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Abstract 

Invasive para grass (Urochloa mutica), is widespread on monsoonal wetlands of 

Northern Australia, including World Heritage listed Kakadu National Park (KNP). 

A rational spatial framework is required to manage continuing invasions and set 

conservation objectives and priorities.  

Multispectral satellite imagery is applied to monitor para grass at medium and high 

spatial resolution on the 225 km2 Magela Creek floodplain of KNP. Knowledge- and 

object-based image analysis (OBIA) methods are developed to map vegetation, water 

depth and fire and used to assess: 1) the spatial vulnerability of native vegetation to 

invasion by para grass; and 2) the spatio-temporal dynamics of para grass on the 

floodplain.  

Changes in para grass distribution are mapped over a 42 km2 of the floodplain, 

biennially from 2002 to 2010 using high spatial resolution imagery. Accuracy was 

optimised by: 1) applying a novel method to standardise the scale of image objects 

used in classifications; and 2) testing different classification models built using 

Stochastic Gradient Boosting. Models were trained using samples from single- or 

multi-date sources and three different OBIA predictor variable sets. Single-date 

models were most accurate but not transferrable, possibly due to high temporal 

variability in wetland features and insufficient number of images.  

Nett para grass cover, patch connectivity and range increased over the decade, 

although spatial distribution was highly variable between years. Para grass 

distribution patterns were defined along a depth habitat gradient and change 

dynamics was also associated with site-specific fire histories. In years following fire, 



x 

cover was reduced in ‘shallow’ and ‘moderate’ depth habitats but accelerated in 

‘deep’ habitats. ‘Moderate’ depths showed the greatest rate of increase, more 

persistent increases occurred within the ‘shallow’ depth and no significant increase 

was detected in the ‘deep’ habitat. Native rice and Hymenachne grassland 

communities were most vulnerable to invasion.  

A trade-off is required between the scale, accuracy and precision of data and the need 

to cover extensive and remote areas in a timely and cost-effective manner. Also, 

extrapolation and validation at one scale requires comparative information 

subsampled at finer scales. Adherence to a dedicated protocol for sampling of 

imagery and field information will reduce inconsistencies contributing to map 

uncertainty. Improved coordination of monitoring and controlling weeds over 

multiple scales will also improve the efficacy of management decisions.  
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1.1 Context and research issues to be addressed 
Invasive aquatic weeds are a major threat to the conservation of internationally 

important wetland resources in Australia and globally  (Zedler and Kercher 2004; 

Ferdinands et al. 2005b; Finlayson et al. 2006). Effective management of ongoing 

invasions urgently requires methods that deliver regular, timely and accurate 

monitoring of weed spread  (Müllerová et al. 2013). Yet, information gathering on 

wetland environments and vegetation condition has tended to be opportunistic, 

fragmented and inconsistent in time and space  (Harvey and Hill 2001). These issues 

can be attributed to lack of a holistic and coordinated approach to mapping  (Lukacs 

and Finlayson 2010). In addition, monitoring efforts have been limited by high costs 

and the many logistic and technical challenges that present when attempting to 

accurately survey these expansive, remote and relatively inaccessible wetland 

environments  (Sanderson et al. 1983; Harvey and Hill 2001). These problems 

contribute to substantial uncertainty in ways to effectively manage weed invasions in 

these environments  (Finlayson and Rea 1999; Harvey and Hill 2001). Indeed, lack 

of information on established weed distribution and the outcomes of weed 

management operations hamper the development of effective weed management 

strategies  (D'Antonio et al. 2004).  

Without accurate information on where weeds are and whether colonies are 

spreading or contracting over time, it is very difficult to set weed management 

priorities and assess the success of control actions  (Randall et al. 2000). A rational 

spatial information framework is required. Decisions should also be based on the 

relative value of specific areas for ecosystem services, conservation and livelihoods 

and the relative likelihood of achieving successful weed control or 
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prevention  (Hobbs and Humphries 1995). Remotely sensed landscape patterns 

provide a framework to enable the systematic evaluation of the ecological and 

economic risk of weed invasions. These patterns can in turn provide a logical 

framework within which to design cost-effective monitoring of natural resources, 

weeds and their management (Wallace et al. 2004). Interpretation of these remotely 

sensed patterns then needs to be validated by finer-scale ground surveys, nested 

within these patterns. This approach is developed in this study specifically to monitor 

and understand the spatial dynamics of the environmental weed, para grass 

(Urochloa mutica) on wetlands of Kakadu National Park (KNP), Northern Territory 

Australia.  

Within the Top End of Northern Australia (Figure 1.1), the displacement of native 

wildlife habitats by exotic para grass (Urochloa mutica) is a major conservation 

issue, having arisen from a legacy of former pastoral land use  (Setterfield et al. 

2013a). Para grass was widely introduced to monsoonal wetland environments of the 

Top End for cattle and buffalo fodder from the 1900s. Then from 1979 to 1991 

extensive regions were set aside for the conservation of wildlife and Indigenous 

cultural heritage when the area now known as Kakadu National Park was formed 

under the Wildlife and Conservation Act 1975 (Press et al. 1995). These land use 

transitions occurred in conjunction with the controlled removal of feral buffalo and 

cattle  (Skeat 1987) and perennial grasses including para grass proliferated on 

wetlands after relaxation of grazing pressure (Petty et al. 2007; Petty 2008). In this 

regard para grass has continued to expand its range on wetlands of KNP where it 

forms monospecific stands that can extend over large areas  (Knerr 1998; Walden et 

al. 2012; Boyden et al. 2013).  
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Figure 1.1 Monsoonal floodplains and wetlands of the Top End, Northern Territory 
(NT), Australia, including Kakadu National Park and associated World Heritage 
listed areas. Data sourced from the Geodata Topo map, series III  (GeoSciences-
Australia 2003).  

The proliferation of dense perennial grass cover on wetlands is implicated in having 

both negative ecological and economic impacts. Specifically, negative effects on the 

abundance and diversity of birdlife, cultural livelihoods of Indigenous people and on 

tourism through restricting access to fish, turtle and native plant foods are 

recognised (McGregor et al. 2011). For example, para grass displaces native 

vegetation of high-conservation-value, such as those areas dominated by wild rice 

(Oryza spp.) and water chestnut (Eleocharis dulcis)  (Whitehead et al. 1990; Knerr 

1998; Whitehead and Dawson 2000; Ferdinands et al. 2005a; Wurm et al. 2006; 

Setterfield et al. 2013b). These vegetation resources provide temporarily abundant 

and high-energy food at critical times during seasonal breeding of many native 

vertebrate species, including the iconic Magpie goose (Anseranas semipalmata) 

(Whitehead & Wilson 2000; Whitehead & Dawson 2000). Furthermore, dense 

coverage of para grass can disrupt ecological processes by altering hydrological 

flows, nutrient cycles and seed bed conditions  (Bunn et al. 1998; Wurm et al. 2006; 

Wurm 2007). Invasions by para grass and other grassy weeds are also implicated in 
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negative impacts on floodplain ecosystems by causing more frequent, severe wildfire 

over large areas resulting from increased fuel loads  (Finlayson et al. 1997; Barrow 

1999; Douglas and O'Connor 2004; Finlayson 2005; Setterfield et al. 2013b). 

The strategic management of para grass requires an ecological understanding of its 

spatial dynamics and relative impacts on differently valued wetland resources over 

time. Developing this knowledge requires monitoring vegetation patterns in relation 

to the biophysical environment  (Hobbs and Humphries 1995; Phinn et al. 1999; 

Tuxen et al. 2007; Emily and Robert 2011). The ongoing monitoring of weeds 

facilitates the timely detection of new weed foci for weed eradication 

operations  (Panetta and Cacho 2012). When eradication is not an option, vegetation 

monitoring, in conjunction with land management research, can also inform spatially 

explicit strategies to mitigate the impact of weeds on valuable natural 

resources  (Perry et al. 2004; Floyd et al. 2006). However, methods are required that 

are also cost-effective and deliver measurable, consistent and accurate information 

on vegetation over an appropriate range of scales and extents  (Wallace et al. 2004; 

Bunce et al. 2008; Lindenmayer and Likens 2010; Lindenmayer et al. 2011). 

Research on monitoring vegetation on wetlands of the Top End and KNP is 

addressing some of these knowledge gaps by utilising remote sensing in combination 

with field knowledge, geographic information systems and spatial 

analysis  (Ferdinands et al. 2001; Bartolo and Bayliss 2007; Boyden et al. 2007; 

Ferdinands 2007; Boyden et al. 2008; Walden et al. 2012; Setterfield et al. 2013a; 

Ward et al. 2014; Whiteside and Bartolo 2014).  

Monitoring the consequences of land management decisions provides the scientific 

basis to improve weed control practices. It enables managers and researchers to learn 

from mistakes and explicitly manage landscapes for conservation under 
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uncertainty  (Burgman et al. 2005). However, inconsistent spatial and temporal 

sampling of the landscape will likely continue to limit the statistical power of 

analyses aiming to model landscape change or, for example, predict weed invasion 

patterns  (Lophaven et al. 2004). Irregular, discontinuous and unsystematic 

monitoring of vegetation and environmental samples will also limit the capacity for 

timely detection of new weed outbreaks  (Rejmanek and Pitcairn 2002). Limits to 

monitoring designs and observation scale can lead to a failure to account for the 

spatial and temporal heterogeneity in the environment occurring at larger landscape 

scales (Kettenring and Adams 2011). These authors and others have attributed these 

discrepancies to scale-mismatches in experimental designs, or inappropriate 

sampling distribution and spatial autocorrelation effects (Dutilleul 1993; Hobbs 

2003). Similarly, shorter-term monitoring projects can misrepresent longer term 

trends; for example, the time at which a dynamic equilibrium in population growth 

occurs  (Hobbs 2003). Better integration in sampling across different spatial and 

temporal scales will therefore improve the capacity to scale up to the broader 

landscape.  

The purpose of vegetation monitoring in weed management is to support 

conservation managers in making efficacious, spatially explicit, decisions for 

prioritising and deploying the limited available resources to control weeds. In this 

context optical remote sensing (RS) has a demonstrated capacity to provide accurate, 

cost-effective, continuous and contiguous spatial information on the distribution of 

vegetation and habitats over extensive and remote wetland landscapes  (Johnston and 

Barson 1993; Lunetta and Balogh 1999; Harvey and Hill 2001; Olmanson et al. 

2002; Ozesmi and Bauer 2002; Becker et al. 2007; De Roeck et al. 2008; Laba et al. 

2008; Dronova et al. 2011; Klemas 2011; Ward et al. 2012). Indeed, for access and 
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logistical reasons, RS is often the only source of information readily available to 

characterise habitats, and monitor and detect weeds or environmental change in 

remote areas (Shaw 2005b; Gillanders  2008). Measurements can also be 

repeated with relative consistency over time, be obtained at range of scales and be 

spatially integrated within geographic information systems  (Kennedy  2009). 

Remote sensing therefore provides a monitoring framework at scales appropriate to 

conduct Ecological Risk Assessment (ERA) for the strategic management of invasive 

weeds such as para grass (Figure 1.2). 

Adaptive
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New 
nowledge
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(spatial and temporal relationships)
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(i.e. Para grass invasion threat

to World Heritage Values 
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Figure 1.2 A conceptual basis for the strategic management of para grass invasion 
on wetlands of Kakadu National Park using spatially explicit monitoring, ecological 
risk assessment and adaptive management. Revised from  US EPA (1998) and 
Boyden et al. (2008). 
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Conceptually, ERA involves a landscape analysis of the spatial and temporal 

relationships between identified threats (e.g. para grass) and different wetland 

vegetation types. In this regard, risks of weed invasion and the value of the 

community under threat must together be considered when assigning priorities for 

weed management. Further, these communities can also support different World 

Heritage Values. For example, areas of native rice (Oryza spp.) are considered to 

have high conservation value as its seed is a key part of vertebrate food webs that 

include Magpie goose populations  (Bayliss and Yeomans 1990; Whitehead et al. 

2005), which are in turn a culturally important animal species. Integrated geospatial 

analysis of information attained by remote sensing and ground surveys in turn 

provides the capacity to perform comprehensive ERA of threats in relation to natural 

resource assets. 

1.2 Thesis outline, aims and objectives 
The aim of this thesis is to understand the landscape ecology of para grass in order to 

develop more effective strategies for its management within KNP. To achieve this 

aim remote sensing and spatial analytical methods are developed to evaluate patterns 

of para grass invasion in context to native vegetation and habitats of monsoonal 

wetlands. Specific objectives were to: 

A) Map the distribution and abundance of para grass and native vegetation

on the Magela Creek floodplain, KNP (Chapters 2 and 3);

B) Map wetland hydrological habitats and fire regimes of the Magela Creek

floodplain, KNP (Chapter 4);

C) Determine the vulnerability of native vegetation communities and habitats

to para grass invasion (Chapter 4);
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D) Measure the spatio-temporal dynamics of para grass change in context to

these vegetation communities and habitats (Chapter 3 and 5); and

E) Apply this knowledge of the landscape ecology of para grass to

recommend improvements to the control of weeds on KNP wetlands

through an adaptive monitoring and management framework (Chapter 6).

Object-based image classification methods are developed to map para grass and 

native vegetation communities from multispectral satellite imagery at medium and 

high spatial resolutions (from 30 m and up to 0.5m pixel resolutions, respectively). 

Spatial analyses are undertaken to explore and infer the distribution and landscape 

ecology of para grass in context to those of native plant communities and biophysical 

environments. Insight into the dynamics of invasion and the relative vulnerability of 

different native vegetation and habitats are provided by time series analysis of 

para grass cover from high-spatial resolution maps. In this context the dynamics of 

para grass cover is analysed in relation to spatially and temporally defined hydrology 

and fire-history variables.  

Methods to map vegetation using medium- and high-spatial resolution satellite 

imagery are dealt with under Chapters 2 and 3, respectively. Habitat mapping 

procedures and the spatial vulnerability assessment of habitats and native vegetation 

communities are addressed in Chapter 4. The spatio-temporal dynamics of para grass 

are then analysed in relation to wetland habitat and native vegetation distribution in 

Chapter 5. The concluding chapter reviews the advantages and limitations of remote 

sensing and these research findings for the strategic management of para grass within 

KNP. 
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1.3 Wetlands of the Alligator River Region and the 
impact of grassy weeds 

The extensive coastal floodplains of the Alligator Rivers Region (ARR) are located 

in northern Australia (Figure 1.3). This region has a unimodal, wet-dry, monsoonal 

climate with over 90% of the annual rain falling between November and March. 

While floodplains reliably receive annual inundation, there is considerable variation 

in the amount of precipitation between wet-seasons  (Taylor and Tulloch 1985). For 

example, annual wet-season rainfall for nearby Oenpelli ranged between 776 to 2203 

mm for the period 1910-2008  (BoM 2013). There is also substantial inter-annual 

variability in the time of wet season onset, period and extent of inundation and water 

depth  (Williams 1979; Taylor and Dunlop 1985; Finlayson et al. 1989; Finlayson 

2005). Despite this variability, 95% of floodplain areas are usually dry by the end of 

the dry-season  (Russell-Smith et al. 1995). Ecological functioning, vegetation 

dynamics and primary productivity of these wetlands are largely driven by the flood 

pulse cycles occurring from monsoonal rains  (Junk and Wantzen 2004). 

The ARR is highly valued because of the diversity of wetland habitats and 

abundance of wildlife it supports (Figure 1.4). By providing keystone habitats for 

foods and other resources, these wetlands have also sustained the traditional 

livelihood of Aboriginal people of the region for many thousands of years (Russell-

Smith et al. 1997). National and international recognition of the regions unique 

biological and cultural heritages led to the establishment of Kakadu National Park 

(KNP) and World Heritage listing (Figure 1.3a) (Ramsar 1971; UNESCO 1972). 

Within KNP, para grass invasion has been most prominent within the East Alligator 

River catchment, including the neighbouring west Arnhemland region. In particular, 
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the Magela Creek floodplain (the site of this study), neighbouring Cannon Hill and 

Oenpelli floodplains are considered the most degraded by para grass (Figure 1.3b).  
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Figure 1.3 a) Monsoonal wetlands of the Alligator Rivers Region within the Top End of Northern Australia, including Kakadu National Park; and 
b) the sites of this monitoring study on the Magela Creek floodplain.
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Figure 1.4 Native vegetation types common to freshwater wetlands of the ARR: a) perennial Hymenachne acutigluma grassland (fore-ground); 
b) ephemeral-annual water chestnut, Eleocharis dulcis; c) perennial E. sphacelata (fore-ground); d) annual native rice, Oryza meriondalis;
e) perennial red lotus lily, Nelumbo nucifera; and f) mixed perennial and annual lilies, Nymphaea spp. and Nymphoides spp. in association with
open water areas and submerged macrophytes.
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The KNP, including World Heritage and Ramsar listed wetlands, is co-managed by 

traditional Aboriginal custodians and the Australian Government. Financial and 

administrative support for management operations is primarily provided by the 

Australian Federal Government (Robinson 2003; McGregor et al. 2011). Land 

custodians and Park Managers are committed to protecting and enriching the unique 

biological and cultural heritage and indigenous livelihoods of this country. This is 

achieved through though cross-cultural community engagement in land management 

activities  (Robinson 2003; Anon 2007; McGregor et al. 2011). Informing land 

custodians to realise their management goals is important and involves developing 

effective policies for environmental monitoring and communication.  

1.3.1 A history of para grass on the Magela Creek floodplain 

It is unclear when para grass first colonised the Magela Creek floodplain 

(Figure 1.3b). The first known introduction of para grass to the East Alligator River 

Catchment occurred in 1922 some 17 kms away, where ‘a couple of acres’ were 

planted near Oenpelli at Mission Billabong (Letts 1960). By 1960 this colony 

infested an area of some 3100 ha (Letts 1960). Earliest confirmed reports of 

para grass within the Magela Creek Catchment of the East Alligator River and 

neighbouring Cannon Hill floodplains date from 1946 and the 1950s (Salau, pers. 

com. 1995). The last known plantings of para grass within this catchment occurred in 

a small area near Mudginberri Billabong in 1969  (Salau 1995). Prior to the 1980s, 

heavy grazing by buffalo from the 1950s left KNP floodplains largely devoid of 

emergent vegetation  (Skeat et al. 1996; Petty et al. 2005) and the true extent of 

para grass on the floodplains was perhaps obscured. On a 1672 ha central area of the 

Magela floodplain, some 20 km downstream from Mudginberri Billabong, para grass 

cover was observed to increase from 132 to 422 ha from 1991 to 1996  (Knerr 1998). 



16 

Para grass (Figure 1.5) is thought to spread primarily by vegetative means and has a 

stoloniferous, sprawling growth habit  (Walden et al. 2012). Growth is most vigorous 

when soils are moist and aerated and is slowed by prolonged flooding, when soil 

aeration and light are reduced  (Chaudhari et al. 2012). This concurs with 

observations by Cowie and Werner  (1988) that para grass appears most vigorous and 

healthy during the early wet season, before flooding occurs. Germination trials 

indicate that seed does remain viable in floodplain soil (Knerr 1998). However, the 

long-term viability of seed under floodplain conditions has not been determined. 

Large quantities of seed are produced but seed stored for 6-months from the Magela 

floodplain had a germination rate of only 1.5%, n = 200 (Boyden 2012, 

unpublished data).  

Figure 1.5 Dense patches of para grass on the central Magela Creek floodplain 
photographed: a) from the air, lighter green areas; and b) from the ground. 

The landscape dynamics of para grass dispersal from vegetative fragments and seed 

has not been quantified. Foraging animals, such as feral pigs and Magpie Geese are 

likely to aid in movement of propagules  (Walden et al. 2012). Occasional extreme 

a) 

b)
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flooding events or animals can dislodge floating para grass mats or stolon fragments. 

Fragments may then be transported by wind, animals and water currents from their 

first location; For example para grass mats were observed to move over 30 km 

downstream after Cyclone Monica  (Salau 2006 pers. comm.; Walden et al. 2012). 

Hence, when conditions are favourable, new para grass colonies might suddenly 

form in areas not before occupied by para grass.  

1.3.2 Fire and grassy weeds within Kakadu National Park 

Unmanaged wildfire and conversely the effective use of fire as a management tool 

are key policy issues in the conservation of KNP natural resources. The frequency, 

extent and severity of floodplain wildfires has reportedly increased with the dramatic 

expansion in perennial grasses that occurred after the controlled removal of Buffalo 

from the Park in the 1980s (Braithwaite and Roberts 1995; Russell-Smith 1995). 

High-biomass perennial grasses are the primary source of fine-fuel that sustains more 

intense fires over large areas on KNP floodplains. Listed in order of increasing fuel-

load potential as determined from published rates of productive biomass, these 

grasses are: the common native Hymenachne acutigluma; and the exotic grasses 

para grass, U. mutica; aleman grass, Echinochloa polystachya; and 

olive Hymenachne, H. amplexicaulis  (Chadhokar 1978; Finlayson 1991; Saxena et 

al. 1996; Douglas and O'Connor 2004; Costa 2005; Hannan-Jones and Weber 2008). 

In this regard para grass is currently considered the highest-biomass grass of KNP 

wetlands with also the greatest coverage density.  

Ecologically, fire is important in the maintenance of KNP wetland biodiversity. In an 

absence of fire, wetlands can eventually become ‘choked’ by perennial grasses which 

forms dense stands  (McGregor et al. 2011). Indeed, areas that have remained 
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unburnt and become dominated by perennial grass are associated with reported 

declines in wildlife diversity. Recognising this problem, Aboriginal people have 

traditionally used fire as an integral part of their management of dense stands of 

native Hymenachne so to promote availability of and to maintain access to a wide 

variety of foods  (McGregor et al. 2011). By reducing build-up of perennial biomass, 

fire can enable some aquatic annual and ephemeral plants (such as native rice, water 

chestnut and red lilies) to compete with perennial grasses such as para grass and 

native Hymenachne  (McGregor et al. 2011; Williams et al. 2011), supporting 

diversity within KNP wetlands. 

1.4 A landscape ecology framework to monitor and 
manage weed invasions 

Two key concepts of landscape ecology provide a basis for understanding weed 

invasion dynamics. Firstly, the environmental factors that drive vegetation change 

are reflected in vegetation distribution patterns  (Turner 1989). Secondly, factors 

shaping vegetation patterns operate over multiple spatial and temporal scales. Weed 

distribution patterns arise from a combination of both bottom-up influences operating 

at the local scale, such as competition with neighbouring plants for nutrients, and 

top-down influences, such a climate operating at regional and even global 

scales  (Pysek and Hulme 2005). Species-specific traits of a weed in combination 

with the characteristics of the environment it occupies will determine if it establishes 

in any particular location. That is, the biological traits and physiological tolerances of 

the species will determine its propensity to then compete and propagate within a 

particular environment. The spatial and temporal context of particular habitats and 

their associated resources for plant growth will have a strong influence on rate and 



Chapter 1 

19 

direction in which a weed can percolate through the landscape and impact different 

locations  (Davis et al. 2000; With 2002). 

Growth of para grass is constrained once carrying capacity is reached within 

colonised areas. Yet dispersal events may allow para grass to jump less favourable 

habitat barriers and invade vacant favourable habitat. The frequency and pattern at 

which dispersal events occur, influenced primarily by its capacity to produce and 

disperse propagules, is also affected by extrinsic factors such as weather, fire, animal 

movements and human activities that can aid dispersal events  (Pysek and Hulme 

2005). The rate at which dispersal events occur is also thought to increase as the total 

area of weed cover increases. The relationship between increasing weed cover and 

probability and distances of dispersal is likely to contribute to the exponential nature 

of weed population increase during the phase before regional carrying capacity is 

reached  (Pysek and Hulme 2005).  

Weed invasions are generally considered to have three distinct phases from first 

introduction (Pysek and Hulme 2005): 1) The lag-phase - an initial prolonged period 

of slow spread and growth; 2) the exponential phase - a period of rapid landscape 

expansion and increased density; and 3) a period of little or no increase in density 

and range. The lag phase is a time where weeds only occupy a few isolated localities 

and propagule pressure is minimal. Yet chances of dispersal increase as local 

population density and spatial extent of the total population increases  (Richardson 

and Pyšek 2006). The exponential phase is a time when propagule pressure has 

increased as the weed has dispersed across local barriers to form secondary 

populations. At this time there still remain many favourable habitats that can be 

invaded. As the extent of the population increases, the potential for dispersal and 
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formation of ‘nascent foci’ from which new populations can emerge also 

increases  (Moody and Mack 1988). The final phase of little or no increase is a time 

when a weed is thought to have reached carrying capacity in its potential range. That 

is, all potential habitats are invaded and populations are in dynamic equilibrium with 

other forces (competition and disturbance). At this stage further range expansion is 

restricted as populations are contained by landscape barriers (unfavourable habitats).  

Weed distribution and demographics (survival, extinction, reproduction and 

dispersal) are also influenced by disturbance. In this regard fire is considered a 

critical factor in shaping vegetation distribution and abundance patterns. The 

consequence of fire on dynamics of vegetation and weeds is dependent on the 

conditions before and after the event  (Turner et al. 2001). The extent and effects of 

fire on vegetation dynamics can also, to some level, be managed by human 

intervention  (Williams and West 2000; Suding et al. 2004). Understanding the 

relative importance of periodic fire on either restricting or facilitating the spread of 

weeds under different habitat conditions can therefore be advantageous for planning 

effective, site-specific, weed management strategies. 

Although there is a strong stochastic element as to when and where fire occurs, these 

disturbance patterns are also predictable. On monsoonal wetlands the frequency, 

magnitude and severity of seasonal fire is spatially and temporally differentiated by 

available fuel load (biomass), moisture and temperature. These habitat attributes are 

governed by climate, hydrodynamic drainage pattern, topography and vegetation 

characteristics that include seasonal productivity and phenology. Distinct patterns in 

periodicity and spatial distribution and severity of fire arise from position and 

context within the surrounding landscape, topography and climate. Monitoring the 
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current and changing distribution of weeds in context to these patterns will assist in 

untangling the relative importance of the different factors that together influence 

weed invasion dynamics in the landscape. 

1.4.1 Resolving weed invasion patterns over multiple scales 

Understanding of invasion pattern is a function of both the extent and grain of 

investigation  (Wiens 1989). That is, the various dimensions of scale of an 

investigation (time, extent and grain) limit the patterns that can be revealed and the 

explanations that can be derived from them  (Foxcroft et al. 2009). For example, the 

spatial grain of information chosen to portray weed distribution will alter the 

perceived level of invasion over an area (Foxcroft et al. 2009). Because spatial detail 

in distribution patterns are lost from finer to coarser scales, patchy distributions may 

be portrayed as continuous invasion blocks, tending to distort invasion levels. For 

example, this occurred in Kruger National Park, where very coarse resolutions (in 

excess of quarter degree grids) resulted in weed risk assessment not adequately 

showing the distribution of individual patches or plants, resulting in ineffective site-

specific weed management  (Foxcroft et al. 2009). Furthermore, limitations in the 

scale of observation and analysis affect how change is interpreted  (Lechner et al. 

2012). For example, it has been shown that localised, site-specific, trends in 

vegetation can be opposite to the overall global trend  (Wu and Li 2006; Levick and 

Rogers 2011). Recognising that the factors controlling vegetation dynamics operate 

over multiple scales, several scales of observation and analysis may be necessary to 

understand the landscape ecology of a weed, and then manage it. 

Measuring rates of invasions is the key to predicting where and when weeds are 

likely to spread and in quantifying the influence of biophysical conditions on 



22 

invasion speeds  (Gilbert and Liebhold 2010). Yet there is rarely a ‘ground zero’ 

identified for weed introduction since monitoring usually begins only once a problem 

is recognised. This can make a quantitative evaluation of the different phases of 

dispersal and establishment into new environs difficult  (Pysek and Hulme 2005). 

When a species becomes ‘established’ or at equilibrium with its local and 

surrounding environment can also be unclear. That is, change in the local abundances 

of a weed and its impacts on local biodiversity and the immediate landscape may 

continue to occur. To reduce these uncertainties it is important to begin and continue 

monitoring both areas where a weed has already ‘established’ and where it is likely 

to invade.  

To address these complexities, Pysek and Hulme  (2005) recommend that weed 

monitoring programs adopt an integrated, multi-scale, framework to sample weed 

distribution. Indeed, multi-scale conceptual frameworks have been advocated for the 

monitoring and adaptive management of natural landscape resources, including 

wetlands  (Burgman et al. 2005; Finlayson et al. 2005; Lindenmayer and Likens 

2009; Lindenmayer et al. 2012). Monitoring should also be designed such that 

information collected at one scale can be translated up or down multi-scalar 

hierarchy. This enables scales at which different ecological processes, events or 

management interventions that may influence a species distribution to be 

systematically investigated  (Wheatley and Johnson 2009; Kettenring and Adams 

2011). In order to fully realise the value of information collected at any one scale, 

coordinated and (ideally) coincident on-ground sampling is required among the 

different spatial and temporal scales of sampling.  
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The ecological functioning and dynamics of vegetation on monsoonal wetlands is 

determined by cycles of flooding, driven by the annual rainfall cycle  (Junk and 

Wantzen 2004). Spatially, catchment topography, soils and vegetation distribution 

determine hydrodynamics including drainage patterns and evaporation over 

extensive and low-relief floodplains. In any one location, rainfall, catchment extent 

and topography together influence annual profiles in depth and hydroperiod, and the 

inter-annual variability in these factors. By determining hydrological conditions and 

the associated potential for fire disturbance these factors strongly influence the scales 

over which both weed invasion and management can occur.  

Para grass occupies a niche characterised by annual periods of dryness, inundation 

and moist soils. Variability, in any one year and between years, in the spatial 

dominance of dryness, inundation or moisture will also influence the conditions for 

weed growth. This variability may provide opportunities to control para grass under 

specific local conditions.  

1.5 Applying remote sensing to monitor and manage 
weeds on monsoonal wetlands 

Remote sensing (RS) has been demonstrated to be effective in detecting and 

monitoring weeds at medium to high resolution, that is from 30m to between 0.5-4m, 

respectively  (Catt and Thirarongnarong 1992; Medlin et al. 2000; Everitt et al. 2002; 

Everitt et al. 2004; Madden 2004; Blumenthal et al. 2007; Everitt et al. 2007; Asner 

et al. 2008; Lawes and Wallace 2008; Huang and Asner 2009; Everitt et al. 2010; 

Müllerová et al. 2013). Satellite sensors with these resolutions also provide coverage 

extents suitable for integrated catchment and site-specific land management studies 

of both terrestrial and aquatic ecosystems  (Lass et al. 2005; Shaw 2005b, a). By 

mapping ecologically relevant variables over large landscape areas, RS can also 
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provide inputs to species distribution models to better predict weed invasion 

risk  (Andrew and Ustin 2009; Diao and Wang 2014). Examples of such variables 

include land use, land cover and biophysical features of the environment that 

influence weed establishment dynamics. These include surface water and moisture, 

the relative frequency of annual flooding on monsoonal wetlands vegetation, soil 

cover, biomass and nett primary production and fire disturbance indices  (Price et al. 

2005; Heinl et al. 2007; Andrew and Ustin 2009; Lozano et al. 2010; Ward et al. 

2014).  

Successful implementation of remote sensing requires careful selection of data and 

image processing techniques that target the requirements of land managers and 

ecologists (Phinn 1998). Required information is dictated by the scale(s) and extent 

of the ecological problem. Factors to consider in the choice of different optical RS 

products and processing methods are further explained in a conceptual model 

adapted from Phinn et al.  (2003) (Figure 1.6). The ‘sensor model’ represents the 

limitations of a sensor in its capacity to gather landscape information. These 

limitations include the scale and resolution at which information is capable of being 

sampled. This includes both the grain (level of detail) and the extent of the landscape 

(the image scene) that can be surveyed at any one time. Resolutions are also defined 

on temporal, spectral and radiometric dimensions for optical sensors. Appropriate 

choice is therefore guided by these limitations juxtaposed against spatial, temporal 

and optical reflectance properties of actual landscape features of interest. In this 

regard extracting information about land features needs to consider biophysical 

properties of landscape surface (i.e. the scene model) and the influence of the 

atmosphere on information received by the sensor (i.e. atmosphere model).  
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Figure 1.6 Data flow information models used in formulating remote sensing 
strategies for targeted landscape monitoring as adapted from Phinn et al.  (2003). 

Optical satellite sensors measure the intensity of reflected sunlight from a known 

area of the land surface across specific, contiguous regions of the electromagnetic 

(EMR) spectrum (referred to as spectral bands). In principle, the properties of objects 

from which light is reflected can be inferred because the properties of any given land 

surfaces will cause it to reflect, absorb, or emit EMR energy in a particular way 

across different parts of the EMR spectrum  (Kennedy  2009). Sensors capture 

this information at different spectral and spatial resolutions. The spatial resolution 

scale is defined by the smallest aerial unit, the pixel, while the spectral resolutions is 

by the number and associated spectral band layers representing the EMR spectrum.  

Supervised image classification can be used to interrogate differences in both the 

spectral and spatial properties of known features sampled from imagery in order to 

identify unknown land features of an image by prediction. Yet, image classifications 

will result in some commission or omission error (i.e. false positives or false 

negatives) regardless of how well different land features are represented in the data 
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used to train a classification model. Resulting accuracy will depend on the degree of 

landscape heterogeneity in different land features, spectral and spatial variability 

within and among different features, the extent of study area to be surveyed and the 

invested ground sampling methods, as well as the classification approach and type of 

imagery used  (Chen and Stow 2002). The capacity to classify different land features 

is also influenced by their size, shape, and spatial context in relation to neighbouring 

features in the landscape  (Lechner et al. 2013). Understanding patterns in the spatial 

arrangement, size and context of landscape features can aid in identifying and 

classifying different features, thereby improving accuracy  (Blaschke et al. 2014). 

Mapping resolution, detection accuracy and cost of implementation, lead to an 

inevitable trade-off between information quality and weed management goals.  

Single image snapshots are also unlikely to represent the spatio-temporal variation in 

spectral qualities of known target and non-target features in very variable wetland 

environments. This is because the spectral qualities and characteristics of wetland 

plants and the surrounding environment vary considerably with seasonal 

hydrological conditions or disturbance such as fire (Ozesmi and Bauer 2002; Andrew 

and Ustin 2008). For this reason supervised classification models developed and 

trained from single-date images may not be directly transferrable in time as it likely 

won’t represent the full spectral qualities of land features. Nevertheless, multi-date 

classification models developed from multiple (spectrally calibrated) snapshot 

images could, hypothetically, provide a transferrable classification method by also 

learning to separate target features in the 4th dimension, time. 
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1.5.1 Managing uncertainty: Remote sensing and 
ground sampling 

Uncertainty arises for many reasons ranging from a lack of knowledge to poor 

communication, through to measurement error and statistical prediction  (Bradshaw 

and Borchers 2000; Atkinson and Foody 2002). Scientific uncertainty arises from 

statistical inference about an unknown true value or equally unknown error. Image 

classification error and consistency issues that arise between different map 

productions and methods also contribute to uncertainty in vegetation change 

mapping (Atkinson and Foody 2002). This is because class errors are propagated, 

sometimes even multiplied, through post-classification change analysis  (Stow et al. 

1980; Congalton 2004; Coppin et al. 2004). Uncertainty in remote sensing can be 

managed through developing ways to both minimise map error and estimate this 

error more effectively  (Shao and Wu 2008).  

For example, in vegetation change monitoring it is imperative to maintain 

consistency between map classification productions. Potential mismatches between 

maps that need to be controlled can include geometric rectification problems, 

inconsistencies in classification scheme and ground sampling, spatial resolution, 

sensor, calibration of spectral responses and variable environmental 

conditions  (Lunetta 1998; Lunetta et al. 2004). Also, without knowing where actual 

errors occur, substantial uncertainty can arise in weed map change analysis and 

prediction. This is because classification errors tend to be variably distributed in both 

space and time, sometimes resulting in distinct patterns  (Yu et al. 2008). Indeed, 

errors are often spatially or temporally auto-correlated with the distribution and 

patterns of the actual biological phenomena being monitored  (Zhang and Sun 2006; 

Yu et al. 2008; Lechner et al. 2012).  
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Accuracy assessment requires a ‘ground’ validation sample to determine the 

proportion of correct and incorrect classification across each class on a map. 

Implementing a probabilistic ground sampling design is recommended for ensuring a 

statistically and scientifically defensible accuracy assessment (Biging et al. 1998; 

Stehman and Czaplewski 1998). However there is an inevitable trade-off between 

obtaining a sample that is fully representative of the landscape and samples that 

adequately describe it. As information gathering is limited by cost and time, 

intelligent design of land survey sampling is essential for producing an optimal map 

product through the efficient selection and gathering of ground survey 

information (Foody and Mathur 2004). In this regard, simple random sampling of the 

landscape is very inefficient and can contribute to high sampling costs, with less 

common vegetation covers being poorly represented  (Biging et al. 1998; Wei and 

Chen 2004). Stratified random sampling across designated areas of specific 

management or scientific interest maximises sampling efficiency and 

representativeness. Sample strata are determined by a priori knowledge acquired 

through both remote sensing and ground sampling of landscape patterns in vegetation 

and environment.  

An integrated, multiscale sampling framework is required for managing error and 

uncertainty in scientific investigation of the landscape. Standardised ‘ground’ 

sampling protocols need to also allocate sampling effort across the perceived spatial 

gradients and patterns in weed distribution and the environment in order to account 

for the spatial and temporal distribution of map errors. Existing and known landscape 

patterns in vegetation and biophysical conditions provide a basis to inform 

scientifically rigorous sampling design protocols  (Jones et al. 2013). The spatial and 

temporal variability of image data can therefore be analysed to guide and adapt 
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ground sampling designs used to measure error distributions with more accuracy. For 

example, if a change trend is observed across a spatial environmental gradient, it will 

be necessary to also systematically assess the distribution of errors across this 

gradient. Such an adaptive monitoring approach will assist in separating patterns of 

actual change from artefacts that may result from measurement error. Although 

distributions of errors may be unknown initially, an adaptive ground sampling 

approach in relation to spatial gradients and monitoring goals accounts for and 

minimises the impacts of errors on weed management decision making  (Hobbs and 

Humphries 1995; Burgman 2005; Burgman et al. 2005; Hobbs and Lindenmayer 

2007; Foody 2008; Lindenmayer and Likens 2009; Foody 2010). Systematic 

regulation of image and field data qualities, including metadata (ancillary 

information on acquisition and processing environment), can enable accurate image 

cross-calibration (spectrally, radiometrically and spatially). This system facilitates 

direct scientific comparison with other image and ground reference samples 

(Goodchild 2000; Reinke and Jones 2006). 
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CHAPTER 2 Object-based mapping of 
native vegetation and para grass 
on a monsoonal wetland of 
Kakadu National Park using a 
Landsat 5 TM  dry-season time series 

First published as the following paper: 

Boyden, J, Joyce, KE, Boggs, G & Wurm, P (2013) Object-based mapping of native 
vegetation and para grass (Urochloa mutica) on a monsoonal wetland of 
Kakadu NP using a Landsat 5 TM Dry-season time series. Journal of 
Spatial Science 58(1): 53-77. 
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2.1 Abstract 
This chapter evaluates the use of multi-temporal Landsat 5 TM for object-based 

classification of native wetland vegetation and the perennial aquatic weed, 

para grass, within Kakadu National Park, Northern Territory, Australia. Using 

identical training data and segmentation, a nearest-neighbour classification produced 

from a four-image (dry-season) time-series was compared with four ‘single-date’ 

classifications produced from the individual images of the same series. A fifteen-

class vegetation map generated from the multi-date classification produced an overall 

accuracy of 82% (kappa = 0.80). Compared to single-date classifications this was an 

on average increase in accuracy of 25% (kappa = 0.28), with para grass accuracy 

increasing to 96% - an increase of 19%. The multi-date image composite also 

improved segmentation quality and spectral separability of vegetation classes. 

Reliable maps of wetland vegetation, potentially useful for the strategic conservation 

of wetland resources, can be produced by integrated, object-based, analysis of multi-

temporal Landsat. 

2.2 Introduction 
A priority for the strategic management of wetlands of the Kakadu National Park 

(KNP) World Heritage Area is to monitor weed distribution in relation to the native 

vegetation communities at risk to degradation by weeds. However, monitoring 

operations often fail to deliver adequate information for this purpose over appropriate 

spatial and temporal scales  (Finlayson and Mitchell 1999). Remote sensing can 

potentially address some of these information gaps by allowing relatively low-cost 

vegetation mapping over wetlands  (Harvey and Hill 2001). This study focusses on 

the capability of Landsat 5 TM to map a broad group of wetland vegetation 



34 

assemblages typical of the ‘wet-freshwater’ communities described by 

Wilson et al.  (1991) and Finlayson et al.  (1989). Specifically the capacity to map an 

exotic perennial weed, para grass (Urochloa mutica), is also assessed.  

Conservation management aims within KNP are to preserve the unique cultural 

heritage, natural ecosystems and biodiversity for which this region has been 

acknowledged under the World Heritage Convention  (Anon 2007). To achieve these 

aims it is important to develop measureable, cost-effective and spatially explicit 

criteria to enable the conservation status of natural assets to be periodically assessed. 

Identified goals for wetland environments include: the preservation of critical 

breeding habitat suitable for the iconic Magpie goose; and the maintenance of 

environments suitable for the hunting and gathering of Indigenous foods  (McGregor 

et al. 2011). It is also useful to monitor possible degradation of wetland assets caused 

by weeds. In this context, wetland vegetation maps can provide a spatial assessment 

of wetland resources and identify the potential threats to them. Vegetation maps also 

provide surrogates for defining wetland habitats  (Tiner 1999) and are therefore 

complementary to the ‘habitat unit’ approach to managing natural resources in KNP, 

as adopted by the Director of National Parks  (2007).  

Remote sensing has been applied successfully for natural resource assessment and 

vegetation monitoring at a range of spatial scales; locally, regionally, nationally and 

globally  (Franklin and Wulder 2002; Foody 2003; Kennedy et al. 2009). However, 

with respect to its application for wetland vegetation mapping, there remain many 

challenges to the reliable production of vegetation maps. Complicating factors in 

monsoonal wetland environments of northern Australia are the highly variable (inter-

and intra-annual) characteristics of wetland vegetation, above-ground biomass and 
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the surrounding environment. Up to 95% of KNP wetlands become dry before the 

onset of the next rains and during dry periods when plant-growth is minimal, 

identifying vegetation cover may be diminished by foraging or fire 

disturbance  (Russell-Smith et al. 1995; Finlayson 2005). At other times the spectral 

discrimination between wetland vegetation types may be reduced due to spectral 

overlap between different target plants at times of peak biomass  (Schmidt and 

Skidmore 2003), or in other circumstances wetland vegetation cover may be 

completely absent due to the ephemeral nature of many wetland plants  (Cowie et al. 

2000). High variability in the onset, magnitude and duration of the wet season also 

makes it difficult to reliably predict vegetation assemblage ‘states’ at any one time, 

within the dry-season and between years. These issues are compounded by the fact 

that wetlands are often remote and relatively inaccessible environments. 

Consequently, supporting field sampling used to train and verify maps can also fail 

to account for the range of variation among mapped features  (Sanderson et al. 1983; 

Johnston and Barson 1993; Finlayson 2005).  

Despite these issues, we propose that the typical sequence of changes that occur on 

monsoonal wetlands over the dry-season (in moisture, among plants and the 

substrate), presents an opportunity to improve map classification accuracy when 

compared to single-date classifications. Hydrological factors such as water depth and 

the period of inundation strongly influence the spatial distribution of different plant 

assemblages  (Cowie et al. 2000). With the onset of the dry-season a sequence of 

concomitant vegetation changes occur with receding water levels and this annual 

pattern is generally repeated and reliable. Such characteristic patterns in vegetation 

and hydrology can be useful for improving wetland vegetation map accuracy, when 

resolved over appropriate spatial and temporal scales. In this context it has been 
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demonstrated that multi-temporal optical remote sensing can map vegetation and 

weed distribution more accurately compared to single-date images  (Lunetta and 

Balogh 1999; Dechka et al. 2002; Gilmore et al. 2008; Evangelista et al. 2009; 

Davranche et al. 2010; Wang et al. 2010a; Wang et al. 2010b).  

The aim of this chapter is to develop a reliable object-based classification method of 

native wetland vegetation communities and large-area infestations of the perennial 

weed, para grass, by using a seasonal composite of four Landsat 5 TM images. 

Accuracy of the classification produced from the seasonal composite is compared 

with classifications produced from single-date images in the same image sequence. 

The qualities of image segmentation and classifications produced from four single-

date Landsat 5 TM images (covering May to September over one dry season) were 

also compared with the segmentation and map produced from a composite of all 

images. The spectral separability of para grass from native vegetation is also 

compared to determine whether the separability of para grass was optimal at 

particular sample times.  

2.3 The study site 
The site chosen for this study was the Magela Creek floodplain, a seasonally flowing 

tributary of the East Alligator River located within KNP in the Top End of the 

Northern Territory, Australia (Figure 2.1). This floodplain is typical of the expansive, 

low-relief, coastal sub-coastal Holocene floodplains that have formed along the 

lower reaches of rivers in the region  (Williams 1991; Russell-Smith et al. 1995). 

They fall within 3 to 4 m above the Australian Height datum or only 0.2 to 1.2m 

above mean high-tide sea level  (Bayliss B, et al. 1997) and soils almost ubiquitously 

comprise alluvial ‘cracking-clay’ sediments, classified by Isbell  (1996) as Vertosols.  
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Figure 2.1 Coastal floodplains of the Top End, Northern Territory and the location of 
semi-permanent freshwater wetlands of the Magela Creek floodplain and 
neighbouring areas within Kakadu National Park and West Arnhemland. More 
ephemeral wetland areas are indicated as ‘areas subject to seasonal inundation’. 
Water body data sourced from the Geodata Topo map, series III  (GeoSciences-
Australia 2003).  

The region has a unimodal, wet-dry, monsoonal climate with over 90% of the annual 

rain falling between November and March. While floodplains reliably receive annual 

inundation, there is considerable variation in the amount of precipitation between 

wet-seasons  (Taylor and Tulloch 1985). For example, annual wet-season rainfall for 

nearby Oenpelli ranged between 776 to 2203 mm for the period 1910-2008  (BoM 

2013). There is also substantial inter-annual variability in the time of wet season 
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onset, period and extent of inundation and water depth  (Williams 1979; Taylor and 

Dunlop 1985; Finlayson et al. 1989; Finlayson 2005). Despite this variability 95% of 

floodplain areas are unusually dry by the end of the dry-season  (Russell-Smith et al. 

1995). 

These over-arching hydrological patterns modulate vegetation production, form and 

community composition on monsoonal wetlands. Most plants enter a rapid growth 

phase with the onset of the wet season and then undergo a series of phenological 

changes in response to receding surface waters throughout the dry-season. In any 

particular year, seasonal vegetation changes are species- and site-specific and 

dependent upon local topography and the period of inundation; and in this context 

are also dependent upon the time of the onset, the magnitude and the duration of the 

wet season (Finlayson, C 2005).  

In a systematic, broad scale, survey of wetland vegetation across the Northern 

Territory, Wilson et al.  (1991) described 24 floristic groups, with most groups 

associated with distinct water depth and salinity regimes  (Cowie et al. 2000). Three 

broad community aggregations were apparent: ‘drier’ freshwater; ‘wetter’ 

freshwater; and saline semi-saline. In this study I map the freshwater plant 

communities of the Magela Creek floodplain and adjoining ‘drier’ communities to 

the north, adjacent to the East Alligator River and classified as ‘areas subject to 

inundation’, Figure 2.1. The broad classification of freshwater swamp, Figure 2.1, 

appears to represent the wet freshwater community groupings described by 

Wilson et al.  (1991) and anecdotal evidence suggests that the other category, areas 

subject to inundation, includes the dry freshwater group of wetland communities. On 

the Magela floodplain Finlayson et al.  (1989) also described and mapped 10 broad 
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communities falling within the wet freshwater group described by 

Wilson et al. (1991).  

