transferability from one scene to another is another benefit of OBIA for 

classifying high resolution imagery over large areas. The ability of OBIA to 

distinguish the co-dominants of tropical savannas and extract the woody 

component (tree crowns) was shown in Chapter 5. This is significant as it 

provides information for describe tree densities and patterns that can only be 

inferred from coarser resolution data. The output of tree crown extraction is 

comparable to per-pixel methods of measuring cover and manual methods 

(Chapter 6). The results show the output of these methods has the potential 

to provide calibration and validation for broader scale cover datasets (i.e. 

derived from Landsat or SPOT imagery). Further to this the tree crown 

objects have geometric properties that enable them to be valuable within 

analysis in a variety of landscape related studies looking at the pattern and 

distribution of co-dominant species within tropical savannas. 

 

The work undertaken in this thesis provides working examples of methods 

for extracting land cover information at a variety of scales from spectrally 



 

260 

variable landscapes using remotely sensed data of increasing spatial 

variability. It contributes to a very small body of literature using object-

based image analysis for characterising the complex heterogeneity of 

tropical savannas. 

 

8.2 Object-validation 

Throughout the study there was an identified deficit in the typically used 

site-specific accuracy assessment when applied to OBIA. Chapter 7 

examined the application of area-based measures of similarity between 

classified objects and corresponding reference objects as a means of 

validating an OBIA classification. Measures of similarity were applied 

using two case studies, a single class feature extraction and a multi-class 

object-based image analysis. Both case studies matched classified objects to 

corresponding reference objects. A degree of similarity (just under 75%) 

was found between the single class feature extraction and its associated 

reference data, while there was dissimilarity shown between the multi-class 

objects and their relevant reference objects. The high dissimilarity described 

in the second case study can be attributed to issues with the reference data 

used (date, scale and method of creation). Apart from the situation described 

in the second case study, the procedures are successful in providing 

information not only regarding the thematic accuracy of the objects but also 

their spatial accuracy in relation to their corresponding reference object. The 

work on object validation is significant in two respects. Firstly, the methods 

applied for validating the tree crown extraction have been used infrequently 
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in the literature and not at all for assessing land cover mapping in tropical 

savannas. Secondly, although based on previously published methods, the 

combined methods applied to validating the multiclass land cover 

classification are novel and have not been used anywhere. Therefore, the 

methods used here contribute to addressing an identified need within remote 

sensing and object-based image analysis for both thematic and geometric 

accuracy assessment. 

 

8.3 Recommendations for further study 

The results of this study lead to a number of potential research areas for the 

future. Firstly, research is required to test the utility of the application of the 

tree crown extraction algorithm for use with other high spatial resolution 

data and data over other areas. The increased spatial, spectral and 

radiometric resolution of new sensors, such as DigitalGlobe’s WorldView 

satellites (www.digitalglobe.com) offer information with potential to greatly 

enhance the process for identifying savanna tree crowns and species 

identification based on improved spectral information. Secondly, the output 

from the tree crown extraction can be used as variables for further analysis 

including the pattern and distribution of the co-dominants within savannas 

(Boggs, 2010; Sankaran et al., 2004; Scanlon et al., 2007). The estimation 

of the woody cover portion of savannas has ecological implications such as 

the assessment and management of nutrient budgets (Beringer et al., 2007; 

Hutley and Setterfield, 2008). Thirdly, there is a lot of scope for the 

comparison of cover from extracted crowns to field obtained measurements 
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or estimates of LAI and FPC. This in turn would lead to an assessment of 

cover from extracted crowns as source of data for calibrating and validating 

broader scale cover estimates. Another possible area of further research 

involves investigating the potential of the application of weightings on 

individual crowns based on their mean SVI values as a surrogate for crown 

openness. This assumes that open crowns would potentially have a lower 

mean SVI than denser crowns. There is potential research for the refining 

and testing of rule set transferability for community based land cover 

classification of high spatial resolution imagery captured over tropical 

savanna landscapes. 

