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Abstract 

Citizen science (CS) is the involvement of citizens in scientific research. Over the past 

decade, CS data have become a major source for species distribution modelling (SDM) 

studies. MaxEnt is a popular SDM tool that has mostly been utilised to model distributions 

over large geographic extents (such as entire continents) with a coarse ‘grain size’ (e.g. 

cells or raster grids ≥1 km²) – largely to allow incorporation of climate data. This study 

utilised MaxEnt and CS data to model the potential local distributions of the Glossy 

Black-Cockatoo, a threatened bird species, at a fine grain size (100 m x 100 m), for 

improving conservation planning at a regional scale, i.e. over 27,000km² in South-East 

Queensland, Australia. Models compared the effects of input data subsets, variable data 

input periodicity and the influence of supervised and unsupervised datasets, and evaluated 

these using AUC, kappa and TSS values, as well as a comparison against a null model.  

Comparisons were also made between this study’s regional MaxEnt model and an already 

existing Glossy Black-Cockatoo essential habitat map developed by a regional Catchment 

Management Group. It was found that MaxEnt can produce suitable models at a regional 

scale with a fine grain size. Land use type and vegetation community were the most 

important variables influencing these modelled distributions. 

Modelling outputs restricted to local extents, however, showed little congruence with 

outputs computed at a regional scale and failed to highlight the use of some habitats. This 

was largely due to a reduced input dataset, hence resulting in reduced categories of 

environmental predictors. Despite having a tenth of the number of input records, the 

supervised dataset was found to generate outputs with a better fit compared to the output 

utilising a less supervised dataset. Most important, results of this MaxEnt SDM exercise 

allowed further classification of areas previously mapped as essential Glossy Black-

Cockatoo habitat. This included the identification of four new vegetation communities of 
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apparent value to this species. Future studies utilising MaxEnt at local extents should 

model outside of their area of interest in order to maximise the value of input data 

available. 
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Introduction 

A central focus of ecological study is the analysis of the distribution and abundance of 

species (Ferrier et al. 2002, Krebs 2009, Ricklefs 2004). As the discipline has progressed 

so has the manner in which researchers approach this question.  Traditionally, ecologists 

would investigate these patterns in distribution and abundance using, for example, field 

studies, analysis of museum records and long-term datasets (Brown 1984, Gaston 1991, 

Magurran et al. 2010, Ponder et al. 2001). Over much of the last decade, new ways of 

conducting environmental monitoring and ecological surveys have come to the fore.  

These include changes in the way that data are collected but also in the way that these are 

analysed.  Central among these new approaches is the rise of citizen science (Conrad and 

Hilchey 2011, Dickinson et al. 2010, Silvertown 2009) and the use of species distribution 

models (Austin 2002, Elith et al. 2006, Elith and Leathwick 2009).  This thesis 

investigates how these two approaches can be combined to improve our understanding of 

the extent of habitat use by a threatened bird, the Glossy Black-Cockatoo 

(Calyptorhynchus lathami) in South-East Queensland. 

 

1.1 Citizen Science 

Citizen science engages members of the general public in scientific research. It is widely 

regarded as an important ecological tool as it allows for cost effective collection of data, 

as well as informing members of the general public about conservation issues (Dickinson 

et al. 2010, Silvertown 2009).  

Generally, citizen science data are mostly centred on collecting longitudinal ecological 

data, rather than providing specific information for question-driven scientific studies 

(Dickinson et al. 2010, Silvertown 2009). Involvement of citizens in scientific research 

can be organised (where a formal sampling plan is utilised) or unorganised (where data 
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collected through random chance is submitted) (Catlin-Groves 2012, Cohn 2008, Cooper 

et al. 2007, Schmeller et al. 2009, Silvertown 2009). Unorganised sampling has become 

popular as modern technology has streamlined the record submission process with online 

databases and smartphone applications (Catlin-Groves 2012, Lagoze 2014). 

 

1.1.1 Citizen Science and Species Distribution Modelling 

One area of ecology that has seen increasing usage of citizen datasets is species 

distribution modelling (SDM). SDM investigates how species’ distributions are related to 

environmental parameters, based on comparing known occurrence records of a species 

with a range of environmental parameters (Elith and Leathwick 2009). Complex 

multivariate algorithms are then applied to extrapolate the distribution of a species from 

areas that have similar environmental conditions to those where the occurrence records 

are located (Elith and Leathwick 2009, Guisan and Zimmerman 2000). 

SDM is often carried out over large spatial and temporal extents and thus requires large 

databases of records for analysis. Cost effective data collection by qualified scientists 

over these extents is often unfeasible, but this is potentially solved through the use of 

citizen science (Schmeller et al. 2009, Ward et al. 2015). 

Using citizen science databases for SDM has become common for a wide variety of 

vertebrate species (e.g. Embling et al. 2015, Hill et al. 2016, Santika et al. 2014, Tye et 

al. 2016). Although this outcome of citizen science is positive for both the scientific 

community and the general public, citizen science data is not infallible and does have 

some potential pitfalls associated with it (Boakes et al. 2010, Dickinson et al. 2010, van 

Strien et al. 2013). 
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1.1.2 Quality Uncertainty and Bias in Citizen Science 

Notwithstanding the potential benefits of citizen science data, there are some definite 

drawbacks that must be considered when analysing these records. This is largely in 

relation to biases in, and doubts over, data quality, resulting in a perceived lack of 

reliability when compared to data collected by professionals in organised surveys 

(Dickinson et al 2010, Silvertown 2009, Hochachka et al. 2012, van Strien et al 2013.) 

Some studies have reported that data acquired via citizen science showed little 

demarcation in reliability from those submitted by professionals (Tye et al. 2016) 

supporting earlier confidence in the overall rigour and reliability of citizen science data 

(Schmeller et al. 2009). Findings from other studies, however, have resulted in 

recommendations that citizen science data be supplemented with data taken from 

professional surveys (Tulloch et al. 2013).  

Spatial observer bias is often present in citizen science datasets in the form of spatial 

autocorrelation of records, generally around roads and areas of high human populations 

(Hochachka et al. 2012, Kéry et al. 2010, van Strien et al. 2013). Larger datasets will 

inherently reduce bias and be more precise (Dickinson et al. 2010, Schmeller et al. 2009), 

but spatial bias can also be accounted for throughout the modelling process (Kramer-

Schadt et al. 2013, Phillips and Dudik 2008). 

Incorrect species identification is a further potential problem, and one that is hard to 

account for when using datasets with unknown observers (Dickinson et al. 2010). One 

way to alleviate some of this bias is to screen the observers entering records to ensure the 

details are correct, resulting in a ‘supervised’ dataset (Bonter and Cooper 2012, Dickinson 

et al. 2010). However, this may require money, time and resources - which may not be 

viable and can defeat the purposes of utilising citizen science collection (Bonter and 

Cooper 2012, Dickinson et al. 2010). Furthermore, if screening is applied during data 
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analysis (rather than directly after reporting) its potential for removing inaccurate records 

is lost (Bonter and Cooper 2012). 

Observer input bias has been noted as another aspect of concern about citizen science 

datasets. Highly motivated, enthusiastic individuals or groups tend to enter data much 

more frequently than casual observers (Boakes et al. 2016). Most of these “super 

mappers” focus on their neighbourhoods and local areas resulting in clustering and spatial 

autocorrelation of records. This can be further exacerbated by bias to accessible areas and 

those of high human population density (Hochachka et al. 2012, Kéry et al. 2010, van 

Strien et al. 2013). Nonetheless, larger datasets will inherently reduce bias and be more 

precise (Dickinson et al. 2010, Schmeller et al. 2009). 

Removing records based on the qualities of the observer has also received some attention. 

Dickinson et al. (2010) proposed that before performing analyses, records from first year 

participants, those who did not report often and those who have entered inaccurate records 

previously should be removed. This criteria was chosen due to a perceived lack of 

reliability of the observer. 

To achieve accurate and reliable distribution models with citizen science datasets, these 

sources of bias must be considered and accounted for throughout the data analysis 

(Dickinson et al. 2010, van Strien et al. 2013). 

 

1.2 MaxEnt 

MaxEnt is a SDM program which compares presence data of a species against 

environmental variables in order to predict the ‘maximum entropy’, or largest potential 

distribution, of that species (Phillips and Dudik 2008, Phillips et al. 2004, Phillips et al. 

2006). From all the potential distributions that could be formed for a species based on 

these input data, the modelling tool identifies the one that is most uniform (Philip et al. 
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2004). Since its development in 2006, MaxEnt has been widely used as a SDM tool 

(Merow et al. 2013).  

A feature increasing MaxEnt’s popularity and widespread use is that it requires presence-

only occurrence data (rather than presence-absence data) (Phillips et al. 2006). This 

allows databases of species occurrences that do not have available or reliable absence 

data (such as museum records), as well as those with slight spatial inaccuracies, to be 

utilised for SDM (Elith and Leathwick 2009, Graham et al. 2004, Jiménez-Valverde et al. 

2008, Phillips et al. 2006, Ponder et al. 2006, Soberon 1999, Wisz et al. 2008). 

MaxEnt is also a free, standalone program with online support and a simple user interface 

that does not require high amounts of processing power, which has further added to its 

attractiveness (Phillips and Dudik 2008, Phillips et al. 2006).  