2.4 Methods 
Floodplain vegetation maps were created using object-based classification. Separate 

classifications were generated from both single-date and multi-date Landsat 5 TM 

imagery taken from the 2006 dry-season. These classifications were each trained 

using the same training sample locations. A spatially independent field validation 

dataset was then used to assess the accuracy of each classification. In addition, 

seasonal trajectories of change among mapped wetland vegetation assemblages were 

tracked using selected remote sensing indices. In this context the spectral separability 

of para grass from native vegetation was also assessed.  

Image pre-processing, classification and accuracy assessment procedures are 

summarised in Figure 2.2 and discussed in more detail under the sub-headings that 

follow. Image pre-processing was undertaken in ITT ENVI® version 4.8  (Excelis 

2010). Segmentation and object-based classification were applied in Trimble 

eCognition®, version 8. Class samples were manipulated with ESRI ArcGIS® 

version 9.3.1 and the sample randomisation function of Hawth's tools add-on, version 

3.27  (Beyer 2004). Confusion matrices for accuracy assessments were generated and 

summarised in Microsoft Access 2010® and Excel 2010® 

. 
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Figure 2.2 Image segmentation was conducted on a time-series composite of four 
Landsat 5 TM images spanning 5 months over the 2006 dry-season. Wetland areas 
were classified using rule-based layer thresholds. Nearest-neighbour classification 
was then performed for wetland vegetation communities identified from field data 
and by visual interpretation from a very high spatial resolution image (QuickBird®). 
Classification was repeated for single- and combined-date Landsat using the same 
training dataset. Classification accuracies were estimated using a separate and 
randomised set of validation samples. The geometric quality of objects produced 
from single- and combined-date image-segmentation trials was also compared using 
analysis of variance (ANOVA) and visual comparison. 
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2.4.1 Image pre-processing 

Landsat 5 TM data were sourced as a terrain-corrected (L1T) product from United 

States Geological Survey (http/landsat.usgs.goLandsat_Search_and_Download.php). 

Four cloud, smoke and fire-free images of the floodplain were selected across the 

2006 dry-season period (May to September) and were calibrated to ‘at sensor’ 

reflectance using sensor calibration utilities in ENVI®. Image subsets of each scene 

were extracted for the Magela Creek floodplain and dark-pixel subtraction was then 

applied to these, using common deep-water bodies, to correct for atmospheric 

effects.  

The calibrated images were then spatially co-registered to an accurately geo-

referenced, high-spatial resolution, QuickBird® mosaic by image to image warping 

from visually selected ground-control points (using nearest-neighbour resampling 

and RST - rotation, scaling and translation). To do this a single image (Landsat July) 

was first registered to the mosaic and then resampled back to 30m. Remaining 

images were co-registered against the initially registered (and resampled, 30 m pixel) 

image. Estimated spatial error (RMS deviation) was within ± 1 Landsat pixel (or ± 

30 m) for each image registration. Co-registration and radiometric calibration were 

considered prerequisites to forming the multi-temporal Landsat composite and 

applying accurate segmentation in eCognition®. The capacity to select and validate 

Landsat-derived sample objects against the high-spatial resolution mosaic was also 

improved after co-registration.  

In addition, normalised-difference vegetation indices for greenness and moisture 

were derived from calibrated Landsat data as defined respectively by Rouse et 

al.  (1973) and Hardisky et al.  (1983), as: 

http://landsat.usgs.gov/Landsat_Search_and_Download.php
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NDVI =  (NIR − Red)
(NIR + Red)

Equation 1; and 

NDII =  (MIR − NIR)
(MIR + NIR)

Equation 2 

Where Equation 1 and 2 are the spectral indices for greenness (NDVI) and 

moisture (NDII) and Red, NIR and MIR are the Red, Near-infrared and Mid-

infrared bands of Landsat (3, 4 and 5, respectively). Details of all the image 

datasets and ancillary data are provided in Table 2.1. 

Table 2.1 The remote sensed data used in production of the vegetation map from 
Landsat TM 5 data.  
Sensor 
product Characteristics Acquisition 

Dates Use 

Landsat 5TM 

Calibrated to Surface Reflectance 

Band 1: 450-520 nm (Blue) 
Band 2: 520-600 nm (Green) 
Band 3: 630-690 nm (Red) 
Band 4: 760-900 nm (Near Infrared) 
Band 5: 1550-1750 nm (Mid-Infrared) 
Band 7: 2080-2350 nm (Far-Infrared) 

NDVI and NDII indices derived from 
the above bands  

Pixel Size = 30m 

4/May/2006 
7/Jul/2006 
24/Aug/2006 
9/Sep/2006 

Provision of 
spectral 
information for 
image 
segmentation, 
training sample 
selection and 
object-based 
classification  

QuickBird 

UNB-pansharpened mosaic 

Band 1: 450-520 nm (Blue) 
Band 2: 520-600 nm (Green) 
Band 3: 630-690 nm (Red) 
Band 4: 760-900 nm (Near-Infrared) 
Panchromatic: 445-900nm 

Pixel sizes: 
0.6m (panchromatic band)  
2.4m (multispectral bands) 

23/Jun/2006 
16/Aug/2006 

Accurately geo-
registered base 
image to which all 
scenes were co-
registered. 
Visual evaluation 
of the quality of 
segmentation 
objects produced 
from Landsat for 
the purpose of 
supervised image 
classification 

Digital 
Elevation 
Model 

Smoothed DEM produced from IDW 
process in ESRI ArcGIS® 

Pixel Size = 30m 

n.a.

Provision of 
elevation 
threshold for initial 
separation of 
‘wetland’ and 
‘dryland’ objects 
produced from 
Landsat 
segmentation  
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2.4.2 Image segmentation 

The Trimble eCognition® multi-resolution image segmentation algorithm was used 

to generate spectrally similar objects for classification purposes  (Benz et al. 2004b). 

Segmentation selectively aggregates neighbouring pixels of an image (from multiple 

spectral layers) into objects with relatively similar spectral properties. Algorithm 

parameters relating to the spatial scale and homogeneity of objects and the relative 

weight of each spectral layer were adjusted to achieve segmentations with the traits 

appropriate for accurate classification, specifically:  

1. Resulting objects showed a clear demarcation of critical boundaries between

monospecific patches of perennial para grass and neighbouring native vegetation

areas; and

2. The scale of objects was representative of target vegetation classes and too large

a scale factor was avoided as this can results in ‘mixed’ objects that lead to

mis-classification  (Liu and Xia 2010).

These traits were evaluated visually by overlaying segmentations onto the co-

registered, high spatial resolution image in ArcMap®. Three factors were 

manipulated in the trials: a) band weightings; b) scale factor); and c) single- versus 

combined-date band inputs. The final segmentation parameters chosen are presented 

in Table 2.2. A conservative (small) scale was chosen to reduce ‘mixed-object’ 

misclassification and to ensure discrete sample objects could be selected from 

representative vegetation patches as identified in field surveys.  
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Table 2.2 Multiresolution segmentation parameter settings applied in eCognition® 
for the Landsat 5 TM time series (replicate bands 1-5 and 7). The average standard 
deviation of each band (relative to band 1) is displayed in brackets, (SD). 

Scale Parameter: 3250 

Criteria for the composition of homogeneity: 
Shape  0.1 
Compactness 0.8 

Band: Weight 
Blue 1 
Green 7 
Red 2 
NIR 10 
MIR 6 
FIR 4 

Compared to single-date images, segmentation performance was enhanced when 

applied to the multi-date composite. To illustrate this effect visually, segmentations 

were also run on the single- and multi-date band arrays with similar parameter 

settings as above, except using a larger scale factor. Also, to determine if significant 

differences existed between the single- and multi-date segmentations, object 

geometry statistics from each group were compared using a one-way analysis of 

variance (ANOVA). To meet statistical assumptions of normality these variables 

were log-transformed when necessary.  

2.4.3 Characterisation of vegetation communities  

Several field survey datasets, summarised in Table 2.3, were used to characterise 

common vegetation communities of the floodplain. Sample sites for the ground and 

aerial plot surveys were selected randomly from within the 225 km2 Magela Creek 

floodplain area (the dark-shaded area of the floodplain, Figure 2.1). The broad 

vegetation assemblages and dense para grass areas mapped previously by Finlayson 

et al.  (1989) and Boyden et al.  (2007) were used as strata to efficiently allocate 

sampling effort. Projected cover of emergent wetland vegetation, by species and non-

vegetative cover (water, mud or soil) was measured by eye as a percentage for each 

plot. The georeference records were checked against very high spatial resolution 
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(QuickBird®) imagery for logical consistency and spatial accuracy using field notes 

and photographs. The boundary outlines of the oblique aerial photographs were 

manually digitised into a geo-database to allow them to be easily cross-referenced 

with this image. In most cases site positions could be verified from the field 

photographs. 

Table 2.3 Datasets used to characterise emergent vegetation communities as 
gathered by the Department of Environment, Water Heritage and the Arts and 
researchers at Charles Darwin University.  

Method Design Plot size Survey times Samples 

Ground 
Plot 
Surveys 
(Stationary 
airboat) 

Oblique 
visual 
estimation 
of projected 
vegetation 
cover by 
species 

Stratified 
random 

4 x 25m 
plots 
replicates 
averaged to 
1 50 x 50m 
plot 

Three days 
between 
30/08/2006 to 
25/08/2006 

58 

Random 

4 x 15m 
replicates 
averaged to 
130m 

26 May 2010 31 

Stratified 
random, 

2 x 4m2 
replicates 
averaged to 
1 x 8m2 

16-20 March
2009 208 

Moving 
airboat 
(15-
60 km/hr.) 

Oblique 
projected 
cover 
estimation 
of dominant 
species and 
visible 
water 

Ad hoc, 
opportunistic 
transect 
point series 

Locations of 
major 
vegetation 
communities 
identified 
from 
intersecting 
point series 
limited to a 
50 m buffer 
width 

5-19th March
2003
17-26 May 2010 1388 

Aerial Plot 
Surveys by 
Helicopter 
(hovering) 

Oblique 
visual 
estimation 
of surface 
vegetation 
cover from 
Helicopter 
(hovering) 
to 45 m 

Stratified 
random 50 x 50 m 26th July 2006 

24th August 2006 137 

Multivariate cluster analysis was applied to the species-cover sample matrix collated 

from the combined ground plot survey datasets using Primer® version 6.  (Clarke 

and Gorley 2006). These percentage cover data were first arcsine and log 
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transformed to improve normality and down-weight emphasis of more abundant 

species  (Ahrens et al. 1990). A Bray and Curtis similarity matrix was calculated 

from the transformed dataset and then classified using group-averaged, hierarchical, 

agglomerative clustering. Statistically distinct vegetation groups of this classification 

were identified (p < 0.01) using the SIMPROF procedure. Species contributing ≥90% 

to each significant group were identified by one-way analysis of similarity 

(SIMPER). These groups were used to identify the most common floristic groups to 

target in image classification.  

Vegetation assemblages were further described by evaluating alternative 

(transitional) vegetation states. To do this spatially similar vegetation survey data 

collected at different times from 2003 to 2010 were linked the entire 2006 survey 

datasets (Table 2.3, above). A variety of methods were used to sample vegetation 

across these surveys. However, these data were considered similar enough to define 

the transitional vegetation states associated with the vegetation assemblages.  

Some dramatic physical and visual differences were observed within the same 

vegetation assemblage at varying times and locations. Deductive reasoning, in 

conjunction with knowledge of the seasonal life-cycle for most abundant plant 

species, was used to interpret alternative states of the same vegetation assemblage. 

Low-density vegetation types observed in 2006 were observed in a dense vegetative 

phase at other times. For example, Oryza spp. and Eleocharis dulcis communities 

have dense vegetative, senescent and dormant states. At certain times Oryza and 

E. dulcis dominated areas are heavily grazed by Magpie geese and feral pigs that

congregate to exploit these seasonal resources (Ridpath 1991; Whitehead 1998). The 

presence of muddy turbid water with little vegetation was therefore one criterion 
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used to identify different transitional vegetation states (indicating heavy animal 

foraging activity).  

Together the identified floristic groups and the qualitative assessment of ‘alternative’ 

states were used to develop a classification topology that accounts for the major 

spectral differences of the same vegetation assemblage (Figure 2.3). These different 

states were treated as independent sub-classes in the supervised classification in 

order to segregate their substantially different spectral properties and thereby reduce 

potential for classification error due to spectral confusion between classes.  
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Figure 2.3 Topology developed to map emergent vegetation assemblages and their 
biophysical states using Landsat 5 TM. Melaleuca forest over-story, mapped as a 
separate class, included the same array of emergent vegetation communities. 

2.4.4 Selection of samples for classification training and 
validation 

Representative samples for classification training and validation were primarily 

sourced from plot data corresponding with year of image capture (2006); and 

supplemented also with data from mobile airboat surveys in 2003 and 2010 (adding 

contextual information relating to the range of typical seasonal cover states for the 

more variable assemblages dominated by  and spp.).  

woodland had not been sampled adequately by the surveys and supplementary 

samples were taken by randomised visual selection from the high resolution image in 

Indicator Species

Emergent Vegetation 
Communities broadly identified by high 

sampling frequency and high spatial extent

Open 
Water

Wetland
Structural Groups

Melaleuca  forest 
(Open  to Closed)

Para grass 

(perennial, 
aquatic /

semiaquatic)

Hymenachne

(perennial, 
aquatic)

Leersia 

(perennial, 
aquatic)

Oryza

(annual to 
perennial, 
aquatic /

semiaquatic)

Pseudoraphis

(perennial, 
aquatic /

semiaquatic)

Eleocharis spp.

(annual and 
perennial, 
aquatic)

Eleocharis  
Oryza

(annual and 
perennial, 
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(Mixed)

+

VegetativeVegetative
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Dry 
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Wet 
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Dormant
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Muddy

Senescent / 
Dry / 

Bare-ground

Biophysical / spectral states
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using an overlaid 200 m grid. In this case grid cells with > 70 % Melaleuca cover 

were selected as potential training or validation sites for this map class using 

ArcMap. 

Samples were visually selected from segmentation objects that intersected with field 

sample sites (Figure 2.4). Target vegetation assemblages (classes identified by 

cluster analysis) were sampled from within representative vegetation patches defined 

as areas with at least 70% cover of the target species. Field plots also captured 

vegetation areas excluded from classification training such as transitional areas 

between distinct classes, or less common vegetation types. For this reason the 

selection of representative samples involved a rigorous validation. Screening the 

samples involved overlaying the segmentation on the high resolution image and 

cross-referencing areas with field notes and geo-referenced photos. When point data 

from mobile surveys was used, a selected sample object was verified by repeated 

descriptions relating to the vegetation patch (object) from an intersecting sequence of 

at least 3 GPS points. The sample object pool was finally divided into two roughly 

equal groups by random selection: one for classification training; the other for 

validation of classification accuracies. 
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Sample Characteristics 
Cover class 

N 
Area 
mean 
(m2) 

±SE 

Melaleuca 105 12009 951 

Hymenachne 
acutigluma 164 10328 1092 

Open water (deep) 33 21900 7596 

Open water (shallow) 40 21555 4375 

Pseudoraphis (wet) 117 10977 1321 

Para grass 137 9650 971 

Leersia 
(floating, mixed) 57 5005 760 

Eleocharis dulcis (dry) 20 4725 946 

Oryza spp. (low-
density, vegetative) 84 7446 1049 

Eleocharis spp. (wet) 39 8931 1502 

Oryza spp. (dense, 
vegetative) 101 13785 1640 

Pseudoraphis (dry) 67 4728 793 

Leersia (dense, 
vegetative) 45 9020 2029 

Oryza spp. (dry) 47 8579 2324 

Figure 2.4 Distribution and characteristics of cover-sample objects selected from 
segmentation for classification training and validation. Pooled samples were 
randomly split into two (roughly equal) groups for the purpose of training and 
validation. N = Number of object samples; SE = standard error.  

2.4.5 Image classification 

Wetland and dryland areas were separated into two classes using simple thresholds 

for the elevation layer, selected spectral bands and indices (Appendix 2.1 for process 

tree). Nearest Neighbour Classification (NNC) was then performed on the wetland 

area in eCognition® using training class samples to derive wetland vegetation classes 

(see Appendix 2.2 for process tree). For this process the eCognition® Feature-space 

Optimisation Tool was used to select the best combination of spectral bands and 

indices means (Table 2.4 and Appendix 2.3). The NNC was repeated again for 
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single-date and combined-date feature space in order to compare accuracy between 

the resulting classifications. 

Table 2.4 Landsat temporal bands and indices (calculated as object means) 
and applied to each NNC treatment () or excluded (x) using Feature 
Space Optimisation (eCognition®). Spectral band index names are 
abbreviated from Table 2.1. 

Classification 
method 

Image 
Source 

Spectral Bands and Indices 
(used or excluded) 

B G R NIR MIR FIR NDVI NDII 

Single-date All single-
date trials        

Multi-date 

Composite 

04/May/2006        

07/Jul/2006      x  

24/Aug/2006   x   x  

09/Sept/2006 x       

2.4.6 Classification accuracy assessment 

The accuracy of maps produced by either multi-date or single-date training data were 

compared using error matrices generated by cross-tabulation of each NNC against 

the validation sample set. Estimates of map accuracy were calculated from these 

matrices, including incidence of false class inclusion (commission or Type I error); 

false exclusion (omission or Type II error); overall accuracy and kappa, or 

proportional accuracy adjusted for chance agreement  (see Congalton 1991; 

Kyriakidis and Dungan 2001). Similar statistics were generated from the combined 

‘time-series’ classification for the aggregated vegetation-community level classes. 

The conditional Tau statistic was similarly calculated for producer accuracy of 

para grass (adjusted for chance agreement) from the error matrices, following the 

method of Næsse  (1996) and assuming equal variance between training and 

validation datasets. Spectral separation distance of para grass from other map classes 
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was also summarised for these classifications for Landsat bands equivalent to 

QuickBird® only (Blue, Green Red and NIR) using the Jeffries-Matusita index.  

Time constraints did not allow for a post-hoc field-based accuracy assessment of 

emergent vegetation. However, it was possible to do a post hoc assessment for the 

Melaleuca woodland class as training samples had been selected from visual 

interpretation of the high resolution QuickBird® image mosaic (from June-August 

2006). For this purpose a randomised set of 100 points was taken from within the 

woodland map class area, while also restricting the minimum allowable distance 

between points to 100 metres. The incidence of map users’ commission error was 

then measured from these points (in a 25 m buffer area around each point) from 

visual assessment of the overlaid regions onto the high resolution image. The tree 

cover cut-off criteria used to categorise a correct classification was > 20% tree cover. 

2.5 Results  

2.5.1 Image segmentation 

Segmentations from the multi-date composite produced clearer boundaries between 

land features compared to segmentations produced from single-date images of the 

same time series and using similar input parameters. The multi-date segmentation 

also produced a contoured ‘gradient’ pattern considered to be more consistent with 

biophysical features governed by seasonal changes in moisture across topographic 

gradients (Figure 2.5). One-way analysis of variance detected measurable differences 

between the ‘multi-date composite’ and ‘single-date’ segmentations in several 

object-geometry indices (Table 2.5). This confirmed that segmentation-objects from 

the multi-date composite were less jagged (had a reduced border and shape index), 

were rounder and in some cases were more filamentous (had reduced density).  
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Figure 2.5 Two different segmentations (blue lines) derived using equivalent algorithm input parameters for Landsat 5 TM as produced from: a) 
a single-date image (July 2006); and b) the multi-date composite consisting of four images from May to September 2006. The same area of 
floodplain and surrounding woodland is shown for each segmentation as overlaid on a co-registered pan-sharpened QuickBird® image from 
June 2006 (Digital Globe© all rights reserved)  
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Table 2.5 One-way analysis of variance comparing differences in segmentation-
object geometries produced from the multi-date composite and four single-date 
image segmentations (from May to September 2006) produced using similar input 
parameters. Significant differences are indicated by: p<0.0001 = *****, p<0.001 = 
****, p<0.01 = ***, p<0.05 = **, p<0.1 = * and ns = not significant. The direction of the 
observed effect (positive or negative) on the composite segmentation is shown 
under the effect column. SS = Sum of squares of the differences between each 
value and its group mean; MS = mean square / degrees of freedom (d.f.). d.f. = 1 in 
all comparisons. Variables indicated by a ‘1’ were log-transformed to meet ANOVA 
assumptions of normality. 

Geometry 
Variable Image SS MS F ratio p Effect 

(+/-) 
Area1 May 18.6 18.6 17.3 ***** + 

July 34.1 34.1 36.7 ***** + 
August 73.6 73.6 79.0 ***** + 
September 69.6 69.6 76.0 ***** + 

Border Index1 May 4.32 4.32 80.4 ***** - 
July 2.13 2.13 42.8 ***** - 
August 1.45 1.45 29.2 ***** - 
September 0.96 0.96 19.4 ***** - 

Density May 0.08 0.08 0.7 ns 
July 1.04 1.04 10.6 *** - 
August 0.21 0.21 2.1 ns 
September 0.75 0.75 7.7 *** - 

Roundness1 May 0.731 0.731 8.50 *** + 
July 0.896 0.896 11.1 **** + 
August 0.707 0.707 8.9 *** + 
September 1.397 1.397 17.4 ***** + 

Shape index1 May 3.39 3.39 61.6 ***** - 
July 0.93 0.93 18.0 ***** - 
August 0.55 0.55 10.7 *** - 
September 0.18 0.18 3.5 * -

2.5.2 Characterisation of vegetation communities  

The most common floristic assemblages of the Magela Creek floodplain are 

illustrated in Figure 2.6. It should be noted that species evident only during late dry 

and wet season periods (September to February) were not represented in this analysis 

and their relative abundance may vary seasonally. However, as the most abundant 

species in the major assemblages mapped in this study are very similar to the 

generalised descriptions in other studies, direct comparisons can be made  (Finlayson 

et al. 1989; Cowie et al. 2000).  
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Figure 2.6 Relationships between common emergent vegetation assemblages 
identified by cluster analysis and named by the species contributing ≥ 70% of 
vegetation cover. Sample sizes are indicated in brackets. See Appendix 2.4 for 
further details. 

While occurring in all community types, dense, large-area para grass infestations 

were associated mainly with the Pseudoraphis community (at the drier floodplain 

margins) and then Oryza-Eleocharis communities. Para grass was least associated 

with the Leersia, Hymenachne and Nelumbo communities which tend to occur in 

deeper water areas  (Cameron and Lemcke 2003). 

2.5.3 Image classification 

The map produced from multi-temporal Landsat imagery using NNC (Figure 2.7) 

contained 16 map classes representing common dry-season vegetation and non-

vegetation on the Magela Creek floodplain (water, soil, mud). Classes were 

aggregated into 10 vegetation community types, including the high-cover para grass 

class. The map covers the entire floodplain area, including the neighbouring 

floodplain of the East Alligator River (hatched area) and depicts all map classes 

(including subtypes). The hatched region surrounding the river was not sampled by 
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ground surveys and interpretation of the map classes in this region is confused as the 

hydrology and native flora in the area are known to differ to the Magela system. It is 

first to dry out in the seasonally inundated region  (Hunter 2010) and is thought to 

represent the ‘dry’ wetland community types (not sampled in the current study) 

described by Wilson  (1991). These areas were mainly classified as ‘senescent 

Eleocharis and Oryza’ but are more likely to be the ‘drier’ wetland communities 

including Imperata cylindrica and Ischaeum australae grassland and the sedge, 

Cyperus scariosus, observed in this region but not encountered on the Magela 

floodplain surveys. A major para grass infestation at the centre of the floodplain is 

highlighted in the inset box, Figure 2.7 and illustrated in more detail in Figure 2.8  
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Figure 2.7 Vegetation map produced from 2006 dry-season composite of 
Landsat 5 TM showing all map subclasses. The hatched area shows the un-
surveyed floodplain of the East Alligator River, a drier zone classified as ‘areas 
subject to inundation’ by the Geosciences’ Australia 1:25000 Map series (shown in 
Figure 2.1). Inset box shows the densest para grass infestation area on the Magela 
Creek floodplain, detailed in Figure 2.8. 
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Figure 2.8 Map of the high-density para grass infestation of the Magela Creek 
floodplain. Oryza, Eleocharis and Pseudoraphis community sub-classes have been 
aggregated in this illustration. 
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2.5.4 Classification accuracy assessment 

The best overall classification accuracy was achieved by combining Landsat 

information from the dry-season time-series profile in the NNC (Table 2.6). A 

further marginal improvement in accuracy was shown after aggregating subclasses of 

the resulting NNC to vegetation community level, thereby reducing the overall 

number of classes from 16 to 11 (Table 2.7) 
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Table 2.6 Confusion matrix, accuracy and kappa statistics for map classes (rows) derived from the Landsat TM time-series and validation 
samples (columns). Refer to the row-numbers in brackets to cross-reference the class map class code in columns. Pixels are the unit of 
comparison in this matrix.  

Class 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Row 
totals 

(1) Melaleuca spp. 583 0 1 14 0 0 0 0 0 0 0 0 10 0 0 608 

(2) Eleocharis dulcis – dry 0 36 0 0 0 0 0 0 0 0 0 1 1 0 0 38 

(3) Eleocharis spp. – wet 0 0 133 0 1 0 4 11 9 0 0 0 30 0 0 188 

(4) Native hymenachne 1 0 4 796 7 10 0 0 13 15 4 0 38 0 1 889 

(5) Floating mat (Leersia) 0 0 0 9 118 10 0 0 10 0 0 8 2 0 0 157 

(6) Leersia hexandra 1 0 0 0 0 257 0 0 9 2 3 0 0 0 0 272 

(7) Oryza spp. – dry 0 0 0 0 0 0 138 15 5 0 1 21 2 0 1 183 

(8) Oryza spp. – turbid 7 4 3 0 0 0 11 205 0 4 0 2 7 0 12 255 

(9) Oryza spp. – high dense 0 0 3 25 3 3 1 3 492 3 7 0 21 0 0 561 

(10) Oryza spp. – low dense 18 0 0 6 0 0 0 33 0 76 0 0 8 0 0 141 

(11) Para grass 0 0 2 0 0 0 0 0 11 0 519 3 3 0 0 538 

(12) Pseudoraphis – dry 0 19 0 0 0 0 7 0 0 0 5 133 0 0 0 164 

(13) Pseudoraphis – wet 0 0 13 9 0 0 0 8 0 25 0 5 381 0 46 487 

(14) Deep open water 0 0 0 0 0 0 0 0 0 0 0 0 0 254 15 269 

(15) Shallow open water 0 0 0 0 0 0 0 0 0 0 3 0 72 244 233 552 
Colum Totals 610 59 159 859 129 280 161 275 549 125 542 173 578 498 308 5302 

Kappa 0.80 
Overall accuracy (%) 82 
User's accuracy (%) 96 95 71 90 75 94 75 80 88 54 96 81 78 94 42 
Producer's accuracy (%) 96 61 84 93 91 92 86 75 90 61 96 77 66 51 76 
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Table 2.7 Confusion matrix, accuracy and kappa statics for aggregated (vegetation community level) map classes (rows) derived from Landsat 
TM, 2006 dry-season time-series using reserved validation samples (a 50% randomised portion). Segmentation objects are the unit of 
comparison in the matrix. Refer to the row-numbers in brackets to cross-reference the class map class code in columns 

Class 1 2 3 4 5 6 7 8 9 10 Row totals 
(1) Melaleuca spp. 80 1 1 0 0 0 0 4 0 0 86 
(2) Eleocharis spp. – wet 0 31 0 1 1 5 1 7 0 0 46 
(3) Native hymenachne 1 2 120 1 2 4 3 8 0 1 142 
(4) Floating mat (Leersia) 1 0 3 17 0 1 0 0 0 0 22 
(5) Leersia hexandra 1 0 0 0 26 3 0 0 0 0 30 
(6) Oryza spp. – low dense 3 7 5 1 0 209 3 10 0 5 243 
(7) Para grass 0 0 1 0 0 2 115 2 0 0 120 
(8) Pseudoraphis 0 10 2 0 0 10 1 102 0 6 131 
(9) Deep open water 0 0 0 0 0 0 0 0 24 2 26 
(10) Shallow open water 0 0 0 0 0 0 1 7 6 18 32 
Colum Totals 86 51 132 20 29 234 124 141 30 32 879 

Kappa 0.81 
Overall accuracy (%) 84 
User's accuracy (%) 93 67 85 77 87 86 96 78 92 56 
Producer's accuracy (%) 93 61 91 85 90 89 93 72 80 56 
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Compared to single-date classifications (Table 2.8), there was an average increase in 

overall user accuracy of 25% and kappa of 0.28. Increases in map users’ accuracy for 

individual vegetation classes ranged from 10% to 52%. Eleocharis dulcis (dry phase) 

recorded the highest increase in accuracy. Slight decreases in class-specific accuracy 

were recorded from the multi-date classification relative to single-date classifications 

in only two cases, the shallow open water and floating vegetation matt classes  
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Table 2.8 Estimated accuracy (%) and kappa for classifications produced from single-date images versus the combined time series 
classification and the estimated change in accuracy for the combined’ time series classification (+/-) as compared to the average and maximum 
accuracy attained across single-date classifications. 

Landsat classification type Change in accuracy 
Single date 

Combined 
May July Aug. Sept. from 

average 
from 

maximum 
Overall Kappa: 0.46 0.55 0.57 0.52 0.80 0.28 0.23 

Overall accuracy: 51 59 61 56 82 25 21 
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ss
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Oryza spp. – dry 46 18 38 0 75 50 26 

Eleocharis dulcis – dry 8 40 59 67 95 52 16 

Eleocharis spp. – wet 21 28 21 21 71 48 34 

Pseudoraphis – dry 36 76 53 44 81 29 13 

Leersia hexandra 53 58 46 49 94 43 29 

Oryza spp. - low density 18 27 37 26 54 27 20 

Melaleuca spp. 62 74 75 66 96 27 18 

Oryza spp. – turbid 43 46 53 53 80 31 19 

Native hymenachne 63 64 60 65 90 27 20 

Oryza spp. – high density 72 67 60 40 88 28 9 

Para grass 65 81 85 76 96 19 11 

Pseudoraphis – wet 38 35 59 61 78 30 6 

Deep open water 44 87 96 81 94 17 -4

Floating mat (Leersia) 60 79 69 54 75 10 -2

Shallow open water 30 50 58 48 42 -5 -2 C
hapter 2
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Para grass classification producer-accuracy measured by the Tau statistic ranged 

from 0.72 to 0.79 for single-date classifications with the highest reading recorded for 

July, this corresponding also with the highest single-date spectral separability of 1.71 

(Table 2.9). Classification accuracy and spectral separability of para grass improved 

by a factor of 17% and 18% respectively for the multi-date classification treatment 

compared to the average from single-date images. For the four capture times spectral 

separability was highest for the July image. 

Table 2.9 Comparison of producers classification accuracy for para grass 
(represented as the Tau statistic, corrected for chance agreement) and average 
Jeffries-Matusita spectral separability, scaled from values of 0 (low) to 2 (high) for 
both single-date and combined-date classifications’ 

Landsat scene: May July August September Combined 
Tau 0.72 0.79 0.75 0.75 0.92 
Jeffries-Matusita (mean) 1.58 1.71 1.63 1.53 1.98 

There was a general trend in declining vegetation greenness (NDVI) and moisture 

(NDII) across all emergent vegetation classes (Figure 2.9). However, there was also 

an apparent divergence between individual vegetation class spectra as measured by 

these indices. Apart from differentiating phenology between plants over time, the 

divergence in Vegetation Moisture Index is likely also to be indicative of the 

different hydrological conditions (drainage and topography) of the floodplain that 

spatially differentiate these vegetation classes.  
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Figure 2.9 Temporal trajectories of NDVI and NDII for selected wetland map 
classes: Para grass (red); Oryza (green); Eleocharis (blue); Leersia (brown); 
paperbark; and shallow open water (black) as derived from Landsat segmentation 
training sample means. Error bars indicate 99% confidence interval. Points have 
been offset for display. Lines joining points are for general reference only and do not 
necessarily infer a continuous trend.  
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2.6 Discussion 
This study confirmed that the spectral separation and classification accuracy of 

wetland between vegetation communities can be improved by using a temporal (dry-

season) image composite. This classification model assumed that the transitional 

changes within vegetation assemblages (captured by Landsat) were ‘normal’ to the 

overall vegetation assemblage being mapped. That is, the vegetation community 

variations were considered to be within typical influences of seasonal hydrology. It 

was accepted that the seasonal states defining a community can, in some cases, vary 

from vegetative forms to senescent or dormant states; with reduction in above-

ground biomass and increases in bare ground, or growth of new vegetation types. 

While, over the course of each dry-season, the relative timing of these states may 

vary, the range and sequence of the different states is similar and likely to be 

captured in the May to September period.  

It was demonstrated that the inclusion of seasonally and spatially transient vegetation 

states improved overall classification accuracy of broader vegetation assemblages. 

These transitional states relate to both plant phenology and dormancy; and seasonal 

foraging impact on key vegetation resources by Magpie geese and feral pigs. These 

mapped states may also be useful in deriving ecological indicators relating to plant-

animal interactions (e.g. Oryza and Magpie Geese).  

The diagnostic features for some vegetation assemblages can include non-vegetative 

states across a seasonal profile. However, it is also recognised that it may be difficult 

to separate these ‘low-biomass’ states from other vegetation communities that also 

exhibit low biomass throughout the year. For example, annual Oryza and Eleocharis 

communities can make the transition to a Pseudoraphis dominated (low vegetation 
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cover) phase over the dry-season  (Finlayson et al. 1994). Some confusion may 

therefore exist in differentiating between more perennial ‘Pseudoraphis-dominated’ 

areas and these annual vegetation communities in their ‘low-biomass’ phase.  

A caveat for successful application of multi-date imagery for wetland vegetation 

mapping is that selected images be free from immediate episodic disturbance caused, 

for instance, by fire. Fire is a common event on of tropical savannahs, but, because of 

the wetter conditions on floodplains, fire in these environments is most often 

confined to the late dry-season (after September); and in some years fire may not 

occur at all (Landsat unpublished fire-scar data).  

Due to the remote and inaccessible nature of wetland environments in KNP, there 

remain practical limitations to implementing ground surveys to validate the seasonal 

changes in vegetation assemblages on floodplains. In this regard it is recognised that, 

in some cases, uncertainty remains in the identification of some map classes as the 

interpretations were based on retrospective knowledge and did not include repeated 

sampling across the 2006 dry-season. Limitations and idiosyncrasies’ of the sampling 

methods used to train and validate maps, inevitably lead to potential sources of either 

optimistic or conservative bias in statistical estimates of accuracy  (Congalton 1993; 

Verbyla and Hammond 1995; Hammond and Verbyla 1996; Foody 2002). Error 

matrices must therefore be interpreted in this context and in terms of: (i) the methods 

and sampling design used to acquire training data; (ii) the size and spatial extent of 

samples for different map classes; and (iii) the objectives driving the map production 

exercise. As noted in other studies, optimistic bias in map accuracy may have been 

introduced by:  
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a) basing classification on broad homogeneous regions, representative of target

classes; or

b) spatial autocorrelation between samples, when cover classes are sampled

disproportionately relative to their aerial extent  (Hammond and Verbyla

1996).

In the first case it is argued that selection of ‘homogeneous’ target vegetation (or 

surrogate ‘non-vegetation’) was deliberate and considered a necessity for the 

supervised classification, by definition. That is to say samples were selected to 

represent common and distinctive extremes among transient vegetation states, or in 

the case of sampling perennial vegetation such as para grass, successional endpoints 

in the absence of disturbance or competition. The boundaries between some of these 

communities (and in particular the sub-classes that were aggregated) can be 

considered to be temporally ‘fuzzy’, given that it is known that communities are 

usually distributed on a continuum  (Kent et al. 1997). Moreover, as has been noted 

by other authors, spatial margins can vary within and between years with changing 

water depths  (Finlayson et al. 1989). However, it is considered that, by targeting 

dominant dry-season cover classes and transitional states in the map classification, it 

is possible to standardise to a general mapping theme. 

In the second case, b) above, it was considered that spatial autocorrelation was 

minismised by using a randomly surveyed data locations and through random 

division of the segmentation objects (rather than random selection of pixels). 

Because the process of segmentation already merges spatially autocorrelated pixels, 

the potential for validation samples being spatially autocorrelated with training data 

is further reduced. 
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Substantial reduction in classification accuracy can potentially occur from relatively 

small introductions of error from the inclusion of incorrect information in training or 

validation sites  (Foody 2010). In the present case the potential for spatial mismatch 

error was reduced considerably by spatial integration of Landsat imagery with 

accurately registered very-high spatial resolution imagery and geo-referenced field 

data, thus allowing for the accurate selection of training sites from moderate-scale 

data (where such sites might not otherwise be selected with confidence).  

Given the sometimes inextricable spatial link between the distribution of vegetation 

and associated environmental factors, it is difficult to separate the influence of non-

vegetation features to the classification overall result and to measure the error 

contributed from such factors. For instance, the coverage of surface water or bare 

ground, which affects the spectral profile of the land-surface, may also strongly 

correlate with a plants distribution. Spatio-temporal autocorrelation of non-

vegetation factors with target vegetation may improve classification accuracy in 

localised areas but also reduce transferability of the classification model to other 

regions (when similar environmental conditions may persist, but the plant itself does 

not). While such autocorrelation may exhibit an actual (ecological) association with 

species distribution, these non-vegetation factors may also contribute to vegetation 

mis-classification and reduced transferability of the classification method over larger 

areas. This issue requires further investigation.  

Generally, moderate-grain imagery such as Landsat can only map vegetation to 

community level because of scale limitations and the heterogeneous nature of 

vegetation over these scales  (Xie et al. 2008). In this case, however, it has been 

shown that Landsat can be applied to map large areas of para grass as a virtual mono-
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culture. This indicates the large scale at which habitat displacement by para grass has 

occurred on some areas of this wetland (Figure 2.8, above). Ongoing research is 

investigating whether existing para grass infestations are increasing or have reached 

a dynamic equilibrium with biophysical constraints of climate and the floodplain 

landscape. 

2.7 Conclusions 
Multi-date integration of optical remote sensing can enhance the quality of wetland 

vegetation maps produced for dynamic monsoonal environments. In this respect 

Landsat provides a cost-effective tool for mapping (and monitoring) these 

environments at moderate-spatial scales. Large-area swaths of the weed, para grass, 

could also be mapped more accurately using a dry-season image time series. 

Improvements in accuracy can be attributed to the collective spectral differences over 

the dry-season period between perennial and annual vegetation communities 

(e.g. para grass, Hymenachne and Leersia vs Oryza and E. dulcis). Improved spectral 

definition is also likely to result by contrasting vegetation communities that tolerate 

drier states from those which favour moister conditions (e.g. Pseudoraphis, Oryza 

para grass vs Leersia and Hymenachne). Reliable maps can improve management of 

wetland resources in KNP by improving our understanding of wetland habitats, 

native vegetation and aquatic weeds distribution.  
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CHAPTER 3 Object-based image analysis: 
Methods to monitor para grass on 
monsoonal wetlands from high spatial 
resolution satellite imagery 
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3.1 Abstract 
Landscape metrics derived from High Spatial Resolution (HSR) imagery need to be 

accurately classified and at a consistent scale in order to quantify weed distribution 

change. This aim is however complicated in object based image analysis (OBIA) by 

inconsistencies that arise among HSR images in the size and scale of objects used for 

classification. This chapter develops methods to accurately classify para grass from 

HSR satellite imagery at a consistent scale using OBIA. Five images of the same 

42 km2 area, captured at approximate biennial intervals between 2001 and 2010, 

were geometrically co-registered and spectrally calibrated. A novel method to 

standardise the scale of objects generated by multi-resolution segmentation enabled a 

consistent segmentation framework to be applied to each image. The method uses 

regression functions derived between the segmentation scale-factor and the total 

number of objects generated for each image at each image segmentation level.  

Stochastic Gradient Boosting (SGB), a machine learning algorithm, was applied in 

OBIA for supervised classification of para grass. Different sets of SGB models were 

created by limiting: a) the number of variables used in training classifications; and b) 

the training image sources used to train models. These were tested for classification 

accuracy and ruleset transferability.  

Highest classification accuracies were recorded from models using the full suite of 

image training variables as applied to corresponding ‘single-date’ training-source 

images (95.9% ± 1.6 SE; kappa 0.88 ± 0.05 SE; n = 5). However, ‘single-date’ 

models applied to ‘non-source’ images performed poorly (78.9% ± 2.2; kappa 0.17 ± 

0.09 SE; n = 8). Nevertheless, high accuracy was measured for a ‘five-date’ training 

source model applied to associated source images, indicating that the SGB method 
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accounted for the between-image variability without reducing overall accuracy (95.4 

% ± 0.5 SE; kappa 0.88 ± 0.02, n = 5). Results indicate that while single-source 

models are not transferrable, SGB was capable of accounting for between-image 

variability in the wetland environment when multi-temporal training data was 

combined.  

Keywords: Object-based image analysis, OBIA, Local Variance, segmentation scale, 

Stochastic Gradient Boosting, classification, Urochloa mutica, aquatic weeds, 

monsoonal wetlands 

3.2 Introduction 
Landscape metrics used for measuring weed distribution and the factors driving 

change need to be accurate, consistent and repeatable. In this regard metrics are most 

informative, ecologically, if they reliably quantify overall weed cover and spatial 

pattern. Key aspects of image analysis that determine the capacity to deliver 

repeatable landscape metrics of weed cover and pattern are: 1) appropriate choice 

and consistent use of spatial scale; and 2) an accurate classification method. The 

objective therefore becomes to select an appropriate scale that reproduces repeatable 

pattern metrics and to apply a reliable method that maximises classification accuracy. 

Additionally, the nature of the environment and vegetation being monitored will 

influence the performance of different classification methods and may determine the 

best method for optimising accuracy of repeated long-term measurements. In this 

regard the dynamic and variable nature of monsoonal wetland environments presents 

a number of challenges for attaining accurate classification methods to monitor 

weeds by remote sensing. 
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The aim of this study was to develop a consistent object-based classification method 

for monitoring the extent, distribution and density of the aquatic perennial weed, para 

grass (Urochloa mutica) from high spatial resolution optical remote sensing imagery. 

In developing a method that accounts for differences in image quality and the highly 

variable characteristics of wetland environments among years, specific objectives 

were to: 

1) Develop and test a method to reproduce consistent spatial mapping scales across

different images using multi-resolution segmentation; and

2) Test the performance of supervised classification models built from Stochastic

Gradient Boosting (SGB). In this regard objectives were to-

• Test if increasing the temporal range of training samples improved model

performance; and

• Assess the relative importance of object-based spectral, spatial and textural

variables on model performance.

It is of course important to use methods that maximise image classification accuracy 

of weed cover indices. Measurement errors contribute to uncertainty in interpretation 

and ultimately may contribute to incorrect land management decisions. Error 

minimisation is important because errors accumulate or are even propagated in map 

change analysis  (Lunetta 1998; Coppin et al. 2004; Shao and Wu 2008). Ideally, 

image classification methods also need to be transferrable to similar imagery of the 

landscape taken at different times (Coppin et al. 2004).  

Correct application of scale is also critical for deriving reliable metrics of cover and 

pattern. For example, it has been shown that pattern metrics become unstable if 

image grain or chosen minimum mapping unit (MMU) is too large  (Kelly et al. 
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2011). Conversely, if the primary spatial unit used to classify imagery is too small 

classification accuracy can become poor. That is, the smallest scale as inflicted by 

the resolution of the image grain (the pixel) is not necessarily the appropriate scale 

for image classification (Blaschke and Strobl 2001).  

However, in general, the necessary spatial detail required to measure pattern and 

area, including the distribution of small weed patches, is provided by high spatial 

resolution (HSR) satellite sensors  (Madden 2004; Wulder et al. 2004; Shaw 2005b, 

a; Everitt et al. 2007; Laba et al. 2008). This scale, a grain defined from 0.5 to 4 m in 

this study, should therefore be suitable for deriving pattern metrics that inform the 

ecology of weed patch dynamics. Yet, historic HSR image data used in change 

analysis studies can often come from a variety of sources with different spatial 

qualities  (Serra et al. 2003). This can present problems as landscape pattern metrics 

calculated from image data with different scale characteristics will not be directly 

comparable  (Turner et al. 1989). The spatial characteristics of vegetation map data 

used to derive pattern indices are also strongly influenced by the methods applied to 

process and classify data. For example, within object-based image analysis (OBIA) 

the spatial characteristics of data used in classification are directly controlled by 

segmentation procedures that are manually set by the operator (Meinel and Neubert 

2004; Maxwell 2005; Kim et al. 2008; Marpu et al. 2010). Resulting segmentation 

scales are also dependent on intrinsic qualities of the image data (e.g. grain) and 

extrinsic properties of the imaged landscape  (Lübker and Schaab 2008; Dragut et al. 

2009). Processing methods are therefore required to maintain consistency in scales 

used to sample and classify imagery without losing the spatial detail required to 

detect changes in landscape pattern.  
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With HSR imagery discrete features for classification are generally larger than its 

sampling resolution. Also, because features usually have spatially heterogeneous 

spectral reflectance, single pixels will not capture the spectral characteristics of 

classification targets completely  (Strahler et al. 1986). For these reasons the spectral 

variability within target features tends to be increased by HSR imagery  (Strahler et 

al. 1986; Woodcock and Strahler 1987; Aplin 2006). This reduces the statistical 

separability between classes based on measured spectral characteristics  (Carleer et 

al. 2005; Song et al. 2005). Consequently, the accuracy of pixel-based image 

classifiers can often be poor when applied to HSR imagery, typically resulting in a 

‘salt-and-pepper’ effect  (Yu 2006). However, advantages of HRS imagery also stem 

from the spatial detail it contains.  

Features of HSR imagery are readily interpreted by human perception because they 

are at a scale that can be easily linked to identifiable landscape objects (Reinke and 

Jones 2006). Patterns in the arrangement of elements that make up landscape features 

can also be used to identify and classify features. Such patterns are defined over 

multiple spatial scales and by location context, for example individual trees and their 

arrangement define the forest  (Woodcock and Harward 1992). Classification of a 

weed patch might therefore be improved through a ‘top-down’ understanding of the 

location of all weed patches in relation to surrounding features in the immediate or 

regional landscape. Conversely, individual patches might be further identified by 

‘bottom-up’ characteristics such as their finer-scale textural and spectral 

qualities  (Johansen and Phinn 2006; Johansen et al. 2007).  

For these reasons automated classifications are often improved by interrogating the 

multi-scale arrangement of spatial information contained within HRS 
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imagery  (Blaschke and Hay 2001; Bock et al. 2005; Andrew and Ustin 2008; 

Castilla and Hay 2008; Blaschke 2010; Blaschke et al. 2014). Therefore image 

analysis methods are required that can emulate human perception to sample, stratify, 

and analyse information over multiple spatial scales  (Hay et al. 2002). In this regard, 

OBIA technologies continue to develop to take advantage of both the spatial and 

spectral information contained within HSR imagery  (Blaschke and Strobl 2001; 

Blaschke 2010; Blaschke et al. 2014).  

Segmentation is the critical first step of OBIA processing  (Drǎgut et al. 2010). 

Segmentation algorithm(s) partition an image into relatively non-intersecting 

segments. Each segment contains pixels that are relatively homogeneous, spectrally 

and geometrically, compared to the pixels contained in adjoining segments  (Song et 

al. 2005). The expectation is that the algorithm will delineate discrete image objects 

that are semantically useful in classification  (Lang 2008). Instead of pixels, 

segments become the ‘candidate objects’ used to classify landscape features  (Benz 

et al. 2004a).  

Landscape hierarchy theory provides a strong conceptual basis for applying 

multiresolution segmentation for ecologically-based image classification  (Burnett 

and Blaschke 2003). A method known as multi-resolution segmentation enables 

multi-scaled nested representation of landscape features within images  (Lang 2008). 

The hierarchical levels of a segmentation are each a scale-dependent representation 

of similar (homogeneous) segments, that become increasing dissimilar at higher 

spatial scales (levels). Topologically, each image object can be interrelated to its 

neighbours and (within a strict hierarchical framework) to its internal sub-objects or 

surrounding super-objects  (Benz et al. 2004a). However, it is important to realise 
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that the scales chosen in multi-levelled image segmentation do not occur 

independently of human perception  (Lang 2008).  