 

Further research is needed in refining and expanding the application of area-

based approaches to validate OBIA. In addition, more research is required 

as to what constitutes an appropriate reference data set, what parameters 

would such a dataset require and identifying methods of creating suitable 

reference data. 
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Appendix 1 

Field data used to compile error matrices in Chapters 3 and 4. UID=Unique field site code, LAT=Latitude, LONG=Longitude, 

MEAN_HT=mean canopy height, MEAN DBH=mean diameter at breast height (130cm), GCOVER=percentage groundcover, BURNT? 

Indicates whether the site was burnt or not, FPC=percentage foliage projective cover, EXP_ROCK=presence of exposed rock, 

DOM_GEN=Dominant Genus. 

UID DATE LAT LONG 
ERROR 

(m) 

MEAN

_HT 

MEAN 

DBH 

BASAL 

AREA 

(m2) 

GCOVER 

(%) 

BURNT

? 

CANOPY 

DENSITY 

(%) 

CANOPY 

COVER 

(%) 

FPC 

(%) 

EXP_ 

ROCK 
DOM_GEN CLASS 

FF56 16-MAY-06 -13.12353 130.79427 4.3 12 27 8 100 NO 40 46 28 YES Eucalyptus Open forest 

FF58 16-MAY-06 -13.12264 130.79385 4.3 8 18 8 45 NO 31 30 19 NO Eucalyptus Open forest 

FF88 16-MAY-06 -13.12186 130.79271 2.3 10 19 6 55 NO 27 25 17 NO Eucalyptus Woodland 

FF86 16-MAY-06 -13.12153 130.79331 3.2 13 33 7 45 NO 30 29 19 NO Eucalyptus Woodland 

FF85 16-MAY-06 -13.12127 130.79287 3.3 12 43 3 70 NO 22 21 15 NO Eucalyptus Woodland 

FF89 16-MAY-06 -13.12165 130.79213 3.9 12 30 2 85 NO 25 23 16 NO Eucalyptus Woodland 

FF90 16-MAY-06 -13.11636 130.79169 2.6 10 22 3 35 NO 25 23 16 NO Eucalyptus Woodland 

FF28 16-MAY-06 -13.11706 130.79021 5 5 17 1 50 NO 9 13 11 NO Eucalyptus Open woodland 

FF50 17-MAY-06 -13.09977 130.78902 4 13 32 5 50 NO 28 27 18 YES Eucalyptus Woodland 
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UID DATE LAT LONG 
ERROR 
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MEAN

_HT 

MEAN 

DBH 
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(m2) 

GCOVER 

(%) 

BURNT

? 

CANOPY 

DENSITY 

(%) 

CANOPY 

COVER 

(%) 

FPC 

(%) 

EXP_ 

ROCK 
DOM_GEN CLASS 

FF77 17-MAY-06 -13.09999 130.79057 8.5 13 25 7 40 NO 44 55 34 YES Eucalyptus Open forest 

FF75 17-MAY-06 -13.10041 130.79395 9.6 12 32 4 40 NO 49 71 45 YES Eucalyptus Open forest 

FF92 17-MAY-06 -13.10200 130.79417 9.3 13 25 8 70 NO 69 70 59 YES Mixed Forest 

FF49 17-MAY-06 -13.10373 130.79436 4.8 14 16 11 25 NO 69 65 55 YES Eucalyptus Forest 

FF78 17-MAY-06 -13.10405 130.79385 4.7 13 29 7 50 NO 42 50 31 YES Eucalyptus Open forest 

FF21 17-MAY-06 -13.10492 130.79185 5.3 11 19 3 35 NO 14 15 12 NO Eucalyptus Woodland 

FF84 17-MAY-06 -13.10656 130.79391 3.7 13 25 7 75 NO 42 51 31 YES Eucalyptus Open forest 

FF68 17-MAY-06 -13.11066 130.79127 3.3 11 24 3 85 NO 22 21 15 YES Eucalyptus Woodland 

FF40 18-MAY-06 -13.11022 130.79507 3.9 13 38 10 90 NO 75 70 62 NO Mixed Closed forest 

FF38 18-MAY-06 -13.11016 130.79534 3.7 19 32 31 25 NO 90 95 96 NO Mixed Closed forest 

FF60 18-MAY-06 -13.11094 130.79858 1.9 12 33 5 35 NO 45 59 37 YES Eucalyptus Open forest 

FF101 18-MAY-06 -13.11157 130.79667 3.3 2 3 0 100 NO 0 0 10 NO Grevillea Grassland 