The performance of MaxEnt over other SDM tools (such as GARP, BioClim and GLM) 

is variable depending on the input data (Elith et al. 2006, Hernandez et al. 2006, Pearson 

et al. 2007). Many previous studies demonstrate that MaxEnt will produce more reliable 

results, especially with small datasets, but with the possibility of ‘overfitting’ (creating 

false accuracies) (Elith et al. 2006, Pearson et al. 2007, Phillips et al. 2006). This 

overfitting can be minimised and overall model performance improved by accounting for 

bias and uncertainty in the development of the models (Fourcade et al. 2014, Kramer-

Schadt et al. 2013, Phillips and Dudik 2008). 

 

1.2.1 Building Models in MaxEnt 

Performing SDM in MaxEnt requires candidate models to be built using both dependent 

(species occurrence records) response variables and independent (environmental 

parameters) predictors. 



6 
 

To increase model reliability, the environmental parameters utilised must be chosen 

strategically and intelligently, and only those that are the most likely to influence a 

species’ distribution should be included (Elith and Leathwick 2009, Heikkinen et al. 

2006, Mac Nally 2000). Selection of appropriate environmental parameters will differ 

among species, and therefore an understanding of the species’ biology and ecology is 

required (Austin 2002, Elith and Leathwick 2009). When environmental parameters most 

likely to influence a species’ distribution are uncertain or unknown, it is best to include a 

wide variety of them into the modelling process (Elith and Leathwick 2009). Variables 

can then be removed or disregarded during the analysis via statistical tuning (such as 

analysing jackknife graphs to see which variables do not substantially contribute to a 

model) (Elith and Leathwick 2009). However, it has been noted that this method is a poor 

substitute for strategic initial choice of variables (Mac Nally 2000).  

Commonly used predictor variables can generally be classed into two categories: climate 

variables (such as rainfall and temperature) and landscape variables (such as elevation 

and land use type) (Garden et al. 2015, Sohl 2014). It has been noted that utilising both 

climate and landscape variables in SDM will give the most accurate results (Sohl 2014, 

Stanton et al. 2012). Increases in information technology have resulted in an increase in 

the quality and quantity of available predictor variables (Elith and Leathwick 2009).  

 

1.2.2 Applications of MaxEnt 

MaxEnt’s popularity has led to it receiving a ‘cosmopolitan’ usage in modelling a wide 

variety of species in both meta-applications and for various conservation, ecology and 

wildlife management purposes (Table 1).  

To date, modelling with MaxEnt has mostly been carried out for large geographical areas 

and its usefulness for modelling at regional or local scales has not been well investigated 
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(Gogol-Prokurat 2011, Khatchikian et al. 2011, Smith et al. 2012). This may largely be 

due to the spatial accuracy of available species occurrence data and coarse grain of 

environmental predictor data in raster format (Brummer et al. 2013, Cabeza et al. 2010). 

This often requires agglomeration into large individual ‘map cells’ (larger grain) often 

greater than 1 km² as the common denominator for predictor raster data input. Such coarse 

grain input rasters are only suitable for modelling over large areas as they may not be able 

to give reliable predictions at finer, local scales (Brummer et al. 2013, Cabeza et al. 2010, 

Gogol-Prokurat 2011). Climate data in particular are typically downscaled to meet 

individual project modelling requirements (Garden et al. 2015). As conservation 

decisions (particularly the creation of protected areas) are often made at local scales 

(Shriner et al. 2006) the importance of modelling distributions at these scales should not 

be overlooked (Cabeza et al. 2010, Shriner et al. 2006).  
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Table 1: Examples of recent studies utilising MaxEnt, displaying its widespread and varied usage. 

Process Investigated Species of Interest Area Reference 

Mapping potential species’ distributions Rhopaloblaste 

augusta 

 

Nicobar Islands, India Sreekumar et al. 2016 

Two-spotted Assassin Bug (Platymeris 

biguttatus) 

African continent Chlond et al. 2015 

Spread of invasive species Black Locust (Robinia pseudoacacia) Global Li et al. 2014 

Red Shiner (Cyprinella lutrensis) Contiguous USA Poulos et al. 2012 

Comparing reliability of models formed 

from citizen science and professional data 

Fox Squirrel (Sciurus niger) Florida, USA Tye et al. 2016 

Bobcat (Lynx rufus) New Hampshire, USA Broman et al. 2014 

Comparison of MaxEnt’s reliability with 

other SDM tools 

Multiple ant species New England Fitzpatrick et al. 2013 

Multiple species Various regions and 

countries 

Elith et al. 2006 

Usefulness and management of protected 

areas 

Endangered Hylidae species Neotropics Urbina-Cardona and Loyola 

2008 

Pudú (Pudú puda) Chile Pavez-Fox and Estay 2016 

Multiple species (birds, frogs, mammals, 

reptiles) 

Australia, South-East 

Queensland 

Garden et al. 2015 

Effects of climate change on species’ 

distributions 

Multiple bat species Europe Rebelo et al. 2009 

Plague bacteria (Yersinia pestis) California Holt et al. 2009 

Effects of bias on SDM outputs Malay Civet (Viverra tangalunga) Borneo Kramer-Schadt et al. 2013 

Two reptile species Various regions of 

North America 

Fourcade et al. 2014 

Compared broad scale modelling to fine 

scale modelling  

Grey Long Eared Bat (Plecotus austriacus) UK and single bat 

colonies 

Razgour et al. 2011 

Threatened species distribution modelling 

in Australia 

Malleefowl (Leipoa ocellata) Region of Western 

Australia 

Parsons et al. 2009 

Koala (Phascolarctos cinereus) New South Wales Santika et al. 2014 
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The usefulness of MaxEnt, and SDM in general, for conservation planning and 

management has been well reviewed within the literature (Cayuela et al. 2009, Elith and 

Leathwick 2009, Guisan and Thuiller 2005, Guillera-Arroita et al. 2015, Zimmerman et 

al. 2010). These reviews have highlighted facets of SDM studies that have the potential 

to offer value to conservation efforts, such as development and management of protected 

areas (Ferrer-Sanchez and Rodriguez-Esteller 2016, Ferrier et al. 2002). By modelling 

past populations or areas of suitable habitat, it is also possible to determine the amount of 

habitat loss that a species has suffered. This may contribute information towards 

reviewing the species’ protection status (Syfert et al. 2014), but also facilitate planning of 

the conservation of species in dynamic landscapes (Franklin 2010, Garden et al. 2015, 

Willis et al. 2009). 

However, despite being a valuable asset to ecological science and focusing on these 

conservation-related issues, it has been noted that very few studies utilising SDM truly 

realise this potential (Addison et al. 2013, Guisan et al. 2013, Knight et al. 2008). Fewer 

than 5 % (Cayuela et al. 2009) and perhaps as low as 1 % (Guisan et al. 2013) of the 

scientific literature surrounding SDM applies the concept directly to influence 

conservation planning. Recent reviews offer possible solutions in order for SDM to 

contribute more to ‘real world’ policy and decision making (Addison et al. 2013, Guisan 

et al. 2013). These include ensuring inherent uncertainties within the SDM process are 

acknowledged and accounted for and highlighting the need for better communication 

between those undertaking SDM and those forming management decisions. 
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1.2.3 Bias and Uncertainty in MaxEnt 

Forming reliable distribution models is becoming increasingly important, with many 

studies undertaking SDM with citizen science data that contains inherent biases and 

sources of error (Dickinson et al. 2010, Kéry et al. 2010). 

Whilst MaxEnt is forgiving of datasets that include minor spatial errors (Pearson et al. 

2007), it has been shown that utilising data with very coarse spatial precision can falsely 

inflate distribution predictions (Reside et al. 2011). This can be overcome by only using 

records that are known to be accurate, or only using records taken after 1990 when digital 

technology allowed for a marked increase in spatial accuracy of species sightings (Reside 

et al. 2011).  

Many studies that utilise MaxEnt undertake SDM with datasets of species occurrences 

that are sporadically recorded without any structured sampling techniques, such as citizen 

science data (Elith and Leathwick 2009, Elith et al. 2011, Graham et al. 2004, Phillips 

and Dudik 2008). These data often contain spatial clustering of presence records, 

particularly around areas of high amounts of human traffic, resulting in a spatially biased 

dataset (Elith et al. 2011, Newbold 2010, Phillips and Dudik 2008). 

Undertaking SDM in MaxEnt with a spatially biased dataset can result in an ‘overfitted’ 

output that is less reliable with a falsely inflated accuracy (but less true accuracy) (Reside 

et al. 2011, van Strien et al. 2013). This can be overcome by spatial filtering of the records 

(removal of records to reduce clustering and spatial autocorrelation) which will increase 

the overall robustness of the results (Kramer-Schadt et al. 2013, Phillips and Dudik 2008, 

Veloz 2009).  

A ‘bias layer’ can also be applied to the modelling process, with areas more likely to 

contain records being weighted differently than those less likely to contain records (Elith 

et al. 2010, Fourcade et al. 2014). Bias layers are often formed based on the main sources 
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of bias on the dataset – population desnity, road networks or on localities with clusters of 

input records (Elith et al. 2010, Fourcade et al. 2014, Marcer et al. 2016). Although this 

method does not greatly improve the accuracy of a model by itself, it is effective at 

accounting for bias when combined with other methods of removing bias (Fourcade et al. 

2014, Stolar and Nielsen 2014) 

Uncertainty can also arise within the data for the predictor variables, mainly in regards to 

the grain size utilised. Variations in grain size have the potential to greatly impact the 

model, with coarser grains often resulting in outputs with less accuracy and reliability 

(Franklin et al. 2013, Harris et al. 2014, Trivedi et al. 2008). Because of this, the finest 

grain size common to all the predictor variables should be used. 