A methodological debate has arisen on how the segmentation scales can be 

objectively determined to attain accurate classification. Generally, the analyst must 

adjust segmentation algorithm parameters manually to produce image objects of 

acceptable dimensions for accurate classification  (Liu and Xia 2010). However, this 

approach has been criticised as being subjective due to a heavy reliance upon 

intuition and user experience in the choice of parameters  (Meinel and Neubert 2004; 

Maxwell 2005; Kim et al. 2008; Marpu et al. 2010). At the centre of this debate is 

the principle that the segmentation scale can be adjusted to singularly define the 

boundaries of discrete, visually distinct, image objects. Yet landscape features may 

also be classified more accurately when they are also represented at finer spatial 

scales by the spatial structure and spectral information contained in multiple image 

objects  (Benz et al. 2004a). Therefore the challenge becomes how to define 

‘optimal’ segmentation scales for classification when these scales are likely to vary 

with the different sized, shaped, and spatially distributed features  (Hay et al. 2005). 

Attaining consistent resolutions in segmentation is further complicated when 

attempting to apply segmentation across multiple images with different spectral and 

spatial qualities.  

To address the ‘scale’ problem, Drǎgut et al.  (2010) developed a Estimation of Scale 

Parameter (ESP) tool. The tool uses local variance graphs, after Woodcock and 

Strahler  (1987), to reveal the inherent spatial structure of image features. By plotting 

the average rate of change in local variance (ROC-LV) with changing scale 

parameter, the tool estimates scale thresholds at which ‘optimal’ segmentation of the 
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scene occurs. A sudden shift in the ROC-LV with changing scale parameter is 

considered to indicate the scale thresholds at which ‘optimal’ segmentation occurs. 

When these thresholds are applied in segmentation they tend to delineate the 

predominant objects apparent in the scene and minimise the degree of under-

segmentation or over-segmentation. Because predominant image objects may range 

in spatial scales, various change thresholds may also be represented in this process. 

The authors contend that this method provides an objective way to estimate 

appropriate scale parameters for segmentation. 

This approach is useful for estimating segmentation scales that best delineate 

dominant features within any particular image  (Drăguţ et al. 2014). However, it does 

not necessarily answer the question as to what scale threshold(s) are optimal for 

classifying specific target features  (Anders et al. 2011). Because the ESP approach 

estimates the scales that define dominant spatial structure in an image, it may not 

discern scales required to delineate less common object features. This may include 

the scales required to segregate the internal spatial structure of target features that 

may further contribute to distinguishing them. This is because the scale thresholds 

detected by ESP represent dominant scale image objects at the level of the scene, not 

individual classes. It is also questioned whether the ESP method, alone, is suited for 

monitoring weeds across multiple independent images at a consistent measurement 

scale. In this regard it has been shown that consistent scale in the choice of minimum 

measurement unit is important for monitoring actual change in spatial metrics.  

Methods that use OBIA present opportunities for improved classification accuracy of 

spatially complex HSR imagery. However, it also presents significant challenges as 

to how to best structure and analyse imagery for consistent monitoring. Knowledge 
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based classification methods are required that have the capacity to interrogate 

complex multivariate data relating to multi-scale representation of image objects. 

Ideally, classification models also need to be transferrable for repeated classification 

of independent images representing the same environment.  
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3.3 Methods 

3.3.1 Site description 

The study site was a 64 km2 area of the Magela Creek floodplain, within Kakadu 

National Park, Northern Territory, Australia (Figure 3.1). Located within the 

monsoonal tropics, this region has a distinct wet-dry climatic cycle. Climate, soils, 

low-relief topography, and geomorphology are typical of other coastal wetlands of 

the Top End region.  

Figure 3.1 Location of the 64 km2 study area on the Magela Creek floodplain, East 
Alligator River.  
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Different vegetation types of monsoonal wetlands can have particular spectral 

attributes that enable them to be identified by remote sensing. These attributes do, 

however, vary in response to seasonal conditions. The spatio-temporal factors likely 

to influence spectral characteristics within and among different wetland cover types 

include seasonal hydrology, fire disturbance and interannual variation in the timing, 

magnitude and duration of the rainy season.  

3.3.2 Datasets and pre-processing 

Five HSR optical satellite images were used in this study– taken from IKONOS®, 

QuickBird®, and WorldView II® sensors (Appendix 3.1). These sensors share 

similar spectral bands. Spatial resolution ranged between sensors from 0.5 to 1 m in 

the panchromatic band and 4 to 2.5 m in the multispectral bands. Spatial pre-

processing qualities also varied between images. In particular, some images had been 

pan-sharpened while others had not. The images were captured for the same area but 

in different years from 2001 to 2010. Acquisitions occurred in the dry season period 

from May 15th to July 24th. Images were geometrically co-registered to the 2006 pan-

sharpened QuickBird® mosaic. This image warping process used nearest-neighbour 

re-sampling in combination with triangulation and RST (rotation, scaling and 

translation) in ENVI®. At least 30 ground control points were selected by eye from 

each image co-registration. 

Atmospheric correction procedures were also applied to reduce the error in the 

estimation of relative reflectance between images  (Song et al. 2001). To do this, 

images were first converted to top-of-atmosphere (ToA) radiance using the ENVI® 

sensor calibration utilities. Surface reflectance images were then estimated by 

applying the ENVI® FLAASH model  (ITT-Visual-Information-Solutions 2009) to 
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each ToA image. The UNB-Pan-sharpened image bands (2006 and 2008 images) 

were treated as their equivalent multispectral band in these calculations. 

Relative radiometric calibration (RRC) was also applied (Appendix 3.2). This 

procedure uses linear regression functions derived for each band between 

uncalibrated-image and reference-image values and as sampled from common 

pseudo-invariant targets as described in detail by de Vries, et al.  (2007). The RRC 

could not be applied in two images due to insufficient coverage of invariant targets. 

A summary of all standardisation procedures, including the application of 

segmentation (following Section) is provided in Table 3.1.  

Table 3.1 Summary of image pre-processing applied to five datasets (2001-2010). Y 
= yes the procedure was applied; N = No the procedure was not applied; Ref = 
image used as baseline-reference from which to calibrate other images to; (MS) = 
applied to multispectral dataset only (pan band provided in target format). na = Not 
applicable (images already at 0.6m resolution).  

Procedure 
Dataset Year Name 

2001 2004 2006 2008 2010 

Geometric Co-registration Y Y Ref Y Y 

Pixel-resampling to common 0.6m Y Y (MS) na na Y 

Radiometric correction (FLAASH) Y Y Y Y Y 

Relative Radiometric Calibration Y N Y N Ref 

Segmentation Scale-factor 
Standardisation  Y Y Ref Y Y 

The purpose of radiometric calibration procedures was to improve transferability 

between images in the rules used for classification. However, some inconsistencies 

arose in the application of calibrations. For example, relative radiometric calibration 

(Appendix 3.2) could only be applied to three of the 5 images because of limited 

coverage of invariant targets. Also the FLASSH calibration procedure was not 

recommended for pansharpened datasets (ITT-Visual-Information-Solutions 2009). It 

is uncertain to what degree these inconsistencies contributed error in the comparison 
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of vegetation spectral characteristics between images. Although this is not likely to 

affect the classification accuracy of images from which training data was sourced, it 

could potentially reduce transferability of these supervised classification (SGB) 

rulesets (Song et al. 2001). 

3.3.3 Image Segmentations 

Multiresolution segmentation (Trimble eCognition® Developer), applied in this 

study, is a region-growing algorithm that begins with single pixel-objects. Processing 

is recursive and neighbouring image objects are merged into larger objects in a 

pairwise fashion, iteratively. This aggregation process terminates when an upper 

heterogeneity threshold is met between an object and each of its neighbours  (Benz et 

al. 2004a). These thresholds are set by the analyst. Quantitatively, they are based on 

the local spectral and geometric heterogeneity between adjacent objects  (Yu 2006). 

The average size of final objects is primarily governed by the scale-factor setting, 

where a larger number results in larger segmentation objects with greater internal 

heterogeneity  (Baatz and Schape 2000). The relative emphases of spectral and 

geometric criteria on segmentation are also influenced by settings for colour, image-

band weighting, shape, and compactness parameters. 

Technically, an image is described as being ‘over-segmented’ when discrete 

landscape features are each represented by multiple image segments. Conversely, 

under-segmentation occurs when a single image segment overlaps with multiple 

landscape features. Generally, a certain amount of over-segmentation is acceptable 

for classification purposes as single objects can be the aggregate units for the image 

classification  (Marpu et al. 2010). However, under-segmentation is unwanted as it 
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causes large classification errors and statistical miss-representation of target 

classes  (Song et al. 2005). 

A six-level image-object hierarchy was developed for the site area from the 2006 

image by a bottom-up segmentation approach. The chosen scales of resulting objects 

were used as the target reference against which segmentation of remaining images 

(2002, 2004, 2008 and 2010) were standardised. The parameters and scales chosen 

from the 2006 image segmentation for the wetland site were determined by trial and 

error and careful inspection of the segmentation results by-eye. The following 

criteria for selecting appropriate parameters were:  

a) The boundaries of discrete para grass vegetation patches were distinctly

defined by resulting objects observed clearly at higher segmentation

levels (levels 3 to 6);

b) The smallest segmentation scale (level 1) represented the minimum

textural grain of discrete vegetation patches definable by the grain of

images;

c) The object scale chosen for classification (level 2) was considered to

represent the minimum mapping unit (MMU), that is a spatial scale

suitable for the reliable detection of small para grass patches from HSR

imagery; and

d) The multiple segmentations levels together represented a scaled hierarchy

of landscape objects and feature sub-objects.

Adjusting the parameters for the 2006 image involved systematic and iterative 

manipulation of the band-layer weights and scale-factor. For consistency, shape and 

compactness factors were kept constant in all segmentations, including values 
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applied to other images. The shape factor was set at a low value of 0.1 to maximise 

the influence of spectral bands on segmentations. The compactness factor was kept 

at 0.8. Band-weight configurations were adjusted repeatedly until an acceptable 

segmentation result was attained (i.e. point ‘a’, above). The preferred band-weight 

configuration was kept constant across all segmentation scales and images. Final 

band weightings and other segmentation parameters that were kept constant across 

all image segmentations are summarised in Table 3.2. 

Table 3.2 Multiresolution segmentation band weights and the composition of 
homogeneity criteria applied to each of the five images in eCognition®. Pan, Blue, 
Green, Red, and Near-infrared bands are referred to respectively as P, B, G, R and 
NIR; na = not applicable.  

Level Dataset Image type 
Band weight 

P B G R NIR 

1 

IKONOS 2001 

Panchromatic 1 0 0 0 0 QuickBird 2004 

Worldview-2 2010 

QuickBird 2006 
Pan-sharpened na 2 10 6 14 

QuickBird 2008 

2 to 6 All Images Pan-sharpened and 
multispectral  0 2 10 6 14 

Composition of homogeneity criteria: 

Shape 0.1 

Compactness 0.8 

Segmentation standardisation functions were then derived for each image by non-

linear regression between the segmentation scale-factor and the number of generated 

objects (Figure 3.2). To reduce processing time in this step a smaller subset (130 ha) 

of the total site area was used for these segmentation trials, hereafter referred to as 

‘test images’. The test image area was visually selected to represent major landscape 

and geomorphic features from both wetland and surrounding terrestrial woodland. 

From this perspective the spatial scales of the major structural features represented 

on the test-image site were deemed to be relatively similar over the ten-year 
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timeframe, regardless of vegetation composition (i.e. the mosaics of woodland, 

wetland, channels, and vegetation patches). Input data were generated by iterative 

segmentation of the test area where the scale-factor was increased incrementally. A 

separate set of standardisation curves was generated for the initial pixel-based 

segmentation (Level 1), and for the first object-based segmentation (Level 2). This 

was done because the scale-factors set at the initial segmentation level directly affect 

the scale of segmentations created above them. Hence, the Level 2 curves were 

derived only once the correct scale-factors for the pixel-based segmentation had been 

applied to the images. The Level 2 curves were used to derive scale standards to 

segmentations levels 2 to 6. 
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Figure 3.2 Steps involved in standardised image segmentation. A chosen 2006 
image segmentation provided the target number of objects (i.e. scales) to which 
other site images were standardised. Regression relationships between scale-factor 
and the number of generated objects were then calculated for each site image. The 
target numbers of objects, at each level in the object-hierarchy, were then 
substituted in regression functions for each image to predict the scale-factors 
required for standardisation over all images.  

Object-size statistics, for standardised and non-standardised segmentations were 

calculated and compared graphically against those produced for the reference 

segmentation (2006 image). Statistics included the mean and median, the 25 to 75 
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percentile and non-outlier range. The non-outlier range of the distributions was 

measured in Statistica® using a standard outlier coefficient of 1. This provided a 

basis to assess the effectiveness of the standardised scaling procedure. 

Non-standardised segmentations were defined as the segmentation result produced 

using the original reference image scale parameters as applied to non-reference 

images. The effect of the scale-factor corrections on segmentation consistency was 

similarly assessed by comparing local variances (LV) of resulting segmentation 

objects, Equation 3.1  (Drǎgut et al. 2010).  

𝐿𝐿𝐿𝐿𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆  =  
∑ 𝑆𝑆𝑆𝑆𝑆𝑆
𝑖𝑖
𝑛𝑛

Where LV is the average local variance calculated for all objects in a 

segmentation at the scene level; defined by the average standard deviation 

(SD) of all segmentation objects (n) in the whole image at a particular 

segmentation scale 

The LV statistics were calculated for each image from a series of 30 segmentations 

produced from single increments in scale-factor from 1 to 30. This was done the 

Level 1 pixel-based segmentations only. Then the relative rate of change in local 

variance (RROC in LV) across each segmentation scale series was calculated for each 

test image (Equation 3.2). 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑖𝑖𝑛𝑛 𝐿𝐿𝐿𝐿 = ((L-(L-1)/Sum LV for series)*100 

Where RROC in LV is the relative rate of change in LV as measured in 

relation to the total scale series; L is LV at a segmentation scale n, and L-1 is 

LV measured at the next lower segmentation level (n-1) 

[Equation 3.2] 
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3.3.4 Training and validation samples 

The scale of image objects produced at segmentation Level 2 was considered suitable 

as a minimum mapping unit (MMU) for detecting para grass reliably. Hence, this 

scale level was used as the primary spatial sampling unit for all classifications. 

Summary statistics for the size of Level 2 objects sampled for para grass and other 

land features are reported in results.  

Level 2 sample objects for class training and validation were selected from images 

directly by-eye across all wetland cover types as determined from georeferenced 

field survey datasets from 2003 to 2010 types  (Boyden et al. 2013). The sample 

objects were identified by cross-referencing them with georeferenced field site 

coordinates, notes and photos. Pan-sharpened, true-colour, and false-colour image 

composites of each image were used to aid in sample interpretation. Temporally, 

coincident ground truth data for some images was limited (i.e. 2001). In these cases 

visual interpretation of samples was validated using spatially coincident ground data 

collected from earlier and later times as summarised in the previous Chapter, 

Table 2.3. This information, in conjunction with common vegetation patterns 

represented on other images and at the scales of ground surveys, provided a basis for 

the selection of image samples. The sampled land cover types are listed in Table 3.3. 
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Table 3.3 Landscape cover types surveyed on the Magela Creek floodplain and 
sampled for classification training and validation from all HSR image sources using 
georeferenced field data. Class descriptions adapted from Boyden et al. (2013).  

Model Training 
Class Sampled cover types 

Para grass Urochloa mutica: dense cover, near mono-culture - wet and dry 
phases 

Non- 
para grass 

Native perennial grasses and floating vegetation mats: Dense 
vegetative cover dominated by Hymenachne acutigluma or Leersia 
hexandra 

Annual grasses and sparse native perennial grasses, and 
ephemeral sedges: Oryza meriondalis, Pseudoraphis spinecens 
and E. dulcis (native rice, mud-grass, and water chestnut) 

Non-floodplain grasses and bare ground 

Sedges: dense vegetative cover of perennial and ephemeral 
sedges (e.g. Eleocharis sphacelata and E. dulcis )  

Open water Lilies dominated by Nymphaea or Nymphoides spp. 

Nelumbo nucifera (red lily) 

Melaleuca (paperbark trees) 

Deeper open water with no emergent vegetation cover 

The Level 2 sample objects from each image were randomly divided into equal 

proportions for class training and validation. Larger, Level 6 objects were the strata 

used to randomise and segregate the nested Level 2 samples. This randomisation step 

was performed in ArcMap ver. 9.3 with Hawth’s tools (Beyer 2004) using shapefiles 

of the image segmentations imported from eCognition. Randomisation on large-scale 

image objects is recommended to reduce the potential for spatial dependence 

between training and validation datasets, thus reducing potential bias in accuracy 

assessment  (Hammond and Verbyla 1996; Foody 2002; Debba et al. 2008).  

3.3.5 Deriving classification predictor-variables  

Altogether over 300 OBIA variables could be derived with varying potential for the 

level-2 classification. Normalised spectral indices considered useful for separating 
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between green and senescent vegetation, soil background, and moisture levels were 

calculated and included in this array of variables (Table 3.4).  

 Table 3.4 Spectral indices used as inputs to classification models 

Short 
name 

Name Formulae Citation 

NDVI 
Normalised 
Difference 
Vegetation Indices 

(NIR–Red(NIR + Red) (Rouse et al. 1973) 

EVI AVHRR Enhanced 
Vegetation Index 

2.5*[(NIR-Red(NIR+6*Red-
7.5*Blue-1)] (Huete et al. 2002) 

BNDVI Blue NDVI ([Mean NIR]-[Mean Blue]([Mean 
NIR]+[Mean Blue]) (Yang et al. 2006) 

GNDVI Green NDVI 
([Mean NIR]-
 [Mean Green]([Mean NIR]+[Mean
 Green]) 

(Yang et al. 2006) 

Redness Redness Index ([Mean Red]-[Mean Green]([Mean 
Red]+[Mean Green]) (Pickup et al. 1993) 

For reasons of processing logistics and variable redundancy, applying the full suite of 

variables to build all classification models in the time series was impractical. 

However, an advantage of the SGB modelling procedure for exploratory analysis is 

its capacity to rationalise the list of potential predictor variables by ranking variables 

in accordance to ‘importance’ in the classification. A trial SGB classification was 

therefore conducted once with the full suite of predictor variables on the 2006 image. 

Using the ranked variables resulting from this trial, a series of four SGB models were 

then produced each with a larger number of variables, in series from the most 

important to least important variable. Then, the accuracy of the each classification 

model was compared graphically (Appendix 3.3) from which it was possible to 

determine a reduced list of 139 variables that produced optimal accuracy. This 

reduced list of variables was then sub-divided into three categories for the purposes 

of evaluating the performance of different variable types (Table 3.5).  
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Table 3.5 Predictor-variable groups derived from Level 2 objects and used in 
classification model tests. Variables with an asterisk were omitted from subsequent 
model testing after the variable scoping trial 

Training variable 
category 

Variable type 
description 

Examples 

Basic Level 2 
Objects 

Layer-Statistics for 
basic objects 

Mean, standard deviation, and *skewness for 
each L2 object 

Relationships to 
neighbours Mean difference to L2 neighbours 

Spectral Indices 

Band Ratios, Vegetation Indices, Brightness, 
and Maximum difference, and the derivate 
calculations from object interrelationships, 
above 

Object geometry 
Level 2 object extent and shape indices and 
their relationship to super-objects (e.g. relative 
area to super-object) 

Hierarchical 
relationships 
between the 
multi-resolution 
segmentation and 
Level 2 objects  

Relationships to 
super-objects 

Ratio to super-object (repeated for levels 3 to 
6) 

*Relationships to
scene

The mean difference of object spectral values 
at a particular size-level relative to the value of 
the whole-scene mean  

Object-based 
texture Based on sub-objects 

Texture Layers 

Texture layer indices were calculated in ENVI ver. 4.8 using a 3 x 3 
pixel (3.24m2) co-occurrence filter with a 1 pixel (0.36m2) 
offset  (Excelis 2010). These data were added as separate layers in 
the eCognition® projects. Texture indices were then summarised 
from the segmentation framework and tested in modelling as an 
additional input variable set 

3.3.6 Classification by stochastic gradient boosting  

The machine learning algorithm, Stochastic Gradient Boosting (SGB), was applied in 

Statistica ver. 11 to derive the different classification models tested. Several remote 

sensing studies have applied SGB to deliver high classification accuracy  (McIver 

and Friedl 2002; Lawrence et al. 2004; Baker et al. 2007; Zhu 2011). However, SGB 

has not yet been trialled in object-based image analysis as far as I am aware. SGB 

algorithm has not been integrated with the propriety OBIA software program, 

eCognition®, and this could be an obstacle in preventing its wider use in OBIA. 

Nevertheless, the algorithm is widely available through open source software such as 

R or proprietary statistical data mining software (e.g. Statistica®).  
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The SGB algorithm recursively builds an ensemble or ‘grove’ of many independent 

Classification And Regression Trees (CART) then combines them in a single 

classification model  (Friedman 2001, 2002). The process uses statistical bagging and 

boosting methods to optimise classification tree rules from training data  (Friedman 

et al. 2000; Friedman 2002). Bagging, also known as bootstrap aggregation, refers to 

the process of repeated, random selection of a separate subset of data to train each 

separate CART model  (Kim et al. 2003). Boosting refers to an additional process for 

the weighted selection of each new training data subset taken after each CART 

iteration. The adaptive weighting process uses an updated probability distribution of 

samples calculated from the residual error determined in the last model iteration. It 

places more weight on samples that were classified poorly in previous 

iterations  (Kim et al. 2003). By also applying the bagging procedure, the SGB 

method is resistant to model over-fitting  (Lawrence et al. 2004; Elith et al. 2008). 

The SGB method is also considered to be resilient to errors arising from inaccurate 

training data, outliers and unbalanced sample data, because it is non-parametric and 

does not rely on the assumption of normal distribution in data  (Lu and Weng 2007; 

Andrew and Ustin 2008). Compared to some other machine learning techniques and 

the basic CART method, classification accuracies have generally been shown to be 

superior using SGB  (DeFries and Chan 2000; Friedman et al. 2000; Chan et al. 

2001; Elith et al. 2008).  

In the binary SGB classification system developed, the ‘non-para grass’ class 

represented and was trained by a pooled sample of all landscape cover types that 

were not para grass. In this context it is emphasised that the SGB method has been 

demonstrated to optimise rules that differentiate between different classes with high 

variability and overlapping distributions among class predictor variables  (Kim et al. 
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2003; Lawrence et al. 2004). Although, a multi-class SGB models could have been 

trained to represent each land cover class, the binary para grass models were more 

practical for the current study as processing time was much faster. 

An array of SGB models were tested to assess the relative importance on 

classification performance of 1) the source of image training data (that varied in 

time); and 2) different of OBIA predictor variables, specifically, spatial context 

versus basic spectral information sets. Training sample sources (i.e. image years 

2001, 2004, 2006, 2008 and 2010) and three predictor-variable sets were variously 

manipulated to create a total of 21 SGB models. These models were categorised and 

built using the following training sample combinations:  

a) Five single-date models (trained from samples derived specifically to each

image);

b) Multi-date ‘A’ (a model generated from training samples derived

proportionally across all five image dates);

c) Multi-date ‘B’ (a model built from training samples derived proportionally

from three images - 2001, 2006, and 2010). These three images were selected

because a relative radiometric calibration procedure had been successfully

applied to normalise them to the image considered to be of best optical

quality (WorldView 2010).

Selecting training samples for the ‘multi-date’ models involve a sub-sampling 

procedure to ensure equal representation of class-samples across the 

single image / date sources. The sample pool for each image and class was sub-

sampled, randomly, such that the number of selected samples equalled the minimum 

number for that class across all image sample sets (e.g. see Table 3.6). Sub-samples 
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for each image and vegetation class were then combined as input to build the multi-

date models.  

Note that the temporal variability of vegetation spectral attributes may limit the 

transferability of classification rules derived from image-training data taken from 

single points in time. Therefore, in order to produce more transferrable classification 

rules, it may be necessary to account for this variability in classification models. In 

this study this option was tested by incorporating calibrated image training 

information from multiple times into a single image classification models and then 

comparing accuracy of resulting models.  
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Table 3.6 An example of the sub-sampling method for selecting an equal proportion 
of samples for multi-date models from single-image sources. The asterisk shows the 
minimum number of sample objects measured across the three single-image 
sources. Image sets with a larger number of samples were randomly sub-sampled 
according to the estimated proportion required to reach the ‘minimum’ target*.  

Image Sample 
Sources  

Total Samples 
per image 
source for 
cover class 

(e.g. para grass) 

Proportion of 
samples 
based on 

minimum (*) 

Percentage 
of samples 

sub-sampled 

Number of 
selected 
training 

samples for 
cover class 

IKONOS 2001 *1165 1165 / 1165 100 1165 

QuickBird 2006 4757 1165 / 4757 24 1165 

WorldView 2010 13504 1165 / 13504 9 1165 

Total: 3495 

Nested within the above models, separate model predictor-variable sets were 

generated from the following three groups of selected variables (see Appendix 3.4 

for complete lists): 

a) Simple Level 2 object information only (29 variables);

b) Hierarchical context information for Level 2 objects (50 variables) + (a),

above; and

c) Pixel-based texture, after Haralick (60 variables) + (a) + (b), above.

For each image, model input variable tables and shapefiles (level 2 objects) were 

generated in eCognition®. Georeferenced coordinate fields (x, y) were linked to 

rows (objects) of both input variables and the shapefile attribute tables to enable 

classification model results to be correctly indexed back to each shapefile. 

The SGB parameters applied to all classification models are summarised in 

Table 3.7. As recommended by Elith et al.  (2008), the model learning rate was 

adjusted to optimise predictive accuracy of each model whilst avoiding model over-

fitting. If over-fitting was detected, indicated by an increase in predictive deviance 

with increasing number of tree iterations, learning rate was reduced. This adjustment 
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was repeated until no overfitting was detected within after the target number of tree 

iterations. This target was constrained by Statistica® processing limits (i.e. 4999 tree 

training iterations).  

Table 3.7 Parameter settings used for the SGB algorithm applied in 
Statistica® version 10.  

Target tree Iteration range: 4900 - 4999 

Learning Rate Range: 0.01 to 0.1 

Stopping Parameters related to tree complexity (n = number): 

Minimum 
n cases 

Minimum n 
cases in 

child-node 

Maximum n 
tree levels 

Maximum n 
tree nodes 

30 30 32 15 

Random validation data 
proportion: 0.3 

Subsample Proportion: 0.5 
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3.3.7 Classification accuracy assessment and model 
evaluations 

The relative performance of different classification models was tested by comparing 

their accuracy and transferability in relation to three different predictor-variable 

groups and image training data sources. Classification accuracies were estimated 

from confusion matrices produced between each image classification and associated 

validation samples. These calculations were conducted on a per-pixel scale from the 

clustered validation samples (level 2 objects). Overall accuracy and kappa statistics 

were then summarised for each classification from these calculations.  

A paired t-test was then used to compare the effect of the different training-sample 

and predictor-variable subsets. The Kappa measurement was used because it has 

been shown to be the more robust than simple accuracy for comparing different 

classifiers, and has the added advantage of being statistically testable against a 

normal distribution  (Fitzgerald and Lees 1994). In addition, the distribution of para 

grass commission error across the ‘non-para grass’ sub-class validation samples 

(listed in table 3.5) was plotted for the two best performing models (for training-

source classifications). This allowed para grass classification accuracy within 

different native vegetation types to be compared. 

With the exception of the Multi-date B model, classification accuracy results were 

summarised for each model type, according to if the output had been created from 

training-source images (referred to as ‘source’ images) or not (‘non-source’ images). 

In the case of the Multi-date B model, results were also summarised as an average of 

all non-source and source images (Figure 3.3). Summary statistics for the different 

models (and image sources) were according to means and associated standard error.  
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Figure 3.3 Illustration of how the three groups of classifications models were 
evaluated by accuracy measured from validation data taken from ‘training source’, 
‘non-source’ and ‘mixed’ (source / non-source) images. For single-date models, 
‘source’ image classifications were summarised for all possible images, while ‘non-
source’ classifications were summarised for only two single-date models, 2006 and 
2010. 

Outputs from the optimal models, including crisp classification and the conditional 

probability of para grass, were mapped. Conditional probability is the proportional 

value given between 0 and 1 to represent the relative expectation that a sampled 

object is, or is not, para grass. This value is based on bounds of the discrete 

probability space (i.e. the conditions of the sample population) 

(Grimmett and Stirzaker 2001; Leon-Garcia 1989). 
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3.4 Results and discussion 

3.4.1 Image Segmentations  

Compared to the reference segmentation (2006), the segmentation resolutions of 

remaining images were remarkably inconsistent when similar scale parameters were 

applied (Figure 3.4). Between-image differences in spatial resolution contribute to 

large differences in segmentation resolution. It has been estimated, for example, that 

the scale-factor needs to be approximately doubled to achieve a similar segmentation 

result from similar imagery of half the spatial resolution  (Walker and Blaschke 

2008). In this study, the scale-factor of the 0.6 m resolution QuickBird (2006) was 

almost triple that for the equivalent 1.0 m resolution IKONOS image in order to 

attain a similar segmentations result. However, there also remained a scale factor 

difference of about one third in order to attain a similar segmentation scale, even 

when resolution and pre-processing steps were identical between the different images 

(e.g. 2006 vs 2008 images). It is suspected that this difference may be attributed to 

both spectral and spatial pattern differences of land cover features cover at the two 

different image acquisition times. 
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Figure 3.4 Scale-factor standardisation curves generated from each test image for 
initial (pixel-based) segmentations. In this example a suitable scale-factor (red 
arrow) was derived for the IKONOS image by substituting the target number of 
objects (blue arrow) into the regression function for the IKONOS image. The generic 
structure of formulae is shown. This rational equation template, determined to 
provide the best fit in SigmaPlot® version 12, was used to derive specific equations 
for each curve (where y = number of objects, x = scale-factor, and a to g are the 
constants calculated for each curve).  

Scale-factors chosen using the standardisation procedure are summarised in 

Table 3.8. Objects-size distributions were remarkably similar to the reference 

segmentations when scale-factors adjustments were applied the across all 

segmentation hierarchy levels (Figure 3.5). 
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Table 3.8 Scale parameter settings applied in the multi-resolution segmentations to 
each image and level in the segmentation hierarchy; adjusted to produce 
approximately the same number of objects relative to the number of objects 
produced by fixed scale settings of the reference image (QuickBird 2006).  

Segmentation 
Level 

Image Dataset 
IK 2001 QB 2004 *QB 2006 QB 2008 WV 2010 

1 4.9 12.2 15 9.8 9.6 
2 17.7 24.0 30 20.4 21.0 
3 58.6 72.5 80 56.4 60.3 
4 75.6 91.7 100 70.4 76.0 
5 149.1 173.1 180 129.5 141.4 
6 672.5 781.2 700 501.9 592.1 

Figure 3.5 The area of objects in pixels produced at each segmentation level for 
each image (2001, 2004, 2008, 2010), before and after applying image-specific 
scale-factor adjustments and compared with objects of the 2006 reference image 
(Ref. on x axis). Note 1 pixel = 0.36 m2. 
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The response curves generated between scale-factor and the Relative Rate of Change 

in Local Variance (RROC-LV) differed substantially between the spatially 

coincident images (Figure 3.6). The peak in the RROC-LV response varied from a 

scale-factor of about 6 (2010 WorldView 2) to 12 (2006 QuickBird). It is interesting 

that a similar relative position on the response curve was emulated by three of the 

four predicted scale-factors compared to the position on the reference curve. 

However, this was not the case for the IKONOS image. It is suggested that the larger 

pixel size of IKONOS may have cause this effect. Although the IKONOS image 

produced a similar number of objects in the standardised segmentation, a larger 

number of these object appeared to be over-segmented in relative terms at this 

segmentation level. 

Figure 3.6 Response curves for RROC-LV, (Equation 2) for each test image across 
segmentation scale-factors 1 to 30, measured from the pixel level segmentation 
(Level 1); and the relative position on these curves of the scale-factors predicted by 
the scale-standardisation method to attain similar a similar scale chosen for 
**reference image. 
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The different HSR datasets available in this study varied substantially in spatial grain 

and spectral pre-processing characteristics. However it has been demonstrated that 

his problem was largely overcome by applying the segmentation standardisation 

from which a relatively consistent scale and MMU was derived among the different 

image datasets. 

3.4.2 Training and validation samples 

The area and scale characteristics of sampled para grass and other landscape features 

are summarised in Figure 3.7. Sample objects used to train para grass (as derived 

from the level 2 segmentations) had a mean area of 16.3 m2 ± 14.3 SD, a scale 

considered suitable as the MMU for mapping smaller para grass patches. The 

characteristic areas of sample objects varied between landscape classes as 

determined by differences in the relative spectral homogeneity of sampled features in 

space. However, to some degree, differences in the sample area and total number of 

object samples reflect how commonly each cover type was encountered at the scale 

represented by in field surveys. The spatial distribution of para grass and non-para 

grass samples from each image is summarised in Appendix 3.4.  
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Figure 3.7 a) Mean total area (ha) sampled from each image (n = 6) for each 
wetland cover class (Table 3.3) used in the classification of para grass vs non-para 
grass; and b) mean area of class sample objects (m2) used to train and validate 
para grass classifications. Error bars are ± SE.  

3.4.3 Classification accuracy assessment and model 
evaluations 

The relative performance of the various classification model sets is summarised in 

Figure 3.8. ‘Single-date’ models performed well with accuracies ranging from 93-

98% (Kappa, 0.77-0.95) across all input-variable sets. The lowest kappa statistic was 

produced from the 2001 model. Some inconsistencies that may have contributed to 

lower accuracy in this case: Coarser spatial scale of the IKONOS image data; and 

possibly higher errors in training samples (see methods). Single-date models with the 

full suite of 139 input variables delivered highest accuracies (95.9% ± 1.6 SE; kappa 

0.88 ± 0.05 SE; n = 5, see Appendix 3.6 for accuracy statistics table).  
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Figure 3.8 a) Mean overall accuracy; and b) kappa as measured for image 
classifications produced from models using different training sample sources 
(Single-date, Multi-date ‘A’ and Multi-date ‘B’) and input-variable sets. The results 
are summarised according to training source and non-source classifications and (in 
the case of Multi-date-model ‘B’ only) combined source non-source classifications. 

Transferability to non-source images was poor for both single-date models and the 

Multi-date B (3-date training set) model, with most outputs recording a kappa of 

below 0.50. The rationale for testing the 3-date training set (model B) against non-

source datasets was that model robustness (ability to transfer models to the 

independent images) may improve by increasing the number of temporal samples in 

the models. However, there was no statistical evidence of improved kappa or 

a) 

b)
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accuracy (relative to comparable outputs from single-date models) when this model 

was applied to the two available non-source images. Inherently high variability in 

wetland vegetation characteristics and environment may confound development of 

transferrable classification methods for inter-annual weed monitoring.  

The multi-date training set models were built by independent representation of class 

samples across single-date images. The assumption was that model transference to 

non-source images would improve though increasing the number of temporal 

samples. A definitive improvement in independent ‘non-source’ classifications was 

not demonstrated. However, the relatively high retention of accuracy (and kappa) in 

the ‘source’ image classifications produced from the integrated (Multi-date A) model 

is an encouraging result. When comparing the highest performing Model A (‘texture’ 

variable subset) against its single-date model equivalents only a small reduction in 

kappa was detected (mean difference = 0.03, assuming equal variances, t = 6.71, 

d.f. = 4, p<0.001).

This relatively small reduction suggests that repeatable para grass classification was 

still feasible in a single-date model despite expanding the variance of the sample set 

to represent different states of wetland vegetation over time. The small accuracy 

reduction, in this case, cannot be simply attributed to increased variance as there 

were at least two factors that may have influenced performance. Firstly, SGB models 

were limited to 5000 training iterations as imposed by the Statistica® software. In 

this case predictive deviance continued to be reduced at this iteration cut-off point 

without evidence of model ‘overtraining’, suggesting that further model optimisation 

was possible. Technically, it is possible to expand the number of SGB training 

iterations, for example using R programming modules not used in this study. 
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Secondly, it is uncertain whether the sub-sampling procedure used to balance class 

sampling across the multi-date models actually reduced the sample base, thereby 

reducing training performance.  

Significant improvements in kappa were measured against the simplest input variable 

set from both other variable sets (Table 3.9). However, no significant difference was 

detected between the object-hierarchy and texture sets, although a trend towards 

higher accuracy was apparent with the larger input-variable set (‘texture’).  

Table 3.9 Paired t-test comparing kappa means for the different classification 
models and predictor-variable sets: a) single-date training source images; b) multi-
date training-source images for the multi-date ‘A’ model; and c) the image 
classifications generated from ‘non-source’ images (2001,2004,and 2008) from the 
single-date (2006 and 2010) models. Significant differences between the means 
(Diff.) are indicated by: p<0.005 = ***, p<0.01 = **, and p<0.1 = *, and n.s. = not 
significant 

Group 
Input-
variable Set 
comparison 

N Diff. S.D. t d.f. p 

a) Single-date 'Source'
classifications

Simple vs 
Hierarchy 5 -0.05 0.02 -4.69 4 ** 

Simple vs 
Texture 5 -0.06 0.02 -5.98 4 *** 

Hierarchy vs 
Texture 5 -0.01 0.02 -1.63 4 ns 

b) Multi-date ‘A’
classifications

Simple vs 
Hierarchy 5 -0.05 0.03 -4.19 4 * 

Simple vs 
Texture 5 -0.07 0.04 -4.13 4 * 

Hierarchy vs 
Texture 5 0.01 0.02 1.63 4 n.s.

c) Non-source
classifications from
2006 and 2010
models

Simple vs 
Hierarchy 8 -0.75 0.18 -1.16 7 n.s.

Simple vs 
Texture 8 -0.75 0.16 -1.33 7 n.s.

Hierarchy vs 
Texture 8 0.00 0.04 0.00 7 n.s.

In general, SGB proved to be an effective method for classification optimisation 

from available training data. It provided a basis for ranking and screening for the best 

predictor variables from many possible variables in object-based (multi-resolution) 
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feature space. However, there were logistic issues in implementing the procedure. 

For example, to actually produce a map, several stages of data manipulation were 

required using three software packages and the SGB analyses were computationally 

intensive. Further software integration would certainly facilitate more efficient, 

automated, processing. Another disadvantage of the SGB models was they were not 

easily deconstructed. That is, a single simplified classification tree could not easily 

be interpreted from the complex stack of CART trees compiled in the code. 

Average omission and commission error for para grass were both measured at 

7% (± 2 SE) for ‘source’ image outputs of single-date models. Estimation of the 

distribution of commission error across the non-para grass sub-classes revealed that 

error was consistently highest in the dense rice sub-class. In this context it is 

important to emphasise that spatial coverage of this annual grass (and co-occurring 

Eleocharis dulcis) is highly seasonal. Peak abundance occurs over the wet season 

and early dry season, after which it dies off to form sparser vegetation areas often 

consisting of low-density Pseudoraphis grassland. Commission error of para grass 

was found to be much lower in these ‘sparse’ vegetation areas (indicated in 

Figure 3.9 as ‘sparse rice / Pseudoraphis’). Therefore the accuracy of ongoing para 

grass mapping could therefore be improved by planning image captures latter in the 

dry season to reduce confusion between para-grass and phenologically distinct rice. 

Different classification models were subject to a number of potential biases 

dependent on the qualities of the image and training data. For example, biases might 

arise from an uneven spatial distribution of field samples available for each class at 

each image capture time. Similarly, temporal biases in characterising image classes 

could occur as near-coincident field sampling was not always possible. In this regard, 

image sample selection methods ranged from direct comparison of images to geo-
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referenced field data (collected within weeks of the time of image capture) to a less 

desirable indirect comparison with field data (where samples had been collected 

years after). Furthermore, the different conditions on the floodplain at the time of 

image capture could affect the quality of field samples due to changes in visual 

acuity, phenological or dormant state of vegetation and target features. The coarser 

grain of IKONOS imagery could also have restricted selection of class target samples 

by image interpretation. Reported map accuracies therefore need to be interpreted 

with consideration to these potential inconsistencies. 

Figure 3.9 Mean para grass class commission error, as distributed across ‘non-para 
grass’ cover sub-classes, and generated for five ‘source’ images from the Single-
date and Multi-date ‘A’ model treatments. (W) and (D) indicate if sample classes 
were from wet or dry substrates, respectively. Error bars are standard error.  
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Accuracy assessments would have been more rigorous if an object-based accuracy 

assessment had also been conducted to determine the accuracy of delineating whole 

objects (e.g. a weed patch). Such assessment involves comparing classified features 

with known reference objects on the ground (Albrecht et al. 2010). In this study, 

however, spatially accurate and representative surveys of the boundary between 

discrete vegetation and para grass patches were not possible due to field access 

constraints including the presence of crocodiles. Image interpretation is 

recommended as an alternative method for selecting reference objects  (Grenier et al. 

2008; Albrecht et al. 2010; Laba et al. 2010). However, this method was found not to 

be a practical or objective method for selecting reference objects for validation at the 

study site for reasons similar to those noted by  Corcoran and Winstanley 2008; and 

Müllerová et al. 2013. That is, ‘discrete’ vegetation patches often had convoluted 

shapes within the complex wetland mosaic making their manual delineation from a 

image subjective. Similarly, larger patches of para grass were often interspersed with 

smaller non-para grass features tending to make by-eye digitisation of ‘correct’ 

reference objects somewhat subjective in practise.  

A small object scale was deliberately chosen as the MMU for all classifications. A 

consequence of this approach was that larger ‘discrete’ para grass patch boundaries 

were perhaps not always clearly defined by the resulting classifications. On the other 

hand, overall classification accuracy was also improved because the method 

combined multi-scale information derived at both higher and lower segmentation 

levels. But, the scales of higher-level segmentation chosen in this study were also 

chosen intuitively, by-eye. In the case of selecting higher-level objects, above the 

scale of the MMU, the ESP tool could possibly have been applied to select optimal 

scales for the segmentation. However, in its current version, the ESP tool did not 
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allow for a starting segmentation level from which to conduct higher level 

segmentations.  

Classification and conditional probability maps produced for para grass from these 

models are shown in Figure 3.10. The capability to apply accurate and consistent 

image classification is complicated by the highly variable nature of monsoonal 

environments  (Ozesmi and Bauer 2002; Silva et al. 2008; Dronova et al. 2011). To 

some extent the capacity to detect para grass may vary as a consequence of this 

environmental variability. Yet it is also apparent that actual para grass cover is likely 

to vary considerably as a result of localised or regional disturbances such as from fire 

from year to year. Evidence for this is provided by the changes in the conditional 

probability for the para grass map class within mapped para grass patches (Figure 

3.10b). Large gaps in para grass appear after a year of extensive floodplain fire (e.g. 

Figure 3.10b, 2010). However, closer inspection shows that these gaps may contain 

contracted patches of para grass with lower conditional probability. Further field 

monitoring in these regions of para grass variability will be necessary to measure 

more subtle relationships between para grass density and changes in the conditional 

probability estimated by the SGB models. Such monitoring would also assist in 

reconciling site-specific uncertainty of para grass detection in different 

environments.  
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Figure 3.10 (opposite page) Maps produced from the five single-date models (years 2001-2010) showing: a) the classification of para grass vs 
non-para grass across the entire study area (see Figure 1); and b) the associated conditional probability of the para grass class for a selected 
area (inset from a) 



116 



Chapter 3 

117 

3.5 Conclusions 
This research contributes to the ongoing debate regarding the selection of optimal 

segmentation scales for consistent monitoring of spectrally and spatially variable 

landscape objects. The MMU and spatial mapping scales at which multi-scale 

information is derived for weed monitoring purposes must be consistent between 

HSR images for robust measurements of change, over time. In this regard the novel 

segmentation standardisation method achieved this goal. The method however differs 

from conventions to derive segmentation resolution to segment dominate object 

scales for individual images as proposed by Drǎgut et al. (2010).  

Para grass classification from HSR imagery was improved by combining bottom-up 

and top-down approaches to classifying images. Higher classification accuracy for 

para grass was also conveyed to sample-source images from models trained on 

single-date ‘source’ samples. However, these models had poor transferability to non-

source imagery captured at other times for the same region. Poor transference to non-

source images is likely attributed to a combination of both inter-annual variation in 

environmental states, small sample size (temporal n) and image quality factors.  

The SGB modelling method is suitable for developing optimised classification in 

variable environments because it is resilient to multi-modal variance within and 

among target classes. This capacity was further demonstrated in this study through 

the integration of multiple image training sources into a single SGB model, with little 

reduction in classification performance. Further research is required to test the 

assertion that, by increasing temporal sample input to SGB models, accurate model 

transference to non-training source images may eventually be reached.  
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CHAPTER 4 A spatial vulnerability assessment of 
habitat and native vegetation to para grass 
invasion on monsoonal wetlands, 
Kakadu National Park 
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4.1 Abstract 
This chapter presents a spatial vulnerability assessment of native vegetation to 

invasion by para grass and identifies biophysical correlates of its distribution. The 

analysis is undertaken using vegetation maps produced in Chapter 2 and additional 

maps of relative water depth and annual fire regime of the Magela Creek floodplain 

produced from Landsat imagery using object-based image analysis. The distribution 

of para grass on the floodplain was more highly clustered compared to other 

vegetation types suggesting that its invasions have been relatively slow; and 

dominated by vegetative spread and short-distance dispersal. Such a spread pattern 

presents opportunities to control para grass. Optimal depth habitats for para grass 

occurred from 1.1 to 1.4 m. This depth zone was predicted to occur over 30 % of the 

total floodplain area and yet only 2% of this area was occupied by para grass in 2006 

Dry-season fire occurred across all wetland environments, although it was less 

frequent in deeper-water habitats. More frequent fire in shallow-water habitats is 

likely important in maintaining cover of annual-ephemeral vegetation such as 

Oryza-E. dulcis in areas that may otherwise become supplanted by dense perennial 

grasses such as para grass or native Hymenachne.  

4.2 Introduction 
An understanding of the risks and potential impacts of weed invasion on different 

habitats is essential for planning effective, economically efficient, control strategies 

to prevent weed invasion or restore impacted habitats  (Lockwood et al. 2007). In 

this regard, habitat suitability models developed from analysing the spatial 

relationships between weeds, native plants and associated environmental factors, are 

useful tools for managers to ascertain the ecological risks and impacts of weeds, at 
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site-specific and regional scales  (Jarnevich and Reynolds 2011; Adams et al. 2015). 

Risks of weed incursion are in part determined by spatial proximity to existing 

populations. However the risk of weed invasion to neighbouring habitats also varies 

because some habitats have more favourable biophysical conditions for plant 

establishment and growth. Hence weed distribution patterns are also formed by the 

heterogeneous distribution of different habitats across the landscape. Species-specific 

traits of weeds as well as native plant competitors also determine the relative risk and 

impact of invasions across the landscape. These include a plants physiological 

tolerance to different conditions, mechanisms of reproduction, dispersal, growth rates 

and dormancy.  

By exploring both top-down and bottom-up influences on plant distribution, a large 

body of theoretical and applied research has focused on developing ways to predict 

weed invasion and distribution patterns  (Watt 1947; Turner 1989; Tilman 1997; 

Turner et al. 2001; Pysek and Hulme 2005; Bradley and Mustard 2006; Fridley et al. 

2007; Bradley et al. 2010; Catford et al. 2011; Jarnevich and Reynolds 2011; Catford 

et al. 2012). This chapter presents a spatial vulnerability assessment of the 

environmental weed, para grass, on a monsoonal wetland of Kakadu National Park 

(KNP). To achieve this aim, the objectives of the assessment were to: 

1) Analyse para grass distribution patterns across to the whole floodplain area;

2) Compare and contrast these patterns to those for competing native vegetation

types;

3) Characterise wetland habitats in relation to biophysical attributes and water

depth and fire regime;
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4) Determine habitat suitability for para grass and native vegetation, in relation

to these attributes; and

5) Integrate these findings provide advice and information, which may improve

spatially explicit weed control strategies.

Spatial vulnerability assessment methods aim to link distribution patterns of a weed 

and native plants to the environmental processes that shape their distribution. They 

also need to consider specifc traits of the weed which can help determine spatial and 

temporal patterns of how it populates the landscape. A general assumption is that a 

plant species distribution will also reflect its optimal habitat as measured by the 

predominant environmental characteristics of the area that the weed occupies in the 

landscape  (Peltzer et al. 2008; Barve et al. 2011). Hence, the relative vulnerability 

of different native plant communities to weed invasion can also be evaluated by 

comparing habitat suitability profiles of weeds with those of native communities. 