FF05 18-MAY-06 -13.11264 130.79428 3.2 6 9 3 100 NO 22 21 14 NO Eucalyptus Woodland 

FF46 18-MAY-06 -13.11466 130.79004 2.1 9 15 4 100 NO 17 17 13 NO Grevillea Woodland 

FF83 18-MAY-06 -13.11671 130.78782 3.2 9 19 6 15 NO 27 25 17 NO Eucalyptus Woodland 

FF102 18-MAY-06 -13.11753 130.78751 4.1 15 44 10 100 NO 48 67 42 NO MIxed Forest 

FF70 18-MAY-06 -13.11075 130.78724 2.6 5 9 3 50 NO 25 23 16 YES Eucalyptus Woodland 

FF87 24-MAY-06 -13.13165 130.79872 9 13 29 6 50 NO 32 32 20 NO Eucalyptus Open Forest 

FF42 24-MAY-06 -13.13139 130.79738 4.1 8 12 3 45 NO 27 26 17 YES Eucalyptus Woodland 

FF48 24-MAY-06 -13.13075 130.79694 2.9 6 13 1 35 NO 18 18 13 YES Eucalyptus Woodland 

FF22 24-MAY-06 -13.13111 130.79414 4.2 14 19 5 25 NO 33 33 21 NO Eucalyptus Open forest 
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UID DATE LAT LONG 
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(%) 

EXP_ 

ROCK 
DOM_GEN CLASS 

FF103 24-MAY-06 -13.13107 130.79366 3 15 24 14 10 NO 80 78 73 NO Callitris Forest 

FF18 24-MAY-06 -13.13193 130.79450 9.5 14 19 1 35 NO 29 27 18 YES Eucalyptus Woodland 

FF11 24-MAY-06 -13.10511 130.79153 6.6 12 35 8 85 NO 33 33 21 NO Eucalyptus Open forest 

FF36 24-MAY-06 -13.12616 130.80533 3.7 11 30 9 45 NO 38 42 26 NO Eucalyptus Open forest 

FF104 25-MAY-06 -13.11141 130.78605 4.2 18 26 12 100 NO 75 69 62 NO Mixed Closed forest 

FF105 25-MAY-06 -13.11021 130.78616 2.4 17 35 11 40 NO 74 72 64 NO Mixed Closed forest 

FF106 25-MAY-06 -13.10917 130.78714 5.3 12 19 16 25 NO 77 80 71 NO Mixed Closed forest 

FF107 25-MAY-06 -13.10765 130.78758 4.6 7 9 1 85 NO 7 12 11 YES Eucalyptus Open woodland 

FF16 25-MAY-06 -13.13126 130.80357 6.3 4 4 0 25 NO 2 11 10 YES Grevillea Open woodland 

FF34 25-MAY-06 -13.13167 130.80511 16.6 14 32 7 50 NO 51 56 39 YES Eucalyptus Forest 

FF25 25-MAY-06 -13.13158 130.80721 3.9 12 28 5 15 NO 38 41 26 YES Eucalyptus Open forest 

FF06 25-MAY-06 -13.13130 130.80893 3.1 15 26 6 0 NO 30 30 19 YES Eucalyptus Woodland 

FF93 25-MAY-06 -13.13035 130.80954 6.1 12 24 9 10 NO 51 78 50 YES Eucalyptus Open forest 

FF91 26-MAY-06 -13.12116 130.80824 7.7 13 32 7 50 NO 37 41 25 NO Eucalyptus Open forest 

FF99 26-MAY-06 -13.12248 130.80916 6.6 12 24 5 60 NO 35 36 23 YES Eucalyptus Open forest 

FF27 26-MAY-06 -13.12289 130.81070 8.2 10 23 9 0 NO 50 73 46 YES Eucalyptus Open forest 

FF96 26-MAY-06 -13.12335 130.81077 4.4 12 25 5 20 NO 35 36 23 YES Eucalyptus Open forest 

FF12 26-MAY-06 -13.12385 130.81049 2.8 11 24 7 45 NO 41 48 30 YES Eucalyptus Open forest 

FF10 26-MAY-06 -13.12467 130.81269 2.7 6 9 1 85 NO 12 14 12 NO Grevillea Open woodland 