Although it is widely purported that MaxEnt is able to produce reliable results with small 

input datasets (i.e. low number of observations) (Elith et al. 2006, Hernandez et al 2006, 

Phillips et al. 2006), defining what constitutes ‘small’ can be an issue. Some studies have 

shown that MaxEnt begins to lose accuracy with sample sizes less than 30-50 (Hernandez 

et al. 2006, Wisz et al. 2008), but other studies have found results can still remain reliable 

with as few as 10 samples (Kumar and Stohlgren 2009, Pearson et al. 2007). Regardless, 

it has been found that larger, unbiased datasets will generally produce more robust results 

than smaller ones (Chen and Lei 2012). 

 

1.2.4 Evaluating MaxEnt Models 

The most common measure used to evaluate the predictive capacity of MaxEnt (and all 

species distribution model) outputs is the area under the receiving operating characteristic 

curve (AUC) (Elith et al. 2010, Thuiller et al. 2005, Yackulic et al. 2012). The AUC value 

can be continuous from 0 to 1. A value of ≤0.5 indicates that the model has no greater 

predictive power than random chance, whereas values closer to 1 show that the model 
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should be accurate in its predictions (Elith et al. 2006, Elith et al. 2010). Its popularity is 

largely due to it being a simple statistic that is easy to calculate and understand. 

However, despite its widespread use, the AUC value may not be the best indicator of 

model accuracy. It has received criticism and had its usefulness questioned by a variety 

of sources (Lobo et al. 2008, Hanczar et al. 2010) This criticism is mainly due to the fact 

that it weights errors in commission (presence) and omission (absence) equally and that 

it does not offer information regarding the spatial distribution of model errors (Fourcade 

et al. 2014, Hanczar et al. 2010, Lobo et al. 2008, Ruete and Leynaud 2015). As the AUC 

is threshold-independent, it is also not conducive to analyses where thresholds are 

necessary (e.g. binary presence-absence maps) as an arbitrary value must be utilised 

(Lobo et al. 2008). 

Because of these drawbacks to utilising the AUC, many studies have recommended that 

further evaluation be applied to the model outputs. The most commonly used alternative 

or supplementary statistical tests include Cohen’s kappa value (hereafter referred to as 

‘kappa’) and the True Skill Statistic (TSS) (Allouche et al. 2006, Cohen 1960, Li and Guo 

2013, Ruete and Leynaud 2015). 

Utilising kappa as a measure of model accuracy has seen widespread popularity, 

particularly for early SDM studies with presence-absence predictions (Allouche et al. 

2006, Ruete and Leynaud 2015). The kappa value also accounts for the accuracy expected 

to occur from the model by random chance, as well as considering commission and 

omission errors (Allouche et al. 2006). However, kappa is largely dependent on 

prevalence (number of input cases), and variations in prevalence can result in variable 

kappa values (Allouche et al. 2006, Pontius et al. 2011). 

TSS was first presented for use with SDM by Allouche et al. (2006) as an alternative to 

kappa. It retains the statistically robust qualities of kappa value without being as heavily 
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influenced on the prevalence within the model, making it a very suitable option for 

assessing the accuracy of SDM (Allouche et al. 2006). TSS values greater than 0.4 are 

generally considered to indicate that the model is accurate (Landis and Koch 1977). 

Comparing MaxEnt outputs against a ‘null’ model has also been advocated and used as a 

successful form of model evaluation (Garden et al. 2015, Hijmans 2012, Raes and ter 

Steege 2007). This involves forming a model with the same environmental predictors but 

utilising multiple iterations of random input points (Raes and ter Steege 2007). This gives 

a statistically random result and further analyses can then be applied to the null model, 

such as achieving AUC, kappa and TSS values (Raes and ter Steege 2007). This gives a 

‘control’ to make comparisons with the results of further MaxEnt modelling. 

Calculating average nearest neighbour values (the average distance between points) for 

input records has also been utilised to compare differences between spatial patterns of 

input records (Bosso et al. 2016, Hu and Liu 2014, Norris 2014). Larger distances 

between points result in higher average nearest neighbour values, indicating that the data 

is more randomly distributed and less spatially biased. 

 

1.3 Glossy Black-Cockatoo (Calyptorhynchus lathami) 

Habitat fragmentation has the potential to negatively impact the biodiversity of a region 

(Fahrig 2003), with this effect being more pronounced on species that are habitat and/or 

feeding specialists (Devictor et al. 2008, Hockey and Curtis 2008). Because of this 

sensitivity, habitat loss is one of the driving factors behind the decline of specialist species 

worldwide (Devictor et al. 2007, Devictor et al. 2008, Clavel et al. 2011). 

The Glossy Black-Cockatoo (Calyptorhynchus lathami) is a habitat and dietary specialist, 

requiring water sources, tree hollows for nesting and the availability of Allocasuarina and 

Casuarina species to fulfil their foraging needs (Garnett et al. 1999, Cameron 2006, 
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Chapman 2007). This medium-sized bird is native to Australia, with three subspecies of 

Glossy Black-Cockatoo occurring throughout Eastern Australia: C. l. lathami throughout 

central inland and coastal areas of South East Queensland through New South Wales and 

into Victoria, C.l. erebus inhabiting central Queensland and an isolated population of C. 

l. halmaturinus on Kangaroo Island off the coast of South Australia (Schodde et al. 1993). 

The South East Queensland region has seen widespread urbanisation, resulting in 

extensive habitat fragmentation and deforestation of the region (Catterall and Kingston 

1993, Sinclair et al. 1993). The Glossy Black-Cockatoo is one of the many species 

affected by this, and is now considered ‘vulnerable’ under the Nature Conservation Act 

1992 (Queensland). Changes in land use, habitat loss and other impacts of urbanisation 

have been identified as key processes threatening its survival (Cameron and Cunningham 

2006, Garnett and Crowley 2000).  

Previous distribution modelling has been undertaken on Glossy Black-Cockatoo within 

South-East Queensland. Garden et al. (2015) investigated the potential effects of climate 

change on the distribution of, and protected areas for, Glossy Black-Cockatoo (among 

other species). Only supervised data (obtained from Wildnet) was utilised, and the study 

was restricted to forest habitats only (Garden et al. 2015). 

A map of ‘essential habitat’ for Glossy Black-Cockatoo has been developed prior to this 

study. This map was developed from GIS overlay analysis of vegetation communities and 

some of the Glossy Black-Cockatoo records used in this study (SEQ Catchments 2016). 

 

1.4 Aims and Hypotheses 

This study aimed to accurately model Glossy Black-Cockatoo distributions over the 

South-East Queensland area using MaxEnt and a combination of citizen science and 

supervised data.  
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 It was hypothesised that MaxEnt would be able to provide a reliable model at a fine scale     

(100 m x 100 m grain size) over this regional extent. Model accuracy was determined 

through comparison with null models.  

Only landscape variables were used as the environmental predictors for the modelling 

processes as climate data were deemed to be too coarse grained for the purposes of this 

study. This is evidenced by previous studies that have had to downscale climate data for 

this region prior to modelling (Garden et al. 2015). As the current study was done over a 

regional extent, it was expected that the most important variables influencing the 

modelled distributions would be land use and vegetation community, as predicted by 

previous research (Razgour et al. 2014, Reino et al. 2013). 

This study also investigated the effects that different temporal and spatial scales of input 

and predictor variables would have on the model output. Dependent variable data were 

split into different year groups and the model outputs compared for congruency. It was 

expected that the model outputs for each of these year groups would have large amounts 

of congruency assuming similar spatial patterns of input records. It was also expected that 

outputs from models performed over a smaller spatial extent (as a subset of the larger 

dataset) would not be as accurate as those performed over larger extents. This is mainly 

due to the smaller extent containing a lower number of input cases for both the dependent 

and independent variables. 

This study also aimed to explore how a supervised dataset (a dataset that has stringent 

input criteria and totally verified records – e.g. the Queensland Department of 

Environment and Heritage Protection Wildnet database of fauna records) and a less 

supervised dataset (e.g. citizen science database from the Glossy Black Conservancy) 

influenced model outputs. As supervised datasets are likely to be less spatially biased and 

contain more accurate records (Bonter and Cooper 2012, Dickinson et al. 2010), it was 
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expected that their use would result in better model performance than the less-supervised 

dataset. 

Finally, this study also examined the congruency between a ‘traditional’ GIS overlay 

analysis that utilised regional ecosystem information only and the results of the MaxEnt 

modelling (utilising a suite of landscape variables). 

 

1.4.1 Novel Approaches in this Study 

This study undertook a variety of approaches that are considered to be novel or have not 

been well-investigated within the literature. Only landscape variables (such as land use 

and vegetation community) were utilised in this study. Although many previous studies 

combine the use of landscape variables with climate variables for modelling (e.g. Fuller 

et al. 2012, Garden et al. 2015, Sohl 2014), no examples have been found utilising only 

landscape variables. 

The use of only landscape variables was due to two reasons. Firstly, climate data are not 

currently available in a detailed enough resolution for use at the fine grain utilised in this 

study. Secondly, it will provide information for management and decision making at a 

regional extent, rather focusing on predictions of changing climates.  

Investigation into model congruency to assess the effects of different spatial or temporal 

factors has also not been well explored. Although MaxEnt modelling over multiple 

extents has received some attention (Razgour et al. 2013, Reino et al. 2013), it has not 

been well investigated using a fine scale grain size. Utilising MaxEnt for temporal 

analyses has mostly been used to identify areas of potential habitat loss, spread of 

introduced species and predicted impacts of climate change (Ficetola et al. 2010, Garden 

et al. 2015, Gschweng et al. 2012, Holt et al. 2009, Li et al. 2014, Tuanmu et al. 2011). 
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No examples of using meta-analysis to investigate how different temporal scales affect 

the accuracy of, and congruency between, model outputs were found within the literature. 