The ultimate aim of spatial vulnerability assessment is to develop models that can 

then be used to identify the best site-specific and cost-effective weed management 

strategies  (Richter et al. 2013b). However, disparities can often exist in the 

application of such models that are thought to relate to the scale and the use of 

appropriate data for these models,  (Pysek and Hulme 2005; Shaw 2005b, a; Ahern et 

al. 2010). The challenge for delivering realistic models is therefore to acquire and 

integrate accurate information on weed and native vegetation distribution and habitat 

across appropriate spatial and temporal scales  (Hulme 2003; Pysek and Hulme 2005; 

Richardson and Pyšek 2006; Hulme 2012).  

The drivers that determine habitat and vegetation patterns, including weed 

distribution and invasion dynamics, are thought to be organised hierarchically across 
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different spatial scales in savannah and associated monsoonal wetland 

landscapes  (Givnish et al. 2008; Ekblom and Gillson 2010). In this context 

Coughenour and Ellis  (1993) proposed a hierarchy of spatial constraints. Broad 

patterns are determined by the top-down influence of climate at continental scales 

(>1000 km) while at regional catchment scales (<100 to 1000 km) the primary 

influence on vegetation structure is rainfall, topography and hydrology. Vegetation 

and habitat are further influenced by bottom-up influences operating at local scales. 

For example, weed distribution patterns are shaped by the different rates and 

distances over which weeds can spread and overcome natural landscape barriers. In 

wetland landscapes these factors are also influenced by species-specifc traits such as 

physiological tolerances, viability and dormancy mechanisms under different 

environments  (Zedler and Kercher 2004).  

On the monsoonal wetlands of KNP, habitats are spatially differentiated by low-

relief topography and seasonal hydrodynamics. For example, the distribution and 

dynamics of vegetation is dependent on the depth, duration and frequency of 

flooding  (Williams 1979; Finlayson et al. 1989; Casanova and Brock 2000; 

Seabloom et al. 2001; Finlayson 2005; Magee and Kentula 2005; Zweig and 

Kitchens 2008). Spatial separation between aquatic and semi-aquatic plant 

communities has been shown to be the result of trade-offs between physiological 

tolerances of different plants to inundation depth, aeration and drying  (Araya et al. 

2011). However, the predictive strength of data about these habitat-vegetation 

relationships on monsoonal wetlands and the scales over which ecohydrological 

variables operate to determine vegetation distributions, is not clearly defined. This 

lack of definition is partly because wetlands are highly dynamic, with the high 

temporal variability in hydrology likely to cause frequent reversal or setbacks in 
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vegetation succession development  (Middleton 1999; Wilcox 2004). Indeed, shifting 

hydrological conditions that occur on monsoonal wetlands, both within and between 

years, have been linked to shifting states and composition of vegetation  (Finlayson 

et al. 1989; Smith 2012). A general lack of knowledge in the delineation of 

hydrological variables over multiple spatial and temporal scales also contributes to 

the uncertainty in defining habitat-vegetation relationships  (Warfe et al. 2011). In 

this study this issue is addressed by attempting to improve the spatial delineation of 

eco-hydrological habitats and linkages to vegetation distribution.  

Landscape context exerts strong influences on weed invasion patterns due to local 

scale variability in the availability of nutrients, water and other resources for plant 

growth. Other site-specific factors that shape weed distribution patterns are more 

stochastic in nature and include the potential for fire disturbance, herbivory and 

competition with other plants for resources  (Tilman 1997). Fire has a profound 

influence on the development of vegetation distribution patterns and is a pervasive 

component of tropical savanna ecosystems, including wetlands  (Whitehead et al. 

2005). Fire is a spatially contagious factor differentiated by ecohydrological 

gradients. Its pattern is linked to fuel load accumulation, moisture and the spatial 

variability of these factors in the fuel bed  (Perry and Enright 2006). Because fire 

also shapes vegetation patterns, strong feedbacks exist between fire, landscape 

pattern, seasonal moisture and species-specific fuel load accumulation  (Turner 1989; 

Perry and Enright 2006). By increasing the availability of resources for plant 

establishment and growth, weed invasions are sometimes amplified by fire  (Hobbs 

and Huenneke 1992; Davis et al. 2000).  
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Previously, studies on para grass spread and the relative vulnerability of different 

native vegetation to invasion have been developed. These studies used GIS 

modelling to compare field survey distributions of para grass and native vegetation, 

water depth regimes, 1:50 000 vegetation maps and 1:25 000 Land unit 

classifications  (Ferdinands et al. 2001; Ferdinands et al. 2005b; Walden et al. 2012). 

However, the distribution of vegetation has not been examined in relation to spatially 

continuous environmental gradients arising from water depth and fire regimes. A 

recent study recommended that the inclusion of a water depth surface layer would 

likely improve predictions of para grass habitat suitability on the Magela 

floodplain  (Walden et al. 2012). This study links spatially continuous attributes 

relating to water depth and fire history to vegetation distribution and floodplain 

habitat, using classification models developed from Landsat 5 TM. 
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4.3 Methods 
The steps applied to assess the spatial vulnerability of native vegetation to invasion 

by para grass on the Magela Creek floodplain are summarised in Figure 4.1.  

FLOODPLAIN DEPTH-HABITAT MODEL

FLOODPLAIN
FIRE REGIME

HABITAT SUITABILITY FOR VEGETATION

SPATIAL VULNERABILITY OF NATIVE VEGETATION

LANDSAT 
ARCHIVE

Preprocessing

Fire-scar Maps: 1999-2009

10-year
FIRE FREQUENCY MAP

Sum binary layers

2006 VEGETATION 
MAP (Boyden et al. 

2013)

Chapter 2
Methods

Segmentations

Spectral indices
Dry-season time series 
(11 images, 2006-2007

Explanatory Variables

Dependent
Variable

Refinements &
 final variable selection

Vegetation / Depth 
Distribution Profiles 

Depth-Fire
Relationships

Depth-Habitat 
Suitability Map 
for Para grass

Vegetation distribution analysed  in relation to para grass

Supervised
Classifications

Surface Elevation 
(LiDAR DSM)

Depth Surveys 
(March 2009)

PREDICTED 
DEPTH MAP

Backward-stepwise 
multiple regression 

Figure 4.1 The steps applied to assess the relative vulnerability of native vegetation 
to para grass invasion as determined from the spatial associations of plants with 
habitat and fire.  
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4.3.1 Site description 

The location and vegetation of the Magela Creek floodplain within KNP and the 

Alligator Rivers regions is shown in Figure 4.2. The monsoonal climate and a 

seasonally predictable wet-dry rainfall cycle drive flows in water availability and 

nutrients on the floodplain. The cycle consists of a relatively short period of 

moderate to intense rainfall followed by a prolonged dry-season in which up to 90% 

of floodplain areas are dry before the next wet season  (Russell-Smith et al. 1995). 

However, the timing, magnitude and duration of seasonal rains are highly variable 

within and between years  (Taylor and Tulloch 1985). The changing distribution of 

para grass and native vegetation on the floodplain has been predominantly shaped by 

natural environment factors over many decades. This study site therefore provides a 

suitable location to characterise the habitat of para grass and native vegetation. 

Para grass is not actively controlled on the floodplain. Earliest confirmed reports of 

para grass on the Magela and neighbouring Cannon Hill floodplains are from 1946 

and the 1950s. Prior to the declaration of the National Park in 1979, deliberate 

plantings of para grass continued in the East Alligator Catchment, including the 

Magela Creek floodplain. Para grass is now broadly distributed in freshwater 

lowland environments of the Top End, including the East Alligator River and Magela 

Creek catchment  (Walden et al. 2012). Recent reports suggest that para grass 

continues to increase in extent and abundance on floodplains  (Finlayson et al. 1997; 

Knerr 1998; Ferdinands et al. 2005b; Walden et al. 2012).  
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Figure 4.2 Location of the study site (black boundary) on the Magela Creek 
floodplain and the native vegetation communities and dense para grass areas 
mapped in 2006 using Landsat 5 TM imagery  (Boyden et al. 2013). The general 
water flow direction is northwards. 
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4.3.2 Spatial relationships of para grass and native vegetation  

Mapped distributions of native vegetation and para grass from the 2006 floodplain vegetation 

map (Figure 4.2) were described by: 

• The frequency distribution by area of discrete vegetation patches;

• The relative proportion of vegetation patch boundaries shared between para grass

patches and different native vegetation; and

• The relative clustering patterns of para grass and native vegetation types as measured

over the floodplain at 0.5 km intervals from 0.5 m to 15 km using Ripley’s K

function  (Ripley 1977).

Patch-area and patch-boundary statistics were calculated for all discrete vegetation-class 

patches in eCognition® 8.7  (Trimble 2011). Neighbourhood statistics were generated 

between para grass and native vegetation classes by calculating the mean proportion of the 

total patch boundary length shared per patch. These statistics were calculated as:  

a) The proportion of native vegetation shared with all para grass patches, that is

native vegetation patches with no shared boundary with para grass were excluded;

and as

b) The proportion of the para grass shared with all native vegetation patches,

including native vegetation patches with no shared boundary with para grass.

This allowed the patch boundary relationships between para grass and native vegetation to be 

measured from two spatial perspectives - by comparing patch-boundary relationships at the 

scale of the whole floodplains (relative to the distribution of all native vegetation patches), as 

well as based on the current distribution of para grass only. 
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Spatial clustering patterns of vegetation are scale dependent and these patterns vary with 

distance. These patterns can indicate the dominance and scale at which particular spatial 

processes operate to shape vegetation distribution  (Wiegand et al. 2003; Law et al. 2009). 

Ripley’s K statistic  (Ripley 1977) was therefore applied to quantify vegetation cluster 

patterns at varying distances [Equation 4.1]:  

𝐿𝐿(𝑑𝑑)  =  �∑ ∑ 𝑘𝑘(𝑖𝑖, 𝑗𝑗)𝑆𝑆
𝑗𝑗 = 1,𝑗𝑗≠𝑖𝑖

𝑆𝑆
𝑖𝑖 = 1 𝜋𝜋𝑛𝑛(𝑛𝑛 − 1)⁄  

Where d is the distance, n is the total number of features, A represents the total area 

sampled and ki,j is a weight. In this case the assigned weight indicates presence (= 1) 

or absence (= 0) of a vegetation class.  

Using a 50 m point sample lattice to measure the presence or absence of vegetation, 

clustering patterns (L) for para grass and native vegetation were measured at distances from 

0.5 to 15 km at intervals of 0.5 km. Clustering patterns were identified when the average 

presence of vegetation, at a given search distance, is statistically greater than the expected 

presence of vegetation as generated from a random Poisson distribution of all data points. 

The results were plotted for each vegetation class as the positive or negative deviation from 

expected distribution over the various distances sampled. 

4.3.3 Mapping floodplain depth habitats 

A floodplain water depth map was developed using the datasets summarised in Table 4.1. All 

datasets were spatially co-registered to the 2006 vegetation map (i.e.ºFigure 4.2).  

[Equation 4.1] 
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Table 4.1 Datasets used to characterise the distribution and abundance of para grass and native vegetation in context to environmental factors. 

Bio-physical 
factors Variable Description Estimated scale / accuracy 

Vegetation 
Spatial distribution of 
para grass and native 
vegetation  

Thematic vegetation classes derived from multi-
temporal Landsat 5 TM, 2006, supervised 
classification and ground surveys adapted from 
Boyden et al. (2013) 

Horizontal accuracy ± 30 m pixels. 
Average classification accuracy = 82% (kappa 
= 0.80) 

Eco-hydrology, 
soil and 
water depth 

Elevation 

A Digital Surface Model derived from LiDAR 
survey of the floodplain conducted in 2011. Used 
as input to depth model.  
Unpublished data (ERISS) 

± 1 m pixels (horizontal) 
Vertical accuracy ± 0.3 m (influenced by 
emergent vegetation height) 

Soil, drainage and topography 
Thematic Land-unit map adapted from aerial 
photo interpretation and ground surveys by 
Wells  (1979).  

Nominal horizontal accuracy ± 200 m. 

Geomorphic structures 
Floodplain geomorphic units map adapted from 
aerial photo interpretation and ground surveys by 
Wasson (1992) 

Nominal horizontal accuracy ± 200 m 

Water depth 

Relative water depth measurements sampled 
randomly and by systematic transverse transects 
at floodplain locations in the late wet-season, 
March 2009. Unpublished field datasets  (EWL 
Sciences Inc. 2009; Petty and Setterfield 2009). 

Horizontal accuracy ± 15 m Depth 
measurements were rounded to nearest 0.1 m 
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It was hypothesised that a depth map of the floodplain could be modelled from: 

• a spatial array of time- and site-specific water depth measurements taken in

the field;

• the site related series of changes in spectral reflectance that occur over the

dry-season as measured by Landsat 5 TM; and

• Site-related elevation.

A depth model was therefore developed using backward stepwise regression. The 

explanatory variables tested in the model were elevation, taken from a LiDAR digital 

surface model and a time-series of spectral reflectance indices sensitive to water 

moisture as measured using Landsat 5 TM within the 2006 to 2007 dry-seasons. 

Water depth measurements were used as the dependent variable in the regression 

model and collated from two geo-referenced surveys conducted in March 2009 by 

EWL Sciences Inc. (2009) and Petty & Setterfield (2009). These surveys provided a 

relative snapshot of floodplain depth during a recessional flow period and in the 

absence of flood pulses. Calculations were applied in Statisica® ver. 10.  

Eleven cloud- and smoke-free Landsat 5 TM scenes were selected in series between 

May and September from the years 2006 and 2007. Image pre-processing was 

undertaken in ENVI® ver. 4.8  (Excelis 2010). The scenes were converted to top of 

atmosphere reflectance using Landsat calibration utilities and then clipped to the 

study site area. A dark pixel subtraction was then applied to correct for atmospheric 

additive path radiance. Final images were spatially co-registered from at least 30 

visually identifiable ground control points and using image-to-image rectification 

with RST (rotation-scaling-translation) and nearest-neighbour re-sampling. The RMS 

statistic for the co-registered images was less than 1 pixel in all cases. 
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The integrated images and elevation data layers were compiled and processed in 

eCognition® ver. 8.7  (Trimble 2011). Multi-resolution segmentation was applied to 

the combined band spectra and multi-temporal Landsat series using a scale factor 

setting of 120000. The other segmentation parameter settings used (band weight, 

shape and compactness values) were identical to those used in Boyden et al. (2013) 

(Chapter 2). This segmentation produced relatively small-scale objects with a mean 

size of 0.6 ha ± 0.003 SE.  

The following normalised spectral indices were also calculated from the 

segmentation-object means for each of the eleven images: the Vegetation Moisture 

Index  (Hardisky et al. 1983), NDII [Equation 4.2]; the Surface-Water 

Index  (McFeeters 1996), NDWI [Equation 4.3]; and the Vegetation Greenness 

Index  (Rouse et al. 1973), NDVI [Equation 4.4]. 

NDII =  (ρMIR−ρred)
(ρMIR+ρred)

  [Equation 4.2] 

NDWI =  (ρgreen−ρNIR)
(ρgreen+ρNIR)

  [Equation 4.3] 

NDVI =  (ρNIR−ρred)
(ρNIR+ρred)  [Equation 4.4] 

Where ρgreen, ρred, ρNIR and ρMIR are the reflectance of Landsat bands 2, 3, 4 

and 5, respectively as calculated from the pixel averages of segmented-

objects.  

The segmentation, with the attribute table containing multi-temporal spectral indices 

and mean elevation values, was exported to ArcMap, ver. 9.3.1  (ESRI 2006). A 

spatial join was then performed between the depth-point dataset, the segmentation 

and the 2006 vegetation map using the point-intersect function of Hawth’s tools ver. 
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3.27  (Beyer 2004). The point data table with combined attributes was then screened 

for anomalous sample values that may contribute to error in depth modelling. For 

example, sample points associated with Paperbark woodland areas were omitted 

because it was assumed that these reflectance values would not accurately relate to 

floodplain surface hydrology and water depth. Two samples were also omitted due to 

their position at abrupt boundaries between shallow and deep water. This was 

because the spatial precision of Landsat (± 30 m) made it impossible to accurately 

estimate reflectance at such locations.  

Predicted depth maps were generated by applying the regression models back to the 

explanatory variables linked to the Landsat segmentation. Unrealistic depth values, 

extrapolated outside the range of actual depths that were measured and used as input 

to the model, were capped in the final map. Negative depth values were given a value 

of zero and depths > 2.5 m were given a value of 2.5 m. Accuracy of the models was 

also assessed by visual inspection of the maps, with general knowledge of the region; 

and by checking the partial-residual plots for each explanatory variable chosen in the 

initial regression model.  

4.3.4 Mapping floodplain fire regime 

The frequency and extent of annual fire was estimated from fire-scar maps generated 

from Landsat scenes acquired within the dry-season period in each year from 1999 to 

2009. Scenes were sourced from the Landsat archive held by the United States 

Geological Survey at http/landsat.usgs.gov/. The fire-scar maps were produced using 

a systematic and consistent set of processing methods specifically for one wetland 

area using one image-interpreter. Similar image-interpretative classification methods 

applied to derive the fire-scars maps for the KNP landscape have been shown to 
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produce overall map accuracies greater than 80%  (Russell-Smith et al. 1997). In the 

current study the method was adapted to include supervised, object-based, 

classification as applied in eCognition® Developer ver. 8  (Trimble 2011). No 

independent field data were available to validate map accuracy in this case. Instead 

‘pseudo-accuracy’ assessment was conducted using a randomised subset of image-

interpreted samples reserved for validation purposes. 

The steps involved in image pre-processing, object-based classification and accuracy 

assessment are summarised in Figure 4.3. For each year a separate eCognition® 

project was created, containing a compilation of the visually selected Landsat images 

for that year. A standardised multi-resolution segmentation was then applied to each 

project / year. In this step all spectral band layers were included in the multi-date 

image segmentation. These were weighted according to specifications listed in 

Chapter 2. A summary of the steps and specifications for the segmentation and 

classification steps is summarised in the eCognition® Developer process 

tree (Figure 4.4).  
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Pre-Processing 
(repeated for each year)
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Figure 4.3 Steps used for the production of annual fire-scar maps from Landsat 
images in eCognition® 



Figure 4.4 a) The eCognition® Developer Process Tree used for fire-scar mapping showing the steps involved in segmentation, classification of 
single-time fire-scars and the merging of fire-scars classifications for a specific year; and b) an example of the classification rules assigned to 
the Nearest Neighbour Classification using the Feature Space Optimizer tool (‘A’’B1’ = ‘time 1’ and ‘Landsat band 1’, AB2 = band 2… etc. NDWI 
and NDVI refer to vegetation moisture and vegetation greenness indices).  

138 
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Sample objects for fire-scar classification training and validation were selected using 

the eCognition® manual editor from each Landsat 5 TM image displaying bands 5, 4 

and 3 (short-wave infrared, near-infrared and red) as red, green and blue, 

respectively. This band configuration was considered most useful for visual detection 

of fire-scars on the floodplain. Four cover classes were interpreted for each 

classification: fire-scar; lush vegetation; dry-vegetation bare ground; and open water. 

Cloud and shade classes were also added if present. Raw samples were then allocated 

randomly into two, roughly equal, training and validation datasets using Hawth’s 

tools in ESRI ArcMap. Nearest-neighbour, classification was then performed in 

eCognition on each single-date image layer, independently. This was applied using 

explanatory variables assigned to each image using the Feature Space Optimiser tool. 

The fire-scar maps produced from multiple times in a particular year were then 

merged into a single classification layer.  

Fire-scar validation samples for all single-time images were collated into one file. In 

this step ‘fire’ samples over-wrote all other cover types recorded at the same location 

but at different times in that year. The validation samples set were converted to a 

point lattice with 30 meter spacing to represent the location of equivalent pixels from 

each matching classification. These sample-points were then spatially joined to the 

fire-scar classifications using Hawth’s tools. Classification accuracy and kappa were 

estimated by cross-tabulated the resulting tables in MS Access®. The incidence of 

annual fire on the floodplain was then mapped from the Boolean sum of all annual 

fire-scar layers (fire-scar = 1, no scar = 0). The total area burnt on the floodplain in 

each year was also calculated in hectares from the fire-scar layers using ESRI 

ArcMap ver. 9.3.1. 
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4.3.5 Evaluating habitat suitability for para grass and native 
vegetation 

Habitat suitability of para grass and native vegetation was deduced by comparing 

vegetation distribution against the mapped environmental gradients and biophysical 

categories. Habitat depth (HD) suitability profiles for vegetation were first 

characterised at field-sample locations by plotting observed and predicted depths 

against mapped vegetation classes. The HD suitability profiles of vegetation were 

then extrapolated to the whole study area from the spatial correlation between the 

maps of predicted vegetation and water-depth. Extraction of the HD profiles for 

vegetation was done with Hawth’s Point intersect tool (Beyer 2004) using a 50 m 

point lattice to sample both the depth and vegetation maps. Similarities and 

differences of the HD profiles for para grass and native vegetation were then 

analysed using one-way Analysis of Variance (ANOVA). Hence, both spatially 

explicit and probabilistic HD suitability profiles for para grass and native vegetation 

were generated. 

The potential distribution of para grass, in context to HD ‘suitability,’ was also 

mapped. This was done by deriving the area-frequency distribution of para grass 

across the predicted water-depth gradient using a depth interval of 0.1 m. In this case 

HD suitability for para grass was projected to a map from the HD by assigning the 

depth-area-frequency distribution for para grass to a new field in the depth maps 

attribute table. The assumption was that the area frequency of para grass over the 

depth gradient represented a probability distribution function for depth habitat.  

Fire disturbance patterns within each of these vegetation communities were then 

described in context to the defined ‘depth’ profiles. The object here was to determine 

if differences in fire regime existed between higher and lower biomass species 



Chapter 4 

141 

(e.g. para grass and Hymenachne vs Oryza-E. dulcis) and how water regime 

interacted with this. To do this average total fire incidence was calculated 

independently for each vegetation type and within each depth increment bin.  

4.4 Results and Discussion 

4.4.1 Spatial relationships of para grass and native 
vegetation 

Para grass occupied some 1388 ha of the 24583 ha floodplain, or approximately 6% 

of the total floodplain area. It had a highly clumped distribution pattern with some 

50% of its cover confined to just a few patches (Figure 4.5). Yet there were also 

smaller patches of para grass dispersed over the full extent of the floodplain. These 

smaller patches may still represent significant weed colonies as they were measured 

by Landsat 5 TM at a minimum mapping scale of 0.09 ha (a 30 m pixel). Widely 

dispersed, smaller, weed patches are a significant issue for weed managers and often 

are considered to take a priority in weed control  (Moody and Mack 1988)  

Figure 4.5 The number of para grass patches on the Magela Creek floodplain 
plotted as a proportion of the total area of para grass mapped by Landsat, 2006.  
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Some uncertainly exists in the relative accuracy between smaller and larger 

para grass patches as mapped at this scale using Landsat (i.e. smaller patches may be 

less certain than larger patches). Future research should therefore focus on verifying 

Landsat mapping accuracy of different sized para grass patches by applying post-

classification field evaluation methods.  

A plant’s capacity to move and occupy space is limited by growth since plants are 

rooted in one place  (Stoll and Weiner 2000). Dispersal to new locations is only 

permitted by physical relocation of seed or plant fragments (i.e. stolons in the case of 

para grass). As estimated using the Ripley’s K function, para grass distribution 

patterns across the floodplain were highly clustered, with most incidences occurring 

within short distances of each other (< 3 km). The ‘short-distance’ clustering pattern 

was most pronounced compared to all other vegetation types (Figure 4.6). This 

pattern suggests that vegetative spread and dispersal of para grass propagules are 

predominantly localised events. Thus, it infers that long-distance dispersal and 

colonisation events are rare. It therefore can be concluded that these patterns are 

likely to have formed by incremental spread occurring over short distances and 

governed by short-distance vegetative growth and dispersal. The largest para grass 

patches are likely to have formed through the localised but increasing propagule 

pressure over time with the eventual coalescing of smaller persistent patches. Then 

new, smaller, patches are more likely to establish at a relatively short distance from 

older patches. This pattern would suggest that long-distance colonisation, considered 

to be a major cause of weed spread, is a relatively rare event in this case. The 

indication that patterns of spread are predominantly localised, while long-range 

colonisation is rare, provides a strategic basis for controlling para grass.  
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Figure 4.6 Comparison of the cumulative clustering patterns of para grass and 
native vegetation as determined using Ripley’s K function calculated at 0.5 km 
intervals from 0.5 to 15 km from the 2006 Landsat vegetation map sampled using a 
50 m point lattice  

Despite being rarer events, long-distance dispersal and colonisation constitute a 

greater threat to weed range expansion than localised spread  (With 2002). Because 

these events occur more rarely, para grass colonies furthest from focal infestations 

will tend to be smaller and therefore easier to control and even eradicate, at least if 

they are detected early. In fact an effective strategy for controlling range expansion 

of weeds has been demonstrated to be the progressive control of smaller weed 

colonies located furthest from the largest infestation source  (Moody and Mack 

1988). The results of this study indicate this strategy may be particularly effective in 

reducing para grass distribution. However, in order to refine para grass control 

strategies further information is necessary on the rates of para grass dispersal and 

colonisation over different distances and through different floodplain habitats.  

In a heterogeneous wetland environment, para grass patches can represent several 

dynamic states in the process of invasion, establishment, or attrition. For instance a 

patch may be continuing to grow into a favourable habitat or it may be contained in a 

dynamic equilibrium with an adjacent and surrounding, less favourable, 

environment. Therefore, para grass patch boundaries sometimes represent a threshold 
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of habitat change along an environmental gradient. Competing native vegetation, 

with slightly different habitat range, may also compete to contain a patches extent. 

The boundary of a patch can therefore represent an invading para grass front, a 

contained boundary in dynamic equilibrium, or a retreating boundary due to 

competing abiotic and biotic pressures. The relative change-state at the boundary 

between patches will depend upon the balance between a) available resources for 

growth and establishment; b) abiotic constraints; and c) and the invasiveness of 

para grass and that of competing native vegetation relative to prevailing local 

conditions. Disturbance events such as fire or flooding may also alter the trajectory 

of change towards either para grass invasion or attrition at the interface between a 

para grass patch and the surrounding environment.  

Hence, the spatial proximity of native vegetation to para grass provided a 

comparative basis from which to measure the spatial vulnerability of different native 

vegetation types to para grass invasion. The native vegetation types most commonly 

associated with para grass were Hymenachne, Oryza - E. dulcis and the 

Pseudoraphis, on average sharing 28, 22 and 15 % of the perimeter with para grass 

patches respectively (Figure 4.8a - grey bars). These results concur with three other 

studies concluding that para grass had either displaced or was mainly associated with 

Oryza-E. dulcis and Hymenachne vegetation types on the Magela Creek and Mary 

River floodplains, NT. However, this pattern was not evident at the scale of the 

whole floodplain (Figure 4.8b, white bars). That is, a relatively small proportion of 

the boundary was shared with para grass when all native vegetation patches were 

taken into account in the analysis, including patches without any shared boundary 

with para grass. Assuming that ‘affiliated’ vegetation types reflect favourable habitat 

for para grass, the low association between para grass and affiliated types at the 
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floodplain-scale is likely to indicate that large areas of favourable habitat for 

para grass, remain to be colonised by para grass. In this sense ‘affiliated’ native 

vegetation patches that currently do not share a boundary with para grass are likely to 

represent habitat patches that have yet to be exposed to, or colonised by, para grass. 

It is therefore inferred that para grass has not yet saturated its potential distribution 

on the floodplain. This premise is supported by para grass monitoring work of Knerr 

(1998) who concluded that invading para grass had mainly displaced Oryza 

Hymenachne grasslands on the Magela Creek floodplain from 1992 to 1996.  

Figure 4.7 The proportion of the perimeter of all para grass patches bordering with 
each native vegetation type neighbour- grey bars; and the total proportion of the 
perimeter shared with para grass as measured for each native vegetation class 
across the entire study area (i.e. this includes all patches of each particular native 
class that have no adjoining para grass) - white bars.  

4.4.2 Mapping floodplain depth habitats 

Some 75% of the variation in water depth was explained by the HD model, Table 4.2 

(R2 = 0.75, p < 0.0001). The explanatory variables selected by the stepwise 
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regression were NDII, NDWI and NDVI spectral indices. These variables were 

selected from 7 of the 11 images of the Landsat time-series. Despite accounting for 

16% of the variation in water depth (R2 = 0.16, p< 0.0001), the elevation variable 

was removed by the stepwise regression. Further inspection of the partial-residuals 

plots produced for each explanatory variable indicated that the NDVI data layers had 

outlier values that caused model bias. A decision was therefore made to remove the 

NDVI variable set from the final model. After removal of NDVI, 67% of the 

variation in water depth was explained by remaining variables (R2 = 0.67; p<0.0001). 

This model was considered more robust than the initial model as values in the partial 

residual plots were now distributed more evenly. The results of both models are 

summarised in Table 4.2. The field sample locations used to generate the depth 

models are shown in Figure 4.8a. The map that was produced from the final depth-

model and after applying the capping correction to extreme predicted values is 

shown in Figure 4.8b. Mapping depth in this way allowed wetland habitat 

characteristics to be defined as a spatially continuous variable.  
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Table 4.2 Regression relationships between water depth (N = 254) and the 
independent variables: elevation (LiDAR DSM) and Landsat spectral indices 
sensitive to water absorption (NDII, NDWI and NDVI). The variables kept in two 
(multivariate) backward stepwise regression models (including or excluding the 
NDVI variable set, respectively) are indicated by “+”. The model that included NDVI 
was excluded from further analysis due to excessive error indicated by a qualitative 
visual assessment. Significant p values are indicated by asterisks, **** <0.0001, 
***<0.001, **<0.01 and *<0.05 

Design Terms 
(independent variables) Sample date 

+Variables
included or
excluded from
model (+/-)

Adjusted 
R2 values 
for univariate 
and 
multivariate-
models 

p 

Elevation Oct 2011 - 0.16 **** 

Landsat 5 TM – NDII 
(Vegetation moisture 
index) 

4-May-06 + 0.10 ** 
7-Jul-06 + 0.15 **** 
24-Aug-06 + 0.30 **** 
9-Sep-06 + 0.40 **** 
23-May-07 + 0.26 **** 
24-Jun-07 + 0.25 **** 
10-Jul-07 + 0.31 **** 
26-Jul-07 - 0.27 **** 
27-Aug-07 - 0.15 **** 
12-Sep-07 - 0.42 **** 
28-Sep-07 + 0.40 **** 

Landsat 5 TM – NDWI 
(Surface water index) 

4-May-06 - 0.02 ** 
7-Jul-06 - 0.15 **** 
24-Aug-06 + 0.25 **** 
9-Sep-06 - 0.31 **** 
23-May-07 + 0.04 *** 
24-Jun-07 - 0.00 n.s.
10-Jul-07 - 0.00 n.s.
26-Jul-07 - 0.00 **** 
27-Aug-07 - 0.01 * 
12-Sep-07 - 0.00 n.s.
28-Sep-07 + 0.10 **** 

Landsat 5 TM – NDVI 
(Vegetation greenness 
index) 

4-May-06 - 0.03 ** 
7-Jul-06 + 0.01 n.s.
24-Aug-06 + 0.00 n.s.
9-Sep-06 - 0.05 **** 
23-May-07 - 0.01 * 
24-Jun-07 + 0.10 **** 
10-Jul-07 - 0.08 **** 
26-Jul-07 - 0.13 **** 
27-Aug-07 - 0.16 **** 
12-Sep-07 + 0.36 **** 
28-Sep-07 - 0.30 **** 

Discarded model (with 
NDVI associated errors) Whole-model R2: 0.75 **** 
+Preferred Model (NDVI
variables excluded) Whole-model R2: 0.67 **** 
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Figure 4.8 a) The location of water depth samples taken in March 2009; and b) the 
depth map as modelled by multiple regression of depth (the dependent variable) 
against multi-temporal NDII and NDWI layers from Landsat between 2006 and 2007 
(R2 = 0.67, p < 0.0001).  

These results demonstrate that relative water depth of seasonal floodplains can be 

accurately predicted using a Landsat time-series. This is perhaps not surprising 

considering that water has a major influence on spectral absorption and reflectance 

characteristics over the visual and near infrared spectrum  (Jensen 2006). The NDII 

index, in particular, was useful for deriving surrogates of water depth because the 

a) b) 
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index is sensitive to detecting the water content of vegetation  (Jackson et al. 2004). 

Since water inundation or differences in soil moisture under the emergent wetland 

vegetation canopy will also influence the water content of vegetation, NDVI will also 

relate to relative depth and hydroperiod on seasonal floodplains. The sensitivity of 

NDII to detect between flooded or non-flooded states (and perhaps even different 

degrees of soil moisture) is likely to be enhanced by evapotranspiration responses of 

vegetation that partly control the amount of moisture released to the air above the 

floodplain  (Ward et al. 2014).  

However, it is important to realise that the depth map provided a fixed index of 

depth, derived for one point in time, whereas depth is actually a spatio-temporally 

dynamic variable related to the seasonal water flows and evaporation. Therefore the 

relative depth map did not quantify the interannual and intra-annual dynamism in 

depth and hydroperiod. Yet it seems reasonable to assume that the modelled depth 

variable is spatially correlated with floodplain hydroperiod, because the explanatory 

variables in the depth model were derived from a time-series across the recessional 

flow, evaporation and drying periods. Given that the depth variable is correlated with 

hydroperiod, future research may focus on characterising the quantitative linkages 

between the static depth map and inter- and intra-annual variability in hydroperiod 

and how that relates to para grass distribution. In this context the depth map provides 

a basis for investigating these relationships further. This research could most 

effectively be done by monitoring depth and hydroperiod across a network of 

representative range of depth reference points.  
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4.4.3 Mapping floodplain fire regime 

The extent, timing and cumulative annual incidence of fires over the Magela 

floodplain are shown in Figure 4.9. Large spatial variation in the relative frequency 

of annual fire was apparent over the ten year period (Figure 4.9a). Inter-annual 

variation in the total area of the floodplain burnt annually was also large, with annual 

fire-scar area ranging from no detectable fire to over 150000 ha (Figure 4.9b). Fire 

likelihood at any one location is strongly influenced by moisture levels that vary 

seasonally and spatially on floodplains; and probability of fire typically decreases 

with higher surface moisture  (Chuvieco et al. 2002). This is likely to explain the 

spatial differentiation between absolute fire incidence and predicted water depth on 

the floodplain (Figure 4.9c). A mean accuracy of 98% (Kappa 0.93) was estimated 

by the pseudo-accuracy validations (Table 4.3). It should be noted that this form of 

assessment tends to inflate estimates of actual accuracy. Also Landsat fire-scar 

detection can be obscured by cloud, a more common occurrence over the very late 

dry-season period (November-December). The incidence and extent of very late dry-

season fires therefore remains more uncertain. However, it also is reasonable to 

assume that the likelihood of fire on the floodplain declines with increasing moisture 

levels and towards the onset of the wet season.  
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Figure 4.9 (opposite page). Fire-scar patterns for the Magela Creek floodplain measured using Landsat 7 TM from 1999 to 2009, inclusive and 
illustrated as: a) the mapped cumulative annual incidence of fire-scars; b) the total area of the floodplain burnt annually; and c) the mean 
incidence of annual fire calculated at different predicted floodplain depths sampled with a 50 m point lattice (n = 103138). 
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Table 4.3 Summary of fire-scar classification accuracy (fire-scar vs all other cover classes), kappa statistics and errors of fire-
scar class omission and commission (Omm. / Comm.). * No fire-scars were observed on the floodplain so no classification or accuracy 
assessment was performed. 

Year Available Image 
Dates 

Number of Pixels Accuracy Kappa Error 
Reference Classified Correct Producer User Overall Producer User Overall Omm. Comm. 

1999 29 Aug, 17 Nov 14175 14175 14175 100 100 100 1 1 1 0 0 

2000 12 Jun, 14 Jul, 
15 Aug 

7526 6662 6338 84 95 98 0.82 0.94 0.88 16 5 

2001 12 Apr, May 30, 2 Aug, 
21 Oct 18121 17676 15937 88 90 94 0.84 0.87 0.85 12 10 

2002 5 Aug, 22 Sept, 
27 Dec 

54373 54359 54359 99.9 100 100 0.99 0.99 0.99 <1 <1 

2003 31 Jul, 19 Oct 44704 44794 44580 99.7 99.5 99.6 0.99 0.99 0.99 <1 <1 

2004 *5-Oct - - - - - - - - - - - 

2005 22 Sep, 25 Nov, 28253 27184 25359 90 93 93 0.83 0.89 0.86 10 7 

2006 25 Sep, 12 Nov, 28 
Nov, 14 Dec, 30 Dec 34167 37395 34002 99.5 91 96 0.99 0.85 0.92 <1 9 

2007 24 Jun, 10 Jul, 26 Jul, 
27 Aug, 28 Sep 23211 23303 22856 98 98 99 0.98 0.97 0.98 2 2 

2008 *4 Aug - - - - - - - - - - - 

2009 3 Oct, 19 Oct, 14 Nov, 
20 Nov 175527 173451 172844 98 99.7 98 0.89 0.97 0.93 2 <1 
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4.4.4 Evaluating habitat suitability of para grass and native 
vegetation 

Proportionally, most para grass cover overlapped with a land unit described by 

Wells (1979) to be seasonally drier and to have alkaline cracking-clay soils (unit 8b, 

Figure 4.10). Para grass also occurred commonly on fringing wetland-dryland 

boundaries and on the slightly elevated levy banks of floodplain channels. By 

contrast, para grass patches tended to be smaller and more widely dispersed in the 

regions described by Wells to be seasonally wetter, inundated longer, and with 

poorly drained and more acid soils. These findings provide qualitative evidence that 

hydrological patterns, seasonal dryness and perhaps soil pH, are important ecological 

factors delimiting para grass distribution, spread and establishment. However, there 

are scale limitations in the use of such broadly defined environmental maps, as they 

do not portray subtle environment gradients, such as hydrodynamic parameters, that 

may be important in defining weed distribution dynamics.  
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Figure 4.10 (opposite page). Generalised biophysical features of the Magela Creek floodplain as portrayed by Land unit and 
geomorphic maps adapted from Wells (1979) and Wasson (1992).  
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A plot of the observed versus predicted depth values for the associated emergent 

vegetation classes mapped at field-sample locations is shown in Figure 4.11. While this 

particular graph illustrates that different vegetation classes tend to cluster within specific 

depths profiles, it does not extrapolate these relationships to the whole floodplain area.  

Figure 4.11 Observed depth (March 2009) plotted against predicted depth as estimated 
by model explanatory variables (dry-season, multi-temporal NDII and NDWI) and 
summarised as the average depths of associated vegetation classes mapped in 2006 
by Landsat 5 TM at the depth-sample locations. 
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The vegetation depth profile statistics as estimated for the whole floodplain are 

illustrated in Figure 4.12. Para grass and the two most commonly associated native 

communities, Oryza-Eleocharis and Hymenachne, each occurred over a wide range of 

depths (Figure 12a). Yet, on average, Oryza-Eleocharis occupied the shallowest regions 

(1.08 m) followed by para grass (1.22 m) and Hymenachne (1.45 m), see Figure 12ab. 

The ‘depth’ niche-space of para grass, however, was most similar to that occupied by the 

Oryza-Eleocharis community. That is, the 25-75 percentile range for para grass fell 

completely within the 25-75 percentile range occupied by Oryza-Eleocharis. By 

contrast, there was much less overlap in the depth profiles of para grass and 

Hymenachne, with the latter more common in deeper water areas. These depth profiles 

concur with previous research by Douglas and O’Connor  (2003; 2004). Specifically 

they found that para grass occurred most abundantly between the depths measured for 

Oryza (on average occurring at shallower depths of 0.9 m) and Hymenachne (occurring 

in the deepest range at 1.8 m).  
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Figure 4.12 Predicted depth-profiles for mapped para grass, commonly associated 
native vegetation classes (shaded in blue) and less commonly associated native 
vegetation (no shading) represented as: a) the median, 25-75 percentile range and non-
outlier ranges; and b) the mean and the 99% confidence intervals.  
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The Oryza-Eleocharis vegetation community and the native perennial grasses, 

Hymenachne and Leersia, were shown to be most vulnerable to para grass invasion, in 

terms of their similarity with the para grass depth-habitat profile. Oryza-Eleocharis and 

Hymenachne also had the highest boundary-association with para grass patches, 

suggesting that local boundary dynamics was most pronounced between para grass and 

these vegetation types. Conversely, Leersia was spatially isolated to para grass in 

context to its proximity to shared patch boundaries, despite Leersia appearing to have 

the most similar depth-habitat profile to para grass compared with other native 

vegetation classes. 

Para grass and Oryza-Eleocharis communities were predominant in seasonally drier 

habitats that were burnt more frequently. This contrasted with seasonally wetter (and 

deeper) regions burnt less frequently where Hymenachne was predominant 

(Figure 4.13ab). The prevalence of the Oryza-Eleocharis community in fire-prone areas 

of the Magela floodplain suggests that fire disturbance could be important in sustaining 

the Oryza-Eleocharis community. It implies that in an absence of fire these regions may 

otherwise be invaded by perennial grasses such as para grass or native Hymenachne. In 

support of this premise, Williams et al.  (2011) found that the colonisation of Oryza is 

facilitated after the physical removal of dense para grass cover by fire.  
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Figure 4.13 Fire-incidence profiles for mapped para grass, commonly associated native 
vegetation classes (shaded in blue) and less commonly associated native vegetation 
(no shading) represented as: a) the median, 25-75 percentile range and non-outlier 
ranges; and b) the mean and the 99% confidence intervals.  
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Hymenachne acutigluma is the dominant native perennial grass of Top End 

wetlands  (Finlayson 1988; Cowie et al. 2000). It is a prolific, high biomass, grass 

known to sustain extensive fires on KNP floodplains  (Barrow 1999; Finlayson et al. 

2006). However, it is also known to be reduced in abundance for several years after 

fire  (Whitehead and McGuffog 1997). This grass-fire relationship may explain the more 

skewed distribution of Hymenachne towards less fire-prone areas on the Magela 

floodplain compared to para grass and Oryza-Eleocharis. By contrast, para grass 

appeared resilient to fire given its higher prevalence in more fire-prone areas. This 

perhaps indicates a capacity for para grass to regenerate faster from fire compared to 

Hymenachne, suggesting that para grass has a competitive advantage over Hymenachne 

in relatively shallower and seasonally drier habitats that are more prone to fire. It is also 

suggested that para grass may invade Hymenachne dominated areas more rapidly after 

fire in relatively drier years, because neighbouring deeper water habitats are likely to 

become more prone to fire during drier years. Conversely and due to its apparent 

capacity to predominate in deeper water, Hymenachne may have a competitive edge 

over para grass in wetter years. This hypothesis is supported by the fact that the 

hydrological profiles for Hymenachne and para grass were quite distinct from each other 

despite these grasses having the highest patch-boundary relationship. The spatio-

temporal dynamics of the interaction between fire, depth and para grass cover change 

will be explored further in Chapter 5.  

The depth-habitat map for para grass, shown in Figure 4.14b, was predicted from the 

proportional distribution of mapped para grass (Figure 4.14a) in relation to the depth 

model map (Figure 4.8b, above). The distribution of para grass in relation to water depth 
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resembled a normal curve. This distribution curve ranged across the entire depth profile 

predicted for the floodplain. This perhaps highlights the plasticity of this weed in 

potentially surviving across most seasonally dry to permanently wet aquatic habitats. As 

determined by the local Moran’s statistic applied to the mapped depth habitat profile, 

optimum and spatially significant ‘hotspots’ for invasion occurred at depths between 1.1 

to 1.4 m. These areas correspond to habitat suitability scores of greater than 13 on the 

para grass depth-habitat map (Figure 4.14b).  
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Figure 4.14 a) The percetage cover of mapped para grass cover by predicted depth; 
and b) the depth-habitat suitability for para grass, based on this relationship, projected 
onto the Landsat depth model. 
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Further analysis of the depth-habitat map for para grass indicated that some 30 % of the 

total floodplain area (7180 ha) fell within the optimal depth range; yet only 2 % of this 

zone (i.e. 809 ha) was occupied by para grass in 2006. Evidence that recent para grass 

distribution is highly clustered, while large areas of favourable habitat remain 

unoccupied, suggests that there is a high potential for para grass to continue to invade 

and establish in new regions on the floodplain. Indeed these results support other studies 

that have measured continued increases in para grass abundance since the removal, in 

recent decades, of Asian water buffalo from the floodplain  (Knerr 1998; Walden et al. 

2012).  

The static depth-habitat map produced from this study offers a basis for refining habitat 

predictions. It delivers a spatial template from which to plan scientifically rigorous field 

research programs. However, care should be taken with model interpretation due to 

potential errors introduced by measurement and scale limitations of the data and sample 

bias  (Foody and Atkinson 2002; Aplin 2006; Segurado et al. 2006; Wolmarans et al. 

2010). For example, the depth and vegetation maps used in this study were not entirely 

independent data sources, in that four of the seven Landsat image layers used in depth 

model production were also used to produce the 2006 vegetation map. The relationship 

between depth and vegetation could therefore be viewed as being tautological. 

Nevertheless, samples used to train the vegetation map were also spatially independent 

to depth survey samples and vice versa. Furthermore, while the depth-model may have 

differentiated relative differences in hydroperiod across the depth gradient, it did not 

necessarily separate site-specific differences in hydroperiod across a drying floodplain. 

For example, it is possible, within any given depth zone that hydroperiod and the 
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temporal cycle of seasonal drying will vary spatially and longitudinally with the 

direction of water flow, across the floodplain. Causal relationships of some biophysical 

variables with vegetation habitat remain inconclusive due the difficulty that arises with 

untangling actual effects from spatially autocorrelated variables with perhaps no 

influence on habitat  (King et al. 2004). For example the high affiliation of para grass 

with the seasonally drier region of the floodplain is apparently also linked with the 

distribution of alkaline soils as mapped by Wells (1979).  

Future research should focus on characterising the spatial relationship and variance 

between hydroperiod and predicted floodplain depth. A better understanding of the 

spatial and temporal patterns in these relationships, within and between years and with 

seasonal rainfall, may provide further insight as to the habitat preferences and 

constraints of aquatic weeds such as para grass.  

4.5 Conclusions 
Ecohydrological conditions directly affect the distribution of para grass and native 

vegetation on monsoonal wetlands, with this chapter demonstrating that mapped 

vegetation classes were each associated with distinct depth-habitat profiles. Para grass 

could potentially occur, albeit at lower abundance in some areas, across the entire 

floodplain depth range, indicating the plasticity of this grass in surviving across the full 

gamut of aquatic habitats on this floodplain. Optimal depths for para grass occurred 

within a relatively narrow, 30 cm, depth range. This depth zone was predicted to occur 

over 30 % of the total floodplain area; and yet only 2% of this area was occupied by 

para grass in 2006.  
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The relatively low ratio of para grass to optimal habitat may indicate that relatively large 

areas of the floodplain have not yet been exposed to para grass. This could also represent 

a low rate of introduction and establishment to these areas. Alternatively different, 

unmeasured, habitat factors could be preventing para grass incursion into these areas. 

Regardless of the cause, this result could highlight opportunities to manage para grass 

invasion in the future. Further research of para grass dynamics in the mapped optimal 

depth habitat will be required to clarify these patterns and assess management options.  

The spatial distribution of fire as influenced by water depth was also shown to be a 

potential factor in shaping vegetation distribution. Dry-season fire was common across 

all wetland environments, although more intermittent in deeper-water habitats. More 

frequent fire in shallow-water habitats is likely important in maintaining the abundance 

of annual-ephemeral vegetation such as Oryza-E. dulcis in areas that may otherwise 

become supplanted by dense perennial grasses such as para grass or native Hymenachne. 

Conversely, para grass or annual ephemeral vegetation that seem to be more resilient or 

perhaps even expedited by fire, might be excluded in deeper water habitats with less 

frequent fire, where Hymenachne may have a competitive advantage.  