FF94 26-MAY-06 -13.12559 130.81419 2.6 12 32 8 50 NO 42 50 31 NO Eucalyptus Open forest 

FF04 26-MAY-06 -13.12581 130.81604 4.1 13 27 8 0 NO 35 36 23 YES Eucalyptus Open forest 
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FF26 26-MAY-06 -13.12566 130.81740 5.2 13 23 8 45 NO 41 47 29 NO Eucalyptus Open forest 

FF108 26-MAY-06 -13.12491 130.81711 6.1 0 0 0 85 NO 0 0 10 NO Grass Grassland 

FF109 30-MAY-06 -13.11899 130.81363 3.9 7 10 1 100 NO 2 11 10 NO Grevillea Open woodland 

FF57 30-MAY-06 -13.12108 130.81347 7.5 3 7 3 10 NO 20 19 14 YES Eucalyptus Woodland 

FF01 30-MAY-06 -13.12190 130.81376 5.9 6 14 1 45 NO 10 13 11 NO Eucalyptus Woodland 

FF65 30-MAY-06 -13.12191 130.81420 4.2 11 24 2 15 NO 29 28 18 YES Eucalyptus Woodland 

FF29 30-MAY-06 -13.12724 130.80748 1.8 12 28 6 40 NO 29 28 18 YES Eucalyptus Woodland 

FF59 30-MAY-06 -13.11856 130.81364 3 11 27 6 30 NO 29 28 18 NO Eucalyptus Woodland 

FF63 30-MAY-06 -13.11658 130.81321 1.9 11 24 14 55 NO 55 65 45 NO Eucalyptus Open forest 

FF41 30-MAY-06 -13.11501 130.81100 2.8 14 32 9 35 NO 44 56 35 NO Eucalyptus Open forest 

FF71 30-MAY-06 -13.11411 130.81086 4.4 14 34 7 35 NO 19 18 13 NO Eucalyptus Woodland 

FF13 30-MAY-06 -13.11853 130.81660 2 12 25 5 65 NO 26 25 17 NO Eucalyptus Woodland 

FF66 31-MAY-06 -13.12583 130.80036 7.1 10 17 5 60 NO 44 55 34 NO Eucalyptus Open forest 

FF69 31-MAY-06 -13.12789 130.79808 5.8 6 12 3 35 NO 42 51 31 YES Eucalyptus Open forest 

FF110 31-MAY-06 -13.11200 130.78944 8.3 14 36 13 65 NO 69 60 51 NO Mixed Forest 

FF111 31-MAY-06 -13.11128 130.78892 3.3 15 34 16 70 NO 70 65 55 NO Mixed Closed forest 

FF112 31-MAY-06 -13.11133 130.78828 3.9 6 17 1 50 NO 5 11 11 NO Grevillea Open woodland 

FF113 31-MAY-06 -13.13394 130.80117 6.7 14 30 4 40 NO 44 55 34 NO Eucalyptus Open forest 

FF114 31-MAY-06 -13.13353 130.80284 6.9 15 29 6.5 60 NO 45 58 36 NO Eucalyptus Open forest 

FF115 31-MAY-06 -13.13254 130.80270 5.1 16 34 9 55 NO 47 65 41 NO Eucalyptus Open forest 

FF116 31-MAY-06 -13.13200 130.80068 3.6 15 26 6 5 YES 50 76 48 NO Eucalyptus Open forest 
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FF117 31-MAY-06 -13.13077 130.80019 2.5 13 29 8 5 YES 42 51 32 NO Eucalyptus Woodland 

FF07 13-JUN-06 -13.10540 130.80077 5.7 10 22 11 20 YES 35 37 23 NO Eucalyptus Woodland 

FF45 13-JUN-06 -13.10508 130.80200 5.2 14 25 7 10 YES 46 62 39 NO Eucalyptus Open forest 

FF20 13-JUN-06 -13.10482 130.80340 8 14 33 4 15 YES 83 88 83 NO Mixed Closed forest 

FF09 13-JUN-06 -13.10476 130.80066 4.1 15 24 4 5 YES 36 38 24 NO Eucalyptus Woodland 

FF97 13-JUN-06 -13.10414 130.79926 6.1 13 23 2 35 NO 36 38 24 YES Eucalyptus Woodland 