 

 

2.0 Methodology 

2.1 Study Area 

The area of interest for this study was the South-East Queensland region, covering a total 

area of 27,000 km² (Figure 1). This region has one of the fastest growing human 

populations in Australia, with large tracts of remnant bushland and agricultural land 

converted to urban and peri-urban development over the last 50 years to cater for the 

expanding population (Catterall and Kingston 1993, Queensland Government 

Department of State Development, Infrastructure and Planning 2014).   
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Figure 1: Area of the South-East Queensland region. Filtered records of the Glossy Black-

Cockatoo are displayed as black circles and major roads displayed in grey. Inset map 

shows the location of South-East Queensland (displayed in green) within the state of 

Queensland. 

 

 

2.2 Input Data 

2.2.1 Dependent Variable 

This study utilised 1703 records of the Glossy Black-Cockatoo collected over the years 

of 2009 to 2014 inclusive. Records were captured as part of the Wildnet database 
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(administered by the Queensland Department of Environment and Heritage Protection) 

and an online database administered by the Glossy Black Conservancy, a not-for-profit 

regional conservation group. Both databases contained professional and citizen science 

cockatoo records either logged as a result of chance sightings (unorganised sampling 

process) or systematic survey efforts (organised sampling processes). 

Presence of Glossy Black-Cockatoo related to direct sightings of individuals and groups 

of birds, or indirect evidence of Glossy Black-Cockatoo, recorded as signs of feeding 

under Allocasuarina and Casuarina trees (Glossy Black Conservancy data only). This 

feeding evidence is chewings of Allocasuarina and Casuarina cones (or ‘orts’) and are 

easily identified. Such ‘feed tree’ records provide a useful supplement to direct sightings, 

as they indicate direct habitat usage by the birds.  

Both datasets of occurrence records contain information for the observer, whether or not 

the sighting was part of an organised event as well as the date and location in decimal-

degree coordinates, generally down to four decimal places. 

Records from 2009 - 2014 were utilised in order to ensure that the GIS layers used for the 

environmental predictors were reliable and accurate (Phillips et al. 2006).  

 

2.2.2 Predictor Variables 

The environmental predictors used in this study were tertiary land use type, vegetation 

community (regional ecosystem), distance to water, time since fire, elevation, slope and 

aspect. Layers for these environmental predictors were formed using ArcMap 10.4. Each 

layer was first extracted from relevant online government databases (QSpatial, Table 2) 

and then standardised using a 100 m x 100 m raster layer of the South-East Queensland 

area to ensure congruency between their grid cells.
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Table 2: Environmental predictor variables utilised. Key metadata is included and the processes used to convert the layer into a 100 m x 100 m 

grid are outlined. All Geographic Information Systems (GIS) methodology was performed in ArcMap 10.4. 

Variable Original 

Layer(s) 

Original 

Layer 

Format 

Units Year Source Scale 

Originally 

Captured at 

GIS Methodology Variable 

Type 

Range or 

Number of 

Categories 
Land Use 

Type 

Land Use Continuous 

Polygon 

Categories 2012 QSpatial 1:50,000 Tertiary  land use utilised. 

Converted to raster. 

Discrete 134 

Vegetation 

community 

Regional 

Ecosystem 

Continuous 

Polygon 

Categories 2013 QSpatial 1:50,000 Primary regional 

ecosystem utilised. 

Converted to raster. 

Discrete 213 

Time Since 

Fire 

Fire Scars 30mx30m 

Raster 

Years 1988-

2014 

QSpatial 1:50,000 Data split into five year 

group categories: 2009-

2014, 2003-2008, 1997-

2002, 1991-1996, prior to 

1991. 

Each year group given a 

value from 1 – 5 and 

combined into one layer  

Discrete 5 

Distance to 

Water 

Pondage; 

Lakes 

Continuous 

Polygon 

Metres 2014; 

2014  

QSpatial 1:250,000; 

1:250,000 

Merged pondage and lake 

layers. 

Converted to raster. 

Continuous 0 - 27,600 

Elevation Digital 

Elevation 

Model 

25mx25m 

Raster 

Metres 2013 QSpatial 1:100,000 Raster aggregated and 

mean used. 

Continuous 0 - 1,160 

Slope  Digital 

Elevation 

Model 

25mx25m 

Raster 

Metres 2013 QSpatial 1:100,000 Formed using aggregated 

elevation model. 

Continuous 0 - 114 

Aspect Digital 

Elevation 

Model 

25mx25m 

Raster 

Categories 2013 QSpatial 1:100,000 Formed using aggregated 

elevation model. 

Discrete 8 
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2.3 Input Bias Removal 

As this study utilised citizen science records, it was expected that survey bias would be 

present within the dataset. This study used a dual approach of combining record filtering 

and removing with providing an input bias layer, following results by Fourcade et al. 

(2014) and Stolar and Nielsen (2014). 

All the records (n = 1703) were filtered based on their date, observer and spatial location 

attributes (for details, see Table 3). This resulted in 1291 records being removed from the 

dataset, leaving a total of 413 presence records (Figure 1). 

 

Table 3: Number of records removed through each bias filtering process. 

Filtering 

Criteria 

Filtering Process Number of Records 

Removed 

Date Records within five days and 500m of each 

other removed 

 

303 

Observer Records from the same observer within 

500m of each other removed 

 

332 

Spatial 

Location 

Rarefy Occurrence Records tool (Brown et 

al. 2014) with a distance of 500m applied 

655 

 

 

Total  1290 

 

 

Records were also generally located very close to major road networks (Figure 1). To 

counteract the effect that major roads may have on the model output, a bias file was 

generated. This consisted of a 1 km buffer around all major roads within the area of 

interest and was converted into a 100 m x 100 m grid to spatially correlate with the 

environmental predictor layers. 
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2.4 Model Building in MaxEnt 

The independent variables and the filtered dependent variable data were entered into 

MaxEnt, along with the bias layer. MaxEnt’s output was set to logistic and 10 replicates 

with 25 % test data was applied to the modelling process. Response curves, jackknife 

graphs and plot data was saved and relevant data exported to Microsoft Excel for direct 

comparison of model parameters. Background predictions were also exported to calculate 

kappa and TSS values. These steps were repeated for all models generated in this study. 

 

2.5 Input Data - Source Groups 

The 413 records retained after the filtering process were further divided into categories 

for modelling analyses based on the nature of the model scenario designed to investigate 

the research questions (Table 4). 

 

 

Table 4: Number of records for each source group utilised throughout the modelling 

process. 

Analysis Source Groups Number of 

Records 

Total 

Temporal 

Analysis 

2009-2010 

2011-2012 

2013-2014 

78 

169 

166 

 

 

413 

Base Model All Records 413 413 

 

Local Area 

Analysis 

Records from within 

Gold Coast area only 

103 

 

 

103 

Supervised vs 

Less-Supervised 

Datasets 

Supervised (Wildnet)  

Less-Supervised 

(Glossy Black 

Conservancy) 

38 

375 

413 
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MaxEnt models were initially calculated using records from three consecutive periods, 

i.e. 2009 to 2010, 2011 to 2012 and 2013 to 2014. This temporal segregation was 

undertaken to investigate how different records from year groups would impact the model 

output. As further analysis was being undertaken on the dataset, a base model using all 

413 records was also generated to facilitate model output comparisons with the temporal 

series.  

To view the effect that supervised datasets have on model performance, records used for 

the base model were divided into those from Wildnet (the supervised dataset) and the 

Glossy Black Conservancy (the less-supervised dataset). 

MaxEnt’s ability to produce an accurate output at a local extent was then investigated. 

Here, a subset of the entire dataset was used to explore model performance for the Gold 

Coast region, a regional hotspot for Glossy Black-Cockatoo within South-East 

Queensland (Figure 2). Glossy Black-Cockatoo records and all environmental predictor 

layers were clipped to this area, and thus all the input data used here was a subset of the 

base model. The MaxEnt output from the subset Gold Coast model was then compared 

to that achieved from the base model for the area of the Gold Coast.  
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Figure 2: Area of the Gold Coast with Glossy Black-Cockatoo records displayed as black 

circles and major roads displayed in grey. Inset map shows location of the Gold Coast 

(displayed in green) within South-East Queensland. 

 

 

2.6 Model Comparison and Evaluation 

To compare the base model against a control, a null model was generated. This was done 

by using ENMTools (Warren et al. 2010, Warren and Seifert 2011) to compile 99 

iterations of 413 random points across the area of South-East Queensland. These 
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iterations were then input into MaxEnt as the dependent variable with the same settings, 

environmental predictors and bias file used as the base model. 

Once modelling was undertaken for each of the source groups, further evaluation was 

then done to investigate the accuracy of each model, including the null model. The AUC 

value and corresponding standard deviation (SD) were obtained from the MaxEnt output. 

The kappa and TSS values were calculated for each model in Microsoft Excel utilising 

the 10th percentile training presence as the threshold. The 10th percentile training presence 

has been widely used in previous studies as the threshold for calculating statistics 

associated with MaxEnt (Bosso et al. 2016, Fourcade et al. 2014, Kelly et al. 2014, Lowen 

et al. 2016, Smith et al. 2012). 