The depth-habitat and associated fire risk profiles mapped for the Magela Creek 

floodplain can assist in predicting the relative risk of different habitats and vegetation 

communities to para grass invasion. The results also provide guidance for the strategic 

containment of para grass infestations on this large and extensive wetland. Para grass 

containment strategies might concentrate on locating and eradicating new, smaller, 

colonies located farthest from main infestation areas. Control efforts are likely to be 

more effective by first focusing on colonies emerging in more favourable habitats, as the 
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rate of growth and spread is likely to be greater in such areas. These assertions will be 

further investigated in the following chapter by comparing the rates of para grass 

increase and dispersal in different depth habitats and in relation to different fire histories. 
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CHAPTER 5 The spatial dynamics of para grass 
on a monsoonal floodplain, 
Kakadu National Park
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5.1 Abstract 
In this chapter the spatial dynamics of para grass invasion are investigated on the 

Magela Creek floodplain using moderate and high spatial resolution remote sensing. 

Native vegetation communities displaced over a 20 year period by para grass were 

estimated for a 181 km2 area from maps produced at a spatial scale of 1:50000. 

Interannual changes in para grass cover are also measured over a 42 km2 area of the 

floodplain from 1991 to 2010 at map scales in order of 1:10000. Changes are also 

characterised in relation to spatial variation in habitat depth and annual fire frequency as 

mapped from Landsat 5 TM derived in the previous chapter.  

Para grass covered a total area of 1308 ha within the 181 km2 area over the 20-year 

period and primarily displaced native Oryza and Hymenachne grassland communities. 

For the 42 km2 area an overall trend of increasing para grass was evident between 1992 

and 2010 (R2 0.96, p = 0.0003, n = 6, excluding one outlier), but para grass cover 

patterns were also highly variable, spatially and temporally. The rate of increase in 

extant para grass cover varied with depth-habitat and ranged from no significant change 

(Depths > 1.45) to a significant increase of 54 ha per year on average at moderate depths 

(1.15 to 1.45 m). Interestingly, this rate was much lower relative to the cumulative 

spatial footprint for para grass cover at this depth (i.e. including areas where attrition in 

para grass was observed). Habitat depth and fire history also appeared to interact to 

affect the annual rate and patterns of spread of para grass.  

Trajectories in para grass invasion or attrition are shaped by spatial variations in 

hydrology and fire history over time. These habitat drivers explain the high spatial and 
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temporal variability demonstrated in para grass distribution and must be considered in 

developing site and time-specific strategies to manage para grass in wetland 

environments.  

5.2 Introduction 
Understanding the dynamics of weed invasions in relation to the spatial distribution of 

habitat is crucial for developing landscape management strategies (With 2002). For 

example, the implementation and timing of effective aquatic weed control operations on 

monsoonal wetlands can depend on site context and factors relating to ecohydrology and 

fire  (Grice et al. 2008; Stone 2010; Williams et al. 2011). This is because vegetation 

dynamics in these environments are strongly influenced by landscape context; 

topography; seasonal hydrology; and local disturbance histories  (Finlayson 1993; 

Middleton 1999; Casanova and Brock 2000; Finlayson 2005; Peters 2008; Ngari et al. 

2009). Hence, patterns of weed invasion will likely vary considerably with these habitat 

factors in such temporally and spatially heterogeneous environments. Research into 

weed dynamics in relation to these factors is therefore necessary to develop strategic 

control methods over KNP wetlands.  

This chapter investigates the dynamics of para grass invasion on the Magela Creek 

floodplain of Kakadu National Park (KNP) using remote sensing. The aim was to 

characterise the spatial dynamics of para grass on the Magela Creek floodplain in order 

to target and prioritize control efforts for this weed on monsoonal wetlands of KNP. 

Methodological objectives were to: 
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a) Measure the general displacement of native vegetation communities by

para grass incursion for a 20-year period and a 181 km2 area using vegetation

maps from 1986 and 2006 produced by aerial photo and Landsat 5 TM

interpretation, respectively;

b) Describe the inter-annual dynamics of para grass for a selected 48 km2 area

of the floodplain using spatial indices of para grass cover derived from seven

high spatial resolution satellite and aerial photography images from 1991 to

2010 ; and

c) Relate annual variations in patterns of para grass to hydrological habitat and

fire history.

Landscape vegetation patterns are shaped by many biophysical factors that function over 

multiple scales. These factors are hierarchically organised, spatially and temporally. 

Local-scale factors, such as direct competition among plants for resources and propagule 

pressure, exert bottom-up influences on vegetation growth and survival. Others factors 

operating at global, regional or catchment scales, exert top-down influences on 

vegetation such as climate, rainfall and hydrology and fire. An understanding of both 

bottom-up and top-down influences on vegetation dynamics is required in order to 

develop both region- and site-specific weeds management strategies.  

In order to understand the factors that determine patterns of weed spread, it is necessary 

to characterise both the temporal and spatial variability of weeds in the context of 

conditions at the local and broader landscape scale. As the dynamic processes that 

induce change operate over different scales it is also necessary to observe change in 

different landscape contexts across different scales  (Levick and Rogers 2011). This 
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includes the historical context of the landscape in terms of management, natural 

processes and established vegetation communities and seed banks  (Vilà and Ibáñez 

2011). At local scales, vulnerability to invasion will depend not only on the type of 

environment but on the composition and configuration of the surrounding landscape. For 

example, a large degree of the variability in the dynamics and vulnerability of weed 

invasions is attributed to propagule pressure and landscape context  (Catford et al. 

2011). That is, the proximity and density of established and dispersing propagules may 

interact with the immediate landscape to determine weed invasion and establishment 

patterns.  

Weed invasion patterns are influenced by a combination of species-specific traits 

(invasiveness), habitat factors (invasibility) and environmental disturbance  (With 2002). 

Large fluctuations in the availability of resources for plant growth can amplify habitat 

invasibility  (Davis et al. 2000). Indeed, monsoonal wetlands are considered especially 

vulnerable to weed invasion because rates of environmental variation and disturbance 

are generally high  (Zedler and Kercher 2004). Weed dynamics in these ecosystems are 

likely defined by a mosaic of habitats that are differentiated by spatial and temporal 

variations in ecohydrology and disturbance such as fire. Thus, the susceptibility of 

different wetland habitats to weed invasions is also likely to vary with these attributes 

and should be accounted for in the strategic management of aquatic weeds. 

Fire disturbance has a profound influence on vegetation patterns and is a pervasive 

component of tropical savanna ecosystems that include monsoonal 

wetlands  (Whitehead et al. 2005). The effects of fire on vegetation change is influenced 

by the severity of the fire and the environmental conditions before and after the 
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event  (Turner 1989). The probability and severity of fire on seasonal floodplains is 

temporally and spatially differentiated by moisture and the flammability, density and 

spatial distribution of fuel  (McGregor et al. 2011). As outlined in the previous chapter, 

seasonally drier floodplain areas tend to be more susceptible to fire while wetter, deeper, 

areas tend to be exposed to fire less often. Elevation and micro-topographic variation 

along water-depth gradients and inter-annual variation in rainfall spatially differentiate 

these variations. Invasions of high biomass perennial grasses such as para grass and 

native Hymenachne are considered to be the major contributors to hotter and more 

extensive wildfires  (Finlayson et al. 1997; Barrow 1999; Douglas and O'Connor 2004; 

Setterfield et al. 2013b).  

Yet the impact of fire on the wetland landscape and distribution dynamics of para grass 

and native vegetation remains poorly understood. Within para grass infested areas fire 

has a major impact in terms of removing accumulated biomass and can favour the 

localised recruitment of native wetland plants under some circumstances  (Williams et 

al. 2011). Fire can also aid in the effectiveness of para grass control by spray  (Williams 

and Collett 2009). But fire has also been suggested to exacerbate para grass 

spread  (Douglas and O'Connor 2004). Fire impacts on floodplains within and adjacent 

to para grass colonies are likely to be dependent on site-specific conditions. These 

include fuel load, soil moisture, water depth, light availability and the species 

composition of the seed bank during and after fire  (Whitehead and McGuffog 1997; 

Williams et al. 1999; Heinl et al. 2004; Heinl et al. 2006; Kimura and Tsuyuzaki 2011; 

Williams et al. 2011). Post-fire conditions are usually characterised by increases in light, 

soil temperatures, water availability and high levels of nutrients. These temporary 
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conditions create an environment favourable for plant growth and where there may be 

little competition among plants  (Hobbs and Huenneke 1992). These conditions can 

favour recruitment of weeds or native plants and, in some circumstances, can increase 

plant biodiversity  (Seabloom et al. 2003; Heinl et al. 2007). Hence, fire may either 

facilitate weed invasion and recruitment or result in the death of weeds, depending upon 

the circumstances  (Buckley et al. 2007) 

5.3 Methods 
A multi-scale approach was used to examine para grass dynamics in relation to different 

site-specific environments and the whole floodplain area. Patterns of para grass spread 

and establishment were characterised by describing the spatial and temporal dynamics of 

para grass across different wetland environments defined by hydrology and fire  

5.3.1 Site descriptions 

The Magela Creek floodplain is located within KNP and the Alligator Rivers Region of 

northern Australia (Figure 5.1). The floodplain is subject to natural environmental flows 

driven by the wet-dry rainfall cycle of the monsoonal tropics. Para grass was 

introduction to the area at least 65 years ago and has not been actively controlled, 

making this site suitable to characterise dynamics of para grass under natural conditions 

(Salau 1995). Changes in para grass distribution were measured at two spatio-temporal 

extents and scales by remote sensing. Firstly, displacement of different native vegetation 

by para grass was defined for the overall floodplain area (181 km2), for a 20-year 

timeframe using maps derived by the interpretation of aerial photography and Landsat 5 

TM satellite imagery (Site I, Figure 5.1). Secondly, inter-annual dynamics of para grass 
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cover were resolved over a nine year period for a 48 km2 focus area using high-spatial 

resolution remote sensing captured at near-biennial intervals (Site II, Figure 5.1). Site II 

encompassed the major infestation area of previous aerial photo assessments of 

para grass distribution by Knerr (1998) for 1991 and 1996. The sources of this 

infestation site are unknown (Walden et al. 2012). First confirmed reports of para grass 

on the floodplain are from the 1950s but it could potentially have been present on the 

floodplain as early as the 1900s (Salau pers. com. 1995; Wesley-Smith 1973). Deliberate 

plantings of para grass continued in the lower Magela Creek catchment until 1969 and 

ceased once the floodplain was incorporated into the KNP conservation zone in 1979 

(Salau 1995; Walden et al. 2012). After the controlled removal of feral water buffalo 

from KNP in the late 80s, intense grazing pressure was also relaxed, leading to a 

proliferation of grasses on floodplains (Petty et al. 2007).  
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Figure 5.1 The location of para grass mapping sites on the Magela Creek floodplain 
within Kakadu National Park (NT, Australia) showing: Site I, the greater 181 km2 area 
for assessment of native vegetation displacement by para grass between 1986 and 
2006; and Site II, a 48 km2 area contained within Site I for assessment of the inter-
annual dynamics from 2001-2010. Site II covers the largest para grass infestation of the 
floodplain and also includes the area of previous para grass mapping by Knerr (1998). 
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5.3.2 Measuring native vegetation displacement by para grass 
at Site I 

Displacement of native vegetation by para grass was measured from vegetation maps 

produced for 1986 and 2006. The methods for deriving and validating these maps are 

detailed by Finlayson et al.  (1989) and Boyden et al. (2013), respectively. Small 

patches of para grass were observed on the Magela floodplain in 1986  (Cowie and 

Werner 1987; Finlayson et al. 1989). These small areas were not mapped by Finlayson 

et al. (1989) For the purpose of the current study it is also presumed this is because the 

abundance and extent of para grass in 1986 was at a scale undetectable by aerial 

photography or Landsat 5 TM. 

The 1986 vegetation map was scanned at 1000 DPI from a published original A3-size 

map. The scanned image was then geometrically co-registered to the 2006 map as 

applied in ENVI® ver. 4.8  (Excelis 2010) using 1st order polynomial image-to-image 

warping. Some 613 control points were selected by eye from the identifiable boundaries 

between map units and features on a July 2006 Landsat 5 TM image (the same base-

image used to create the 2006 vegetation map). In this step the 1986 map was re-

sampled up to 30 m pixel size, the resolution of the 2006 Landsat map. The co-registered 

1986 map was then segmented in eCognition® ver. 8.64 and classified according to 

Finlayson (1989) using the manual editing tool  (Trimble 2011). Adjoining segments 

with similar class labels were then merged and this classification was then imported to 

ArcMap® ver. 9.3.1  (ESRI 2006) as a polygon shapefile.  

The spatially co-registered maps were combined using the layer-intersect tool of ESRI 

ArcMap® ver. 10.1. Small boundary errors evident between the outer boundary of 



180 

both maps (i.e. between terrestrial and wetland areas) were deleted from subsequent 

analysis. Certain vegetation classes of the 1986 map were aggregated to simplify the 

vegetation change calculations (i.e. a single ‘Paperbark’ class was created from two 

related sub-classes; and three classes with minor para grass displacement, 

representing < 6% of total displaced area in total, were merged and named ‘other’). 

The area of different native vegetation classes displaced by para grass was then 

evaluated by subtracting the area of para grass mapped in 2006 from each intersecting 

1986 map class. Change estimates were reported in hectares and as a proportion for 

each 1986 native-vegetation category and for the whole site area. 

5.3.3 Measuring para grass distribution trends and inter-annual 
dynamics at Site II 

Dense para grass cover was measured by supervised classification of high-spatial 

resolution satellite images at an approximate scale of 1:10 000 across Site II (Chapter 3). 

These images were captured in the dry-season at near-biennial intervals from 2001-

2010. Total cover across the site was calculated for each image in ArcGIS 10 and then 

graphed in hectares over time. Estimates of para grass omission and commission error 

for the five classification maps ranged between 1 to 14% and 8 to 17%, respectively, 

(Appendix 3.6). These estimates were used to extrapolate error bars representing the 

proportion, by area, of either para grass omission or commission error for the above 

graph.  

Para grass cover was also mapped within Site II in 1991 and 1996 from aerial photo 

interpretation by Knerr (1996). These measurements were included in the evaluation of 

changes in total para grass cover at Site II. Trends and variability in total para grass 
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cover (ha) were assessed graphically by a linear regression over time (years). These 

analyses were undertaken for the 9-year study period 2001-2010 (n = 5) and for the 

entire historical map series spanning 19 years (1991-2010), with one outlier 

removed (n = 6).  

The dynamics of para grass cover were analysed in relation to environmental gradients 

defined by the relative water depth and fire history maps produced in Chapter 4. Sample-

cell statistics for para grass and environmental map layers were calculated using the 

zone-statistics function of Spatial Analyst Tools (ArcMap® ver. 9.3.1). Zone-statistics 

were then linked back to the sample-lattice shapefile by the sample-cell identification 

tag. These steps are summarised in Figure 5.2. A hexagonal lattice with a sample-cell 

area of 0.21 ha (and a cell height of 50 m) was used to sample and integrate the multiple 

para grass and biophysical map layers. A hexagonal sample unit was chosen because 

hexagons tend to have better spatial sample efficiency due to symmetry with nearest 

neighbours and are also visually less biased for displaying density-maps than 

conventional square grids  (Carr et al. 1992; Lewin-Koh 2011). The sample-cell size was 

chosen (0.21 ha and approximately 50 m high by 50 wide) because this was considered 

the minimal size that could be used to re-sample smaller scale measurements without 

causing significant edge effect errors; and because the cell size was considered to be the 

smallest practical size that might be considered useful for planning weed control 

operations or experiments.  
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Hexagonal-cell
 Sample Lattice:

sample unit = 0.213 ha
(Shapefile)

onal Statistic Tables
(ESRI®  Spatial Analyst Tools)

Attribute Tables combined and 
spatially integrated
 to Sample Lattice 

ables rows lin ed to
sample-lattice 

by the sample-cell
ID tag

Environmental map layers

Predicted
Water Depth Map

Fire Scar Frequency Map, 1999-2010
(sum of Boolean layers; 

Fire-scar = 1; No fire-scar = 0)

Fire-scars maps from recent  years for 
each image-change pair

(Boolean layers for selected years)

Five Para grass maps    (2001, 2004, 2006, 2008, 2010)

Boolean Map Layers 
(Para grass= 1; Non-para grass = 0)

Patch-size Layers Euclidian Distance to Para grass 
(ESRI®  Spatial Analyst Tools)

 Para grass Persistence Score
(sum of Boolean map layers)

Figure 5.2 Flow chart showing the methods used to calculate and integrate para grass 
and environmental layer datasets using a hexagonal sample lattice and zonal statistics.  

Several spatial indices of para grass cover were derived from the maps to allow temporal 

change in para grass distribution to be characterised over different spatial scales and in 

relation to relative water depth and fire history (Table 5.1). These indices measured 

either local-scale (within pixel or within sample cell) or patch-scale traits that potentially 

extend outside of the sample cells. They included cover-density per sample cell, discrete 

patch area, inter-patch distance, the ‘cumulative persistence score’ (i.e. the Boolean sum 

of all para grass map layers) and distance to the most ‘persistent’ patches. In addition, 

indices relating to changes in density and inter-patch distance of para grass were derived 



Chapter 5 

183 

at the sample-cell scale from each of the series of four ‘image-difference’ pairs 2001-04, 

2004-06, 2006-08 and 2008-10 (refer to Equations 5.1, 5.2 and 5.3).  
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Table 5.1 Description of the indices used in the analysis of change in para grass over Site II of the Magela Creek floodplain. 

Group Variable Description Derivation 

Para grass 

Cumulative 
Persistence Score 
(CPS) 

This index is derived at a fine resolution (pixel scale) to 
indicate the site-specific persistence of para grass 
patches over time 

Sum of all Boolean classification layers (Chapter 3) 

Cell-density and 
change in cell-
density 

The percentage cover density of para grass within cells 
of the sample lattice as derived for each classification 
layer: 2001, 2004, 2006, 2008, and 2010. Negative or 
positive change in density was measured for each 
image-pair in series: 2001-04, 2004-06, 2006-08 and 
2008-10. 

See Equation 1 & 2 

Distance to patch 
and change in 
patch distance  

Euclidean distance to nearest para grass ‘patch 
defined as discrete areas mapped for each map layer 
(2001-2010). Change in distance (m) was measured 
as an increase or decrease (negative for each image-
pair in series: 2001-04, 2004-06, 2006-08 and 
2008-10. 

Euclidean distance function was applied to each 
para grass layer at 1 m resolution. Zone statistics 
were then derived for each layer from the 
hexagonal sample matrix. Change in distance was 
then measured using Equation 3. 

Distance to 
‘Permanent’ 
Patch 

Euclidean distance to nearest persistent para grass 
‘patch defined as areas with a 
maximum persistence score of 5  

Spatial Analyst ‘Reclass’ function used to generate 
the maximum persistence map layer. Euclidean 
distance function was applied at 1 m resolution.  

Patch Size 

A patch was defined as a contiguous area of pixels 
classified as para grass. Patch size was measured in 
hectares for each classification layer: 2001, 2004, 
2006, 2008, and 2010.  

Patch area calculated in hectares from polygon 
layers generated for all classifications. Zone 
statistics (mean and maximum) were then 
calculated for each respective layer for the 
hexagonal sample matrix.  

Other 

Depth habitat 
Relative depth map as predicted from multi-temporal 
Landsat and floodplain depth records taken at 
March 2009  

See Chapter 4 for method. 

Previous dry-
season fire

Areas estimated as burnt or unburnt in the dry-season 
prior to the last image capture of each image pair  

Landsat fire-scar maps representing years 2003, 
2005, 2007 and 2009.  
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Para grass cell-density was calculated as described in Equation 5.1: 

𝑷𝑷𝑷𝑷𝒕𝒕𝒕𝒕  =  �𝑺𝑺𝒕𝒕𝒕𝒕
𝑷𝑷𝒕𝒕𝒕𝒕
� ∗ 𝟏𝟏𝟏𝟏𝟏𝟏 [Equation 5.1] 

where PCti is percentage cover in cell i for para grass classification layer t; Sti 

is the sum of all para grass pixels falling within cell i; and C is the total count 

of all pixels (para grass and non-para grass classes) from layer t falling in cell i. 

Cell-density was also colour-coded for the purpose of cartographic illustration.  

An index of change was also calculated from each of the series of image-difference 

pairs representing the near-biennial time intervals of the series; 2001-04, 2004-06, 

2006-08 and 2008-10 [Equation 5.2]:  

𝑷𝑷𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪 𝒕𝒕𝑪𝑪 𝑫𝑫𝑪𝑪𝑪𝑪𝑫𝑫𝒕𝒕𝒕𝒕𝑫𝑫 𝒕𝒕  =  𝑷𝑷𝑷𝑷𝒕𝒕𝒕𝒕𝟏𝟏 − 𝑷𝑷𝑷𝑷𝒕𝒕𝒕𝒕𝟏𝟏 [Equation 5.2] 

where Change in Density in cell i is the difference in PC (percentage cover, 

Equation 1) measured in that cell between at t1 and t0 (representing each 

image-difference pairs, above). 

Change in the distance between para grass patches (inter-patch distance) as 

calculated as in Equation 5.3.  

𝑷𝑷𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪𝑪 𝒕𝒕𝑪𝑪 𝑰𝑰𝑪𝑪𝒕𝒕𝑪𝑪𝑰𝑰𝑰𝑰𝑪𝑪𝒕𝒕𝑰𝑰𝑪𝑪 𝑫𝑫𝒕𝒕𝑫𝑫𝒕𝒕𝑪𝑪𝑪𝑪𝑰𝑰𝑪𝑪𝒕𝒕  =  𝑷𝑷𝑫𝑫𝒕𝒕𝒕𝒕𝟏𝟏 − 𝑷𝑷𝑫𝑫𝒕𝒕𝒕𝒕𝟏𝟏  [Equation 5.3] 

Where Change in Interpatch Distance is the difference in the mean distance 

between patches boundaries (PD) in cell i measured between at t0 and t1 

(representing each image-difference pair, above). 

Maps and graphs were generated from the various indices to represent changes in 

para grass cover density and patch size. In addition, the local Moran’s statistic after 
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Anselin  (1995) was applied in ESRI ArcMap (ver. 9.3.1) to the mean ‘change in 

density’ map  (ESRI 2006). This analysis identifies spatial clusters that differ 

significantly from a random distribution of the same values array. For this analysis a 

fixed search distance of 50 m was used. Areas of either significant positive or 

negative change are referred to as ‘hot-spots’ and ‘cold-spots’ respectively. Hot- and 

cold-spots were then compared by relative depth and area using one way ANOVA.  

Spatial and temporal patterns in para grass abundance were correlated to the maps of 

predicted depth and fire history. The total number of cells sampled within each depth 

interval bins are listed in Table 5.2. Cells containing zero para grass over the entire 

sampling period were omitted from all para grass change analyses. Indices for 

para grass density and change in density were plotted across the depth gradient as the 

mean for the total sample period, each sample year and each image-difference pair.  

Table 5.2 Number of sample-cells (N) covering Site II within each depth category 
(Shallow, Moderate, or Deep) and depth-interval bin. Total sample-cells contained 
within each depth interval = Ntotal. Cells used in depth gradient analyses of 
para grass (cells where the cumulative mean density of para grass was N>0; and the 
number of cells with zero-para grass, excluded from para grass analyses = N0.  

Depth categories 
for ANOVA and 
regression  

Depth interval (m) N>0 N0 Ntotal

Shallow 

≤0.85 1244 91 1335 

>1.85 to 0.95 532 9 541 

>1.95 to 1.05 908 5 913 

>1.05 to 1.15 1737 51 1788 

Moderate 
>1.15 to 1.25 2871 81 2952 

>1.25 to 1.35 4093 60 4153 

>1.35 to 1.45 4564 91 4655 

Deep 

>1.45 to 1.55 2870 47 2917 

>1.55 to 1.65 1295 18 1313 

>1.65 to 1.75 699 25 724 

>1.75 to 1.85 458 47 505 

>1.85 892 137 1029 
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Annual rates of change in para grass cover were compared in Shallow (≤ 1.15 m), 

Moderate (>1.15 to <1.40 m) and Deep (≥1.40 m) water habitats by linear regression. 

These depth categories were chosen to reflect the key differences apparent in total 

cover of para grass across the depth gradient as determined in Chapter 4. The 

Moderate depth category represented the depth-range where the total cover of 

para grass was greatest. The linear rate of change in para grass was measured in two 

ways. Firstly, the changes in total para grass cover measured were assessed across 

the 5-image series. Secondly, the cumulative spatial footprint of para grass, which 

accounts also for attrition in para grass between years, was also assessed. 

The potential influence of water depth and fire on the dynamics of para grass cover 

was tested using two-way factorial analysis of variance – ANOVA – applied in 

Statistica®  (StatSoft-Inc. 2012). Change in density (Equation 2) and change in inter-

patch distance (Equation 3) were the para grass variables used to evaluate the 

independent effects of depth habitat and fire on para grass change. The dependent 

variables were calculated for each time interval of the four image-difference pairs. 

These data were then pooled such that each cell of the sample lattice was replicated 4 

times. Hence, the ANOVA design was assumed to be balanced in relation to effects 

of time on change. The interval unit of ‘biennial’ change, with the one exception 

being a 3-year change interval for 2001-2004, was relatively consistent. Similarly, 

the time-interval between fire and post-fire para grass mapping was kept consistent at 

one wet season (i.e. about 1 year).  

A summary of the distribution of the depth and fire factors used in the ANOVA is 

shown in Figure 5.3. The three depth categories (Shallow, Moderate, Deep – Table 

5.2, above) were spatially fixed variables while fire was assigned as a random factor 

in the ANOVA design. Fire categories were segregated in this analysis by the 
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majority of sample-cell area that was either burnt or unburnt from each year 2003, 

2005, 2007 and 2009 to correspond with each respective image-difference pair 

(2001-2004, 2004-2006, 2006-2008 and 2008-2010). Hence, it was assumed that any 

impact of fire on para grass cover would be most measurable in relation to the most 

recent fire.  

Figure 5.3 The spatial (and temporal) distribution of environmental factors used in 
the ANOVA of para grass change at Site II as derived from datasets produced in 
Chapter 4: a) the spatially fixed depth factor and b) and fire, defined as the most 
recent dry-season fire-scar prior to the last image capture of each Image-Difference 
Pair (IDP). Samples cells with zero-para grass were omitted from this analysis. 
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5.4 Results and discussion 

5.4.1 Measuring native vegetation displacement by para 
grass at Site I 

Estimated para grass cover at Site I in 2006 was 1308 ha or 7 % of the total site area 

(Figure 5.4). Oryza grassland was the most impacted of the vegetation communities 

mapped by Finlayson et al. (1989), with ≈ 471 ha or 24 % of its area displaced by 

para grass. This was followed by native Hymenachne grassland ≈ 262 ha (20 %), 

Pseudoraphis grassland ≈ 132 ha (5 %) and Hymenachne-Eleocharis swamp ≈49 ha 

(5 %). The largest continuous patches of para grass were associated with the Oryza 

and Hymenachne communities. Smaller patches were commonly associated with 

floodplain margins and, in total, displaced large areas of Pseudoraphis grassland. 

The displacement of these communities by para grass agrees with the independent 

single year spatial vulnerability analysis reported in Chapter 4 that showed relatively 

high patch-boundary association of these communities with para grass. These results 

also concur with the native vegetation affiliations for para grass as previously 

reported on the Magela Creek and the Mary River floodplains of Northern Territory, 

Australia  (Knerr 1998; Douglas et al. 2001; Douglas and O'Connor 2003; Douglas 

and O'Connor 2004; Ferdinands 2007).  
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Figure 5.4 The estimated displacement of native vegetation communities by 
para grass between 1986 (Finlayson et al. 1989) and 2006 shown as: a) the 
distribution of para grass and key communities displaced in 2006; and b) the total 
area of the key vegetation communities displaced. 

To some extent, conclusions that can be drawn from these results are limited by the 

scale and accuracy of the maps used. For example, boundary-error between the maps 

used to estimate change was estimated to be ± 120 m as determined by the Root 

Mean Square (RMS) calculated for the map co-registration procedure. Also the 

estimated displacement of the Paperbark woodland class (309 ha) does not 

necessarily indicate a reduction in Paperbark tree numbers by para grass. However, 

other authors contest that tree recruitment in savannahs is suppressed by more 

frequent and severe fires caused by the increasing fuel-loads of grassy weeds such as 

para grass  (Douglas and O'Connor 2004; Heinl et al. 2007).  
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5.4.2 Measuring para grass distribution trends and inter-
annual dynamics at Site II. 

At Site II para grass cover increased from 747 to 1287 ha from 2001 to 2010. This 

was a total change of 72% or an increase of 540 ha (Figure 5.5a-c). A distinct trend 

was also apparent over the 9-year timeframe, underpinned by nett increases of 145, 

102 and 293 hectares for the periods 2001-2006, 2006-2008 and 2008-2010, 

respectively. This trend was also consistent over the 18 year period, 1992-2010, 

when compared with earlier records by Knerr (1992). The linear relationship 

between increasing para grass (ha) and time (years) was marginal (R2 = 0.58, p = 

0.08, n = 5) when all the 2001-2010 maps were included in analysis. However, the 

relationship was stronger if either the 2001 or the 2004 map was removed from the 

analysis (i.e. R2 = 0.95, p = 0.02, n = 4; or R2 = 0.81, p = 0.07, n = 4, respectively). 

The relationship was strongest when results (less the 2004 outlier) were combined 

with Knerr’s (1996) earlier para grass cover maps for the same area by (i.e. R2 = 

0.96, p = 0.0003 -Figure 5.5c, dashed line).  

However, a nett decline of 194 ha was also measured from 2001 to 2004 (Figure 

5.5c). The accuracy of the 2001 and 2004 classifications might be considered more 

‘uncertain’ than the other years, compared to other classifications in the series due to 

a heavier reliance on reference samples selected by retrospective image interpretation 

(see Chapter 3 methods). Further research is required to characterise the nature of 

declines measured by remote sensing. Hypothetically, changed hydrological 

conditions or fire disturbance could contribute to declines in some years. 
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Figure 5.5 (opposite page). Para grass cover measurements for Site II shown as: a) the para grass cell density for each image from 
2001 to 2010; b) the mean cell density from these measurements (n = 5 image samples); and c) graphed as the total area of 
para grass cover in hectares by year for the current study (2001-2010) with omission and commission error estimates (bars) and as 
mapped in 1991 and 1996 by Knerr (1996). 
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The mean overall change in para grass density was +3.3 % and nett inter-annual change 

in density ranged from -4.3 to +8.9 % as measured across the series of four image-

difference pairs (Figure 5.6c). These statistics do not, however, reflect the smaller scale, 

site-specific, fluctuations in cover occurring within areas where para grass had already 

established. The spatio-temporal variability of para grass in these areas was substantial, 

yet site-specific trends in cover were also apparent. The locations of these sizable 

regions of either positive or negative flux in cover are illustrated by the change-in-

density maps produced from each image-difference pair (Figure 5.6ab).  

Mean ‘hot-spots’ and ‘cold-spots' of change measured by the local Moran’s statistic 

were also spatially clustered (Figure 5.7). Hot-spots occurred in relatively shallower 

areas compared to cold-spots, although the mean difference in depth between these 

extremes was less than 0.1 m (t = 6.8, d.f. = 5487, p < 0.0001). On average, hot-spot 

areas were much larger than cold-spot areas (138 ha ± 2 SE compared to 23 ha ± 1 SE, 

respectively), contributing to the nett increase in para grass cover. Hotspots were 

sometimes located along channel lines and associated levee banks on the floodplain. 

Raised levee banks are likely to enhance para grass growth because they are often more 

fertile, have a connection with permanent water and may expedite aerobic root-

metabolism of para grass  (Johnston et al. 2001; Chaudhari et al. 2012). 

Change and variability in para grass cover is almost certainly influenced by the high 

variability in the magnitude and timing of annual wet season rainfall. Indeed the 

productivity and seasonal growth patterns of different aquatic plants are strongly 

influenced by water and nutrient availability and variable inundation patterns  (Finlayson 

1991; Wurm 2004; Warfe et al. 2011). In relation to the current study, annual wet season 
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rainfall ranged between 1111 and 2128 mm as recorded in the vicinity from 2001 to 

2010  (BoM 2013). For the same period the area of floodplain burnt annually ranged 

from near zero to 150000 ha (see Chapter 4). Between-year variation in hydroperiod and 

the spatial extent of this variation is also likely to influence the rates at which para grass 

changes. For example, because the metabolism of para grass root systems are 

energetically most efficient under aerobic conditions, there is reason to suspect periods 

of soil inundation or, conversely, air-exposure, influence attrition or production of 

para grass  (Chaudhari et al. 2012). Variations in aerobic conditions and availability of 

soil water and nutrients are likely to interact together to modulate site-specific para grass 

growth patterns over time. 

The atypical decline in para grass in 2004 may reflect real reductions in para grass 

density resulting from circumstances peculiar to the immediate timeframe before 

mapping. For instance, extensive floodplain fires in the 2003 dry-season (see Figure 

4.9), followed by unusually late wet-season rains in 2004  (BoM 2013) could have 

favoured a period of reduction in para grass biomass and the re-growth of native 

vegetation in these areas. In fact, dense perennial grass cover on monsoonal wetlands 

has been shown to be replaced, at least temporarily, in the year proceeding fire 

disturbance by a more open vegetation structure dominated by annual and ephemeral 

species  (Whitehead and McGuffog 1997; McGregor et al. 2011). It has also been shown 

that Oryza germination amongst para grass is facilitated after removal of para grass 

cover by fire  (Williams et al. 2011).  
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Figure 5.6 (opposite page). Change in para grass cell-density at Site II as: a) mapped in series for each Image-Difference Pair (IDP); 
b) a map of the mean change in density from all IDPs; and as c) the graphed mean nett change for each IDP.
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Figure 5.7 Mapped localised trends in para grass cell-density at Site II as determined by the local Moran’s statistic applied to the change in 
density data layer and overlayed in relation with predicted depth and last recorded para grass distribution in 2010 (dot-density overlay). 

198 
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Floodplain vegetation is in a constant state of flux, responding to dynamic seasonal 

conditions and periodic disturbance. Site-specific trends in para grass cover are 

therefore likely the result of inter-annual variability in the availability of water, 

periods of soil exposure to air and other resources for plant growth. Stochastic 

disturbances from fire, or foraging activity by Magpie geese and feral pigs, could 

also contribute to localised trends in para grass cover. Under some circumstances, for 

example, the concomitant increases in nutrient availability and decreases in plant 

cover that can occur after fire may favour para grass invasion. Conversely, if such 

circumstances coincide while soil is inundated, the growth of other wetland plants 

such as native Hymenachne might be favoured over para grass.  

Large increases in the size of para grass patches occurred between 2001 and 2010 

(Figure 5.8a), despite the high localised fluctuations in para grass density. From 2001 

to 2004 mean patch size was less than 2.5 ha but grew from 40 to 50 ha between 

2006 and 2008, then to almost 200 ha in 2010 (Figure 5.8b). These results imply 

there are many small discrete para grass patches that interconnect between larger 

infestation areas. These small patches eventually expand and coalescing with 

surrounding patches causing an abrupt increase in patch size. In other large sample 

regions, para grass patch size fluctuated between zero to less than 0.1 ha in size 

(Figure 5.8a). It is considered that in these regions ‘small patch’ sample-cells, with 

an overall density of < 5 %, may often represent classification noise (i.e. para grass 

commission error). This level of noise is consistent with accuracy statistics generated 

for the individual maps as reported in Chapter 3. Further development of analysis 

and reporting of para grass change may consider filtering out classification error 

based patch size. Para grass cover density and rates of increase also varied in relation 

to the depth-habitat profile for the central floodplain (Figure 5.9). Mean density 
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peaked within the 0.5-1.5 m depth region, although cover density between years 

varied substantially (Figure 5.9b). Changes in density were most variable within 

deeper areas from 1.5 to 2.5 m then continued to decline to zero after 1.7 m. The 

range between positive and negative cover density change was greatest in the 

1.0 to 1.3 m depth-zone (Figure 5.9d). 
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Figure 5.8 (opposite page). Changes in para grass patch-size (ha) at Site II from 2001 to 2010: a) mapped as the maximum patch-
area by year; and b) graphed as the mean patch area by year. Patch-size divisions were chosen manually, with a point of separating 
larger patch increases and areas that may represent zero para grass and higher likelihood of commission error (>0 to 0.1 ha).  
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Figure 5.9 Para grass cover measured across the mapped depth interval range as the cell-density mean (top) and change in cell-density 
(bottom) and shown as: a) the mean from all images and all IDPs; and b) the mean for each image-year and IDP. The -axis represents the 
depth-interval midpoints and low high extremes determined from the depth model (Chapter 4). Error bars are the 99% confidence interval. 
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Para grass was shown to spread most quickly through the moderate depth-habitat 

relative to the shallow and deep water habitats (Figure 5.10). Interestingly this depth 

zone corresponds with the depth-range predicted to be optimal habitat for para grass 

as determined by the overall aerial prevalence of para grass on the floodplain (see 

Chapter 4). The average increase in total ‘extant’ para grass cover in this moderate 

depth zone was estimated to be 37 ha per year (Figure 5.10a) and, in contrast, the 

cumulative spatial footprint of para grass (i.e. ‘extant’ + ‘extinct’ cover) within this 

habitat was almost three times the year-total rate of increase at 95 ha per year 

(Figure 5.10b). This suggests that, while para grass percolated most quickly through 

the moderate depth habitat, attrition in para grass cover also occurred in this region at 

an average rate of 58 ha per year. In contrast, the spread of para grass was slower in 

the ‘shallow’ habitat where cover density was greatest (Figure 5.9a), suggesting 

lower levels of para grass attrition within shallow-habitat regions. This suggests that 

para grass has invaded and established quickly over relatively larger areas in this 

habitat, but at any one time it occupies smaller areas at high cover density. The large 

difference between historical and extant para grass cover in this zone perhaps relates 

to higher variability in disturbance patterns. For example, a larger range in 

hydroperiod and fire extent between years could cause larger variability in para grass 

cover between years.  
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Cover 
measurement 

Depth range (m) Linear regression results 
Slope 

(b) 
R Adjusted 

R2 
p Sig. 

a) Year totals

Shallow 

≤1.15 m 
18 0.84 0.61 0.074 * 

Moderate 

>1.15 to 1.4
37 0.75 0.42 0.141 * 

Deep 

>1.4
11 0.59 0.13 0.297 ns 

b) Cumulative
‘footprint’

Shallow 

≤1.15 m 
37 0.99 0.98 0.001 *** 

Moderate 

>1.15 to 1.4
95 0.99 0.98 0.001 *** 

Deep 

>1.4
46 0.99 0.98 0.001 *** 

Figure 5.10 Change in para grass cover within ‘shallow’, ‘moderate’ and ‘deep’ 
depth water habitats at Site II as calculated from: a) the total mapped para grass 
cover for each year; and b) the cumulative spatial foot-print of para grass cover over 
time, calculated in series, sequentially, from 2002 to 2010. Graph symbols for 
Shallow, Moderate and Deep categories are indicated in the table below the graph. 
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Because measurement errors are compounded when calculating change from 

multiple classifications estimates  (Lunetta et al. 2001), estimates of cumulative 

cover could be exaggerated. However, there are several reasons to suspect that the 

majority of the differences observed between the year totals and the cumulative 

footprint (Figures 5.10ab) are due to periodic reductions in para grass cover density. 

Firstly, anecdotal evidence indicates that reduction in para grass biomass does occur 

after fire although the relative impact on para grass survival is variable and likely to 

be dependent on the severity of fire and the hydrological conditions before and after 

fire  (Stone 2010). Secondly, periodic reductions in para grass cover might occur 

within the ‘optimal’ depth-habitat zone when ecohydrological fluctuations occur 

outside this habitat’s norm, between years. Under such a scenario changes in local 

habitat conditions can favour competition from coexisting native 

vegetation  (Chesson 2000; Daehler 2003). Thirdly, the localised depletion of 

nutrients after invasion might cause periodic reductions in para grass cover density. 

In this context individual para grass patches were sometimes donut shaped, or were 

observed to move with an advancing growth front while also contracting behind this 

front. In other words vigorous para grass production may occur at an invasion front, 

in new areas not fully exploited of nutrients, while senescence and less vigorous 

growth occurs simultaneously in longer established areas where nutrient levels may 

have become depleted, locally. In support of this hypothesis para grass productivity 

increases dramatically in response to increased nutrients  (Chadhokar 1978). 

Despite the temporal dynamism apparent in para grass cover more ‘permanent’ 

patches were also prevalent in the landscape, as illustrated by the para grass 

‘persistence-score’ maps (Figure 5.11a). Spatially resilient patches were 

differentiated across the depth gradient (Figure 5.11b) and the relative distance 
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between persistent and less persistent patches was shown to also be spatially 

autocorrelated (Figure 5.11c). Para grass persistence peaked within shallower depth-

habitats in contrast to where the spread of para grass appeared to be fastest in 

moderately deep habitats (see Figure 5.10). Due to propagule pressure, the potential 

of para grass to invade new areas is likely to be negatively associated with the 

distance to permanent patches and the relative rate of dispersal, establishment and 

survival of new patches  (Richardson and Pyšek 2006). More permanent patches may 

act as important loci for the vegetative growth and seed dispersal of para grass into 

new areas. The degree to which cover density is fluctuating while persistent cover 

abundance is increasing can only be determined by longer term sampling. The rate at 

which these patches form and whether these patches should be targeted in active 

control programs is an important management question. This could be answered 

experimentally by targeted field research and weed control. 
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Figure 5.11 (opposite page). a) Map of the para grass persistence score calculated by the sum of the five Boolean para grass map layers 
(2001-2010); b) the distribution of the persistence score across the depth gradient intervals as measured by the cell-sample means; and c) the 
mean distance between ‘permanent’ patches, less persistent patches and where no para grass was scored.  
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In the absence of fire, para grass cover density increased across all depth categories, 

with the most pronounced increase occurring in the moderate and shallow depth 

zones (Figure 5.12a). This result concurs with a study on a related floodplain grass of 

Africa, Urochloa mosambicensis, where it was found that when fire did not occur the 

cover density and extent of this grass continued to increase and plant biodiversity 

decreased and this trend continued for 8 years in the absence of fire  (Heinl et al. 

2007). The distance between para grass patches also increased in the two deeper 

zones in the absence of fire (Figure 5.12b). This suggests that the spread of 

para grass in deeper water areas may be restricted by competitive interactions with 

other aquatic plants such as perennial Hymenachne grass that tend to favour this 

habitat (see Chapter 4).  

Figure 5.12 Results of two-way ANOVA indicating interactive effects of depth 
regime and fire on para grass as measured by changes in: a) cover density; and b) 
para grass inter-patch distance. Numerical results from the ANOVA are shown in 
italics. Error bars are the 99% confidence interval.  
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Conversely, fire appeared to facilitate the spread of para grass in ‘deeper water’ 

areas. In this context fire is demonstrated to substantially reduce the abundance of 

native Hymenachne grassland  (Whitehead and McGuffog 1997; McGregor et al. 

2011). Indeed, the high density of para grass in drier, shallow, floodplain 

environments indicates para grass is likely to be more resilient to fire than native 

Hymenachne. Occurrences of fire in ‘deep’ water zones may also indicate a time 

when water levels were relatively lower, but moisture levels still may remain high, 

providing ideal conditions for para grass growth. Published findings suggest that, in 

general, para grass has a faster growth than native Hymenachne, H. 

acutigluma  (Chadhokar 1978; Finlayson 1991; Saxena et al. 1996). Knerr (1996) 

also reported that para grass growth was vigorous after fire compared to native 

Hymenachne. However, no controlled experiments have been done to directly 

compare the growth rates of para grass and Hymenachne under different soil nutrient 

and flood inundation regimes. Indeed these results also suggest that, in the absence of 

fire in deeper water, Hymenachne may exclude para grass, suggesting that native 

Hymenachne growth may be greater under these conditions.  

From a management perspective, the positive or negative influences of fire on either 

the remediation of native species or the spread of para grass are likely to be context 

specific and be related to local hydrological regimes. Hence, impacts will vary with 

where and when fire occurs, the plant species and fuel load present and the 

hydrological conditions before and after the event  (Turner 1989). Fire severity is a 

function of its intensity, site-specific duration and extent. On floodplains, fire-

severity depends on accumulated fuel load and the timing of fires in relation to soil 

and fuel moisture and water depth. Implementation and timing of effective para grass 

control is likely to be dependent on these context-specific factors  (Grice et al. 2008; 
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Stone 2010; Grice and Nicholas 2011). Further research into these dynamics is 

therefore necessary if fire, in combination with other potential control methods, is to 

be skilfully applied to manage para grass on Kakadu wetlands.  

5.5 Conclusions 
Statistical characterisation of the distribution dynamics of para grass over monsoonal 

wetlands of KNP may assist in developing models to predict and manage invasions. 

Para grass covered some 1308 ha of the floodplain in 2006 and was shown to have 

primarily displaced Oryza, Hymenachne and Pseudoraphis grassland. Finer-scale 

analysis indicated a trend of increasing in para grass cover on the floodplain. This 

overall trend was apparent despite high variability in the spatial distribution of 

para grass, characterised by large, site-specific declines in abundance that occurred 

periodically within already established areas. Water depth and fire were significant 

factors in regulating para grass dynamics. These seasonally and inter-annually 

dynamic habitat factors appear to interact in subtle ways, along with competing 

native vegetation, to determine the distribution dynamics of para grass.  

Para grass cover was spatially and temporally dynamic within already established 

areas. Much of the variability in para grass cover may have been driven by rainfall, 

fire disturbance or inter-annual differences in rainfall water flows, hydroperiod and 

depth. Yet, changes in para grass cover density were spatially differentiated by 

‘normal’ water-depth regimes of the floodplain. Fire events increased the spread of 

para grass in deeper water habitats but temporarily suppressed its cover at shallower 

depths. Therefore these findings only partially support results of smaller scale studies 

indicating localised recruitment of native species after fire  (Williams et al. 2011). In 

this context it is accepted that the impacts of individual fire events will vary with 
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landscape context, the competition of coexisting native species in local habitat and 

conditions before and after fire  (Turner et al. 2001). Further research is required to 

ascertain impacts of fire on para grass dynamics before and after fire and under 

different moisture and inundation regimes.  

The patterns in para grass dynamics that were discerned in relation to different 

habitats dictated by depth and fire can assist managers in framing site-specific weed 

control operations. However, further field-based experimental research is required to 

develop specific weed control in relation to these factors and various control options. 

Because of the dynamic nature of these factors and variation from year to year, 

managers also need to be responsive to changing conditions when planning weed 

control operations. In such a dynamic environment this will be a major challenge for 

implementing effective para grass control strategies. However, responding to 

environmental cues for instigating particular strategies effective only under specific 

circumstances should not be insurmountable. 

This study contributes an understanding of the distribution dynamics of para grass on 

a monsoonal floodplain. However, there remain many unknown factors that may 

contribute to weed distribution dynamics in floodplains. There also remains some 

uncertainty as to the spatial distribution of error in remote sensing maps. Further 

clarification of the quantitative links between field-scale and remote sensing 

measurements of para grass cover, standing biomass density, height and patch size 

may improve the practical application of this research. To address these issues weed 

monitoring efforts should concentrate on improving multi-scale sampling designs 

which combine remote sensing, aerial survey and targeted field sampling. In this 

context a systematic sampling framework that accounts for spatial and temporal 
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variability in the floodplain environment is required. Longer-term field monitoring at 

reference sites would be valuable in untangling the mechanisms driving para grass 

density changes. Reference sites should also be chosen strategically from existing 

sample sites and from areas where para grass has historically occurred, including hot-

spots or cold-spots of para grass change. Given the inherent variability of the wetland 

environment, ongoing longitudinal field observations of para grass density, in 

tandem with remote sensing, are also required to further quantify remote sensing 

change indices. In this context, the relative depth map produced in Chapter 4 can 

provide a spatial framework for designing research and development towards site-

specific management plans for para grass control on the floodplain under different 

wetland habitats as dictated by hydroperiod and depth. 