FF30 13-JUN-06 -13.10346 130.79922 14 13 18 12 40 NO 85 82 79 NO Callitris Forest 

FF82 13-JUN-06 -13.10214 130.79923 5.6 13 21 3 5 NO 22 21 14 YES Eucalyptus Woodland 

FF76 13-JUN-06 -13.10199 130.79873 4.6 12 27 3 10 YES 17 17 13 YES Eucalyptus Woodland 

FF44 14-JUN-06 -13.11492 130.80892 4 14 25 4 5 YES 42 50 31 NO Eucalyptus Open forest 

FF08 14-JUN-06 -13.10893 130.81352 3.7 10 15 5 1 YES 43 54 33 NO Eucalyptus Open forest 

FF53 14-JUN-06 -13.10751 130.81209 3.8 15 23 6 5 YES 38 42 26 NO Eucalyptus Open forest 

FF33 14-JUN-06 -13.10589 130.81221 3.9 3 7 11 5 NO 47 65 41 YES Mixed Open forest 

FF00 14-JUN-06 -13.10623 130.81504 3.5 14 29 6 45 NO 31 30 19 NO Eucalyptus Woodland 

FF118 14-JUN-06 -13.10909 130.81319 4.2 0 0 0 5 NO 3 11 10 YES Grass Grassland 

FF119 14-JUN-06 -13.13249 130.79946 3.4 2 2 0 1 YES 0 10 10 NO Jacksonia Open woodland 

FF120 14-JUN-06 -13.11318 130.79263 4.1 3 4 4 85 NO 65 70 55 NO Grevillea Woodland 

FF121 14-JUN-06 -13.11281 130.79210 2.9 3 6 8 60 NO 37 40 25 NO Banksia Woodland 

FF122 14-JUN-06 -13.11340 130.79214 2.6 5 10 8 70 NO 43 53 33 NO Eucalyptus Open forest 

FF123 14-JUN-06 -13.11272 130.79378 2.7 6 4 5 85 NO 26 25 17 NO Grevillea Woodland 

FF124 14-JUN-06 -13.11190 130.79352 3.4 4 4 4 75 NO 26 25 17 NO Jacksonia Woodland 
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UID DATE LAT LONG 
ERROR 

(m) 

MEAN

_HT 

MEAN 

DBH 

BASAL 

AREA 

(m2) 

GCOVER 

(%) 

BURNT

? 

CANOPY 

DENSITY 

(%) 

CANOPY 

COVER 

(%) 

FPC 

(%) 

EXP_ 

ROCK 
DOM_GEN CLASS 

FF17 15-JUN-06 -13.12626 130.79455 5.5 4 10 2 5 YES 36 39 24 YES Terminalia Woodland 

FF54 15-JUN-06 -13.12757 130.79406 3.5 8 13 2 1 YES 34 35 22 NO Eucalyptus Woodland 

FF126 15-JUN-06 -13.12655 130.79327 2.7 13 32 3 10 YES 8 12 11 NO Eucalyptus Open woodland 

FF24 15-JUN-06 -13.12602 130.79136 3 12 25 4 5 YES 33 33 21 NO Eucalyptus Woodland 

FF125 15-JUN-06 -13.12421 130.79045 5 9 19 3 1 YES 15 16 12 NO Eucalyptus Woodland 

FF127 15-JUN-06 -13.12343 130.78923 3.4 14 30 6 5 YES 21 20 14 NO Eucalyptus Woodland 

FF128 15-JUN-06 -13.12662 130.80208 2.7 11 29 6 25 NO 23 22 15 YES Eucalyptus Woodland 
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Appendix 2 

Ancillary field data used to assist in compiling confusion matrices in Chapters 3 and 4. UID= unique site code, E=Easting, N=Northing 

(UTM,WGS84, zone 52 south), mean DBH=mean diameter at breast height (130cm), BA=basal area, mean height=mean canopy height, 

FPC=foliage projective cover. 