Average nearest neighbour distances were also calculated in ArcMap 10.4 for each source 

group to investigate differences between spatial patterns of input records.  

Models were then compared according to their AUC, kappa, TSS and average nearest 

neighbour values, as well as the spatial congruency of their outputs. 

 

2.7 Comparison with GIS Overlay Model of Essential Habitat Map 

Results of a traditional GIS overlay analysis by the regional catchments management 

group (SEQ Catchments 2016) were obtained in the form of a map of “essential” Glossy 

Black-Cockatoo habitat for comparison with MaxEnt modelling results based on a suite 

of landscape variables. This essential habitat map was presented in two categories: areas 

that are known to be used by Glossy Black-Cockatoo (“essential habitat known”, EHK) 

and areas that are likely to be used by Glossy Black-Cockatoo (“essential habitat 

possible”, EHP). Areas of EHK consisted of important regional ecosystems within 500 m 

of known sightings of Glossy Black-Cockatoo and areas of EHP consisted of important 

regional ecosystems between 500 m and 2500 m of known sightings. 
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Comparisons were made between the spatial congruency and the total area that the 

essential habitat map and areas found within the base model to have 75+ % likelihood of 

occurrence of Glossy Black-Cockatoo. The regional ecosystems that had the largest area 

on the essential habitat map were also compared with the regional ecosystems found to 

be most important for the base model.  

 

2.8 Ground Truthing 

Along with parameter evaluation, models can be validated by in-field surveys. This 

process, defined as ground truthing, can be used to test the accuracy of the model. 

Due to time constraints, ground truthing throughout the entirety of the South-East 

Queensland region was outside of the scope of this study. However, 21 sites within the 

Gold Coast region were chosen as ground truthing locations – seven sites each of low (0-

10 % likelihood of occurrence), medium (45-55 % likelihood of occurrence) and high 

likelihood (85+ % likelihood of occurrence) of Glossy Black-Cockatoo presence based 

on the base model (Figure 3). These sites were restricted to areas of public land that were 

freely accessible. 

The ground truthing procedure consisted of surveying two 100 m x 4 m transects per site. 

Species of Allocasuarina and Casuarina trees found along the transect had their diameter 

at breast height (DBH) measured, the sex identified, cone load estimated and checked for 

presence of orts (feeding evidence left behind by Glossy Black-Cockatoo) beneath them. 

Presence of standing water and tree hollows within the transect area was also noted. The 

assumed regional ecosystem (as defined by the regional ecosystem layer) of each site was 

also evaluated as being correct or not. 
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Figure 3: Ground truthing locations within the Gold Coast and their corresponding 

likelihood of Glossy Black-Cockatoo occurrence. Major roads are displayed in grey. 
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3.0 Results 

3.1 Temporal Analysis 

Of the models produced for the three year groups, the one produced for the 2011-2012 

performed the best (AUC = 0.729, kappa = 0.247, TSS = 0.429) (Figure 4). The Glossy 

Black-Cockatoo occurrence records for each of the three year groups covered a generally 

similar spatial extent but had a variable spatial pattern, as depicted by the variation in the 

average nearest neighbour distances among input data (Figure 4). Model outputs were 

considerably variable among the year groups (Figure 5). Whilst largely congruent in areas 

of low (0-50 %) likelihood of occurrence, areas of high (85-95 %) and very high (90+ %) 

likelihood of occurrence had minimal overlap. As the same environmental predictor 

layers were used for each of these models, these differences are wholly due to the spatial 

variation between input records. 

Due to the large amount of variation among these three models, all occurrence data were 

used together to compute the base model. This was deemed necessary to ameliorate 

between-difference in input point patterns to generate a more reliable model of general 

Glossy Black-Cockatoo distributions across South-East Queensland. 
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Figure 4: Bar graphs showing the a) AUC ± 1 SD, b) kappa c) TSS and d) average 

nearest neighbour values for 2009 – 2010, 2011 – 2012 and 2013 – 2014. 
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Figure 5: Likelihood of occurrence model outputs for Glossy Black-Cockatoo using records from a) 2009-2010, b) 2011-2012 and c) 2013-2014.  
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3.2 Formation and Evaluation of the Base Model 

Similarly to the models formed for each of the three year groups, the vast majority of the 

grid cells in the base model showed low likelihood of occurrence for Glossy Black-

Cockatoo (Figure 6). Only 6.7 % (180,000 ha) of the South-East Queensland region had 

a potential likelihood of occurrence value greater than 75 % (Figure 6). 

 

 

Figure 6: MaxEnt output for the area of the South-East Queensland region achieved for 

the base model. 
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The jackknife plot of variable importance indicated that land use (test gain = 0.37), 

vegetation community (test gain = 0.25) and distance to water (test gain = 0.18) were the 

three environmental predictors having the greatest influence on the model (Figure 7). 

Time since fire (test gain = 0.02) had the lowest impact on the model outcomes.  

The base model (AUC = 0.832, kappa = 0.293, TSS = 0.491) was also seen to perform 

substantially better than the null model (AUC = 0.610, kappa = 0.029, TSS = 0.041) 

(Figure 8). These results also show that the base model appears to have a reasonably high 

level of accuracy.  

 

 

Figure 7: Jackknife graph of predictor variable (indicated on the y-axis) importance 

from the base model output. Black bars show the model gain without the variable and 

grey bars show the model gain with variable. 
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Figure 8: Bar graphs showing a) AUC ± 1 SD, b) kappa and c) TSS values for both the 

null model and base model.  

 

 

3.3 Results of Modelling at Different Scales 

When computing MaxEnt models at a small, local extent, it was found that the output 

differed greatly compared to the output gained for the same area from a modelling 

encompassing a much larger area (i.e. the whole of South-East Queensland) (Figure 9). 

South Stradbroke Island was one area found to have very little congruency between the 

two models (Figure 10). These discrepancies were largely due to additional observations 

occurring in particular regional ecosystems within South-East Queensland, but not within 

the Gold Coast area. 
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Figure 9: Results of the MaxEnt modelling for a) the area of the Gold Coast that was 

achieved from the base model and b) the area of the Gold Coast that was achieved 

through only utilising information contained within the boundaries of the Gold Coast 

 

 

Figure 10: Comparison between the outputs for South Stradbroke Island from a) the 

base model and b) the Gold Coast only. Inset map shows position of South Stradbroke 

Island (in green) in relation to the Gold Coast. 
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Interrogation of the model parameters showed that the modelling over a fine scale 

achieved a reasonable AUC value (0.665) but very poor kappa (0.114) and TSS (0.184) 

values (Figure 11). This is substantially lower than the values achieved for the base model 

(Figure 11), showing that MaxEnt may not produce reliable outputs at a local scale. 

 

 

Figure 11: Bar graphs showing the a) AUC ± 1 SD, b) kappa c) TSS and d) average 

nearest neighbour values achieved for the Gold Coast model. Base model values for 

each model parameter are displayed again for comparison. 
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3.4 Impact of Dataset Supervision on MaxEnt Output 

Although the Glossy Black-Cockatoo records utilised for the supervised and less-

supervised datasets shared a similar spatial extent, the outputs differed greatly (Figure 

12). Whilst both datasets formed models with congruency in low probability areas, most 

areas over 75 % likelihood of occurrence varied greatly.  

Exploration of the model parameters found similar results for both the supervised dataset 

and less-supervised dataset (Figure 13). The supervised dataset achieved a higher AUC 

(0.781) and TSS (0.354) value than the less-supervised (AUC = 0.747, TSS = 0.324). 

However, the less supervised dataset produced a higher kappa value (0.204) compared to 

the supervised dataset (0.168). 

 

Figure 12: Results of the MaxEnt modelling for a) the supervised dataset and b) the 

less-supervised dataset. 
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Figure 13: Bar graphs showing the a) AUC ± 1 SD, b) kappa, c) TSS and d) average 

nearest neighbour (in metres) values for both the supervised and unsupervised datasets. 
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much than the 6.5 % identified from the base model to have a 75+ % likelihood of 

occurrence of Glossy Black-Cockatoo. 

 

 

 

 

Figure 14: Map of the South-East Queensland region with the Glossy Black-Cockatoo 

essential habitat map overlaid (spatial data from SEQ Catchments 2016). Areas of 

Essential Habitat Known (EHK) are shown in green and areas of Essential Habitat 

Possible (EHP) are shown in red.  

 

Spatial congruency between the essential habitat map and the base model was found to 

be low. Areas of 75+ % likelihood of occurrence that were identified by the base model 
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were found to be contained within only 19.5 % of the essential habitat map (14.3 % within 

the EHK and 5.2 % within the EHP) (Figure 15). As the likelihood of occurrence values 

increased, the total area of these values contained within the essential habitat decreased. 

For example, both the EHK and EHP contained high amounts of 0 – 50 % likelihood 

predicted habitat (142,757 ha and 191,173 ha, respectively). Areas of 90+ % likelihood 

of occurrence were lowest for both the EHK (2220 ha) and the EHP (726 ha) (Figure 16). 

 

 

 

Figure 15: Bar graph showing the percentage of the total area of each ‘likelihood of 

occurrence’ value contained within the essential habitat map. Percentages within the 

EHK are shown in grey and percentages within the EHP are shown in black.  
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Figure 16: Total area of each ‘likelihood of occurrence’ value that the essential habitat 

map contains. 