. 
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CHAPTER 6 Management of a grassy weed on 
monsoonal wetlands of 
Kakadu National Park: Design and policy for 
monitoring by remote sensing 
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6.1 Introduction 
Invasive weeds threaten the conservation of natural assets of wetlands within Kakadu 

National Park (KNP), a World Heritage site highly valued for its unique cultural 

heritage and biodiversity. Vigilant and ongoing monitoring of weed distribution is 

required to inform strategies for cost-effective weed management over this extensive 

and remote ecosystem. Monitoring must also be designed at scales appropriate for 

managers to ascertain the environmental factors that drive patterns of vegetation 

change and weed spread. Furthermore, it is important that monitoring define the 

actual and potential impact of weeds on native biodiversity and ecosystem functions 

within already established and neighbouring habitats  (Adair and Groves 1998). A 

key goal in this respect is to determine threshold densities at which weeds have little 

or no impact on landscape-scale conservation values within different habitats  (Adair 

and Groves 1998; Richter et al. 2013a; Richter et al. 2013b). Such knowledge 

enables the spatial and temporal risk of invasion and degradation by weeds to be 

modelled. In turn, this informs strategies for cost-effective and ongoing management 

of weeds in the landscape, according to well-justified priorities.  

Weed invasion and establishment patterns are defined by the spatio-temporal 

distribution of habitats, competing native plants, foraging animal populations and the 

limited available resources for plant growth  (With 2002). Monitoring vegetation 

patterns provides a basis for assessing the ecological risk of weed impacts and factors 

affecting landscape-scale invasion dynamics. Understanding the relationships 

between these patterns and the different spatial and temporal scales over which they 

are detected also provides a basis for designing effective monitoring systems.  
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Satellite remote sensing (RS) offers a practical solution for monitoring para grass 

over the extensive, remote and relatively inaccessible wetlands of KNP. It provides 

spatially continuous information on the distribution of valuable wetland assets and 

the spatial and temporal inter-relationships between these assets and threats to them 

from para grass (Chapters 2, 3 and 4). Indeed, RS is often the only method of data 

collection with the capacity to cost-effectively provide coverage over such large, 

remote and relatively inaccessible areas  (Kerr and Ostrovsky 2003). Readily 

incorporated within geographic information systems, RS also enables integrated 

analysis of para grass invasion dynamics over the multiple scales necessary to inform 

its management (Chapters 4 and 5).  

However, variability in the environment and therefore RS imagery, contributes to 

errors in measurement and imperfect spatio-temporal distribution of ground-samples 

for image training and validation. This contributes to uncertainty in the analysis and 

interpretation of weed and landscape patterns by remote sensing  (Lophaven et al. 

2004; Shao and Wu 2008; Foody 2010; Levick and Rogers 2011). Uncertainty also 

arises because monsoonal wetland vegetation is in constant flux from seasonal 

hydrology and stochastic disturbance such as fire. Single snapshots of these 

landscapes are therefore unlikely to fully capture an equilibrium state in wetland 

vegetation and habitat patterns. Geographic uncertainty is also propagated in 

modelling the vulnerability of habitats to weed invasion. For example, certainty of 

weed habitat suitability models may be diluted as field or remotely sensed sites 

which are observed as unfavourable environments and used to train models may 

actually be favourable habitats that have not at that time been invaded  (Guisan and 

Zimmermann 2000). Conversely, the presence of a weed in a particular habitat may 

be due to propagule pressure from neighbouring colonies and not habitat suitability 
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alone, which may skew estimation of its ideal habitat preference  (Elith and 

Leathwick 2009). Furthermore, errors and some uncertainty arise from the 

limitations of remote sensing technology as well as from land access and 

implementation costs for ground validation sampling. These factors will together 

determine the extent, scale, accuracy and sensitivity at which landscape patterns and 

weed distribution change can be monitored with certainty.  

Uncertainty from these issues needs to be measured in relation to weed management 

decision-making. This requires a framework to manage and reduce uncertainty 

arising from either measurement error or actual unexplained variability in vegetation 

dynamics. The framework for monitoring design must also be linked to the known 

factors affecting vegetation dynamics in the landscape. Lindenmayer and Liken 

(2009) introduced the concept of Adaptive Monitoring to support conservation 

management. Under this framework monitoring objectives are continuously reviewed 

as new information becomes available and as understanding changes (Figure 6.1). 

Ongoing, long-term, monitoring is a key aspect of the framework. Adapting ground 

sampling designs that target the landscape variability represented by different, multi-

scale, remote sensing indices is crucial for maintaining the integrity of long-series, 

repeated, core data measurements. This approach aims to provide adequate statistical 

power to measure accuracy and explain weed dynamics and the factors driving 

distribution change in the landscape, while accounting for error.  
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Figure 6.1 Proposed adaptive monitoring framework for weed management as 
modified from Lindenmayer and Likens  (2009)  

The aim of this chapter is to develop a remote sensing based framework for adaptive 

monitoring of para grass in KNP. This framework is developed through addressing 

the following objectives: 

1) Determine the landscape ecology of para grass - to identify vegetation and

habitat patterns in order to provide a spatial framework;

2) Address methodological issues and solutions to improve monitoring data quality

– to better manage data uncertainty resulting from the uneven distribution of

remote sensing classification error; 
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3) Frame further research - to determine appropriate scales necessary for

monitoring and management of para grass;

4) Identify operational options - for adaptive monitoring and on-ground

management of para grass on wetlands of KNP; and

5) Determine policy implications - for the adaptive management of weeds on

monsoonal floodplains.

6.2 The landscape ecology of para grass invasion 
and establishment 

As critical factors controlling habitat and resources for plant growth, an 

understanding of the influence of hydrology and fire disturbance on vegetation is 

fundamental to the strategic control of weeds and conservation management of native 

vegetation  (Turner 1990; Levick and Rogers 2011). Within already established 

areas, significant differences in the temporal variability of para grass cover were 

detected among depth habitats. Interestingly, the overall rates of increase in 

para grass cover were greatest in the ‘moderate’ depth habitat which also had the 

greatest spatial and temporal variability in para grass cover. Site-specific dynamics in 

para grass cover also appeared to be altered by the interaction between depth habitat, 

associated native vegetation and fire history.  

Several authors have warned of severe ecological consequences of para grass 

invasion in terms of the reduction in biodiversity within wetland habitats  (Douglas 

and O'Connor 2004; Ferdinands et al. 2005b; Ferdinands 2007; McGregor et al. 

2011). However, research in this thesis suggests that while all wetland habitats were 

vulnerable to para grass invasion the actual impacts and dynamics of para grass 

invasion in terms of ongoing habitat displacement appeared to vary considerably 

with depth habitat and fire disturbance regime. Within long-established para grass 
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sites its impact ranged from permanent cover to highly variable cover between years 

and over large areas. In this regard para grass appeared to have a periodic, transient 

impact in ‘moderate’ depth habitats but established more persistent or permanent 

cover in ‘shallow’ depth habitat.  

Overall increases in para grass cover were greatest in the ‘moderate’ depth habitat in 

terms of both the instantaneous measurement of extant para grass (Chapter 4) and its 

cumulative spatial footprint, over time (Chapter 5). A large portion of this increase 

was associated with the cumulative spatial footprint in para grass (previously-extant 

+ extant cover). This suggests that para grass did not permanently displace native

vegetation within this habitat but fluctuated annually in distribution and density. Yet, 

these initial results were not able to separate between local fluctuations in established 

areas and invasions into new areas. For this reason, there remains some uncertainty 

as to the longer term dynamics within more variable zones of established para grass 

and the actual rate of increase into new areas. It could be that there is a longer-term 

trajectory towards a maximum para grass cover or, alternatively, a state of 

equilibrium in weed cover density may have already been reached, about which there 

is fluctuation. In the latter case site-specific disturbance and habitat characteristics 

may maintain oscillation between different vegetation community states (i.e. a dense 

near-monoculture of para grass or mixed ephemeral and mixed annual native 

species). Further research and field validation will be necessary to ascertain and 

measure spread rates into new areas compared to the possible slow fluctuating 

increase in density within already established areas. Quantifying these spatial 

patterns by ongoing monitoring will also assist in determining the long-term 

ecological consequences of para grass within different habitats and from invasion to 

establishment.  
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6.2.1 Fire in the landscape 

Patterns of para grass invasion were influenced by fire and its context in the 

landscape. For example, the severity of fire will likely vary across depth habitats and 

associated native vegetation. If fire occurred within the ‘shallow’ to ‘moderate’ depth 

habitats in the previous year, para grass cover was reduced or remained static into the 

following year. This compared to marked increases in cover in the absence of fire. 

By contrast, in the ‘deep’ habitat para grass cover appeared to increase after fire. In 

this case it is considered that native Hymenachne effectively competes with 

para grass in deeper habitat in the absence of fire, but that the preceding occurrence 

of fire then favours para grass expansion into that habitat. These contrasting 

responses suggest that the trajectory of change in para grass cover after fire is 

influenced also by spatio-temporal context of hydrological habitat in conjunction 

with competition with co-occurring native vegetation communities of these habitats. 

6.3 Methodological issues in remote sensing and 
adaptive monitoring solutions to manage map 
uncertainty 

Landscape monitoring methods, including remote sensing, are subject to some 

measurement uncertainty. General approaches to manage uncertainty are to develop 

ways: a) to account for these errors through validation; b) to reduce measurement 

errors; and c) to consider the impact of errors on decision making  (Elith and 

Leathwick 2009). Of specific concern in remote sensing is that classification error is 

not evenly or randomly distributed. Indeed, errors are often spatially auto-correlated 

with environmental gradients, the shape and size of landscape features, or the degree 

of spatial and temporal heterogeneity in the landscape  (Lechner et al. 2009). Distinct 

patterns in classification accuracy are often related to geographic change in 
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environmental variables such as topography  (Yu et al. 2008). Hydrological context 

can also influence image classification accuracy of weeds in wetland 

environments  (Andrew and Ustin 2008). Therefore, accuracy of para grass mapping 

may be considered to vary spatially and seasonally as a function of the condition of 

para grass, surrounding vegetation and the wetland environment.  

Conventional approaches to estimating classification accuracy in remote sensing, 

including those applied in this study, do not quantify the geographic distribution of 

classification errors (Foody 2002). Methods are therefore required to assess impacts 

of uneven distribution error on landscape analyses  (Hess 1994) and the 

interpretation of weed distribution change. Some authors have recommended that 

research should focus on developing methods to characterise the uneven spatial 

distribution of classification errors across scenes  (Lechner et al. 2009). Similarly, 

methods are required on how uncertainty is quantified and dealt with when it comes 

to utilizing information for weed management decisions.  

The process of adaptive monitoring addresses the potential issue of spatial 

distributional error in remote sensing. Addressing uncertainty by designing sampling 

regimes around potential distribution error of remotely sensed patterns also optimises 

the efficiency of ground sampling. At the operational level this would mean 

modifying ground sampling to account for likely trends in distributional errors. Since 

errors are most likely to co-vary with hydrological habitat and fire regimes, modified 

ground sampling could involve stratifying field sampling to concord with these key 

spatial patterns. Hence, remotely sensed maps of these factors and para grass 

distribution together provide the spatial framework to design systematic sampling 

across these gradients over appropriate scales. This will enable the spatial 
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distribution of para grass classification errors to be further validated and accounted 

for. Hypothetically, it may even be possible to determine or reduce the spatial 

impacts of these errors in change analysis. Through reducing uncertainty, the process 

of adaptive monitoring (based on use of accumulated and refined knowledge) 

provides a mechanism to optimise the efficiency of monitoring and land management 

programs. 

Although this sampling strategy is conceptually sound, there remain practical 

challenges to implementing a spatially systematic and unbiased ground sampling 

regime on monsoonal wetlands. In the current study, available technical resources, 

cost, time, field access and safety restrictions all place limitations on the quantity and 

quality of field data that could be collected. These data collected in this study were 

found not to be suitable to undertake procedures to estimate object-based accuracy as 

recommended by some authors (see Chapter 3). Also, the geographic distribution of 

accuracy due to depth could not be resolved. This is because the spatial distribution 

of water depth was poorly understood, initially. Therefore it was not possible to plan 

stratified sampling for a refined validation assessment.  

A key concern is that distributional errors are also compounded in time-series 

analyses, including predictive modelling of habitats  (Coppin et al. 2004; Barry and 

Elith 2007). Indeed, perceived interrelationships between para grass dynamics, native 

vegetation, fire and hydrology (as interpreted by remote sensing) could, theoretically, 

be altered by distributional errors  (Shao and Wu 2008).  

The distribution of temporal error also needs to be considered in the operational 

planning of remote sensing captures. In general, classification accuracy of para grass 

varied with seasonal characteristics of surrounding native vegetation, especially 



226 

annual Oryza spp., where it was found that higher commission errors occurred while 

rice was actively growing. Potentially, data quality can also be seasonally influenced 

by atmospheric noise, particularly during periods at high risk from fire and cloud. 

For these reasons optimal discrimination of perennial weeds such as para grass is 

nominally considered to occur in the mid-dry-season (from June). However inter-

annual variations in the amount and pattern of rainfall will also create differences in 

wetland condition between years. Ideally, this should also be considered in planning 

for optimal image capture. In future, monitoring floodplain water levels during the 

recessional flow period may assist in planning optimum times within any particular 

year. Ongoing monitoring should aim to link these measurements to vegetation 

condition and remote sensing data quality, between years.  

As an alternative solution, when the actual distribution of errors is not known, 

sensitivity analyses that simulate the impact of different potential errors on landscape 

models can be performed  (Lechner et al. 2012). While this does not solve the 

problem it at least demonstrates the impact of different types of error on decision 

making to be determined. In partnership with ground survey data this will give an 

indication what levels of error are acceptable in decision making. This may be a 

suitable way of determining if additional field data are required, before deploying the 

resources for monitoring distribution error.  

6.3.1 Reconciling limitations in remote sensing extent, scale 
and cost: Landsat vs HSR imagery 

Medium scale Landsat imagery has a number of advantages over the commercial, 

high resolution satellite systems. It allowed ‘cost-free’ systematic capture of data on 

entire floodplain catchments at regular 16-day intervals. This enabled accurate 

mapping of the seasonal habitat and vegetation condition of monsoonal wetlands at 
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scales suitable for land managers and ecologists. However, availability of data of 

suitable quality was at times affected by seasonal cloud and smoke. Nevertheless, 

seasonal time-series data of suitable quality were obtainable and this enhanced 

accuracy of mapping wetland vegetation, hydrological habitat and fire regime 

(Chapters 2 and 4). The dry-season data series was also useful in identifying when 

the spectral discrimination of para grass may be optimised, relative to the 

confounding influence of the seasonally abundant native rice or by late dry-season 

fire scars. 

However, the spatial resolution of Landsat was limited to detecting larger patches of 

para grass only (i.e. 30 m pixels with > 60 % para grass cover). This made it 

unsuitable for monitoring small-scale patch dynamics of para grass and native 

vegetation, a scale necessary to evaluate the efficacy of weed control treatments. On 

the other hand, classification accuracy of larger para grass areas using Landsat was 

high (96%), making it suitable for monitoring change in relation to habitat over 

major infestation areas. In this regard Landsat provided a framework for catchment-

scale assessment that complemented the design and interpretation of smaller-scale 

monitoring of hydro-dynamics, fire ecology and weed management. This was 

complemented by HSR imagery which provided further information on the finer, 

patch-scale variability of para grass across these habitats.  

Weed managers also need to be aware that sensor resolution will influence the spatial 

unit of measurement at which a sensor can reliably detect weeds, sometimes referred 

to as the minimum mapping unit (MMU). This MMU is not absolute, but a fuzzy 

concept. Managers therefore need to consider it as the relative probability of 

detection in terms of estimated map accuracy. Generally, a reliable MMU has been 
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considered as an area of 3 x 3 pixels  (Knight and Lunetta 2003). For HSR imagery 

with a pixel resolution of 2.5m this equates to an area of about 56 m2 or 0.001 ha. By 

contrast an appropriate MMU estimated for Landsat is an area of 0.81 ha (with 30 m 

pixels). Landsat was therefore less suitable than HSR imagery for the early detection 

of small weed colonies although it was effective in mapping large para grass 

infestations. Importantly, eradication is usually considered economically feasible 

when weed patches are of < 1 ha in size, although limitations such as access and 

possible control methods in different circumstances also need to be accounted. Thus 

estimates of MMU, for both medium and HSR imagery, are still considered 

acceptable for detecting smaller patches of para grass that could still be practically 

eradicated. While eradication costs escalate as weed patch size increases beyond 1 

ha  (Rejmanek and Pitcairn 2002), patches of para grass as large as 7 ha have been 

successfully eradicated over several years of follow up control in KNP  (Walden et 

al. 2012). Hence, spatial resolutions of both Landsat and HSR imagery are 

complementary in that they provide information on the detection of weed patches as 

well as monitoring the success of control operations over larger areas. Although there 

are particular forms of distribution error to be aware of, for example, there is likely to 

be more error surrounding the classification of a small weed patch than larger weed 

patches  (Lechner et al. 2009).  

Another aspect of map accuracy that remains to be addressed is the issue of what 

MMU should be adopted using the standardised segmentation of HSR data when 

using an object based image analysis approach, as presented in this thesis. Ideally, 

the relationship between effective MMU for detection of a para grass patch may need 

to be defined separately for specific habitats, considering that map accuracy may be 

distributed unevenly across habitats. This is identified as a goal for future research, 
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and would involve timely systematic field sampling of classified objects by area 

category, a posteriori. 

6.3.2 Optimising ground sampling design 

Ground sampling designs need to be practical and cost-effective while also meeting 

statistical requirements of probability sampling  (Stehman 2009). This also requires 

that sampling be ‘spatially balanced’ throughout the study area  (Stehman 2009). 

Ground surveys should be stratified and account for different vegetation, habitat 

types and weed control treatments. This is generally a more cost-effective strategy 

than random sampling  (Biging et al. 1998; Stehman 2009). In wetland environments 

replicates of each habitat strata are likely to be collected most efficiently along 

transects that run along major hydrological gradients, for reasons similar to those 

stated by Austin and Heyligers  (1991). In this regard, sampling should be stratified 

along the ‘shallow’, ‘moderate’, and ‘deep’ depth habitats mapped in this study. 

Surveys also need to be relatively coincident with remote sensing capture times due 

to the high spatio-temporal variability of wetlands.  

Furthermore, through enabling better integration and translation of the information 

across spatial scales, a hierarchical sampling design that includes nested samples at 

two or three scale levels will improve the quality of remote sensing maps  (Wu 

1999). However the scale at which ‘ground’ samples can be collected by airboat or 

helicopter alone is limited. If low-cost UAVs are deployed in conjunction to airboat 

surveys this could enable ‘overhead’ information to be gathered at very high 

resolution over much larger extents than has been previously possible. 

Separate from the issues of optimising map accuracy and measuring it from single-

point-in-time classifications, meeting the statistical design requirements for assessing 
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accuracy of change measured from multiple classifications is more difficult to 

achieve  (Biging et al. 1998). For example, obtaining representative samples of 

‘change’ areas can be difficult as such sites may be relatively rare (Foody 2002). In 

this context the challenge will be to design and coordinate a cost-effective ground 

sample regime that also includes balanced sampling of ‘change’ vs ‘no-change’ 

areas  (Biging et al. 1998). Such a sampling design, not implemented in this study, 

would allow for a more comprehensive accuracy assessment of change.  

In this regard, the potential types of actual change or error occurring between para 

grass and non-para grass sites are shown in Tables 6.1 after  (Biging et al. 1998). To 

account for these different combinations of ‘change’, ‘no change’ and ‘error’ it is 

essential that a number of representative reference sites, as determined from initial 

map and field surveys, be revisited at Time 2. Similarly, the Time 2 map will provide 

a basis to further allocate sampling effort within each vegetation class by stratifying 

on classified ‘change’ vs ‘no change’ areas (i.e. comparison of the two classifications 

for Times 1 and 2 is required). In addition, sampling of ‘change’ and ‘no-change’ 

areas would also need to be nested within each habitat or management unit.  
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Table 6.1 Possible categories of actual change vs no change and error produced 
from two binary classification maps of para grass at Time 1 and Time 2 (Tb and 
Tb+1) adapted from Biging et al.  (1998): a) represented by symbols in an error 
matrix created for reference data and classifications; with b) further summary of 
these symbols of different actual change and error. 

Reference 

No Change Change 

Tb Para No P Para No P 

Tb±1 Para No P No P Para 

C
la

ss
ifi

ed
 No 

Change 
Para Para 1 3 5 5 

No P No P 3 1 5 5 

Change 
Para No P 4 4 2 6 

No P Para 4 4 6 2 

Symbol Actual 
quality 

Classification quality Error type Occurrences 

[1] True no
change

Correctly classified 
No change class No error 2 N 

[3] True no
change

Incorrectly classified 
 No change class 

Classification 
error 2 N(N-1) 

[5] True
change

Incorrectly classified 
 No change class 

False 
negative 4 N2(N-1) 

[2] True
change

Correctly classified 
Change class No error 2 N(N-1) 

[4] True no
change

Incorrectly classified 
 No change class 

False 
positive 4 N2(N-1) 

[6] True
change

Incorrectly classified 
 Change class 

Classification 
error 2 N2(N-1)2-N(N-1)

Total 16 N4 

Applying such a ground sampling design in relation to monitoring different weed 

control treatments will reinforce understanding of how to improve weed 

management. This strategy should provide more detail on the ecological mechanisms 

of change as well as interpretation of image analysis for management. 

a) 

b)



232 

6.4  Research recommendations 
Management applications developed from applied research on weed control activities 

has often delivered limited success when applied to larger scale weed control 

operations. Kettenring and Adams  (2011) concluded in their meta-analysis of weed-

control studies that this was because of the limited spatial and temporal scope of 

most weeds research. This may be due to a failure to account for various site- and 

time-specific issues relating to the environmental context within the landscape. 

Furthermore, the response of native plant communities and weeds will also differ 

across different environmental contexts. These issues may contribute to the limited 

success of such research in delivering operational outcomes for weed management. It 

is also advised that the success of weed control, per se, must also be measured in the 

context of the broader landscape under management. For example, applied research 

should not only be framed in context to weed eradication methods, but also in the 

broader context of the maintenance of habitat and native vegetation in weed-

established areas. 

Recommendations for the application of remote sensing to monitor monsoonal 

wetlands and research weed dynamics and management strategies include:  

1) Longer-term continuous time-series data to understand the natural variability

in wetland vegetation is needed. Specifically, in order to answer questions

regarding the ecological impact of para grass in different habitats, ongoing

monitoring data are necessary to determine the time-scales over which

changes in para grass density occur in different habitat areas. In this regard it

is hypothesised that much of the observed inter-annual variability is due to

inter-annual variations in hydrology and fire regime. In this regard, observed
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variability also provides opportunities for experimental research to test site-

specific control of para grass under different habitat fire regimes. 

2) Remotely sensed data collection must be conducted in conjunction with

standardised and systematic ‘ground-surveys’, suitable for image training and

validating accuracy while characterising spatial distribution error among key

habitats. In this regard, the acquisition of very high resolution ‘overhead’

samples from sensors deployed by low-cost UAVs is recommended as an

important adjunct to ‘ground’ sample methods.

3) When undertaking longitudinal research in monsoonal wetlands, it may be

necessary to adapt field sampling designs as new spatial patterns of

variability become apparent. The aim would be to improve sampling design

to account and correct for the potential influence in the uneven distribution

error in remote sensing change analysis. This approach would also allow the

different behaviour of para grass observed by remote sensing in different

habitats to be validated. Such an adaptive monitoring approach is also

essential for developing experimental studies on different regimes of

para grass control that have appropriate landscape-scale application.

4) Research on landscape condition cues for ascertaining the hydrodynamic state

of the environment may help better predict timing of optimal image capture

and control efforts.

5) Researchers and managers alike need to be cognisant of how hydrological

variation in the wetland environment, between years, may present

opportunities for region or site-specific control or restoration efforts. For

example, certain control strategies may only yield effective results when

particular environmental conditions arise. Monitoring weed control regimes
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applied under different inter-annual extremes and guided by remote sensing 

and adaptive principles could provide opportunities to learn from and 

improve weed management practice.  

6.5 Applications for para grass management  
Methods applied to manage weeds are site and context specific. Appropriate 

strategies will depend on whether the aim is to eradicate a weed, or to reduce cover 

density to enable native vegetation maintenance, when the weed cannot practically 

be eradicated. Also, further knowledge is required as to which control methods are 

most effective when applied under different site- and time-specifc conditions.  

6.5.1 Sampling capacity and spatio-temporal sampling 
requirements 

Landsat provided the sampling resolutions and extent necessary to measure 

vegetation-habitat relationships over an entire floodplain area (Chapters 4 and 5). 

Hence, Landsat could either be used to segregate wetland management zones through 

vegetation classification or be used to derive continuous habitat variables that define 

relative depth and frequency of inundation (Chapter 4). In this regard Landsat 

provides a broad spatial framework for the integration and coordination of field-

based evaluation of weed management efforts involving native vegetation, wetland 

habitat and fire regime. It provides a suitable framework for development of 

landscape management units based on ecological principals. Such a framework is 

necessary for the landscape-scale design of studies on weed ecology and control, as 

well as the implementation of broader scale weed control programs. 

Inter-annual sampling by HSR imagery is recommended for detecting new 

infestations before they become too large to eradicate. Yet, due to higher acquisition 
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costs, imagery from commercial HSR satellites tends to be restricted to smaller 

regions. Inter-annual sampling is affordable if scenes are limited to higher-value 

conservation areas within KNP and regions representative of current infestation 

hotspots and adjacent areas where new incursions are thought to be occurring. The 

timing of these image acquisitions must also be planned to maximise detection of 

weed target species against contrasting native vegetation (e.g. esp. native rice, see 

Chapters 2 and 3). Vegetation dynamics, seasonal access restrictions and 

environmental conditions dictate when image and ground sampling is optimal. Image 

capture should also be coordinated with seasonal periods when detection is optimal. 

Results presented in Chapters 2, 3 and 4 indicate that an optimal window for 

para grass detection occurs in the mid-dry-season, after common annual grasses 

(e.g. native rice, Oryza spp.) and ephemeral plants senesce and become dormant and 

before periods of more frequent extensive floodplain fires. This period generally 

occurred from May to July but may also vary depending upon the timing and 

magnitude of the last rains of the previous wet season.  

Any ongoing monitoring program should ensure that a consistent and accurate 

ground sampling regime is implemented with image data collection. Ideally, training 

and map validation data should be gathered at the time of image data captures to 

improve sample consistency by ensuring there are no temporal biases in data. This is 

important considering the temporally dynamic nature of vegetarian spectral qualities 

and change on wetlands within any one year. The low-altitude visual surveys of 

vegetation by helicopter were an expensive but necessary part of this study as they 

improved access and in situ interpretation across the floodplain. In future, the 

deployment of sensors on Unmanned Aircraft Vehicles (UAVs) is a more cost-

effective alternative to ensure maximum access and consistent acquisition of high 
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quality ‘ground’ samples. This is because georeferenced very high resolution images 

captured by UAVs can be readily interpreted, visually  (Zhang 2010; Watts et al. 

2012; Anderson and Gaston 2013). Cost-effective UAV systems also enable 

collection of high temporal resolution data  (Laliberte et al. 2011) and could improve 

ground sampling strategies for training and validating multi-temporal mapping 

studies using Landsat, for example.  

Acquiring a ground-sample of discrete vegetation and para grass patches with 

accurate details relating to location of boundary, size and shape will enable more 

rigorous, spatially defined and object-based accuracy assessments  (Grenier et al. 

2008; Radoux et al. 2011). However, this method was not possible in the current 

study due to limitations imposed by field observation methods from airboat and 

helicopter. Again, recent advancements in the use of UAV systems provide exciting 

opportunities to acquire such data at very high spatial resolution  (Laliberte et al. 

2011; Anderson and Gaston 2013). For example, they can sample discrete vegetation 

patches, consistently, over large areas with a geometric accuracy of less than 5 cm 

(Lucieer et al. 2014). Hence, these cost-effective and accurate systems now provide 

capacity to implement more rigorous (object-based) accuracy assessment procedures 

for wetland mapping. 

6.5.2 Developing strategic control models based on habitat 
suitability 

Habitat suitability maps (HSMs) for para grass, generated by comparing relationships 

between water depth and para grass distribution, provided an averaged probability of 

para grass incursion, establishment and survival. Cost-effective monitoring and 

control strategies could therefore be planned using such HSMs. For example, 

Richer et al.  (2013b) demonstrated by cost-of-control modelling that management 
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goals were more achievable when resources for weed control and monitoring were 

spatially apportioned according to habitat suitability. The para grass HSM maps 

provided by Landsat could provide a ranking system from which to prioritise time 

allocated to survey or control para grass. In addition, future invasion paths may be 

better predicted by analysing the spatial connectivity between the current distribution 

of the weed and more suitable habitats within a heterogeneous landscape  (Petty et al. 

2012). Theoretically, HSMs can also be used in conjunction with information on 

current para grass distribution to optimise control efforts to abate major invasion 

fronts  (Glen et al. 2013). There are caveats with this approach, however, given that 

any HSM model is a simplification with assumptions that it provides a quantitative 

depiction of weed invasion vulnerability. Nevertheless, HSMs can be refined and 

improved as new knowledge is developed through applying adaptive monitoring 

principles.  

6.5.3 Fire as a management tool 

There are contrasting opinions surrounding the strategic use of fire, for site-specific 

management of weeds (including para grass) versus the potential negative impact of 

wildfire on conservation objectives  (Hobbs and Huenneke 1992; Brooks et al. 2004; 

Douglas and O'Connor 2004; Buckley et al. 2007; Wurm 2007; Grice et al. 2008; 

Williams and Collett 2009; Grice and Nicholas 2011; McGregor et al. 2011; 

Williams et al. 2011; Grice et al. 2012). Central to this debate is whether fire favours 

the spread and impact of grassy weeds or whether it enables windows of opportunity 

to remediate native vegetation and habitat. Ultimately, in deciding the best 

management option, researchers and managers need to recognise that the effect of 

fire on vegetation patterns is strongly dependent on timing of fire in relation to site 
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conditions before and after a fire (Turner et al. 2001), as indicated in 

Chapters 4 and 5. 

In this study it was found that fire is likely to favour para grass expansion in deeper-

water habitats, while fire suppressed para grass establishment in shallower habitats. 

Therefore, a management strategy in deeper habitats could be to exclude fire, in 

order to favour rehabilitation of the native perennial, Hymenachne acutigluma. 

However, other studies have shown that the successful reduction in para grass by fire 

can also depend on whether a burnt area becomes flooded shortly after fire, a 

condition unknown in the current study  (Cameron and Lemcke 2008; Wearne et al. 

2010). If seasonal flooding does not occur shortly after fire in deeper habitats it may 

be necessary to combine fire with another control strategy such as spraying. 

Alternatively, in areas where para grass has been long established in shallower 

habitats the management focus may be on applying fire to maintain a patch mosaic of 

transient annual native vegetation communities such as native rice. In this regard it 

has been demonstrated, that the reduction in para grass cover by fire can favour 

germination of native rice  (Williams et al. 2011). The frequency at which annual fire 

can be applied to para grass to maintain a desired patch mosaic pattern remains 

unclear, requiring further research. 

The influences of depth regimes on fire and para grass dynamics have important 

implications as to how to apply fire as a para grass and conservation management 

tool in monsoonal wetland environments. However, further field research is required 

to determine environmental conditions under which fire (in combination with other 

control measures) can be used most effectively. It is envisaged that timely 

information on hydrological conditions, fire history and known para grass and native 
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vegetation distribution, as acquired from remote sensing and ground monitoring, can 

feed into spatially explicit models to predict of best site-specific management options 

for para grass for any particular year or location. Specifically, investigating the 

effective use of fire under different depth-habitat regimes requires evaluation. Such 

research will also need to evaluate the impact of managed or unmanaged fire over 

multiple spatial and temporal scales.  

Factors to consider in ongoing research and monitoring include the current extent of 

fuels (i.e. perennial grasses) to sustain wildfire; moisture of fuel and soil; and water 

levels, understanding that fire can still travel through emergent para grass and native 

vegetation over water (Winderlich, pers. com. 2014). Because conditions after fire 

can determine the path required for follow-up control measures within the season 

when fire is applied, monitoring should also consider potential for flooding after fire 

and growth rates of para grass and native vegetation after fire in dry vs flooded 

conditions. For example, if the areas of burnt para grass do not become inundated 

soon after fire, spraying at the boundary of the weed patches may be necessary to 

prevent rapid incursion into native vegetation. Site conditions will need to be closely 

monitored to determine best management applications, including whether follow up 

control measures such as spraying of para grass are necessary at the time or not. 

6.6 Implications for integrated natural resource 
management policy 

In order to understand processes affecting conservation of natural resources and 

biodiversity, systematic and long-term monitoring efforts over appropriate scale, 

locations and landscape extents are required  (Kennedy et al. 2009; Lindenmayer et 

al. 2012; Lindenmayer 2013). Indeed such data are necessary to realise the full 

potential of remote sensing to monitor weed invasion dynamics.  
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The integrity of long-series, repeated, baseline measurements is a matter of 

embracing long-term policy outlook for the implementation of systematic protocols. 

Furthermore, because of the complex nature of evaluating and reducing data 

uncertainty in remote sensing information products, the need to document metadata 

is paramount if quality of information is to be managed (Goodchild 2000). However, 

there has been a general lack of systematic, long-term, data dedicated to monitoring 

vegetation condition across expansive and remote wetlands of KNP and the Top End, 

NT. In fact there has been a pervasive lack of integrated, long-term, monitoring of 

natural resource in conservation areas in general  (Lindenmayer et al. 2012).  

Management applications of data on landscape condition can be marred by a lack of 

standards for the collection and integration of data over multiple scales. Indeed, a 

tendency to plan the collection of information on landscape condition around short-

term funding cycles has been a significant impediment to implementing coordinated 

and systematic long-term monitoring  (Nichols and Williams 2006; Lindenmayer and 

Likens 2009). While there is a need to conduct short-term projects to answer specific 

questions, planning and implementation must also occur within a standardised 

monitoring framework that accounts for different scales and timeframes in the 

landscape and operational management. These policy issues need to be addressed at 

political and institutional levels and require target funding to develop and apply 

standards for coordinated, long-term, monitoring  (Lindenmayer et al. 2012).  

6.7 Conclusions 
Information collection on weeds by land managers or researchers has rarely been 

coordinated with remote sensing data over long timeframes. This makes integrated 

and synoptic spatial analysis of weed dynamics difficult. The development of 
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effective weed management strategies will benefit from a more coordinated approach 

to: a) the collection of data at various scales (from ground to remote sensing); and b) 

the integration and analysis of these data in routine reporting. 

Spatial information frameworks developed from remote sensing can inform the 

landscape design of scientifically rigorous experiments and monitoring. Yet 

vegetation monitoring must also be designed to inform, assess and develop ongoing 

weed management operations  (Finlayson et al. 1997; Pysek and Hulme 2005; Petty 

et al. 2012). This would require monitoring data to also be analysed in conjunction 

with ongoing weed control operations  (Rea and Storrs 1999; Hunter et al. 2010). 

Similarly, monitoring needs to be effective in quantifying the rate of spread of weeds 

in context to different conservation assets and wetland habitats at risk to 

invasion  (Hobbs and Humphries 1995).  

There are a number of conclusions that have significant implications for the 

interpretation and effective use of weed survey data for weed management. Firstly 

gathering weed distribution information is a trade-off between the scale, accuracy 

and precision of data collected and the need to cover extensive and remote areas in a 

timely and cost-effective manner. Secondly, in order to extrapolate and validate 

information collected at one scale there is also a need to subsample comparative 

information on weed distribution and the environment at finer scales. Thirdly, 

adherence to a dedicated protocol for collection of imagery and field information will 

reduce the inconsistencies that can arise, thereby assisting to identify and reduce map 

uncertainty. Finally, improved coordination of efforts to both monitor and control 

weeds over multiple scales in the landscape will improve the efficacy of management 

decisions.  





243 

References 





References 

245 

Adair, R & Groves, R (1998) Impact of environmental weeds on biodiversity: A 
review and development of a methodology. In: National Weeds Program. 
Available online. 

Adams, VM, Petty, AM, Douglas, MM, Buckley, YM, Ferdinands, KB, Okazaki, T, 
Ko, DW & Setterfield, SA (2015) Distribution, demography and dispersal 
model of spatial spread of invasive plant populations with limited data. 
Methods in Ecology and Evolution 6(7): 782-794. 

Ahern, R, Landis, D, Reznicek, A & Schemske, D (2010) Spread of exotic plants in 
the landscape: the role of time, growth habit, and history of invasiveness. 
Biological Invasions 12(9): 3157-3169. 

Ahrens, WH, Cox, DJ & Budhwar, G (1990) Use of the arcsine and square root 
transformations for subjectively determined percentage data. Weed Science 
38(4/5): 452-458. 

Albrecht, F, Lang, S & Hölbling, D (2010) Spatial accuracy assessment of object 
boundaries for object-based image analysis. The International Archives of the 
Photogrammetry, Remote Sensing and Spatial Information Sciences 
XXXVIII(4/C7). 

Anders, NS, Seijmonsbergen, AC & Bouten, W (2011) Segmentation optimization 
and stratified object-based analysis for semi-automated geomorphological 
mapping. Remote Sensing of Environment 115(12): 2976-2985. 

Anderson, K & Gaston, KJ (2013) Lightweight unmanned aerial vehicles will 
revolutionize spatial ecology. Frontiers in Ecology and the Environment 
11(3): 138-146. 

Andrew, ME & Ustin, SL (2008) The role of environmental context in mapping 
invasive plants with hyperspectral image data. Remote Sensing of 
Environment 112(12): 4301-4317. 

Andrew, ME & Ustin, SL (2009) Habitat suitability modelling of an invasive plant 
with advanced remote sensing data. Diversity and Distributions 15(4): 627-
640. 

Anon (2007) Kakadu National Park management plan 2007-2014. Available online. 

Anselin, L (1995) Local indicators of spatial association - LISA. Geographical 
Analysis 27(2): 93-115. 

Aplin, P (2006) On scales and dynamics in observing the environment. International 
Journal of Remote Sensing 27(11): 2123-2140. 

Araya, YN, Silvertown, J, Gowing, DJ, McConway, KJ, Peter Linder, H & Midgley, 
G (2011) A fundamental, eco-hydrological basis for niche segregation in 
plant communities. New Phytologist 189(1): 253-258. 



246 

Asner, GP, Jones, MO, Martin, RE, Knapp, DE & Hughes, RF (2008) Remote 
sensing of native and invasive species in Hawaiian forests. Remote Sensing of 
Environment 112(5): 1912-1926. 

Atkinson, P & Foody, G (2002) Uncertaintly in remote sensing and GIS: 
Fundamentals. In: Uncertaintly in remote sensing and GIS. G Foody & P 
Atkinson (Eds.). Chichester, England, John Wiley & Sons Ltd. 

Austin, MP & Heyligers, PC (1991) New approaches to vegetation survey design: 
Gradsect sampling. In: Nature Conservation: Cost effective biological 
surveys and data analysis. CR Margules & MP Austin (Eds.). Australia, 
CSIRO: 31-36. 

Baatz, M & Schape, A (2000) Multiresolution segmentation: an optimization 
approach for high quality multi-scale image segmentation. In: Angewandte 
Geographische Informationsverarbeitung XII, Beitage zum AGIT-
symposium. J Strobl & T Baschke. Salzburg, Karlsruhe: Herbert Wichmann 
Verlag: 12-23. Available online. 

Baker, C, Lawrence, R, Montagne, C & Patten, D (2007) Change detection of 
wetland ecosystems using Landsat imagery and change vector analysis. 
Wetlands 27(3): 610-619. 

Barrow, P (1999) Fire management and research in Kakadu. In: Supervising Scientist 
Report 148: A compendium of information for managing and monitoring 
wetlands in tropical Australia. CM Finlayson & AG Spiers. Canberra, 
Supervising Scientist: 198-206. Available online. 

Barry, S & Elith, J (2007) Error and uncertainty in habitat models. Journal of 
Applied Ecology 43: 413–423. 

Bartolo, R & Bayliss, P (2007) Considerations in the design of a remote sensing 
framework for monitoring tropical coastal wetlands. Paper presented at 
Proceedings of the 28th Asian Remote Sensing Conference, 12–16 November 
2007. Putra World Trade Centre, Kuala Lumpur, Malaysia. Available online. 

Barve, N, Barve, V, Jiménez-Valverde, A, Lira-Noriega, A, Maher, SP, Peterson, 
AT, Soberón, J & Villalobos, F (2011) The crucial role of the accessible area 
in ecological niche modeling and species distribution modeling. Ecological 
Modelling 222(11): 1810-1819. 

Bayliss, B, Brennan, K, Elliot, I, Finlayson, CM, Hall, R, House, T, Pidgeon, R, 
Walden, D & Waterman, P (1997) Vulnerability assessment of predicted 
climate change and seas level rise in the Alligator Rivers Region, Northern 
Territory Australia. In: Supervising Scientist Report 123. Canberra, 
Supervising Scientist. Available online. 

Bayliss, P & Yeomans, K (1990) Seasonal distribution and abundance of Magpie 
Goose, Anseranas semipalmata Latham, in the Northern Territory and their 
relationship to habitat, 1983-1986. Australian Wildlife Research 17: 15-38. 



References 

247 

Becker, BL, Lusch, DP & Qi, J (2007) A classification-based assessment of the 
optimal spectral and spatial resolutions for Great Lakes coastal wetland 
imagery. Remote Sensing of Environment 108(1): 111-120. 

Benz, UC, Hofmann, P, Willhauck, G, Lingenfelder, I & Heynan, M (2004a) Multi-
resolution, object-orientated fuzzy analysis of remote sensing data for GIS-
ready information. ISPRS Journal of Photogrammetry & Remote Sensing 58: 
239-258.

Benz, UC, Hofmann, P, Willhauck, G, Lingenfelder, I & Heynen, M (2004b) Multi-
resolution, object-oriented fuzzy analysis of remote sensing data for GIS-
ready information. ISPRS Journal of Photogrammetry and Remote Sensing 
58(3-4): 239-258. 

Beyer, H (2004) Hawth's Analysis Tools for ArcGIS. Available online 
at http://www.spatialecology.com/htools. 

Biging, G, Colby, D & Congalton, R (1998) Sampling systems for change detection 
accuracy assessment. In: Remote sensing change detection: environmental 
monitoring methods and applications. R Lunetta & C Elvidge (Eds.). 
Chelsea, Michigan, USA, Ann Arbor Press: 281-308. 

Blaschke, T (2010) Object based image analysis for remote sensing. ISPRS Journal 
of Photogrammetry and Remote Sensing 65(1): 2-16. 

Blaschke, T & Hay, GJ (2001) Object-oriented image analysis and scale-space: 
theory and methods for modeling and evaluating multiscale landscape 
structure. 

Blaschke, T, Hay, GJ, Kelly, M, Lang, S, Hofmann, P, Addink, E, Queiroz Feitosa, 
R, van der Meer, F, van der Werff, H, van Coillie, F & Tiede, D (2014) 
Geographic Object-Based Image Analysis – Towards a new paradigm. ISPRS 
Journal of Photogrammetry and Remote Sensing 87(0): 180-191. 

Blaschke, T & Strobl, J (2001) What's wrong with pixels? Some recent developments 
interfacing remote sensing and GIS. GIS - Zeitschrift für 
Geoinformationssysteme 14(6): 12-17. 

Blumenthal, D, Booth, DT, Cox, SE & Ferrier, CE (2007) Large-scale aerial images 
capture details of invasive plant populations. Rangeland Ecology & 
Management 60(5): 523-528. 

Bock, M, Xofis, P, Mitchley, J, Rossner, G & Wissen, M (2005) Object-oriented 
methods for habitat mapping at multiple scales - Case studies from Northern 
Germany and Wye Downs, UK. Journal for Nature Conservation 13(2-3): 
75-89.

BoM. (2013) "Climate statistics for Australian locations: Monthy climate statistics 
for Oenpelli and East Alligator Ranger Stations, Northern Territory, Australia 
(Weaterh Station Numbers 14042 & 14293)." 
from http://www.bom.gov.au/climate/averages/tables/cw_014042_All.shtml. 

http://www.spatialecology.com/htools
http://www.bom.gov.au/climate/averages/tables/cw_014042_All.shtml


248 

Boyden, JM, Joyce, KE, Boggs, G & Wurm, P (2013) Object-based mapping of 
native vegetation and para grass (Urochloa mutica) on a monsoonal wetland 
of Kakadu NP using a Landsat 5 TM Dry-season time series. Journal of 
Spatial Science 58(1): 53-77. 

Boyden, JM, Walden, D, Bartolo, R & Bayliss, P (2007) Utility of VHR remote 
sensing data for landscape scale assessment of the environmental weed, para 
grass [Urochloa mutica, (FORSSK), Nguyen], on a tropical floodplain. 
In: 28th Asian conference on remote sensing. 12-16 November 2008, Kuala 
Lumpur. Available online. 

Boyden, JM, Walden, D, Bayliss, P & Saalfeld, K (2008) A GIS compendium for 
landscape-scale risk assessment of the Magela Creek floodplain and broader 
Alligator Rivers Region, NT. In: Supervising Scientist Report 192. Darwin 
NT, Supervising Scientist. Available online. 

Bradley, BA, Blumenthal, DM, Wilcove, DS & Ziska, LH (2010) Predicting plant 
invasions in an era of global change. Trends in Ecology & Evolution 25(5): 
310-318.

Bradley, BA & Mustard, JF (2006) Characterizing the landscape dynamics of an 
invasive plant and risk of invasion using remote sensing. Ecological 
applications 16(3): 1132-1147. 

Bradshaw, GA & Borchers, JG (2000) Uncertainty as information: narrowing the 
science-policy gap. Conservation Ecology 4(1): 7. 

Braithwaite, R & Roberts, S (1995) Between Bining and Balanda. Wildfire: 29-37. 

Brooks, ML, D'Antonio, CM, Richardson, DM, Grace, JB, Keeley, JE, DiTomaso, 
JM, Hobbs, RJ, Pellant, M & Pyke, D (2004) Effects of invasive alien plants 
on fire regimes. BioScience 54(7): 677-688. 

Buckley, YM, Bolker, BM & Rees, M (2007) Disturbance, invasion and re-invasion: 
managing the weed-shaped hole in disturbed ecosystems. Ecology Letters 10: 
809-817.

Bunce, R, Metzger, M, Jongman, R, Brandt, J, de Blust, G, Elena-Rossello, R, 
Groom, G, Halada, L, Hofer, G, Howard, D, Kovář, P, Mücher, C, Padoa-
Schioppa, E, Paelinx, D, Palo, A, Perez-Soba, M, Ramos, I, Roche, P, 
Skånes, H & Wrbka, T (2008) A standardized procedure for surveillance and 
monitoring European habitats and provision of spatial data. Landscape 
Ecology 23(1): 11-25. 

Bunn, SE, Davies, PM, Kellaway, DM & Prosser, IP (1998) Influence of invasive 
macrophytes on channel morphology and hydrology in an open tropical 
lowland stream, and potential control by riparian shading. Freshwater 
Biology 39(1): 171-178. 

Burgman, M (2005) Risks and decisions for conservation and environmental 
management. New York, Cambridge University Press. 



References 

249 

Burgman, M, Lindenmayer, D & Elith, J (2005) Managing landscapes for 
conservation under uncertainty. Ecology 86(8): 2007-2017. 

Burnett, C & Blaschke, T (2003) A multi-scale segmentation/object relationship 
modelling methodology for landscape analysis. Ecological Modelling 168(3): 
233-249.

Cameron, AG & Lemcke, B (2003) Management of improved grasses on NT 
floodplains. In: Agnote, NRETA. Available online. 

Cameron, AG & Lemcke, B (2008) Para Grass: A pasture grass for wet and flooded 
soils. In: Agnote. Darwin, Northern Territory Department of Business, 
Industry and Resource Development. Agnote No. E30. Available online. 

Carleer, A, Debelr, O & Wolff, E (2005) Assessment of very high spatial resolution 
satellite image segmentations. Photogrammetric Engineering & Remote 
Sensing 71(11): 1285-1294. 