UID Year E N 
Area 

(m2) 

Mean 
DBH 

(cm) 

BA 

(m2) 

Mean 
Height 

(m) 

FPC 

(%) 

Canopy 
Cover 

(%) 

Canopy 
Density 

(%) 

Dominant taxon Class name 

1 2000 693535 8551073 2500 23 - 11 45 60 60 Eucalyptus Open Forest 

2 2000 693118 8551091 10000 29 - 10 8 24 30 Eucalyptus Open Woodland 

3 2002 694408 8548700 400 - 5 10 26 51 51 Eucalyptus tetradonta Woodland 

4 2002 694296 8548739 400 - 4 5 30 50 60 unidentified sp. Low open forest 

5 2002 694216 8548765 400 - 2 5 6 20 30 Grevillea pteridifolia Low open woodland 

6 2002 693622 8549583 400 - 14 16 26 51 51 Melalueca argentea Closed forest 

7 2002 693675 8549512 400 - 6 17 18 40 41 Eucalyptus tetradonta Woodland 

8 2002 694813 8548636 400 - 13 13 31 62 51 Grevillea pteridifolia Woodland 

9 2002 694826 8548346 400 - 12 11 9 18 20 Eucalyptus  miniata Woodland 

10 2002 693979 8549776 400 - 19 12 14 24 28 Erythrophleum chlorostachys Open Woodland 
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UID Year E N 
Area 
(m2) 

Mean 

DBH 

(cm) 

BA 
(m2) 

Mean 

Height 

(m) 

FPC 
(%) 

Canopy 

Cover 

(%) 

Canopy 

Density 

(%) 

Dominant taxon Class name 

11 2002 693600 8549768 400 - 25 8 11 22 20 Banksia dentata Low open Woodland 

14 2002 693801 8549720 400 - 16 6 79 88 90 Melaleuca spp. Closed forest 

15 2002 693769 8549390 400 - 1 0 0 0 0 Nil Grassland 

16 2003 694155 8549540 100 15 1 6 3 15 18 Grevillea Open Woodland 

17 2003 693826 8550639 100 50 8 11 11 32 35 Eucalyptus Open Woodland 

18 2003 693727 8550437 100 45 10 12 16 40 40 Eucalyptus Open Woodland 

19 2003 693306 8551032 100 46 7 14 16 42 39 Eucalyptus Woodland 

20 2003 693599 8550353 100 43 9 13 17 38 44 Eucalyptus Woodland 

21 2003 693578 8550269 100 40 10 15 16 35 45 Eucalyptus Open Woodland 

22 2003 693617 8549594 100 50 11 14 30 55 55 Eucalyptus Woodland 

23 2003 693608 8549815 100 52 9 13 36 62 58 Eucalyptus Woodland 

24 2003 694127 8549424 100 45 8 13 9 25 35 Eucalyptus Open Woodland 

25 2003 693991 8549782 100 43 8 14 11 35 33 Eucalyptus Open Woodland 

26 2003 694411 8548953 100 42 10 16 15 30 50 Eucalyptus Woodland 

27 2003 694538 8548949 100 60 15 17 39 60 65 Melaleuca Woodland 

28 2003 695301 8547574 100 45 9 14 26 50 52 Eucalyptus Woodland 

29 2003 695310 8547551 100 40 8 15 28 45 63 Eucalyptus Woodland 

30 2003 695316 8547540 100 41 10 13 40 62 65 Eucalyptus Open Forest 

31 2003 695353 8547518 100 50 7 12 20 43 46 Eucalyptus Woodland 

32 2003 695368 8547503 100 35 10 13 23 48 48 Eucalyptus Woodland 
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UID Year E N 
Area 
(m2) 

Mean 

DBH 

(cm) 

BA 
(m2) 

Mean 

Height 

(m) 

FPC 
(%) 

Canopy 

Cover 

(%) 

Canopy 

Density 

(%) 