 

 

The congruency between the important regional ecosystems that the essential habitat map 

and the base model identified was also different. Only two regional ecosystems (12.8.15 

and 12.8.16) were included in the top ten most important regional ecosystems for both 

the essential habitat map (Figure 17) and the base model (Figure 18). A complete list of 

regional ecosystems and their contribution to the essential habitat map and the base model 

output can be found in Appendix 1 and Appendix 2, respectively.  

More importantly, four regional ecosystem communities (12.5.13a, 12.1.1, 12.8.15 and 

12.9-10.14b, descriptions supplied in Appendix 3) were identified as being of high 

importance in the base model output but were not included in the list of regional 

ecosystems that were identified as essential habitat for the Glossy Black-Cockatoo (SEQ 

Catchments 2016).   
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Figure 17: The 10 most important regional ecosystems from the Essential Habitat Map 

(SEQ Catchments 2016), based upon their percentage of the total area of the EHP 

(shown in black) and EHK (shown in grey). Descriptions for each regional ecosystem 

are displayed in Appendix 3. 

 

 

Figure 18: The 10 most important regional ecosystems from the base model, based on 

their contribution to predictions of the MaxEnt output. Regional ecosystems that were 

considered important by the Essential Habitat Map are denoted with an asterisk. 

Descriptions for each regional ecosystem are displayed in Appendix 3. 
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3.6 Preliminary Ground Truthing  

Presence of Glossy Black-Cockatoo was found at three of the 21 sites surveyed within 

the Gold Coast area (Table 5). Two of these sites had a high likelihood of occurrence and 

one had a medium likelihood of occurrence. The regional ecosystem listed for these sites 

varied, but all were considered to contain essential Glossy Black-Cockatoo habitat (SEQ 

Catchments 2016). 

Of the 21 sites surveyed, only one site (16) was found to have a different regional 

ecosystem than what was listed on the original regional ecosystem map. This was listed 

as 12.3.11 (described as “Eucalyptus tereticornis, Corymbia intermedia open forest on 

alluvial plains usually near coast” (Queensland Herbarium 2015)) on the regional 

ecosystem layer, but was found to be non-remnant when in the field.  

Table 5: Results of the ground truthing methods of model validation. Information for 

sites that had presence of Glossy Black-Cockatoo is shown in bold. 

Site Likelihood 

of 

Occurrence 

Presence of 

Glossy Black 

Cockatoo 

Assumed RE Essential 

Habitat for 

Glossy Black-

Cockatoo 

Assumed 

RE Correct 

1 Medium No 12.11.5a Yes Yes 

2 Medium No Non-Remnant No Yes 

3 High No 12.11.5a Yes Yes 

4 Medium No 12.3.6 No Yes 

5 Low No Non-Remnant No Yes 

6 High No 12.1.1 No Yes 

7 Medium No Non-Remnant No Yes 

8 Low No Non-Remnant No Yes 

9 Low No Non-Remnant No Yes 

10 High No 12.11.5a Yes Yes 

11 High Yes 12.8.1 Yes Yes 

12 Low No 12.1.3 No Yes 

13 High Yes 12.11.5a Yes Yes 

14 Low No Non-Remnant No Yes 

15 High No 12.2.5 Yes Yes 

16 Medium No 12.3.11 No No 

17 Low No Non-Remnant No Yes 

18 Medium Yes 12.11.23 Yes Yes 

19 Low No Non-Remnant No Yes 

20 Medium No 12.11.23 Yes Yes 

21 High No 12.11.5a Yes Yes 
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4.0 Discussion 

This study revealed that SDM outputs that typically use unsupervised citizen science data 

perform relatively well compared to more supervised datasets. This supports previous 

suggestions that citizen science data can be considered as a reliable source of input data 

for SDM (Dickinson et al. 2010, Tye et al. 2016, Yu et al. 2010). MaxEnt model outputs 

were able to generate species distribution predictions for the Glossy Black-Cockatoo in 

South-East Queensland but model comparisons identified a number of key considerations 

for interpretation of these outputs.  

Overall, the base model produced a moderately high AUC, kappa and TSS values, all of 

which were also higher than those achieved for the null model. This result was expected 

and shows that MaxEnt can generate reliable models over a regional extent with a fine 

scale grain size. This also showed that MaxEnt modelling can be successfully undertaken 

with environmental predictors only consisting of landscape variables.  

As hypothesised, the jackknife graph from the base model output showed that the most 

important environmental predictors were land use type and vegetation community. This 

result correlates with previous studies that have explored MaxEnt’s usefulness at a 

regional scale (Razgour et al. 2011, Reino et al. 2013).  

 

4.1 Temporal Scale 

The MaxEnt outputs for the three temporal datasets that were analysed showed a high 

level of disparity. This was expected, as the average nearest neighbour values differed 

between the three datasets, showing that they had different spatial patterns. It is possible 

that this result displays variations in how the Glossy Black-Cockatoo utilised the 

landscape over the three different year periods. However, it is much more likely to be an 

artefact of the unstructured citizen science sampling. Although the input data may seem 
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to follow similar patterns (e.g. overall extent of input records), even slight variations in 

spatial location can alter the result due to the small grain size utilised. Of the three year 

groups, the model for 2009-2010 scored the lowest AUC, kappa and TSS values. This 

may possibly be due to it having the smallest number of input records of the three year 

groups. The fact that the predictor variables did not exactly match the time periods of 

each of the three year groups (e.g. the regional ecosystem layer from 2013 was used for 

all three year groups) may have also impacted the model output. 

Essentially, these results show that the spatial patterns of input data, particularly clusters 

of records, heavily influence SDM outputs at a fine scale regional extent. The variability 

of these model outputs highlights the importance of considering an appropriate temporal 

scale when undertaking SDM. Time frames used for input data must be large enough to 

include a reasonable number of records, but small enough to utilise relevant and accurate 

environmental predictor variables. 

 

4.2 Spatial Scale 

Areas of high likelihood of occurrence differ greatly between the MaxEnt output for the 

Gold Coast and the output achieved for the same area from the base model. The variable 

causing this is almost certainly vegetation community. For example, the main regional 

ecosystem present on South Stradbroke Island (12.2.5) has very few records associated 

with it for the Gold Coast area alone. However, there are many records in areas containing 

these regional ecosystems within the north-east areas of South-East Queensland. This 

regional ecosystem was predicted to be important from input data from the whole of 

South-East Queensland, but from locations outside of the Gold Coast. This shows the 

importance of utilising input data from outside the area of interest to provide the model 

with as many input cases as possible.  
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Evaluation of the MaxEnt output for the Gold Coast model also showed that it had very 

poor model fit compared to the base model. From this it can be concluded that MaxEnt 

modelling over local extents with a fine grain size may not be accurate or reliable. If SDM 

is to be undertaken over a local extent, it is important not to overlook the use of data from 

beyond the area of interest. This will allow a greater amount of input information to be 

utilised, resulting in a more reliable and robust output. 

This result also displays the impact that observer bias has on model outputs. Lack of 

observer access to some areas (e.g. no public roads across the interior of South Stradbroke 

Island) presumably resulted in potentially important habitat not identified when modelled 

at a local scale (Hochachka et al. 2012, Kéry et al. 2010, van Strien et al. 2013). 

 

4.3 Supervised and Unsupervised Analysis 

As was hypothesised, the supervised dataset had better overall model performance than 

the less supervised dataset, despite containing just over a tenth of the number of records. 

However, the model outputs for both of these source groups had little congruency, and 

both did not perform as well as the base model.  

These results show that a combination of supervised and less-supervised datasets produce 

the most reliable results, which correlates with previous studies (Tulloch et al. 2013). It 

also shows that using supervised datasets for MaxEnt modelling is not strictly necessary, 

although will improve results. When SDM is undertaken with a fairly small dataset, as is 

often the case (Elith et al 2006, Hernandez et al. 2006, Kumar and Stohlgren 2009), it is 

recommend that this dataset consist wholly of supervised records. 
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4.4 Essential Habitat Map Comparison 

The differences between the base model and the essential habitat map (SEQ Catchments 

2016) may be due to a number of factors. As the essential habitat map was formed 

utilising records from 1990 - 2016, and the base model using records from 2009 - 2014 it 

is possible that these variations in temporal scale caused the discrepancies between the 

two maps. It is also possible that the EHK and EHP categories are over-represented on 

the essential habitat map due to the coarse use of a 500 m buffer (for the EHK) and 2500 

m (for the EHP) and encompassing all of an important regional ecosystem within this 

buffer. 

However the differences between the two mapping processes are most likely due to the 

greater suite of landscape variables used in the base model. This offers a more refined 

approach to the modelling process than the essential habitat map. This explanation is 

supported by the fact that although 20 % of areas with a likelihood of occurrence of 75+ 

% were included within the essential habitat map, the vast majority of the essential habitat 

map contained cells of 0-50 % likelihood of occurrence. This indicates that where areas 

of high likelihood of occurrence exist within the essential habitat map, the surrounding 

cells with a lower likelihood of occurrence are also likely to be included within the 

essential habitat map. 

Importantly, SDM utilising the combined citizen science and supervised datasets revealed 

that four of the regional ecosystems included in the 10 most important contributors to the 

base model prediction were not included within the essential habitat map. This may be 

due to a number of factors, including poor spatial accuracy of input data, incorrect 

regional ecosystems information or a commission error from the MaxEnt modelling 

(Kramer-Schadt et al. 2013, Phillips et al. 2004). Another possibility, perhaps the most 

likely, is that these REs have not yet been identified as essential Glossy Black-Cockatoo 

habitat and further ground truthing is required to validate these model output predictions.  
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Although spatial correlation between the essential habitat map and areas of high 

likelihood of occurrence from the base model was poor, this does not necessarily mean 

that either model lacks usefulness. The essential habitat map (SEQ Catchments 2016) 

displays areas of important habitat in a way that is simpler than the MaxEnt model, and 

thus may be more suited to the development of maps for the general public and identify 

broad areas of habitat that is likely to be suitable for Glossy Black-Cockatoo. The SDM 

outputs are potentially more refined, allowing for greater ability to target conservation 

and species management actions at the local level. Given that the SDM outputs also 

identify areas based on the probability of species’ occurrence, these predictions can be 

tested by using the outputs to direct research or monitoring activity to these areas.  