Carr, DB, Olsen, AR & White, D (1992) Hexagon mosaic maps for display of 
univariate and bivariate geographical data. Cartography and Geographic 
Information Science 19(4): 228-236. 

Casanova, MT & Brock, MA (2000) How do depth, duration and frequency of 
flooding influence the establishment of wetland plant communities? Plant 
Ecology 147(2): 237-250. 

Castilla, G & Hay, GJ (2008) Image objects and geographic objects. In: Object-
Based Image Analysis. T Blaschke, S Lang & G Hay (Eds.), Springer Berlin 
Heidelberg: 91-110. 

Catford, JA, Vesk, PA, Richardson, DM & Pyšek, P (2012) Quantifying levels of 
biological invasion: towards the objective classification of invaded and 
invasible ecosystems. Global Change Biology 18: 44-62. 

Catford, JA, Vesk, PA, White, MD & Wintle, BA (2011) Hotspots of plant invasion 
predicted by propagule pressure and ecosystem characteristics. Diversity and 
Distributions 17(6): 1099-1110. 

Catt, P & Thirarongnarong, K (1992) An Evaluation of remote sensing techniques 
for the detection, mapping, and monitoring of invasive plant species in 
coastal wetlands: A case study of para grass (Brachiaria mutica). In: 6th 
Australasian Remote Sensing Conference. Wellington, New Zealand. 
Available online. 

Chadhokar, P (1978) Effective rate and frequency of nitrogen applcations on dry 
matter yield and nitrogen content of para grass (Brachiaria mutica). Tropical 
grasslands 12(2): 127-132. 

Chan, JC-W, Huang, C & DeFries, R (2001) Enhanced algorithm performance for 
land cover classification from remotely sensed data using bagging and 
boosting. Geoscience and Remote Sensing, IEEE Transactions on 39(3): 693-
695.



250 

Chaudhari, S, Sellers, BA, Rockwood, SV, Ferrell, JA, MacDonald, GE & 
Kenworthy, KE (2012) Nonchemical methods for para grass (Urochloa 
mutica) control. Invasive Plant Science and Management 5(1): 20-26. 

Chen, D & Stow, S (2002) The effect of training strategies on supervised 
classification at different spatial resolutions. Photogrammetric Engineering & 
Remote Sensing 68(11): 1155-1161. 

Chesson, P (2000) Mechanisms of maintenance of species diversity. Annual Review 
of Ecology and Systematics 31(ArticleType: research-article / Full publication 
date: 2000 / Copyright © 2000 Annual Reviews): 343-366. 

Chuvieco, E, Riano, D, Aguado, I & Cocero, D (2002) Estimation of fuel moisture 
content from multitemporal analysis of Landsat Thematic Mapper reflectance 
data: applications in fire danger assessment. International Journal of Remote 
Sensing 23(11): 2145-2162. 

Clarke, K & Gorley, R (2006) PRIMER v6: User Manual/Tutorial. Plymouth. 
Available online. 

Congalton, RG (1991) A review of assessing the accuracy of classifications of 
remotely sensed data. Remote Sensing of Environment 37: 35-36. 

Congalton, RG (1993) A practical look at the sources of confusion in error matrix 
generation. Photogrammetric Engineering & Remote Sensing 59(5): 641-644. 

Congalton, RG (2004) Putting the map back in map accuracy assessment. In: Remote 
sensing and GIS accuracy assessment RS Lunetta & JG Lyon (Eds.). New 
York, CRC Press: 1-11. 

Coppin, P, Jonkheere, I, Nackaerts, K & Muys, B (2004) Digital change detection 
methods in ecosystem monitoring: a review. International Journal of Remote 
Sensing 25(9): 1565-1596. 

Corcoran, P & Winstanley, A (2008) Using texture to tackle the problem of scale in 
land-cover classification. In: Object-Based Image Analysis. T Blaschke, S 
Lang & G Hay (Eds.), Springer Berlin Heidelberg: 113-132. 

Costa, M (2005) Estimate of net primary productivity of aquatic vegetation of the 
Amazon floodplain using Radarsat and JERS-1. International Journal of 
Remote Sensing 26(20): 4527-4536. 

Coughenour, M & Ellis, J (1993) Landscape and climatic control of woody 
vegetation in a dry tropical ecosystem: Turkana District, Kenya. Journal of 
Biogeography 20(4): 383–398. 

Cowie, I & Werner, P (1987) Weeds in Kakadu National Park – A survey of alien 
plants, Part I (unpublished report to ANPWS, Canberra). Darwin, CSIRO 
Division of Wildlife and Rangelands Research, Tropical Ecosystems 
Research Centre. Available online. 



References 

251 

Cowie, I & Werner, P (1988) Weeds in Kakadu National Park – A survey of alien 
plants, Part II (unpublished report to ANPWS, Canberra). Darwin, CSIRO 
Division of Wildlife and Rangelands Research, Tropical Ecosystems 
Research Centre. Available online. 

Cowie, ID, Short, P & Madsen, M (2000) Floodplain Flora. Canberra, Australian 
Biological Resources Study. 

D'Antonio, CM, Jackson, NE, Horvitz, CC & Hedberg, R (2004) Invasive plants in 
wildland ecosystems: merging the study of invasion processes with 
management needs. Frontiers in Ecology and the Environment 2(10): 513-
521. 

Daehler, C (2003) Performance comparisons of co-occurring native and alien 
invasive plants: Implications for conservation and restoration. Annual Review 
of Ecology, Evolution, and Systematics 34: 183-211. 

Davis, MA, Grime, JP & Thompson, K (2000) Fluctuating resources in plant 
communities: a general theory of invasibility. Journal of Ecology 88(3): 528-
534. 

Davranche, A, Lefebvre, G & Poulin, B (2010) Wetland monitoring using 
classification trees and SPOT-5 seasonal time series. Remote Sensing of 
Environment 114(3): 552-562. 

De Roeck, E, Verhoest, N, Miya, M, Lievens, H, Batelaan, O, Thomas, A & 
Brendonck, L (2008) Remote sensing and wetland ecology: A South African 
case study. Sensors 8: 3542-3556. 

de Vries, C, Danaher, T, Denham, R, Scarth, P & Phinn, SR (2007) An operational 
radiometric calibration procedure for the Landsat sensors based on pseudo-
invariant target sites. Remote Sensing of Environment 107(3): 414-429. 

Debba, P, Stein, A, van der Meer, F, Carranza, E & Lucieer, A (2008) Field sampling 
from a segmented image. In: Computational Science and Its Applications – 
ICCSA 2008. O Gervasi, B Murgante, A Laganà, D Taniar, Y Mun & M 
Gavrilova (Eds.), Springer Berlin / Heidelberg. 5072: 756-768. 

Dechka, JA, Franklin, SE, Watmough, MD, Bennett, RP & Ingstrup, DW (2002) 
Classification of wetland habitat and vegetation communities using multi-
temporal IKONOS imagery in southern Saskatchewan. Canadian Journal of 
Remote Sensing 28(5): 679-685. 

DeFries, RS & Chan, JC-W (2000) Multiple criteria for evaluating machine learning 
algorithms for land cover classification from satellite data. Remote Sensing of 
Environment 74(3): 503-515. 

Diao, C & Wang, L (2014) Development of an invasive species distribution model 
with fine-resolution remote sensing. International Journal of Applied Earth 
Observation and Geoinformation 30(0): 65-75. 



252 

Douglas, MM, Bunn, SE, Pidgeon, RJW, E, DP, P, B, O’Connor, RA & Winning, M 
(2001) Weed management and the biodiversity and ecological processes of 
tropical wetlands. Final report, National Wetlands R & D Program, 
Environment Australia & Land and Water Australia. Available online. 

Douglas, MM & O'Connor, RA (2003) Effects of the exotic macrophyte, para grass 
(Urochloa mutica), on benthic and epiphytic macroinvertebrates of a tropical 
floodplain. Freshwater Biology 48: 962-971. 

Douglas, MM & O'Connor, RA (2004) Weed invasion changes fuel characteristics: 
Para grass (Urochloa mutica (Forssk.) T.Q. Nguyen) on a tropical floodplain 
Ecological Management & Restoration 5(2): 143-145. 

Drăguţ, L, Csillik, O, Eisank, C & Tiede, D (2014) Automated parameterisation for 
multi-scale image segmentation on multiple layers. ISPRS Journal of 
Photogrammetry and Remote Sensing 88(0): 119-127. 

Dragut, L, Schauppenlehner, T, Muhar, A, Strobl, J & Blaschke, T (2009) 
Optimization of scale and parametrization for terrain segmentation: An 
application to soil-landscape modeling. Computers & Geosciences 35(9): 
1875-1883. 

Drǎgut, L, Tiede, D & Levick, SR (2010) ESP: a tool to estimate scale parameter for 
multiresolution image segmentation of remotely sensed data. International 
Journal of Geographical Information Science 24(6). 

Dronova, I, Gong, P & Wang, L (2011) Object-based analysis and change detection 
of major wetland cover types and their classification uncertainty during the 
low water period at Poyang Lake, China. Remote Sensing of Environment 
115: 3220-3236. 

Ekblom, A & Gillson, L (2010) Hierarchy and scale: testing the long term role of 
water, grazing and nitrogen in the savanna landscape of Limpopo National 
Park (Mozambique). Landscape Ecology 25(10): 1529-1546. 

Elith, J & Leathwick, JR (2009) Species distribution models: Ecological explanation 
and prediction across space and time. Annual Review of Ecology, Evolution, 
and Systematics 40(1): 677-697. 

Elith, J, Leathwick, JR & Hastie, T (2008) A working guide to boosted regression 
trees. Journal of Animal Ecology 77(4): 802-813. 

Emily, SM & Robert, HG (2011) Landscape connectivity and seed dispersal 
characteristics inform the best management strategy for exotic plants. 
Ecological applications 21(3): 739-749. 

ESRI (2006) ArcMap Version 9.3.1, Environmental Systems Research Institute, Inc. 
(ESRI). Available online. 

Evangelista, PH, Stohlgren, TJ, Morisette, JT & Kumar, S (2009) Mapping invasive 
tamarisk (Tamarix): a comparison of single-scene and time-series analyses of 
remotely sensed data. Remote Sensing 1(3): 519-533. 



References 

253 

Everitt, JH, Fletcher, RS, Elder, HS & Yang, C (2007) Mapping giant salvinia with 
satellite imagery and image analysis. Environmental Monitoring and 
Assessment 139: 35-40. 

Everitt, JH, Yang, C & Davis, MR (2010) Mapping an annual weed with colour-
infrared aerial photography and image analysis. Geocarto International 
25(1): 45-52. 

Everitt, JH, Yang, C, Fletcher, RS, Davis, MR & Drawe, DL (2004) Using aerial 
colour-infrared photography and QuickBird satellite imagery for mapping 
wetland vegetation Geocarto International 19(4): 15-22. 

Everitt, JH, Yang, C, Helton, RJ, Hartmann, LH & Davis, MR (2002) Remote 
sensing of Giant Salvinia in Texas waterways. Journal of aquatic plant 
management 40: 11-16. 

EWL Sciences Inc. (2009) Spatially referenced data on water depths surveyed in 
March 2009 on the Magela Creek floodplain (unpublished data). Available 
online. 

Excelis (2010) ENVI user manual, ITT Visual Information Solutions. 

Ferdinands, K, Beggs, K & Whitehead, P (2005a) Biodiversity of invasive grass 
species: multiple-use or monoculture. Wildlife Research 32: 447-457. 

Ferdinands, KB (2007) Assessing the threat posed by an invasive African grass 
Urochloa mutica (Forssk) Nguyen to biodiversity conservation in the Mary 
River wetlands, Northern Territory. PhD, Charles Darwin University. 

Ferdinands, KB, Beggs, K & Whitehead, PJ (2005b) Biodiversity and invasive grass 
species: multiple-use or monoculture? Wildlife Research 32(5): 447-457. 

Ferdinands, KB, Davenport, C & Whitehead, PJ (2001) The use of GIS-based 
predictive models to examine the potential impact of para grass Urochloa 
mutica (Forssk) on landscape structure in the Mary River floodplains, NT. 
In: North Australian Remote sensing & GIS Conference. Darwin. Available 
online. 

Finlayson, CM (1988) Productivity and nutrient dynamics of seasonally inundated 
floodplains in the Northern Territory. In: Northern Australia: Progress and 
Prospects Volume 2 – Floodplains Research. D Wade-Marshall & P Loveday 
(Eds.). Darwin, Australian National University, North Australian Research 
Unit. 2: 58-83. 

Finlayson, CM (1991) Production and major nutrient composition of three grass 
species on the Magela floodplain, Northern Territory, Australia. Aquatic 
Botany 41(4). 

Finlayson, CM (1993) Vegetation changes and biomass on an Australian monsoonal 
floodplain. In: Wetlands and ecotones: studies on land-water interactions. B 
Gopal, A Hillbreicht-Ilkowska & R Wetzel (Eds.). New Delhi, National 
Institute of Ecology and International Scientific Publications: 157-172. 



254 

Finlayson, CM (2005) Plant ecology of Australia's tropical floodplain wetlands: A 
review. Annals of Botany 96: 541-555. 

Finlayson, CM, Bailey, BJ & Cowie, ID (1989) Macrophyte vegetation of the 
Magela Creek flood plain, Alligator Rivers Region, Northern Territory. 
In: Research report 5. Canberra, Supervising Scientist for the Alligator Rivers 
Region, AGPS. Available online. 

Finlayson, CM, Bellio, MG & Lowry, JB (2005) A conceptual basis for the wise use 
of wetlands in northern Australia- linking information needs, integrated 
analyses, drivers of change and human well-being. Marine and Freshwater 
Research 56: 269-277. 

Finlayson, CM, Lowry, JB, Bellio, MG, Nou, S, Pidgeon, R, Walden, D, Humphrey, 
C & Fox, G (2006) Biodiversity of wetlands of the Kakadu Region, northern 
Australia. Aquatic Sciences 68(3): 374-399. 

Finlayson, CM & Mitchell, DS (1999) Australian wetlands: the monitoring 
challenge. Wetands Ecology and Management 7: 105-112. 

Finlayson, CM & Rea, N (1999) Reasons for the loss and degradation of Australian 
wetlands. Wetlands Ecology and Management 7(1-2): 1-11. 

Finlayson, CM, Storrs, MJ & Lindner, G (1997) Degradation and rehabilitation of 
wetlands in the Alligator Rivers Region of northern Australia Wetlands 
Ecology and Management 5(1): 19-36. 

Finlayson, CM, Thompson, K, von Oertzen, I & Cowie, ID (1994) Vegetation 
communities of five Magela Creek billabongs, Alligator Rivers Region, 
Northern Territory. In: Technical Memorandum. Canberra, Supervising 
Scientist for the Alligator Rivers Region. 46. Available online. 

Fitzgerald, RW & Lees, BG (1994) Assessing the classification accuracy of 
multisource remote sensing data. Remote Sensing of Environment 47(3): 362-
368. 

Floyd, M, Hanna, D, Romme, W & Crews, T (2006) Predicting and mitigating weed 
invasions to restore natural post-fire succession in MesaVerde National Park, 
Colorado, USA. International Journal of Wildland Fire 15: 247-259. 

Foody, G (2002) Status of land cover classification accuracy assessment. Remote 
Sensing of Environment 80: 185-201. 

Foody, G (2003) Remote sensing of tropical forest environments: towards the 
monitoring of environmental resources for sustainable development. 
International Journal of Remote Sensing 24(20): 4035-4046. 

Foody, G (2008) Harshness in image classification accuracy assessment. 
International Journal of Remote Sensing 29(11): 3137-3158. 

Foody, G (2010) Assessing the accuracy of land cover change with imperfect ground 
reference data. Remote Sensing of Environment 114(10): 2271-2285. 



References 

255 

Foody, G & Atkinson, P, (Eds) (2002) Uncertaintly in remote sensing and GIS. 
Chichester, England, John Wiley & Sons Ltd. 

Foody, GM & Mathur, A (2004) Toward intelligent training of supervised image 
classifications: directing training data acquisition for SVM classification. 
Remote Sensing of Environment 93(1–2): 107-117. 

Foxcroft, LC, Richardson, DM, Rouget, M & MacFadyen, S (2009) Patterns of alien 
plant distribution at multiple spatial scales in a large national park: 
implications for ecology, management and monitoring. Diversity and 
Distributions 15(3): 367-378. 

Franklin, SE & Wulder, MA (2002) Remote sensing methods in medium spatial 
resolution satellite data land cover classification of large areas. Progress in 
Physical Geography 26(2): 173-205. 

Fridley, JD, Stachowicz, JJ, Naeem, S, Sax, DF, Seabloom, EW, Smith, MD, 
Stohlgren, TJ, Tilman, D & Holle, BV (2007) The invasion paradox: 
Reconciling pattern and process in species invasions. Ecology 88(1): 3-17. 

Friedman, J (2001) Greedy function approximation: a gradient boosting machine. 
Annals of Statistics 29: 1189–1232. 

Friedman, J (2002) Stochastic gradient boosting. Computational Statistics and Data 
Analysis 38: 367–378. 

Friedman, J, Hastie, T & Tibshirani, R (2000) Special invited paper. Additive logistic 
regression: A statistical view of boosting. The Annals of Statistics 28(2): 337-
374. 

GeoSciences-Australia (2003) GeoData Topo 250K Series 3. Canberra, Geoscience 
Australia. Available online
at http://www.ga.gov.au/meta/ANZCW0703008969.xml. 

Gilbert, M & Liebhold, A (2010) Comparing methods for measuring the rate of 
spread of invading populations. Ecography 33(5): 809-817. 

Gillanders, SN, Coops, NC, Wulder, MA, Gergel, SE & Nelson, T (2008) 
Multitemporal remote sensing of landscape dynamics and pattern change: 
describing natural and anthropogenic trends. Progress in Physical Geography 
32(5): 503-528. 

Gilmore, MS, Wilson, EH, Barrett, N, Civco, DL, Prisloe, S, Hurd, JD & Chadwick, 
C (2008) Integrating multi-temporal spectral and structural information to 
map wetland vegetation in a lower Connecticut River tidal marsh. Remote 
Sensing of Environment 112(11): 4048-4060. 

Givnish, TJ, Volin, JC, Owen, VD, Volin, VC, Muss, JD & Glaser, PH (2008) 
Vegetation differentiation in the patterned landscape of the central 
Everglades: importance of local and landscape drivers. Global Ecology and 
Biogeography 17(3): 384-402. 

http://www.ga.gov.au/meta/ANZCW0703008969.xml


256 

Glen, A, Pech, R & Byrom, A (2013) Connectivity and invasive species 
management: towards an integrated landscape approach. Biological Invasions 
15(10): 2127-2138. 

Grenier, M, Labreque, S, Benoit, M & Allard, M (2008) Accuracy assessment 
method for wetland object-based classification. In: GEOBIA 2008 - Pixels, 
Objects, Intelligence: GEOgraphic Object Based Image Analysis for the 21st 
Century. Calgary, Alberta, Canada, The international archives of the 
photogrammetry, remote sensing and spatial information sciences. XXXVIII. 
Available online at http://www.isprs.org/proceedings/XXXVIII/4-
C1/Sessions/Session1/6739_Grenier_Proc_pos.pdf. 

Grice, A & Nicholas, M (2011) Using fire to restore Australian wetlands from 
invasive grasses, Rural Industries Research and Development Corporation, 
Australian Government. 11/028. Available online. 

Grice, A, Perry, J, Nicholas, D & Williams, P (2008) Managing complexity: the 
example of invasive wetland forage grasses. In: 16th Australian Weeds 
Conference proceedings: weed management 2008 hot topics in the tropics. R 
van Klinken, V Osten, P Panetta & J Scanlan, Queensland Weeds Society: 
27-29. Available online.

Grice, AC, Cassady, J & Nicholas, DM (2012) Indigenous and non-Indigenous 
knowledge and values combine to support management of Nywaigi lands in 
the Queensland coastal tropics. Ecological Management & Restoration 13(1): 
93-97.

Grimmett, G & Stirzaker, D (2001) Probability and random processes, Oxford 
university press. 

Guisan, A & Zimmermann, NE (2000) Predictive habitat distribution models in 
ecology. Ecological Modelling 135(2–3): 147-186. 

Hammond, T & Verbyla, D (1996) Optimistic bias in classification accuracy 
assessment. International Journal of Remote Sensing 7(6): 1261-1266. 

Hannan-Jones, M & Weber, J (2008) Pest plant risk assessment: Aleman grass, 
Echinochloa polystachya, Biosecurity Queensland: Department of Primary 
Industries and Fisheries, Queensland Government. Available online. 

Hardisky, M, Klemas, V & Smart, R (1983) The influences of soil salinity, growth 
form, and leaf moisture on the spectral reflectance of Spartina alterniflora 
canopies. Photogrammetric Engineering & Remote Sensing 49: 77-83. 

Harvey, KR & Hill, GJE (2001) Vegetation mapping of a tropical freshwater swamp 
in the Northern Territory, Australia: A comparison of aerial photography, 
Landsat TM and SPOT satellite imagery. International Journal of Remote 
Sensing 22(15): 2911-2925. 

Hay, GJ, Castilla, G, Wulder, MA & Ruiz, JR (2005) An automated object-based 
approach for the multiscale image segmentation of forest scenes. 
International Journal of Applied Earth Observation and Geoinformation 
7(4): 339-359. 

http://www.isprs.org/proceedings/XXXVIII/4-C1/Sessions/Session1/6739_Grenier_Proc_pos.pdf
http://www.isprs.org/proceedings/XXXVIII/4-C1/Sessions/Session1/6739_Grenier_Proc_pos.pdf


References 

257 

Hay, GJ, Marceau, DJ & Bouchard, A (2002) Modeling multi-scale landscape 
structure within a hierarchical scale-space framework. International archives 
of photogrammetry, remote sensing and spatial information sciences 34(4): 
532-535.

Heinl, M, Neuenschwander, A, Sliva, J & Vanderpost, C (2006) Interactions between 
fire and flooding in a southern African floodplain system (Okavango Delta, 
Botswana). Landscape Ecology 21(5): 699-709. 

Heinl, M, Sliva, J, Murray-Hudson, M & Tacheba, B (2007) Post-fire succession on 
savanna habitats in the Okavango Delta wetland, Botswana. Journal of 
tropical ecology 23(06): 705-713. 

Heinl, M, Sliva, J & Tacheba, B (2004) Vegetation changes after single fire-events in 
the Okavango Delta wetland, Botswana. South African Journal of Botany 
70(5): 695-704. 

Hess, G (1994) Pattern and error in landscape ecology: A commentary. Landscape 
Ecology 9(1): 3-5. 

Hobbs, NT (2003) Challenges and opportunities in integrating ecological knowledge 
across scales. Forest Ecology and Management 181(1): 223-238. 

Hobbs, R & Huenneke, L (1992) Disturbance, diversity, and invasion: implications 
for conservation (review). Conservation Biology 6(3). 

Hobbs, R & Humphries, S (1995) An integrated approach to the ecology and 
management of plant invasions. Conservation Biology 9(4): 761-770. 

Hobbs, R & Lindenmayer, D (2007) From perspectives to principles: where to from 
here. In: Managing and designing landscapes for conservation: moving from 
perspectives to principles. DB Lindenmayer & RJ Hobbs (Eds.), Blackwell, 
Oxford: 561-568. 

Huang, C-y & Asner, GP (2009) Applications of remote sensing to alien invasive 
plant studies. Sensors 9(6): 4869-4889. 

Hulme, PE (2003) Biological invasions: winning the science battles but losing the 
conservation war? Oryx 37(02): 178-193. 

Hulme, PE (2012) Weed risk assessment: a way forward or a waste of time? Journal 
of Applied Ecology 49(1): 10-19. 

Hunter, F (2010) Personal Communication with Freddie Hunter, Park Ranger, 
Kakadu National Park. Available online. 



258 

Hunter, F, Ibbett, M & Salau, B (2010) Weed management in Kakadu National Park. 
In: Kakadu National Park Landscape Symposia Series 2007-2009. 
Symposium 2: Weeds management. S Winderlich (Ed.). 27–28 November 
2007, Jabiru Field Station, Supervising Scientist Division, Kakadu National 
Park. Internal Report 565, January, Supervising Scientist, Darwin: 22-28. 

Isbell, RF (1996) The Australian Soil Classification. Melbourne, CSIRO Publishing. 

ITT-Visual-Information-Solutions (2009) Atmospheric Correction Module: QUAC 
and FLAASH User’s Guide, ITT Visual Infomration Solutions. 

Jackson, TJ, Chen, D, Cosh, M, Li, F, Anderson, M, Walthall, C, Doriaswamy, P & 
Hunt, ER (2004) Vegetation water content mapping using Landsat data 
derived normalized difference water index for corn and soybeans. Remote 
Sensing of Environment 92(4): 475-482. 

Jarnevich, C & Reynolds, L (2011) Challenges in predicting the potential distribution 
of a slow-spreading invader: habitat suitability map for an invasive riparian 
tree. Biological Invasions 13: 153-163. 

Jensen, J (2006) Remote sensing of the environment: An earth resource perspective 
Prentice Hall. 

Johansen, K, Coops, N, Gergel, S & Stange, Y (2007) Application of high spatial 
resolution satellite imagery for riparian and forest ecosystem classification. 
Remote Sensing of Environment 110: 29-44. 

Johansen, K & Phinn, SR (2006) Linking riparian vegetation spatial structure in 
Australian tropical savannas to ecosystem health indicators: semivariogram 
analysis of high spatial resolution satellite imagery. Canadian Journal of 
Remote Sensing 32(3): 228-243. 

Johnston, CA, Bridgham, SD & Schubauer-Berigan, JP (2001) Nutrient dynamics in 
relation to geomorphology of riverine wetlands research funded by the USDA 
national research initiative competitive grants program (92-37102-7406). 
Contribution no. 240 of the center for water and the environment. Soil Sci. 
Soc. Am. J. 65(2): 557-577. 

Johnston, R & Barson, M (1993) Remote sensing of Australian wetlands: an 
evaluation of Landsat TM data for inventory and classification. Australian 
Journal of Marine and Freshwater Research 44(2): 235-252. 

Jones, KB, Zurlini, G, Kienast, F, Petrosillo, I, Edwards, T, Wade, TG, Li, B-l & 
Zaccarelli, N (2013) Informing landscape planning and design for sustaining 
ecosystem services from existing spatial patterns and knowledge. Landscape 
Ecology 28(6): 1175-1192. 

Junk, WJ & Wantzen, KM (2004) The flood pulse concept: new aspects, approaches 
and applications-an update. Second International Symposium on the 
Management of Large Rivers for Fisheries, Food and Agriculture 
Organization and Mekong River Commission, FAO Regional Office for Asia 
and the Pacific. 



References 

259 

Kelly, M, Tuxen, KA & Stralberg, D (2011) Mapping changes to vegetation pattern 
in a restoring wetland: Finding pattern metrics that are consistent across 
spatial scale and time. Ecological Indicators 11(2): 263-273. 

Kennedy, RE, Townsend, PA, Gross, JE, Cohen, WB, Bolstad, P, Wang, YQ & 
Adams, P (2009) Remote sensing change detection tools for natural resource 
managers: Understanding concepts and tradeoffs in the design of landscape 
monitoring projects. Remote Sensing of Environment 113(7): 1382-1396. 

Kent, M, Gill, WJ, Weaver, RE & Armitage, RP (1997) Landscape and plant 
community boundaries in biogeography. Progress in Physical Geography 
21(3): 315-353. 

Kerr, JT & Ostrovsky, M (2003) From space to species: ecological applications for 
remote sensing. Trends in Ecology & Evolution 18(6): 299-305. 

Kettenring, KM & Adams, CR (2011) Lessons learned from invasive plant control 
experiments: a systematic review and meta-analysis. Journal of Applied 
Ecology 48(4): 970-979. 

Kim, H-C, Pang, S, Je, H-M, Kim, D & Bang, SY (2003) Constructing support 
vector machine ensemble. Pattern Recognition 36(12): 2757-2767. 

Kim, M, Madden, M & Warner, T (2008) Estimation of optimal image object size for 
the segmentation of forest stands with multispectral IKONOS imagery. In: 
Object-Based Image Analysis. T Blaschke, S Lang & GJ Hay (Eds.), Springer 
Berlin Heidelberg: 291-307. 

Kimura, H & Tsuyuzaki, S (2011) Fire severity affects vegetation and seed bank in a 
wetland. Applied Vegetation Science 14(3): 350-357. 

King, RS, Richardson, CJ, Urban, DL & Romanowicz, EA (2004) Spatial 
dependency of vegetation–environment linkages in an anthropogenically 
influenced wetland ecosystem. Ecosystems 7(1): 75-97. 

Klemas, V (2011) Remote sensing of wetlands: Case studies comparing practical 
techniques. Journal of Coastal Research 27(3): 418-427. 

Knerr, N (1998) Grassland community dynamics of a freshwater tropical floodplain: 
Invasion of Brachiaria mutica (Para grass) on the Magela floodplain, Kakadu 
National Park, University of New England. Available online 
at http://www.environment.gov.au/ssd/publications/ir/pubs/ir275.pdf. 

Knight, J & Lunetta, R (2003) An experimental assessment of minimum mapping 
unit size. IEEE Transactions on Geoscience and Remote Sensing 41(9): 2132-
2134. 

Kyriakidis, PC & Dungan, JL (2001) a geostatistical approach to mapping thematic 
classification accuracy and evaluating the impact of spatial data on ecological 
model predictions. Environmental and Ecological Statistics 8: 311-330. 

http://www.environment.gov.au/ssd/publications/ir/pubs/ir275.pdf


260 

Laba, M, Blair, B, Downs, R, Monger, B, Philpot, W, Smith, S, Sullivan, P & 
Baveye, PC (2010) Use of textural measurements to map invasive wetland 
plants in the Hudson River National Estuarine Research Reserve with 
IKONOS satellite imagery. Remote Sensing of Environment 114(4): 876-886. 

Laba, M, Downs, R, Smith, S, Welsh, S, Neider, C, White, S, Richmond, M, Philpot, 
W & Baveye, P (2008) Mapping invasive wetland plants in the Hudson River 
National Estuarine Research Reserve using QuickBird satellite imagery. 
Remote Sensing of Environment 112(1): 286-300. 

Laliberte, AS, Goforth, MA, Steele, CM & Rango, A (2011) Multispectral remote 
sensing from unmanned aircraft: Image processing workflows and 
applications for rangeland environments. Remote Sensing 3(11): 2529-2551. 

Lang, S (2008) Object-based image analysis for remote sensing: modeling reality - 
dealing with complexity. In: Object-Based Image Analysis. T Blaschke, S 
Lang & GJ Hay (Eds.), Springer Berlin Heidelberg: 3-27. 

Lass, LW, Prather, TS, Glenn, NF, Weber, KT, Mundt, JT & Pettingill, J (2005) A 
review of remote sensing of invasive weeds and example of the early 
detection of spotted knapweed (Centaurea maculosa) and babysbreath 
(Gypsophila paniculata) with a hyperspectral sensor. Weed Science 53(2): 
242-251.

Law, R, Illian, J, Burslem, DFRP, Gratzer, G, Gunatilleke, CVS & Gunatilleke, 
IAUN (2009) Ecological information from spatial patterns of plants: insights 
from point process theory. Journal of Ecology 97(4): 616-628. 

Lawes, RA & Wallace, JF (2008) Monitoring an invasive perennial at the landscape 
scale with remote sensing. Ecological Management & Restoration 9(1): 53-
59. 

Lawrence, R, Bunn, A, Powell, S & Zambon, M (2004) Classification of remotely 
sensed imagery using stochastic gradient boosting as a refinement of 
classification tree analysis. Remote Sensing of Environment 90(3): 331-336. 

Lechner, AM, Langford, WT, Bekessy, SA & Jones, SD (2012) Are landscape 
ecologists addressing uncertainty in their remote sensing data? Landscape 
Ecology 27(9): 1249-1261. 

Lechner, AM, Reinke, KJ, Wang, Y & Bastin, L (2013) Interactions between 
landcover pattern and geospatial processing methods: Effects on landscape 
metrics and classification accuracy. Ecological Complexity 15: 71-82. 

Lechner, AM, Stein, A, Jones, SD & Ferwerda, JG (2009) Remote sensing of small 
and linear features: Quantifying the effects of patch size and length, grid 
position and detectability on land cover mapping. Remote Sensing of 
Environment 113(10): 2194-2204. 

Leon-Garcia, A (1989) Probability and Random Processes. Addison Wesley, Table 3: 
126-127.



References 

261 

Letts, G (1960) Cattle management and pasture improvement in the high rainfall belt 
of the NT – an historical review of the establishment and spread of para grass 
at Oenpelli mission. Unpublished report, Animal Industry Branch. Available 
online. 

Levick, S & Rogers, K (2011) Context-dependent vegetation dynamics in an African 
savanna. Landscape Ecology 26(4): 515-528. 

Lewin-Koh, N. (2011) "Hexagonal binning: An overview." Available online. 

Lindenmayer, D (2013) From biodiversity to bioperversity: From good science to 
poor environmental policy. Pacific Conservation Biology 19(3/4): 250. 

Lindenmayer, D & Likens, G (2009) Adaptive monitoring: a new paradigm for long-
term research and monitoring. Trends in Ecology and Evolution 24(9): 482-
486. 

Lindenmayer, DB, Gibbons, P, Bourke, M, Burgman, M, Dickman, CR, Ferrier, S, 
Fitzsimons, J, Freudenberger, D, Garnett, ST & Groves, C (2012) Improving 
biodiversity monitoring. Austral Ecology 37(3): 285-294. 

Lindenmayer, DB & Likens, GE (2010) The science and application of ecological 
monitoring. Biological Conservation 143(6): 1317-1328. 

Lindenmayer, DB, Likens, GE, Haywood, A & Miezis, L (2011) Adaptive 
monitoring in the real world: proof of concept. Trends in Ecology & 
Evolution 26(12): 641-646. 

Liu, D & Xia, F (2010) Assessing object-based classifcation: advantages and 
limitations. Remote Sensing Letters 1(4): 187-194. 

Lockwood, JL, Hoopes, MF & Marchetti, MP (2007) Prediction, risk Assessment, 
and management of species invasions In: Invasion ecology, John Wiley & 
Sons: Chapter 12, 241-268. 

Lophaven, S, Cartensen, J & Rootzen, H (2004) Space time modeling of 
environmental data Environmental and Ecological Statisitics 11: 237-256. 

Lozano, F, Suárez-Seoane, S & De Luis, E (2010) Effects of wildfires on 
environmental variability: a comparative analysis using different spectral 
indices, patch metrics and thematic resolutions. Landscape Ecology 25(5): 
697-710.

Lu, D & Weng, Q (2007) A survey of image classification methods and techniques 
for improving classification performance. International Journal of Remote 
Sensing 28(5): 823-870. 

Lübker, T & Schaab, G (2008) Identifying benefits of pre-processing large area 
QuickBird imagery for object-based image analysis. In: Object-Based Image 
Analysis. T Blaschke, S Lang & GJ Hay (Eds.). Berlin Heidelberg, Springer 
203-219.



262 

Lucieer, A, Turner, D, King, DH & Robinson, SA (2014) Using an Unmanned Aerial 
Vehicle (UAV) to capture micro-topography of Antarctic moss beds. 
International Journal of Applied Earth Observation and Geoinformation 27: 
53-62.

Lukacs, GP & Finlayson, CM (2010) An evaluation of ecological information on 
Australia’s northern tropical rivers and wetlands. Wetlands Ecology and 
Management 18(5): 597-625. 

Lunetta, R (1998) Chapter 1: Applications, project formulation, and analytical 
approach. In: Remote Sensing Change Detection: Environmental Monitoring 
Methods and Applications. R Lunetta & C Elvidge (Eds.). Michigan, USA, 
Ann Arbor Press: 1-20. 

Lunetta, R & Balogh, M (1999) Application of multi-temporal Landsat 5 TM 
imagery for wetland Identification. Photogrammetric Engineering & Remote 
Sensing 65(11): 1303-1310. 

Lunetta, R, Iiames, J, Knight, J, Congalton, R & Mace, T (2001) An assessment of 
reference data variability using a ‘virtual field reference database’. 
Photogrammetric Engineering & Remote Sensing 63(6): 707-715. 

Lunetta, RS, Johnson, DM, Lyon, JG & Crotwell, J (2004) Impacts of imagery 
temporal frequency on land-cover change detection monitoring. Remote 
Sensing of Environment 89(4): 444-454. 

Madden, M (2004) Remote Sensing and Geographic Information System Operations 
for Vegetation Mapping of Invasive Exotics. Weed Technology 18(sp1): 
1457-1463. 

Magee, TK & Kentula, ME (2005) Response of wetland plant species to hydrologic 
conditions. Wetlands Ecology and Management 13(2): 163-181. 

Marpu, PR, Neubert, M, Herold, H & Niemeyer, I (2010) Enhanced evaluation of 
image segmentation results. Journal of Spatial Science 55(1): 55-68. 

Maxwell, T (2005) Object-orientated classification: Classification of pan-sharpened 
Quickbird imagery and a fuzzy approach to improving image segmentation 
efficiency Masters University of New Brunswick. 

McFeeters, SK (1996) The use of the Normalized Difference Water Index (NDWI) in 
the delineation of open water features. International Journal of Remote 
Sensing 17(7): 1425-1432. 

McGregor, S, Lawson, V, Christophersen, P, Kennett, R, Boyden, JM, Bayliss, P, 
Liedloff, A, McKaige, B & Andersen, AN (2011) Indigenous wetland 
burning: conserving natural and cultural resources in Australia’s World 
Heritage-listed Kakadu National Park. Human Ecology 32(6): 721-729. 

McIver, DK & Friedl, MA (2002) Using prior probabilities in decision-tree 
classification of remotely sensed data. Remote Sensing of Environment 81(2-
3): 253-261. 



References 

263 

Medlin, CR, Shaw, DR, Gerard, PD & LaMastus, FE (2000) Using remote sensing to 
detect weed infestations in Glycine max. Weed Science 48(3): 393-398. 

Meinel, G & Neubert, M (2004) A comparison of segmentation programs for high 
resolution remote sensing data. International Archives of Photogrammetry 
and Remote Sensing 35(Part B): 1097-1105. 

Middleton, B (1999) Succession and herbivory in monsoonal wetlands. Wetlands 
Ecology and Management 6(4): 189-202. 

Moody, M & Mack, R (1988) Controlling the spread of plant invasions: the 
importance of nascent foci. Journal of Applied Ecology 25: 1009–1021. 

Müllerová, J, Pergl, J & Pyšek, P (2013) Remote sensing as a tool for monitoring 
plant invasions: Testing the effects of data resolution and image classification 
approach on the detection of a model plant species Heracleum 
mantegazzianum (giant hogweed). International Journal of Applied Earth 
Observation and Geoinformation 25(0): 55-65. 

Næsset, E (1996) Conditional tau coefficient for assessment of producer's accuracy 
of classified remotely sensed data. ISPRS Journal of Photogrammetry and 
Remote Sensing 51(2): 91-98. 

Ngari, AN, Kinyamario, JI, Ntiba, MJ & Mavuti, KM (2009) Factors affecting 
abundance and distribution of submerged and floating macrophytes in Lake 
Naivasha, Kenya. African Journal of Ecology 47(1): 32-39. 

Nichols, JD & Williams, BK (2006) Monitoring for conservation. Trends in Ecology 
& Evolution 21(12): 668-673. 

Olmanson, LG, Bauer, ME & Brezonik, PL (2002) Aquatic vegetation surveys using 
high-resolution IKONOS imagery. In: 15th William T. Pecora Memorial 
Remote Sensing Symposium, 2002. Denver, Colorado, Unpaginated CD 
ROM, 5 pp. Available online. 

Ozesmi, SL & Bauer, ME (2002) Satellite remote sensing of wetlands. Wetlands 
Ecology and Management 10(5): 381-402. 

Panetta, FD & Cacho, OJ (2012) Beyond fecundity control: which weeds are most 
containable? Journal of Applied Ecology 49(2): 311-321. 

Peltzer, DA, Ferriss, S & FitzJohn, RG (2008) Predicting weed distribution at the 
landscape scale: using naturalized Brassica as a model system. Journal of 
Applied Ecology 45(2): 467-475. 

Perry, GLW & Enright, NJ (2006) Spatial modelling of vegetation change in 
dynamic landscapes: a review of methods and applications. Progress in 
Physical Geography 30(1): 47-72. 

Perry, LG, Galatowitsch, SM & Rosen, CJ (2004) Competitive control of invasive 
vegetation: A native wetland sedge suppresses Phalaris arundinacea in 
carbon-enriched soil. Journal of Applied Ecology 41(1): 151-162. 



264 

Peters, J (2008) Ecohydrology of wetlands: monitoring and modelling interactions 
between groundwater, soil and vegetation. PhD, Ghent University: Faculty of 
Bioscience Engineering. 

Petty, AM (2008) Landscape as process: an exploration of social and physical 
aspects of ecology and change in the Alligator Rivers Region, Northern 
Australia. PhD, University of California. 

Petty, AM, Lindner, D, Freeman, J & Bowman, DMJS (2005) Final Report of the 
Kakadu National Park Channel Change Project. Canberra, Australia, 
Department of Environment and Heritage. Available online. 

Petty, AM & Setterfield, SA (2009) Spatially referenced data on water depths 
surveyed in March 2009 on the Magela Creek Floodplain (unpublished data). 
Available online. 

Petty, AM, Setterfield, SA, Ferdinands, KB & Barrow, P (2012) Inferring habitat 
suitability and spread patterns from large-scale distributions of an exotic 
invasive pasture grass in north Australia. Journal of Applied Ecology 49(3): 
742-752.

Petty, AM, Werner, PA, Lehmann, CER, Riley, JE, Banfai, DS & Elliott, LP (2007) 
Savanna responses to feral buffalo in Kakadu National Park, Australia. 
Ecological Monographs 77(3): 441-463. 

Phinn, SR (1998) A framework for selecting appropriate remotely sensed data 
dimensions for environmental monitoring and management. International 
Journal of Remote Sensing 19(17): 3457-3463. 

Phinn, SR, Stow, DA, Franklin, J, Mertes, LAK & Michaelsen, J (2003) Remotely 
sensed data for ecosystem analyses: Combining hierarchy theory and scene 
models. Environmental Management 31(3): 0429-0441. 

Phinn, SR, Stow, DA & Van Mouwerik, D (1999) Remotely sensed estimates of 
vegetation structural characteristics in restored wetlands, southern California. 
Photogrammetric Engineering & Remote Sensing 65(4): 485-493. 

Press, T, Lea, D, Webb, A & Graham, A, (Eds) (1995) Kakadu: natural and cultural 
heritage management, Australian Nature Conservation Agency & North 
Australian Research Unit, Australian National University. 

Price, O, Edwards, A, Connors, G, Woinarski, J, Ryan, G, Turner, A & Russell-
Smith, J (2005) Fire heterogeneity in Kakadu National Park, 1980–2000. 
Wildlife Research 32(5): 425-433. 

Pysek, P & Hulme, PE (2005) Spatio-temporal dynamics of plant invasions: Linking 
pattern to process. Ecoscience 12(3): 302-315. 

Radoux, J, Bogaert, P, Fasbender, D & Defourny, P (2011) Thematic accuracy 
assessment of geographic object-based image classification. International 
Journal of Geographical Information Science 25(6): 895-911. 



References 

265 

Ramsar (1971) Convention on Wetlands of International Importance especially as 
Waterfowl Habitat. Ramsar (Iran). UN Treaty Series No. 14583. As amended 
by the Paris Protocol, 3 December 1982, and Regina Amendments, 28 May 
19872 February 1971. http://www.ramsar.org/. 

Randall, JM, Cole, D, McCool, S & Borrie, W (2000) Improving management of 
nonnative invasive plants in wilderness and other natural areas. Wilderness 
science in a time of change conference. 

Rea, N & Storrs, MJ (1999) Weed invasions in wetlands of Australia's Top End: 
reasons and solutions Wetlands Ecology and Management 7(1-2): 47-62. 

Reinke, K & Jones, S (2006) Integrating vegetation field surveys with remotely 
sensed data. Ecological Management and Restoration 7(S1): S18-S52. 

Rejmanek, M & Pitcairn, M (2002) When is eradication of pest plants a realistic 
goal. In: Turning the tide: The eradication of invasive species. Proceedings of 
the International Conference on Eradication of Island Invasives. C Veitch & 
M Clout (Eds.). Auckland, IUCN.: 249-253. 

Richardson, DM & Pyšek, P (2006) Plant invasions: merging the concepts of species 
invasiveness and community invasibility. Progress in Physical Geography 
30(3): 409-431. 

Richter, R, Berger, UE, Dullinger, S, Essl, F, Leitner, M, Smith, M & Vogl, G 
(2013a) Spread of invasive ragweed: climate change, management and how 
to reduce allergy costs. Journal of Applied Ecology 50(6): 1422-1430. 

Richter, R, Dullinger, S, Essl, F, Leitner, M & Vogl, G (2013b) How to account for 
habitat suitability in weed management programmes? Biological Invasions 
15(3): 657-669. 

Ridpath, MG (1991) Feral animals and their environment. In: Monsoonal Australia, 
Landscape, Ecology, and Man in the Northern Lowlands. C Haynes, MG 
Ridpath & M Williams (Eds.). Netherlands A A Balkema 168-179. 

Ripley, BD (1977) Modelling Spatial Patterns. Journal of the Royal Statistical 
Society. Series B (Methodological) 39(2): 172-212. 

Robinson, CJ (2003) Cross-cultural management of pest animal damage: a Case 
study of feral buffalo control in Australia's Kakadu National Park. 
Environmental management (New York) 32(4): 445-458. 

Rouse, J, Haas, R, Schell, J & Deering, D (1973) Monitoring the vernal advancement 
and retrogradation (green wave effect) of natural vegetation, Remote Sensing 
Center, College Station, Texas A & M University. Prog. Rep. RSC 1978-1. 
Available online. 

Russell-Smith, J (1995) Fire management. In: Kakadu: Natural and Cultural 
Heritage and Management. A Press, D Lea, A Webb & A Graham (Eds.). 
Darwin, Australian Nature Conservation Agency, Australian National 
University (NARU): 217-233. 

http://www.ramsar.org/


266 

Russell-Smith, J, Needham, S & Brock, J (1995) The physical environment. In: 
Kakadu- Natural and cultural heritage. T Press, D Lea, A Webb & A 
Graham (Eds.). Darwin, Australian Nature Conservation Agency & North 
Australian Research Unit, Australian National University: 94-126. 

Russell-Smith, J, Ryan, PG & Durieu, R (1997) A Landsat MSS-Derived fire history 
of Kakadu National Park, monsoonal northern australia, 1980-94: Seasonal 
extent, frequency and patchiness. Journal of Applied Ecology 34(3): 748-766. 

Salau, B (1995) Para grass in Kakadu National Park. Unpublished paper presented to 
Natural Resource Management, Australian Nature Conservation Agency. 
Available online. 

Salau, B (2006) Personal communication: The transport of floating mat vegetation on 
the Magela Creek floodplain following Cyclone Monica. Available online. 

Sanderson, N, Koontz, D & Morley, A (1983) The ecology of the vegetation of the 
Magela Creek floodplain: upper section from Oenpelli road crossing to 
Nankeen Billabong. Jabiru, Australia: Scientific Workshop, Environmental 
Protection in the Alligator Rivers Region. Available online. 

Saxena, AK, Rana, BS, Rao, OP & Singh, BP (1996) Seasonal variation in biomass 
and primary productivity of para grass (Brachiaria mutica) under a mixed 
tree stand and in an adjacent open area in northern India. Agroforestry 
Systems 33(1): 75-85. 

Schmidt, KS & Skidmore, AK (2003) Spectral discrimination of vegetation types in 
a coastal wetland. Remote Sensing of Environment 85(1): 92-108. 

Seabloom, EW, Harpole, WS, Reichman, OJ & Tilman, D (2003) Invasion, 
competitive dominance, and resource use by exotic and native California 
grassland species. Proceedings of the National Academy of Sciences 100(23): 
13384-13389. 

Seabloom, EW, Moloney, KA & Valk, AGvd (2001) Constraints on the 
establishment of plants along a fluctuating water-depth gradient. Ecology 
82(8): 2216-2232. 