Dominant taxon Class name 

33 2003 693156 8551083 100 65 18 20 70 85 83 Mixed Forest 

34 2003 693544 8549948 100 55 20 20 76 95 80 Mixed Closed forest 

35 2003 693403 8549006 100 48 22 20 72 80 91 Mixed Closed forest 

36 2003 693816 8548863 100 45 15 18 46 70 65 Melaleuca Open Forest 

37 2003 693183 8550058 100 50 13 18 46 75 61 Melaleuca Open 

38 2003 694047 8550017 100 16 3 6 3 15 20 Grevillea Open Woodland 

44 2003 696996 8548816 100 12 - 9 29 58 50 Banksia dentata Woodland 

45 2003 697004 8548840 100 17 - 14 18 46 40 Eucalyptus tetradonta Woodland 

46 2003 697019 8548860 100 20 - 11 5 21 22 Eucalyptus chlorostachys Woodland 

47 2003 697031 8548880 100 20 - 10 8 30 28 Eucalyptus tetradonta Woodland 

48 2003 697050 8548893 100 20 - 6 62 78 79 Eucalyptus tetradonta Forest 

54 2004 694061 8549728 100 11 - 9 71 98 73 Mixed Closed forest 

55 2004 694041 8549747 100 21 - 11 75 98 76 Mixed Closed forest 

56 2004 694031 8549760 100 13 - 9 61 70 87 Eucalyptus ptychocarpa Forest 

57 2004 694019 8549775 100 11 - 8 82 95 86 Mixed Closed forest 

58 2004 694011 8549786 100 16 - 10 88 98 90 Mixed Closed forest 

59 2004 695705 8548023 100 6 - 6 19 50 39 Jacksonia Woodland 

60 2004 695684 8548027 100 11 - 7 20 50 40 Callitris Woodland 

61 2004 695672 8548037 100 21 - 12 47 75 62 Callitris Open Forest 

62 2004 695651 8548045 100 31 - 11 24 50 49 Eucalyptus tetradonta Woodland 
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UID Year E N 
Area 
(m2) 

Mean 

DBH 

(cm) 

BA 
(m2) 

Mean 

Height 

(m) 

FPC 
(%) 

Canopy 

Cover 

(%) 

Canopy 

Density 

(%) 

Dominant taxon Class name 

63 2004 695632 8548051 100 19 - 8 21 46 46 Eucalyptus tetradonta Woodland 

64 2004 694605 8546736 100 21 - 14 21 48 44 Eucalyptus tetradonta Woodland 

65 2004 694590 8546727 100 13 - 9 34 65 53 Grevillea Open Forest 

66 2004 694571 8546717 100 5 - 4 32 60 54 Grevillea Open Forest 

67 2004 694549 8546710 100 24 - 11 54 75 72 Eucalyptus tetradonta Forest 

68 2004 694537 8546702 100 28 - 15 41 66 62 Eucalyptus tetradonta Open Forest 

69 2004 694826 8547638 100 0 - 0 0 0 12 Nil Grassland 

70 2004 694846 8547632 100 6 - 7 3 20 16 Terminalia ferdinandiana Open Woodland 

71 2004 694865 8547630 100 6 - 8 37 62 60 Eucalyptus tetradonta Open Forest 

72 2004 694886 8547630 100 32 - 17 40 64 63 Eucalyptus tetradonta Open Forest 

73 2004 694906 8547627 100 13 - 9 30 70 43 Eucalyptus tetradonta Open Forest 

74 2004 694504 8549727 100 21 - 6 13 50 26 Eucalyptus porrecta Woodland 

75 2004 694481 8549727 100 15 - 8 16 41 38 Eucalyptus porrecta Woodland 

76 2004 694446 8549725 100 6 - 6 4 22 19 Eucalyptus porrecta Open Woodland 

77 2004 694430 8549724 100 8 - 5 19 50 37 Eucalyptus porrecta Woodland 

78 2004 694423 8549722 100 8 - 4 80 87 92 Xanthostemon eucalyptoides Closed forest 

79 2006 694716 8546870 900 67 3 13 63 84 75 Eucalyptus Forest 

80 2006 693513 8551016 900 54 5 11 69 88 78 Eucalyptus Forest 
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UID Year E N 
Area 
(m2) 

Mean 

DBH 

(cm) 

BA 
(m2) 

Mean 

Height 

(m) 

FPC 
(%) 

Canopy 

Cover 

(%) 

Canopy 

Density 

(%) 

Dominant taxon Class name 

81 2006 694276 8550278 900 62 2.3 9 20 48 42 Mixed Mixed Low Woodland 

82 2006 694395 8549204 900 90 5.4 11 54 98 55 Eucalyptus Forest 

83 2006 694790 8548382 900 26 3.25 7 21 46 45 Mixed Low Woodland 

 

 

 