With this in mind, a combination of the essential habitat map and the base model could 

be a good way to display the data. This could retain the areas of EHK, but utilise areas of 

the base model with a likelihood of occurrence of 75+ % as a substitute for the EHP. This 

would be an efficient way of displaying known and potential areas of species occurrence, 

and could be used in place of traditional essential habitat maps for all species.  

 

4.5 Ground Truthing 

Although only 28.6 % of the high probability sites and 14.3 % of the medium probability 

sites contained presence of Glossy Black-Cockatoo, these results show that the model has 

some practical validity.  

Whilst Glossy Black-Cockatoo are specialist feeders (Cameron 2006, Chapman 2007) it 

has also been noted that they may also show a preference for specific individual trees 

(Chapman and Paton 2002, Clout 1989). This may offer some explanation as to why the 

majority of the high likelihood occurrence sites contained appropriate habitat but did not 

contain presence of the Glossy Black-Cockatoo.  
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Overall, these results reinforce the fact that MaxEnt’s output is a potential distribution 

grid, rather than a true  or realised distribution (Holt et al. 2009, Wittmann et al. 2016). 

This indicates that ground truthing should accompany all modelling processes in order to 

review the validity of the model output. 

 

4.6 Model Evaluation 

Kappa’s effectiveness as an evaluation tool for SDM has been criticised because of its 

apparent correlation with prevalence of input cases (Allouche et al. 2006, Pontius et al. 

2011). Results from this study correspond with those findings. For example, the 

supervised dataset had a higher AUC and TSS value but a lower kappa value than the 

less-supervised dataset. This lower kappa value is almost definitely the result of the much 

higher number of input records that the less-supervised dataset contained. 

The results from the temporal analysis also show the importance of carrying out 

evaluation analysis further than just the AUC. Although the output from the 2009 - 2010 

year group had only a slightly lower AUC than the 2011 - 2012 and 2013 - 2014 year 

groups, it scored a much lower kappa and TSS value. The high kappa values of the latter 

two year groups could again be a result of a larger number of input cases, but the low TSS 

shows that 2009 - 2010 model could be incorrectly considered accurate if only the AUC 

value was utilised. A similar result is seen from the modelling undertaken over the local 

extent, where a fair AUC value was obtained along with very low TSS and kappa values. 

This further establishes results found in previous studies (Fourcade et al. 2014, Hanczar 

et al. 2010, Lobo et al. 2008, Ruete and Leynaud 2015), and highlights the importance of 

utilising methods of model evaluation other than the AUC and kappa values. 

Overall, each source group for the temporal analysis, spatial analysis and supervised 

dataset analysis did not perform as well as the base model, despite being subsets of the 
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data used to achieve the base model. From this it can be inferred that once bias is 

accounted for in a dataset, utilising all the data possible will result in the most robust 

model.  

 

4.7 Implications for Management 

Management decisions are often made at regional extents and as SDM techniques are 

likely to continue to rise in popularity, their use over these regional extents is inevitable. 

Although the results from this study show that MaxEnt modelling can be successfully 

applied at a fine scale over a regional extent, it did not produce accurate results at a local 

extent when only a subset of the data within this local extent was used. Because of this, 

management decisions involving SDM at a local extent should aim to expand their 

modelling area outside of planning domains that may be constrained by jurisdictional 

boundaries. This will allow a higher number of input cases to be used, providing the 

model with more information and achieving a more sound result. This correlates with 

previous studies that have highlighted the importance of not restricting conservation-

based planning decisions with jurisdictional boundaries (Haslem et al. 2010, Parrish et al. 

2003, Wyborn and Bixler 2013). 

The disparities between the essential habitat map and MaxEnt outputs may also have 

implications for future management decisions. It may be prudent for future essential 

habitat mapping projects to include an SDM component in the interest of accuracy and 

inclusiveness of the data. 

These results also show the importance of forming and maintaining supervised databases 

with more stringent input criteria dependent on the record’s spatial, temporal and attribute 

accuracy, as has been suggested in previous studies (Bonter and Cooper 2012, Dickinson 

et al. 2010).  
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4.8 Limitations and Assumptions 

The most important assumption made in this study is that all the data used for modelling 

was accurate, especially in regards to the environmental predictor variables. However, 

this may not be case, e.g. where ground truthing revealed at least one site with an 

incorrectly classified regional ecosystem. Although the 21 sites surveyed may not be 

representative of the overall accuracy of the regional ecosystem layer, it does offer some 

cause for concern.  

Furthermore, although MaxEnt is purported to be successful at generating accurate 

models with datasets that contain slight spatial uncertainties (Pearson et al. 2007), this 

might not be the case when fine grain sizes are utilised. Utilising these fine grain sizes 

has the potential to produce a more accurate model, but also has the potential for spatial 

inaccuracies from the input data to have a higher impact on the results (Gogol-Prokurat 

2011, Khosravi et al. 2016). However, with the use of GPS devices being widespread, 

and their use likely to continue to increase, this may prove to be less of a problem (Reside 

et al. 2011). 

Assumptions are also associated with the ground truthing process itself. It is possible that 

inabilities to detect Glossy Black-Cockatoo lead to incorrect ‘absence’ values being 

recorded. Although measures were taken to ensure this did not occur, such as prior 

research being undertaken to identify Glossy Black-Cockatoo and the feeding evidence 

they leave, it is possible that factors outside of the control of this study influenced this. 

These factors could include ecological processes such as fire moving through a landscape 

and destroying traces of feeding evidence, or Glossy Black-Cockatoo utilising an area for 

nesting but not being present at the time of surveying.    
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4.9 Further Research 

The most important further research that could be undertaken for this study would be to 

continue the ground truthing throughout the entirety of South-East Queensland using the 

predictive base models output to direct effort in a strategic manner. Not only would this 

offer important information about Glossy Black-Cockatoo distributions within the region, 

but would also provide evaluation of the base model. Extensive ground truthing would 

also offer further information about the accuracy and reliability of the regional ecosystem 

mapping. 

It has been shown that MaxEnt modelling performs best when a suite of landscape 

variables and climate variables are used (Sohl 2014, Stanton et al. 2012). It is highly likely 

that the models formed in this study would benefit from the inclusion of appropriate 

climate-based environmental predictors. However, at this time climate data is not 

available at the fine temporal and spatial scales necessary for modelling regional and local 

extents. It may be possible to downscale climate variables as done by Garden et al. (2015) 

for their analysis of 14 vertebrate species in South-East Queensland, including the Glossy 

Black-Cockatoo. However, their grid resolution was larger (250 m x 250 m) than that 

used in this study and further downscaling of climate data to this finer grain size remains 

to be tested. Although the results from this study show that SDM can be performed at 

regional extents with only landscape variables, it would be beneficial for databases similar 

to WorldClim (Hijmans et al. 2005) to be set up with climate data detailed enough to be 

used for regional or local analysis with fine scale grain sizes.  

There is also potential for further research into how different characteristics of citizen 

science datasets will influence and potentially bias the model outputs. Recent studies have 

utilised seasonal citizen science records to investigate migration patterns of species (Supp 

et al. 2015, Hurlbert and Liang 2012), but little has been done to investigate the potential 

spatial biases involved with seasonal citizen science reporting. Although many previous 
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studies have displayed that larger numbers of citizen science records are logged on 

weekends (Cooper 2014, Courter et al. 2013), how this affects SDM has not been well-

investigated.  

Further research should also be undertaken to understand the effect that individual 

observers have on SDM utilising citizen science datasets. This study undertook filtering 

of records that were logged by the same observer to remove this potential source of bias. 

However, it is recommended that future studies investigate this further to analyse the 

effects of ‘super mappers’ (observers who submit high amounts of records to citizen 

science databases).  

Overall, more research is needed to determine an efficient, standardised procedure for 

removing the spatial, temporal and observer biases from a dataset. 

Similarly, the impacts of various bias layers should be investigated in future studies. 

Whilst previous studies have utilised road density, human population density and 

localities with clusters of input records (Elith et al. 2010, Fourcade et al. 2014, Marcer et 

al. 2016), comparisons among how these different layers influence map outputs has not 

been well investigated. 

 

 

5.0 Conclusions 

This study has shown that fine scale MaxEnt modelling for habitat specialist species such 

as the Glossy Black-Cockatoo can be used successfully at regional extents with a fine 

grain size and only landscape variables as environmental predictors. However, 

application at local extents may require modelling to incorporate input data from beyond 

predetermined jurisdictional boundaries to provide the program with sufficient 
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information to achieve an accurate model.  Modelling with supervised datasets can 

provide good results even with a substantially smaller number of records than less 

supervised datasets. Ideally, models will incorporate input records from both supervised 

and unsupervised datasets. 

Model outputs for the Glossy Black-Cockatoo provide a foundation for regional 

conservation practitioners to integrate these predictions into future land use planning as 

well as survey and monitoring programs.  