Segurado, P, Araújo, M & Kunin, W (2006) Consequences of spatial autocorrelation 
for niche-based models. Journal of Applied Ecology 43: 433-444. 

Serra, P, Pons, X & SaurÍ, D (2003) Post-classification change detection with data 
from different sensors: some accuracy considerations. International Journal 
of Remote Sensing 24(16): 3311. 

Setterfield, SA, Douglas, M, Petty, AM, Bayliss, P, Ferdinands, KB & Winderlich, S 
(2013a) Weeds of protected areas: Floodplain weeds in Australia’s Kakadu 
National Park. In: Plant invasions in protected areas: patterns, problems and 
challenges. L Foxcroft, K Pysĕk, D Richardson & P Genovesi (Eds.), 
Springer. 



References 

267 

Setterfield, SA, Rossiter-Rachor, NA, Douglas, MM, Wainger, L, Petty, AM, 
Barrow, P, Shepherd, IJ & Ferdinands, KB (2013b) Adding fuel to the fire: 
The impacts of non-native grass invasion on fire management at a regional 
scale. PloS one 8(5): e59144. 

Shao, G & Wu, J (2008) On the accuracy of landscape pattern analysis using remote 
sensing data. Landscape Ecology 23(5): 505-511. 

Shaw, D (2005a) Remote sensing and site-specific weed management. Frontiers in 
Ecology and the Environment 3(10): 526-532. 

Shaw, D (2005b) Translation of remote sensing data into weed management 
decisions. Weed Science 53(2): 264-273. 

Silva, T, Costa, M, Melack, J & Novo, E (2008) Remote sensing of aquatic 
vegetation: theory and applications. Environmental Monitoring and 
Assessment 140(1): 131-145. 

Skeat, A (1987) Buffalo control in the Northern Territory. Proceedings of the 8th 
Australian Pest Control Conference. Brisbane, Queensland rural lands 
protection board. 

Skeat, A, East, T & Corbett, L (1996) Impact of feral water buffalo. In: Landscape 
and vegetation ecology of the Kakadu Region, Northern Australia. CM 
Finlayson & I von Oertzen (Eds.). Dordrecht, The Netherlands, Kluwer 
Academic Publishers: 155-177. 

Smith, SDP (2012) Identifying and evaluating causes of alternative community states 
in wetland plant communities. Oikos 121(5): 675-686. 

Song, C, Woodcock, C, Seto, KC, Lenney, MP & Macomber, SA (2001) 
Classification and change detection using Landsat TM data: When and how 
to correct atmospheric effects? Remote Sensing of Environment 75: 230-244. 

Song, M, Civco, DL & Hurd, JD (2005) A competitive pixel-object approach for 
land cover classification. International Journal of Remote Sensing 26(22): 
4981-4997. 

StatSoft-Inc. (2012) "Statistica 64 ver. 11 (data analysis software system)." version 
10. from www.statsoft.com.

Stehman, SV (2009) Sampling designs for accuracy assessment of land cover. 
International Journal of Remote Sensing 30(20): 5243-5272. 

Stoll, P & Weiner, J (2000) A neighborhood view of interactions among individual 
plants. The geometry of ecological interactions: Simplifying spatial 
complexity: 11-27. 

Stone, KR (2010) Urochloa mutica. In: Fire Effects Information System, U.S. 
Department of Agriculture, Forest Service, Rocky Mountain Research 
Station, Fire Sciences Laboratory (Producer). Available online 
at http://www.fs.fed.us/database/feis/ [2014, January 6]. 

http://www.statsoft.com/
http://www.fs.fed.us/database/feis/


268 

Stow, D, Tinney, L & Estes, J (1980) Deriving land use/land cover change statistics 
from Landsat- A study of prime agricultural land. In: Proceedings of the 14th 
International Symposium on Remote Sensing of the Environment, 23-30 
April, Ann Arbor Press: 1227-1237. Available online. 

Strahler, AH, Woodcock, CE & Smith, JA (1986) On the nature of models in remote 
sensing. Remote Sensing of Environment 20(2): 121-139. 

Suding, KN, Gross, KL & Houseman, GR (2004) Alternative states and positive 
feedbacks in restoration ecology. Trends in Ecology and Evolution 19(1): 46-
53. 

Taylor, J & Dunlop, C (1985) Plant communities of the wet-dry tropics of northern 
Australia: the Alligator Rivers Region. Proceedings of the Ecological Society 
of Australia 13: 83-128. 

Taylor, J & Tulloch, D (1985) Rainfall in the wet-dry tropics: Extreme events at 
Darwin and similarities between years during the period 1870-1973. 
Australian Journal of Ecology 10(3): 281-295. 

Tilman, D (1997) Community invasibility, recruitment limitation and grassland 
biodiversity. Ecology 78(1): 81-92. 

Tiner, R (1999) Wetland indicators: a guide to wetland indentification, delineation, 
classification, and mapping, Lewis Publishers. 

Trimble (2011) Reference Book: eCognition® Developer 8.64.1. Trappentreustr. 1, 
D-80339 München, Germany, Trimble Germany GmbH.

Turner, MG (1989) Landscape ecology: The effect of pattern on process. Annual 
Review of Ecology and Systematics 20(171-197). 

Turner, MG (1990) Spatial and temporal analysis of landscape patterns. Landscape 
Ecology 4(1): 21-30. 

Turner, MG, Costanza, R & Sklar, FH (1989) Methods to evaluate the performance 
of spatial simulation models. Ecological Modelling 48(1): 1-18. 

Turner, MG, Gardner, RH & O'Neill, RV (2001) Landscape ecology in theory and 
practice: Pattern and process. 

Tuxen, KA, Schile, LM, Kelly, M & Siegel, SW (2007) Vegetation colonisation in a 
restoring tidal marsh: A remote sensing approach. Restoration Ecology. 

UNESCO (1972) Convention concerning the protection of the world cultural and 
natural heritage, United Nations Educational, Scientific and Cultural 
Organisation (UNESCO). 

US EPA (1998) Guidelines for ecological risk assessment. Risk Assessment Forum, 
Washington DC, (US Environmental Protection Agency) 



References 

269 

Verbyla, D & Hammond, T (1995) Conservative bias in classification accuracy 
assessment due to pixel-by-pixel comparison of classified images with 
reference grids. International Journal of Remote Sensing 16(3): 581-587. 

Vilà, M & Ibáñez, I (2011) Plant invasions in the landscape. Landscape Ecology 
26(4): 461-472. 

Walden, DW, Boyden, JM, Bayliss, P & Ferdinands, KB (2012) An preliminary 
ecological risk assessment of the major weeds on the Magela Creek 
floodplain, Kakadu National Park Australia. In: Supervising Scientist Report. 
Darwin NT, Supervising Scientist. Available online 
at http://www.environment.gov.au/ssd/publications/ssr/194.html. 

Walker, JS & Blaschke, T (2008) Object‐based land‐cover classification for the 
Phoenix metropolitan area: Optimization vs. transportability. International 
Journal of Remote Sensing 29(7): 2021-2040. 

Wallace, J, Caccetta, PA & Kiiver, HT (2004) Recent developments in analysis of 
spatial and temporal data for landscape qualities and monitoring. Austral 
Ecology 29(1): 100–107. 

Wang, C, Jamison, BE & Spicci, AA (2010a) Trajectory-based warm season 
grassland mapping in Missouri prairies with multi-temporal ASTER imagery. 
Remote Sensing of Environment 114(3): 531-539. 

Wang, L, Gong, P & Dronova, I (2010b) Aquatic Plant Functional Type Spectral 
Characteristics Analysis and Comparison Using Multi-temporal and Multi-
sensor Remote Sensing over the Poyang Lake Wetland, China. 
Geoinformatics, 2010 18th International Conference on  

Ward, DP, Hamilton, SK, Jardine, TD, Pettit, NE, Tews, EK, Olley, JM & Bunn, SE 
(2012) Assessing the seasonal dynamics of inundation, turbidity, and aquatic 
vegetation in the Australian wet–dry tropics using optical remote sensing. 
Ecohydrology 6(2): 312-323. 

Ward, DP, Petty, AM, Setterfield, SA, Douglas, MM, Ferdinands, KB, Hamilton, SK 
& Phinn, SR (2014) Floodplain inundation and vegetation dynamics in the 
Alligator Rivers region (Kakadu) of northern Australia assessed using optical 
and radar remote sensing. Remote Sensing of Environment 147: 43-55. 

Warfe, DM, Pettit, NE, Davies, PM, Pusey, BJ, Hamilton, SK, Kennard, MJ, 
Townsend, SA, Bayliss, P, Ward, DP, Douglas, MM, Burford, MA, Finn, M, 
Bunn, SE & Halliday, IA (2011) The ‘wet–dry’ in the wet–dry tropics drives 
river ecosystem structure and processes in northern Australia. Freshwater 
Biology 56(11): 2169-2195. 

Wasson, RJ (1992) Modern sedimentation and late quaternary evolution of the 
Magela Creek Plain. In: Research Report 6. Canberra, Supervising Scientist 
for the Alligator Rivers Region, AGPS. 

Watt, A (1947) Pattern and process in the plant community. Journal of Ecology 35: 
1-22.

http://www.environment.gov.au/ssd/publications/ssr/194.html


270 

Watts, AC, Ambrosia, VG & Hinkley, EA (2012) Unmanned aircraft systems in 
remote sensing and scientific research: Classification and considerations of 
use. Remote Sensing 4(6): 1671-1692. 

Wearne, LJ, Clarkson, J, Grice, AC, van Klinken, RD & Vitelli, JS (2010) The 
biology of Australian weeds 56. Hymenachne amplexicaulis (Rudge) Nees. 
Plant Protection Quarterly 25(4): 146-161. 

Wei, H & Chen, D (2004) The effect of spatial autocorrelation on the sampling 
design in accuracy assessment: A case study with simulated data. 
Environmental Informatics Archives 2: 910-919. 

Wells, M (1979) Soil studies in the Magela Creek catchment, 1978. Part 1. Darwin, 
Northern Territory Government, Territory Parks and Wildlife Commission, 
Land Conservation Unit. Available online. 

Wheatley, M & Johnson, C (2009) Factors limiting our understanding of ecological 
scale. Ecological Complexity 6(2): 150-159. 

Whitehead, PJ (1998) Dynamics of habitat use by the Magpie Goose, Anseranas 
semipalmata: implications for conservation management. PhD thesis, 
Northern Territory University. 

Whitehead, PJ & Dawson, T (2000) Let them eat grass. Nature Australia (Autumn): 
45-55.

Whitehead, PJ & McGuffog, T (1997) Fire and vegetation pattern in tropical 
floodplain grassland: a description from the Mary River and its implications 
for wetland management. Bushfire 97 Proceedings. Plaza Hotel, Darwin, NT, 
CSIRO Tropical Ecosystems Research Centre. 

Whitehead, PJ, Russell-Smith, J & Woinarski, JCZ (2005) Fire, landscape 
heterogeneity and wildlife management in Australia's tropical savannas: 
Introduction and overview. Wildlife Research 32(5): 369-375. 

Whitehead, PJ, Wilson, BA & Bowman, DMJS (1990) Conservation status of coastal 
wetlands of the Northern Territory of Australia: the Mary River floodplain. 
Biological conservation 52: 85-111. 

Whiteside, T & Bartolo, R (2014) Vegetation map for Magela Creek floodplain using 
WorldView-2 multispectral image data. 

Wiegand, T, Jeltsch, F, Hanski, I & Grimm, V (2003) Using pattern-oriented 
modeling for revealing hidden information: a key for reconciling ecological 
theory and application. Oikos 100(2): 209-222. 

Wiens, JA (1989) Spatial scaling in ecology. Functional ecology: 385-397. 

Wilcox, DA (2004) Implications of hydrologic variability on the succession of plants 
in Great Lakes wetlands. Aquatic Ecosystem Health & Management 7(2): 
223-231.



References 

271 

Williams, A (1979) Vegetation and stream pattern as indicators of water movement 
on the Magela floodplain, Northern Territory. Australian Journal of Ecology 
4: 239-247. 

Williams, JA & West, CJ (2000) Environmental weeds in Australia and New 
Zealand: issues and approaches to management. Austral Ecology 25(5): 425-
444. 

Williams, MAJ (1991) Evolution of the landscape. In: Monsoonal Australia- 
Landscape, ecology, and man in the northern lowlands. CD Haynes, MG 
Ridpath & MAJ Williams (Eds.). Rotterdam, Netherlands, Balkema: 5-17. 

Williams, P & Collett, A (2009) Control of the exotic para grass allows the 
expansion of the rare native wetland grass Paspalidium udum in a north 
Queensland wetland. Ecological Management & Restoration 10(1): 60-62. 

Williams, PR, Collins, EM, Grice, AC, Mike Nicholas, D & Perry, JJ (2011) The 
role of fire in germinating wild rice (Oryza meridionalis), an annual grass of 
northern Australian wetlands threatened by exotic grass invasion. Ecological 
Management & Restoration 12(1): 74-76. 

Williams, RJ, Cook, GD, Gill, AM & Moore, PHR (1999) Fire regime, fire intensity 
and tree survival in a tropical savanna in northern Australia. Australian 
Journal of Ecology 24(1): 50-59. 

Wilson, BA, Whitehead, PJ & Brocklehurst, PS (1991) Classification, distribution 
and environmental relationships of coastal floodplain vegetation, Northern 
Territory, Australia, March-May 1990. In: Technical memorandum 91/2, 
Conservation Commission of the Northern Territory, Land Conservation 
Unit, Palmerston, N.T. Available online. 

With, KA (2002) The landscape ecology of invasive spread. Conservation Biology 
16(5): 1192-1203. 

Wolmarans, R, Robertson, MP & van Rensburg, BJ (2010) Predicting invasive alien 
plant distributions: how geographical bias in occurrence records influences 
model performance. Journal of Biogeography 37(9): 1797-1810. 

Woodcock, C & Harward, VJ (1992) Nested-hierarchical scene models and image 
segmentation. International Journal of Remote Sensing 13(16): 3167-3187. 

Woodcock, CE & Strahler, AH (1987) The factor of scale in remote sensing. Remote 
Sensing of Environment 21(3): 311-332. 

Wu, J (1999) Hierarchy and scaling: extrapolating information along a scaling 
ladder. Canadian Journal of Remote Sensing 25(4): 367-380. 

Wu, J & Li, H (2006) Concepts of scale and scaling. In: Scaling and Uncertainty 
Analysis in Ecology - Mehtods and Applications. J Wu, K Jones, H Li & O 
Loucks (Eds.). Dordrecht, The Netherlands, Springer: 3-16. 



272 

Wulder, MA, Hall, R, Coops, N & Franklin, S (2004) High spatial resolution 
remotely sensed data for ecosystem characterisation. BioScience 54(6): 511-
521. 

Wurm, P (2004) Physical and biological factors determining the distribution and 
abundance of the wild rice Oryza meridionalis Ng in the Northern Territory. 
Final project report for The Australian Flora Foundation Inc. PhD, Charles 
Darwin University. 

Wurm, P (2007) Suppression of germination and establishment of native annual rice 
by introduced para grass on an Australian monsoonal floodplain. Plant 
Protection Quarterly 22(3): 106. 

Wurm, P, Bellairs, SM & Kernich, B (2006) Suppression of native wild rice 
germination by exotic para grass. 15th Australian Weeds Conference: 
Managing Weeds in a Changing Climate. Adelaide Conference Centre, 
Adelaide, South Australia, Weeds Management Society of South Australia. 

Xie, Y, Sha, Z & Yu, M (2008) Remote sensing imagery in vegetation mapping: a 
review. Journal of Plant Ecology 1(1): 9-23. 

Yu, Q (2006) Object-based detailed vegetation classification with airborne high 
spatial resolution remote sensing imagery. Photogrammetric engineering and 
remote sensing 72(7): 799. 

Yu, Q, Gong, P, Tian, Y, Pu, R & Yang, J (2008) Factors affecting spatial variation 
of classification uncertainty in an image object-based vegetation mapping. 
Photogrammetric Engineering & Remote Sensing 74(8): 1007-1018. 

Zedler, JB & Kercher, S (2004) Causes and consequences of invasive plants in 
wetlands: opportunities, opportunists, and outcomes. Critical Reviews in 
Plant Sciences 23(5): 431-452. 

Zhang, J (2010) Multi-source remote sensing data fusion: status and trends. 
International Journal of Image and Data Fusion 1(1): 5-24. 

Zhang, J & Sun, J (2006) Uncertainty characterization in remotely sensed land cover 
information. 7th International Symposium on Spatial Accuracy Assessment in 
Natural Resources and Environmental Sciences. Portugal. 

Zhu, X (2011) Wetland mapping using remote sensing imagery and ModelMap. 
In: Proceedings of the Surveying and Spatial Science Biennial Conference 
2011 Wellington, New Zealand, Surveying and Spatial Science Institute. 
Available online. 

Zweig, C & Kitchens, W (2008) Effects of landscape gradients on wetland 
vegetation communities: Information for large-scale restoration. Wetlands 
28(4): 1086-1096. 



273 

Appendices 



274



275 

Appendix 2.1 eCognition® Process tree used to separate wetland areas 
(Level 1 classification). 

Appendices 
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Appendix 2.2 eCognition process tree (Level 2) applied to classify wetland 
vegetation communities by Nearest Neighbour from objects produced from 
segmentation of the Landsat 5 TM 2006 time series.  
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Appendix 2.3 a) Input layer configuration for the nearest neighbour classification selected using the feature space optimisation tool; and b) the 
feature space separation matrix produced using this configuration (29 dimensions). 

Class/Class (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) 
Dimension =  29 

(1) Oryza dry 0.0 2.8 1.7 2.3 2.3 6.9 3.1 2.7 2.7 6.3 1.4 2.5 9.9 0.9 2.2 

(2) Leersia
hexandra 2.8 0.0 4.9 1.0 0.9 1.9 0.8 1.7 2.4 6.3 2.5 1.2 9.2 2.5 1.7 

(3) Eleocharis
dry 1.7 4.9 0.0 4.9 4.4 9.4 5.1 3.3 7.3 11.6 1.7 5.9 13.1 3.0 5.0 

(4) Eleocharis
wet 2.3 1.0 4.9 0.0 0.8 3.3 0.7 1.4 1.2 3.8 3.1 0.9 6.4 2.0 1.3 

(5) Hymenachne 2.3 0.9 4.4 0.8 0.0 1.7 0.6 1.0 1.5 4.9 2.8 0.9 6.8 2.0 1.5 

(6) Floating mat 6.9 1.9 9.4 3.3 1.7 0.0 1.5 1.6 4.9 12.7 4.6 2.7 11.1 6.0 5.8 

(7) Oryza wet 3.1 0.8 5.1 0.7 0.6 1.5 0.0 1.2 1.9 6.2 3.0 1.3 8.5 2.3 2.0 

(8) Para grass 2.7 1.7 3.3 1.4 1.0 1.6 1.2 0.0 4.0 8.2 1.7 2.1 12.2 2.8 3.0 

(9) Pseudoraphis
wet 2.7 2.4 7.3 1.2 1.5 4.9 1.9 4.0 0.0 1.6 5.1 1.5 3.6 2.0 1.8 

(10) Open water
shallow 6.3 6.3 11.6 3.8 4.9 12.7 6.2 8.2 1.6 0.0 10.1 4.5 1.5 5.3 3.7 

(11) Pseudoraphis
dry 1.4 2.5 1.7 3.1 2.8 4.6 3.0 1.7 5.1 10.1 0.0 4.0 13.0 2.4 4.2 

(12) Paperbark 2.5 1.2 5.9 0.9 0.9 2.7 1.3 2.1 1.5 4.5 4.0 0.0 6.1 2.1 1.2 

(13) Open water
deep 9.9 9.2 13.1 6.4 6.8 11.1 8.5 12.2 3.6 1.5 13.0 6.1 0.0 9.2 5.5 

(14) Oryza turbid,
wet 0.9 2.5 3.0 2.0 2.0 6.0 2.3 2.8 2.0 5.3 2.4 2.1 9.2 0.0 2.1 

(15) Oryza low
density 2.2 1.7 5.0 1.3 1.5 5.8 2.0 3.0 1.8 3.7 4.2 1.2 5.5 2.1 0.0 

Landsat 
image 

Object Feature 
(mean) 

May 4 2006 

Band 1 
Band 2 
Band 3 
Band 4 
Band 5 
Band 7 
NDVI 
NDWI 

July 7 2006 

Band 1 
Band 2 
Band 3 
Band 4 
Band 5 
Band 7 
NDVI 
NDWI 

August 24 
2006 

Band 1 
Band 2 
Band 4 
Band 5 
NDVI 
NDWI 

September 9 
2006 

Band 2 
Band 3 
Band 4 
Band 5 
Band 7 
NDVI 
NDWI 

a) b)
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Appendix 2.4 Detailed descriptions of primary cluster groups derived by multivariate analysis. 

Level 3 subtypes1 
Sampling 

Frequency 
(N) 

Dominant species2 
Overall 
cover 

contribution3 
Para grass  Sedges  Lilies Herbs 

Visible 
Surface 
Water 

SD 
(VSW) 

RSE 
(VSW) 

Pseudoraphis spinescens 70 Pseudoraphis 76 0.2 1 14 2 50.4 25.5 6.0 

High density Para grass 
Monoculture 55 Para grass 99 98.5 0 1 0 35.3 26.0 9.9 

High density Para grass  -
Pseudoraphis  23 Para grass - 

Pseudoraphis 88 45.5 10 0 0 12.1 15.9 27.4 

minor subtype omitted 
from map classification 2 Para grass - Salvinia 100 61.1 0 0 39 26.3 33.6 90.5 

minor subtype omitted 
from map classification 
[Dry Grassland on 
floodplain margins] 

3 Panicum -Para grass- 
(Pseudoraphis) 100 21.7 0 0 0 0.0 na (dry) na (dry) 

High density Oryza 28 Wild Rice (Oryza) 91 0.4 6 1 1 25.7 21.1 15.5 

Low density Oryza - Lilies 16 Oryza-Lilies 81 11.3 1 35 4 37.5 13.9 9.2 
High density Oryza - 
Hymenachne 11 Oryza-Hymenachne 89 0.8 0 6 2 38.7 19.7 15.3 

High density Para grass -
Oryza 6 Para grass - Oryza - 

(Ludwigia) 79 57.3 1 0 19 31.3 25.9 33.9 

minor subtype omitted 
from map classification 2 Limnophila - Oryza -

Persicaria 91 0.0 0 0 58 56.3 8.8 11.1 

1 Derived from significant clusters in multivariate analysis (p<0.01s).
2 Dominant species contributing >70% of emergent cover. Species in brackets indicated next highest contributor.
3 Overall contribution from species making up >70% assemblage.
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Appendix 2.4 (continued) Detailed descriptions of  primary cluster groups derived by multivariate analysis. 

Level 3 subtypes1 
Sampling 

Frequency 
(N) 

Dominant species2 Overall cover 
contribution3 Para grass Sedges Lilies Herbs 

Visible 
Surface 
Water 

SD 
(VSW) 

RSE 
(VSW) 

minor subtype omitted 
from map classification 2 Utricularia - Oryza - 

Para grass 89 18.7 0 0 50 50.6 16.8 23.5 

minor subtype omitted 
from map classification 1 Sparse Oryza 

(Salvinia - Oryza) 73 0.0 8 0 38 38.8 na na 

High-density Leersia 47 Leersia 75 7.4 4 2 8 25.8 25.5 14.4 

54 Hymenachne 82 0.1 1 4 12 39.0 27.5 9.6 High-density Hymenachne 

Low-density Hymenachne - 
Para grass 8 Para grass - 

Hymenachne-Lilies 65 41.1 0 22 8 43.4 20.3 16.5 

High density Eleocharis - 
(Oryza) 14 High density 

Eleocharis - (Oryza) 83 7.1 83 0 0 8.6 8.1 25.3 

Low density Eleocharis - 
(Oryza) 10 Low density 

Eleocharis - (Oryza) 73 0.0 42 2 2 49.9 17.8 11.3 

Low density Eleocharis - 
(Lilies) 7 Eleocharis - (Lilies) 97 0.0 62 33 0 74.5 18.0 9.1 

1 Derived from significant clusters in multivariate analysis (p<0.01s).
2 Dominant species contributing >70% of emergent cover. Species in brackets indicated next highest contributor.
3 Overall contribution from species making up >70% assemblage.

A
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Appendix 2.4 (continued) Detailed descriptions of  primary cluster groups derived by multivariate analysis. 

Level 3 subtypes1 
Sampling 

Frequency 
(N) 

Dominant species2 Overall cover 
contribution3 Para grass Sedges Lilies Herbs 

Visible 
Surface 
Water 

SD 
(VSW) 

RSE 
(VSW) 

Low density Eleocharis - 
Para grass 7 Para grass-

Eleocharis 86 38.4 29 9 1 47.9 20.7 16.4 

Low density Eleocharis - 
Utricularia 5 Eleocharis-Utricularia 70 0.0 21 10 44 45.3 11.0 10.9 

Low density Eleocharis - 
Lilies 3 Lilies-Eleocharis 74 0.0 26 28 19 92.5 3.5 2.2 

minor subtype omitted 
from map classification 1 Imperata cylindrica - 

Cyperus scariosus 
Nelumbo - Lilies - 
(Hymenachne) 10 79 0.0 0 79 6 36.0 25.1 22.1 

minor subtype omitted 
from map classification 2 Utricularia - Najas 71 0.0 0 8 92 15.0 0.0 0.0 

1 Derived from significant clusters in multivariate analysis (p<0.01s).
2 Dominant species contributing >70% of emergent cover. Species in brackets indicated next highest contributor.
3 Overall contribution from species making up >70% assemblage.

Nelumbo nucifera 

0 0 
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Appendix 2.5 (from opposite page)  Assemblages identified by multivariate cluster analysis (columns) of plot sampling undertaken in 
2006,  2009  and 2010; and the species composition of each (rows) measured  as mean percentage cover. 

A
ppendices



282

CLUSTER GROUP NAME: GRASSLAND 

Cluster Sub-Group Name: 
Marginal 

Floodplain 
Grassland 

Pseudoraphis 
Grassland 

Para grass 
Grassland 

Hymenachne 
Grassland 

Leersia 
Grassland Oryza Grassland 

Major contributing species: 
(≥ 70% of cover) Panicum-

Urochloa-
Pseudoraphis 

P. spinescens U. mutica Urochloa 
-Salvinia H. acutigluma Leersia Oryza 

(Dense) 

Oryza-
Lilies 

(Sparse) 

Limnophila-
Oryza-

Persicaria 
(Sparse) 

Utricularia-
Oryza-

Urochloa 
(Sparse) 

Salvinia-
Oryza 

(Sparse) 

Sampling incidence (N): (3) (70) (55) (2) (54) (47) (28) (16) (2) (2) (1) 
Plant 
Group Scientific Name MEAN COVER ESTIMATES (%) 

Ferns Cyclosorus interruptus - - - - - 0.7 - - - - 1.0 

Floating 
Aquatic 

Azolla pinnata - - - - - - - - - - - 
Lemna aequinoctialis - <0.1 - - - - - - - - - 
*Salvinia molesta - 0.1 0.1 38.9 0.6 1.7 - - - - 33.0 

Grasses 

Hygrochloa aquatica - 0.7 - - - - - - - - - 
Hymenachne - 0.2 0.1 - 81.7 2.6 0.1 - - - -
Leersia hexandra - 0.1 0.1 - 0.1 74.8 0.1 1.1 9.3 - 9.0
Oryza meridionalis - 6.3 0.2 - 0.7 0.7 91.4 44.2 32.5 31.0 26.0 
Panicum decompositum 68.8 - - - - - - - - - -
Pseudoraphis spinescens 9.5 75.5 <0.1 - 0.5 1.0 - 0.8 - - - 
*Urochloa mutica 21.7 0.2 98.5 61.1 0.1 7.4 0.4 11.3 - 18.7 - 

Herbs and 
vines 

Aeschynomene spp. - - <0.1 - - - - 1.4 - - - 
Caldesia oligococca - - - - - - - - - - - 
Cyanotis axilllaris - 0.1 - - - - - - - - - 
Echinochloa elliptica - <0.1 - - - - - - - - - 
Euphorbia vachelli - <0.1 <0.1 - - - - - - - -
Ipomoea aquatica - 0.2 - - 0.0 - - 0.4 - - - 
Limnophila brownii - 0.0 - - 0.0 - - - 32.5 - -
Ludwigia adscendens - 0.1 <0.1 - 4.7 1.7 0.3 - - 11.1 3.0 
Melochia corchorifolia - - <0.1 - - - <0.1 - - - -
Melochia pyramidata - - 0.1 - - - - - - - -
Merremia gemella - 0.1 <0.1 - - - 0.3 - - - -
Persicaria attenuata - 0.4 0.1 - 6.2 3.9 0.1 1.3 25.8 - -
Sesbania spp. - - - - - - - 0.1 - - - 

Water 
Lilies 

Nymphoides spp. - 0.5 - - - - - 2.7 - - - 
Nymphaea spp. - 14.3 0.7 - 4.2 1.6 1.2 34.8 - - - 

Red Lilies Nelumbo nucifera - - 0.0 - - - - - - - -

Sedges 

Cyperus platystylis - - - - 0.5 0.3 - - - - - 
Eleocharis dulcis - <0.1 - - - 0.1 0.0 - - - -
Eleocharis sphacelata - - - - - - - 0.2 - - 8.0 
Eleocharis spp. - 1.3 0.1 - 0.3 3.7 6.1 1.3 - - - 
Fuirena umbellata - - - - - - - - - - - 

Aquatics 

Aldrovanda vesiculosa - - - - - - - - - - - 
Maidenia rubra - <0.1 - - - - - - - - - 
Najas spp. - 0.3 <0.1 - - - - - - - -
Utricularia aurea - 0.3 0.1 - 0.4 0.1 <0.1 0.4 - 39.1 1.0 
Utricularia gibba - - 0.2 - - - - - - - -
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CLUSTER GROUP NAME: MIXED GRASSLAND ELEOCHARIS 
SEDGELAND MIXED SEDGELAND / GRASSLAND 

NELUMBO 
(RED 

LILIES) 
AQUATICS 

Major contributing species: 
(≥ 70% of cover) 

Urochloa-
Pseudoraphis 

Urochloa-
Hymenachne-
Water Lilies 

Oryza-
Hymenachne 

Urochloa-
Oryza-

Ludwigia 

Eleocharis- 
Oryza 

(Dense) 

Eleocharis-
Water Lilies 

(Dense) 

Urochloa-
Eleocharis-
Water Lilies 

Eleocharis- 
Oryza 

Eleocharis-
Utricularia 

Lilies-
Eleocharis-

Caldesia 
(Sparse) 

Nelumbo-
Water Lilies-
Hymenachne 

Utricularia-
Najas-

Ludwigia 

Sampling incidence (N): (23) (8) (11) (6) (14) (7) (7) (10) (5) (3) (10) (2)
Plant 
Group Scientific Name MEAN COVER ESTIMATES (%) 

Ferns Cyclosorus interruptus - - - - - - - - - - - -

Floating 
Aquatic 

Azolla pinnata - <0.1 - - - - - - - - - -
Lemna aequinoctialis - - - - - - - - - - - 9.4 
*Salvinia molesta 0.5 - - 5.7 - - - - - - 4.4 - 

Grasses 

Hygrochloa aquatica - - - - - - - - - - - -
Hymenachne 0.1 23.4 36.6 - - - - 0.2 2.5 - 15.1 - 
Leersia hexandra - 5.2 0.2 1.6 0.2 - - 2.0 1.4 - - - 
Oryza meridionalis 0.5 - 52.6 21.9 9.3 - 0.4 9.2 - - - -
Panicum 
decompositum 

- - - - - - - - - - - -
Pseudoraphis 
spinescens 

42.6 - 2.0 - - 2.6 - - - - 0.4 - 

*Urochloa mutica 45.5 41.1 0.8 57.3 7.1 - 38.4 - - - - - 

Herbs and 
vines 

Aeschynomene spp. - - - - - - - - - - - -
Caldesia oligococca - - - - - - - - - 19.0 - -
Cyanotis axilllaris - - - - - - - - - - - -
Echinochloa elliptica - - - - - - - - - - - -
Euphorbia vachelli - - <0.1 - - - - - - - - - 
Ipomoea aquatica - - - - - - - - - - - -
Limnophila brownii - - - - - - - - - - - -
Ludwigia adscendens - - 1.4 12.9 - - - 1.2 0.5 - - 21.3 
Melochia corchorifolia - - - - - - - - - - - -
Melochia pyramidata - - - - - - - - - - - -
Merremia gemella 0.1 - - - - - - - - - - - 
Persicaria attenuata - 7.4 0.2 - - - - 0.2 9.3 - - - 
Sesbania spp. - - - - - - - - - - - -

Water 
Lilies 

Nymphoides spp. - - - - - - - - - - - -
Nymphyaea spp. 0.4 22.4 5.5 - 0.4 32.5 9.5 1.9 9.6 28.4 30.9 8.1 

Red Lilies Nelumbo nucifera - - - - - - - - - - 48.1 - 

Sedges 

Cyperus platystylis - - - - - - - - - - - -
Eleocharis dulcis 10.4 - - - - 2.6 - - - 26.3 - -
Eleocharis sphacelata - - - - - - 21.4 42.3 21.2 - - - 
Eleocharis spp. - - - 0.8 83.0 62.4 29.3 - - - - - 
Fuirena umbellata - - - - - - - - - - - -

Aquatics 

Aldrovanda vesiculosa - - - - - - - < 0.1 - - - -
Maidenia rubra - - - - - - 0.4 - - - - - 
Najas spp - - - - - - - - - - - 31.4 
Utricularia aurea - 0.5 0.5 - - - 0.7 0.7 34.3 - 1.1 39.2 
Utricularia gibba - - - - - - - - - - - -

A
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Appendix 3.1 Characteristics of the image datasets used in production of the high-spatial resolution maps vegetation maps. 
MS = multispectral; Pan = panchromatic; UNB = patented (University of New Brunswick) pan-sharpening algorithm applied to 
multispectral data. *Indicates bands excluded from image analyses (WorldView II data only). 

Sensor Spatial 
Resolution 

Analysis 
resolution Spectral characteristics Acquisition 

Date(s) 
Provided format 
and additional 
notes 

IKONOS 

Pixel size: 
0.8 m (pan) 
4m (MS) 
All bands were 
provided at 1m 

0.6 m 

MS:  Band 1: 445-516 nm (Blue)
Band 2: 506-595 nm (Green)
Band 3: 632-698 nm (Red)
Band 4: 757-853 nm (Near-Infrared)
Pan:  450-900nm

Dynamic range: 11 bit 

03-06-2001

Data had been 
geo-rectified and 
resampled to 1m 
(Pfitzner 2003) 

QuickBird 

Pixel size: 
0.6m (pan and 
pan-sharped 
bands),  
2.4m (MS) 

0.6m 

MS-  Band 1: 450-520 nm (Blue)
Band 2: 520-600 nm (Green)
Band 3: 630-690 nm (Red)
Band 4: 760-900 nm (Near-Infrared)
Pan:  445-900nm

Dynamic range: 11 bit 

25-06-2004
panchromatic + 4-
band multispectral 
product 

23-06-2006
24-07-2006

4-band, UNB-pan-
sharpened
product. Images
mosaic used as
the base image for
spatial co-
registration

15-06-2008 UNB-
pansharpened 

WorldView-2 
Pixel size: 
0.49m (pan) 
2.4m (MS) 

0.6 m 

MS:  Band 1*: 400-450 nm (Coastal)
Band 2:  450-510 nm (Blue)
Band 3:  510-580 nm (Green)
Band 4*: 585-625 nm (Yellow)
Band 5:  630-690 nm (Red)
Band 6*: 705-745 nm (Red-edge)
Band 7:  770-895 nm (Near-infrared-1)
Band 8*: 860-900 nm (Near-infrared-2)
Pan:  450-800nm

Dynamic range: 11 bit 

15-05-2010

panchromatic + 
8-band
multispectral
product
Three separate
scenes (Region
1,2, &3),
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Appendix 3.2a Linear regression for calibrations of IKONOS 2001 bands against 
equivalent WorldView II band using pseudo-invariant surface targets (types 
noted on ‘Green’ graph). Error bars are the standard deviation for each pixel 
cluster. 
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Appendix 3.2b Linear regression calibrations for QuickBird June 2006 
bands against equivalent WorldView II band using pseudo-invariant surface 
targets (types noted on ‘Red’ graph). 
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Appendix 3.2c Linear regression calibrations for QuickBird July 2006 
bands against equivalent WorldView II band using pseudo-invariant surface 
targets (types noted on ‘Near-infrared’ graph). 
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Appendix 3.3 Variable redundancy trials for SGB models 

A Stochastic Gradient Boosting trial was run on the 2006 QuickBird image to 

rank variable importance and provide a basis for rationalising subsequent modeling 

and application to other images in the site time-series. The algorithm ranks 

individual predictors by summing the relative drop in ‘node-impurity’ over all 

nodes in the tree ensemble and expressing this value relative to the largest 

sum found over all predictors - the most important variable (StatSoft-Inc. 

2011). In this context the relative importance of the different categories 

of predictor variables in classification are summarised in Table A3.3 for a 

guide to their practical selected in the classification model. Similar order in 

the rankings of these predictor-variable were produced from SGB models using 

other images/training data but with the reduced set variables chosen from the 

this initial exploratory analysis. Running the full suite of variables was 

computationally time consuming so the full suite of variables were not applied 

to subsequent analyses. 

Table A3.3 Level 2 object predictor-variable importance summarised as 
variable categories (rows) and as the percentage per SGB ranking group 
(columns). Results derived from the SGB model produced for the WorldView, 
Region 2 image - based on the separation of the para grass class from all 
other landscape cover classes. Level numbers indicate the relationship of 
variable categories to the segmentation hierarchy. * Indicates variables 
omitted from subsequent analyses.  

Predictor-variable 
Category/Rank 

SGB Rank (as % per group) Variable 
count1-10    11-20   21-30     31-50   51-300

Spectral Indices’ (mean) 55 27 9 9 11 
Spectral Band (mean) 40 20 20 20 5 
Texture layers (mean) 22 56 22 9 
Super-object relationships (Level 6) 2 7 5 86 43 
Standard deviation (Bands & Texture) 14 29 57 14 
Object Neighbour Relationships 7 7 86 42 
Super-object Relationships (Level 5) 2 12 86 43 
Super-object Relationships (Level 3) 2 98 54 
Sub-object Relationships (Level 1) 1 99 80 
*Skewness (bands and texture) 100 12 
*Geometry (Level 2) 100 17 
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Number of ranked predictor variables

Figure A3.3 Relationship between the number of predictor variables used in 
the SGB Classification Model (after ranked selection from the potential list of 
variables), and errors of para grass classification omission and commission (left 
axis) and overall kappa (right axis) as derived from accuracy statistics generated 
for five classification models iterations for 2010 Worldview II, Region 2. 
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The optimum number of input variables was defined as the reduced number 

of ranked variables without a reduction in classification accuracy and kappa.   

This was determined by plotting accuracy statistics from five different 

classifications, produced from models with stepwise increases in the number of 

predictor variables, against the number of predictor variables (Figure A3.3). 

With each model iteration, additional variables were selected in series from 

ranked predictor-variables as derived from a model output generated with the full 

suite of input-variables. In this test the input classes for the model were para 

grass vs. non-para grass. Omission and commission error for para grass and 

overall kappa was then measured and plotted against the number of ranked 

predictor variables used in each model. This enabled the relative significance of 

the different predictor variable categories in the classification to be compared.
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Appendix 3.4 Groups of the input ‘predictor’ variables used the in SGB model 
testing (group a), (group a+b) and (group a+b+c) as described on page 3-23. N/A 
= Variable listed to right not applied in column group.  Numbers in brackets refer 
to the number of levels above (or below) Level 2 objects. 

Simple Level  (a) 
Additional hierarchical 
object context 
information (a +b)  

Additional texture 
information  (a+b+c)n 

Sum of band layers StdDev Ratio to super-
object Red (4) 

StdDev diff. to super-
object TxVar (3) 

Standard deviation Red StdDev Ratio to super-
object Red (3) 

StdDev diff. to super-
object TxHom (4) 

Standard deviation NIR StdDev Ratio to super-
object Green (4) 

StdDev diff. to super-
object TxHom (3) 

Standard deviation Green StdDev Ratio to super-
object Green (3) 

StdDev diff. to super-
object TxEnt (4) 

Standard deviation Blue StdDev Ratio to super-
object Blue (4) 

StdDev diff. to super-
object TxEnt (3) 

Redness StdDev Ratio to super-
object Blue (3) 

StdDev diff. to super-
object TxDis (4) 

NDVI StdDev diff. to super-
object Red (4) 

StdDev diff. to super-
object TxDis (3) 

NDNIRB StdDev diff. to super-
object Red (3) 

StdDev diff. to super-
object TxCor (4) 

NDGBI StdDev diff. to super-
object NIR (4) 

StdDev diff. to super-
object TxCor (3) 

Mean Red StdDev diff. to super-
object NIR (3) 

StdDev diff. to super-
object TxCon (4) 

Mean NIR StdDev diff. to super-
object Green (4) 

StdDev diff. to super-
object TxCon (3) 

Mean Green StdDev diff. to super-
object Green (3) 

StdDev diff. to super-
object Tx2nd (4) 

Mean Diff. to neighbors
Red (0) 

StdDev diff. to super-
object Blue (4) 

StdDev diff. to super-
object Tx2nd (3) 

Mean Diff. to neighbors
NIR (0) 

StdDev diff. to super-
object Blue (3) 

Standard deviation 
TxVar 

Mean Diff. to neighbors
Green (0) 

Ratio to super-object Red 
(4) 

Standard deviation 
TxHom 

Mean Diff. to neighbors 
Blue (0) 

Ratio to super-object Red 
(3) 

Standard deviation
TxEnt 

Mean diff. to darker neighbors
Red 

Ratio to super-object NIR 
(4) 

Standard deviation
TxDis 

Mean diff. to darker neighbors
NIR 

Ratio to super-object NIR 
(3) 

Standard deviation
TxCor 

Mean diff. to darker neighbors
Green 

Ratio to super-object 
Green (4) 

Standard deviation
TxCon 
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Simple Level Additional ‘hierarchical’ 
object context 
information  

Additional texture 
information  

Mean diff. to darker neighbors
Blue 

Ratio to super-object Green 
(3) 

Standard deviation
Tx2nd 

Mean diff. to brighter neighbors
Red 

Ratio to super-object Blue 
(4) 

Ratio to super-object
TxVar (4) 

Mean diff. to brighter neighbors
NIR 

Ratio to super-object Blue 
(3) 

Ratio to super-object
TxVar (3) 

Mean diff. to brighter neighbors
Green 

Mean of sub-objects stddev 
Red (1) 

Ratio to super-object 
TxHom (4) 

Mean diff. to brighter neighbors
Blue 

Mean of sub-objects stddev 
NIR (1) 

Ratio to super-object 
TxHom (3) 

Mean Blue Mean of sub-objects stddev 
Green (1) 

Ratio to super-object
TxEnt (4) 

GNDVI Mean of sub-objects stddev 
Blue (1) 

Ratio to super-object
TxEnt (3) 

EVI Mean diff. to super-object 
Red (4) 

Ratio to super-object 
TxDis (4) 

Blue Red Mean diff. to super-object 
Red (3) 

Ratio to super-object 
TxDis (3) 

Area (Pxl) Mean diff. to super-object 
Red (2) 

Ratio to super-object 
TxCor (4) 

N/A Mean diff. to super-object 
Red (1) 

Ratio to super-object 
TxCor (3) 

N/A Mean diff. to super-object 
NIR (4) 

Ratio to super-object 
TxCon (4) 

N/A Mean diff. to super-object 
NIR (3) 

Ratio to super-object 
TxCon (3) 

N/A Mean diff. to super-object 
NIR (2) 

Ratio to super-object 
Tx2nd (4) 

N/A Mean diff. to super-object 
NIR (1) 

Ratio to super-object 
Tx2nd (3) 

N/A Mean diff. to super-object 
Green (4) 

Mean T
xVar 

N/A Mean diff. to super-object 
Green (3) 

Mean 
TxHom 

N/A Mean diff. to super-object 
Green (2) 

Mean
TxEnt 

N/A Mean diff. to super-object 
Green (1) 

Mean 
TxDis 

Appendices

Appendix 3.4 (continued) Groups of the input ‘predictor’ variables used the in 
SGB model testing (group a), (group a+b) and (group a+b+c) as described on 
page 3-23. N/A = Variable listed to right not applied in column group.  Numbers in 
brackets refer to the number of levels above (or below) Level 2 objects. 
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Appendix 3.4 (continued) Groups of the input ‘predictor’ variables used the in 
SGB model testing (group a), (group a+b) and (group a+b+c) as described on 
page 3-23. N/A = Variable listed to right not applied in column group.  Numbers in 
brackets refer to the number of levels above (or below) Level 2 objects. 

Simple 
Level 

Additional ‘hierarchical’ object context 
information  

Additional texture information 

N/A Mean diff. to super-object Blue (4) Mean TxCor 
N/A Mean diff. to super-object Blue (3) Mean TxCon 
N/A Mean diff. to super-object Blue (2) Mean Tx2nd 
N/A Mean diff. to super-object Blue (1) Mean diff. to super-object TxVar (4) 
N/A Density of sub-objects stddev (1) Mean diff. to super-object TxVar (3) 
N/A Density of sub-objects mean (1) Mean diff. to super-object TxHom (4) 
N/A Avrg. mean diff to neighbors of sub-objects 

Red (1) 
Mean diff. to super-object TxHom (3) 

N/A Avrg. mean diff to neighbors of sub-objects 
NIR (1) 

Mean diff. to super-object TxEnt (4) 

N/A Avrg. mean diff to neighbors of sub-objects 
Green (1) 

Mean diff. to super-object TxEnt (3) 

N/A Avrg. mean diff to neighbors of sub-objects 
Blue (1) 

Mean diff. to super-object TxDis (4) 

N/A Area of sub-objects stddev (1) (Pxl) Mean diff. to super-object TxDis (3) 
N/A Area of sub-objects mean (1) (Pxl) Mean diff. to super-object TxCor (4) 
N/A N/A Mean diff. to super-object TxCor (3) 
N/A N/A Mean diff. to super-object TxCon (4) 
N/A N/A Mean diff. to super-object TxCon (3) 
N/A N/A Mean diff. to super-object Tx2nd (4) 
N/A N/A Mean diff. to super-object Tx2nd (3) 
N/A N/A Mean Diff. to neighbors TxVar (0) 
N/A N/A Mean Diff. to neighbors TxHom (0) 
N/A N/A Mean Diff. to neighbors TxEnt (0) 
N/A N/A Mean Diff. to neighbors TxDis (0) 
N/A N/A Mean Diff. to neighbors TxCor (0) 
N/A N/A Mean Diff. to neighbors TxCon (0) 
N/A N/A Mean Diff. to neighbors Tx2nd (0) 
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Appendix 3.5 Distribution of Level 2 sample object clusters as selected for each image source. Pink and black areas indicate   
para grass and all other samples, respectively. Due to large differences in sensor view angle, samples were selected and 
modeled independently for regions  1 and 2 2010. Dashed line shows the area of interest from which classification maps were 
produced. 

A
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Appendix 3.6  Accuracy statistics calculated for ‘single-date’ SGB classifications models using the selected 139 predictor variables. 
The resulting classifications are those used in the chapter 5 analyses.  

Class Number of Pixels Accuracy Kappa Statistic Error Rate (%) 

Image Reference Classified Correct Producers Users Overall Producers Users Overall Omission Commission 

IKONOS 
(2001) 410897 413727 377619 92 91 96 0.90 0.89 0.89 8 9 

QuickBird 
(2004) 707180 756735 664166 94 88 96 0.92 0.84 0.88 6 12 

QuickBird 
(2006) 617425 643414 590333 96 92 96 0.94 0.88 0.91 4 8 

QuickBird 
(2008) 625118 700247 618718 99 88 97 0.99 0.88 0.91 1 12 

WorldView 
(2010, R1*) 86461 89831 74124 86 83 99 0.85 0.82 0.83 14 17 

WorldView 
(2010, R2*) 273762 279851 264567 96.6 95 97.6 0.95 0.93 0.94 3.4 5 
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