It is recommended that future studies evaluate their model with a range of parameter 

metrics, including, but not limited to, AUC, kappa and TSS values. It is also essential that 

the limitations, strengths and weaknesses of each model evaluation approach are 

understood. 
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Appendices 

 

Appendix 1: Regional ecosystems from the essential habitat map (SEQ Catchments 2016), ordered from largest to smallest based upon their 

percentage of the total area of the EHK (shown in grey) and the EHP (shown in black).  
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Appendix 2: Regional ecosystems from the base model, ordered smallest to largest based on their contribution to predictions of the MaxEnt 

output 
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Appendix 3: Descriptions of regional ecosystems discussed in this study (as described by Queensland Herbarium 2015) 

Regional 

Ecosystem Code Description Dominant Species 

11.8.3 Semi-evergreen vine thicket on Cainozoic igneous rocks 

Acacia harpophylla, Casuarina 

cristata 

11.8.5a Eucalyptus orgaophila open woodland on Cainozoic igneous rocks 

Eucalyptus orgadophila, Corymbia 

erythrophloia, Eucalyptus crebra 

11.8.8 Eucalyptus albens, E. creba woodland on Cainozoic igneous rocks 

Eucalyptus albens, E. crebra, E. 

tereticornis, Angophora subvelutina 

11.9.5 Acacia harophylla and/or Casuarina cristata open forest on fine grained sedimentary rocks 

Acacia harpophylla, Casuarina 

cristata 

12.1.1 Casuarina glauca woodland on margins of marine clay plains Casuarina glauca 

12.1.2 Saltpan vegetation including grassland, herbland and sedgeland on marine clay plains 

Sporobolus virginicus, Zoysia 

macrantha macanthra 

12.1.3 Mangrove shrubland to low closed forest on marine clay plains and estuaries 

Avicennia marina australisica, 

Aegiceras corniculatum 

12.11.1 

Simple notophyll vine forest often with abundant Archontophoenix cunninghamiana (gully vine 

forest) on metamorphics ± interbedded volcanics 

Lophostemon confertus, 

Archontophoenix cunninghamiana 

12.11.10 Notophyll vine forest ± Araucaria cuninghamii on metamorphics ± interbedded volcanics 

Araucaria cuninghamii, 

Argyrodendron trifoliolatm 

12.11.11 Araucarian microphyll vine forest on metamorphics ± interbedded volcanics 

Araucaria cuninghamii, Cupaniopsis 

parvifolia 

12.11.14 

Eucalyptus crebra, E. tereticornis, Corymbia intermedia woodland on metamorphics ± 

interbedded volcanics 

Eucalyptus crebra, E. tereticornis, 

Corymbia intermedia 

12.11.16 Eucalyptus cloeziana open forest on metamorphics ± interbedded volcanics 

Eucalyptus cloeziana, E. propinqua, E. 

acmenoides, E. grandis 

12.11.18 Eucalyptus moluccana woodland on metamorphics ± interbedded volcanics 

Eucalyptus moluccana, Corymbia 

citriodora variegata, E. tereticornis 

12.11.2 

Eucalyptus saligna salgina or E. grandis, E. microcorys, Lophostemon confertus tall open forest 

on metamorphics ± interbedded volcanics 

Eucalyptus saligna saligna, E. grandis, 

E. microcorys, Lophostemon confertus 

12.11.22 Angophora leiocarpa, Eucalyptus crebra woodland on metamorphics ± embedded volcanics 

Angophora leiocarpa, Eucalyptus 

crebra, Corymbia intermedia 
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12.11.23 Eucalyptus pilularis open forest on coastal metamorphics and embedded volcanics 

Eucalyptus pilularis, E. microcorys, 

Corymbia intermedia 

12.11.3 

Eucalyptus siderophloia, E. propinqua ± E. microcorys, Lophostemon confertus, Corymbia 

intermedia, E. acmenoides open forest on metamorphics ± interbedded volcanics 

Eucalyptus siderophloia, E. 

propinqua, E. microcorys, 

Lophostemon confertus, Corymbia 

intermedia, E. acmenoides 

12.11.3a 

Eucalyptus siderophloia, E. propinqua ± E. microcorys, Lophostemon confertus, Corymbia 

intermedia, E. acmenoides open forest on metamorphics ± interbedded volcanics 

Lophostemon confertus, Eucalyptus 

microcorys, E. carnea 

12.11.3b 

Eucalyptus siderophloia, E. propinqua ± E. microcorys, Lophostemon confertus, Corymbia 

intermedia, E. acmenoides open forest on metamorphics ± interbedded volcanics 

Eucalyptus pilularis, E. microcorys, E. 

siderophloia 

12.11.5a 

Corymbia citriodora variegata, Eucalyptus siderophloia, E. major open forest on metamorphics ± 

interbedded volcanics 

Eucalyptus tindaliae, E. carnea, 

Corymbia intermedia 

12.11.5e 

Corymbia citriodora variegata, Eucalyptus siderophloia, E. major open forest on metamorphics ± 

interbedded volcanics 

Corymbia citriodora variegata, 

Eucalyptus siderophloia, E. crebra 

12.11.5h 

Corymbia citriodora variegata, Eucalyptus siderophloia, E. major open forest on metamorphics ± 

interbedded volcanics 

Corymbia citriodora variegata, 

Eucalyptus siderophloia, E. major 

12.11.5j 

Corymbia citriodora variegata, Eucalyptus siderophloia, E. major open forest on metamorphics ± 

interbedded volcanics 

Eucalyptus racemosa racemosa, E. 

seeana, Corymbia intermedia 

12.11.5k 

Corymbia citriodora variegata, Eucalyptus siderophloia, E. major open forest on metamorphics ± 

interbedded volcanics 

Corymbia henryi, Eucalyptus crebra, 

E. carnea 

12.11.6 

Corymbia citriodora variegata, Eucalyptus crebra woodland on metamorphics ± interbedded 

volcanics 

Corymbia citriodora variegata, E. 

crebra 

12.11.7 Eucalyptus crebra woodland on metamorphics ± interbedded volcanics 

Eucalyptus crebra, Corymbia 

clarksonia 

12.11.8 Eucalyptus melanophloia, E. crebra woodland on metamoprhics ± interbeded volcanics Eucalyptus melanophloia, E. crebra 

12.11.9 

Eucalyptus tereticornis open forest on metamorphics ± interbedded volcanics. Usually higher 

altitudes 

Eucalyptus tereticornis, E. biturbinata, 

E. melliodora 

12.12.1 

Simple notophyll vine forest usually with abundant Achontophoenix cunninghamiana (gully vine 

forest) on Mesozoic to Proterozoic igneous rocks 

Archontophoenix cunninghamiana, 

Lophostemon confertus 

12.12.12 

Eucalyptus tereticornis, Corymbia intermedia, E. crebra, ± Lophostemon suaveolens woodland on 

Mesozoic to Proterozoic igneous rocks 

Eucalyptus tereticornis, Corymbia 

intermedia, E. crebra 

12.12.13 Araucarian complex microphyll to notophyll vine forest on Mesozoic to Proterozoic igneous rocks 

Araucaria cunninghamii, 

Argyrodendron trifoliolatum 
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12.12.14 

Eucalyptus racemosa racemosa ± Lophostemon confertus, Syncarpia glomulifera, E. acmenoidea 

woodland usually on rocky near coastal areas on Mesozoic to Proterozoic igneous rocks 

Eucalyptus racemosa racemosa, 

Lophostemon confertus, Syncarpia 

glomulifera, Eucalyptus acmenoides 

12.12.15 

Corymbia intermedia ± Eucalyptus propinqua, E. siderophloia, E. microcorys, Lophostemon 

confertus open forest on Mesozoic to Proterozoic igneous rocks 

Corymbia intermedia, Eucalyptus 

propinqua, E.siderophloia, E. 

microcorys, Lophostemon confertus 

12.12.15a 

Corymbia intermedia ± Eucalyptus propinqua, E. siderophloia, E. microcorys, Lophostemon 

confertus open forest on Mesozoic to Proterozoic igneous rocks 

Eucalyptus grandis, E. saligna, E. 

microcorys, Lophostemon confertus 

12.12.15b 

Corymbia intermedia ± Eucalyptus propinqua, E. siderophloia, E. microcorys, Lophostemon 

confertus open forest on Mesozoic to Proterozoic igneous rocks 

Lophostemon confertus, Eucalyptus 

microcorys, E. carnea, E. propinqua 

12.12.16 Notophyll vine forest on Mesozoic to Proterozoic igneous rocks 

Araucaria bidwillii, A. cunninghamii, 

Argyrodendron trifoliolatum 

12.12.2 Eucalyptus pilularis tall open forest on Mesozoic to Proterozoic igneous rocks especially granite Eucalyptus pilularis 

12.12.23 

Eucalyptus tereticornis ± E. eugenioides woodland on crests, upper slopes and elevated valleys 

and plains on Mesozoic to Proterozoic igenous rocks Eucalyptus tereticornis, E. eugenoides 

12.12.28 Eucalyptus pilularis tall open forest on Mesozoic to Proterozoic igneous rocks especially granite Eucalyptus saligna saligna 

12.12.2b Eucalyptus pilularis tall open forest on Mesozoic to Proterozoic igneous rocks especially granite Eucalyptus saligna saligna 

12.12.3 

Open forest complex with Corymbia citriodora variegata, Eucalyptus siderophloia, E. crebra, E. 

decolor, E. major, E. longirostrata, E. acmenoidea or E. portuensis 

Corymbia citriodora variegata, 

Eucalyptus siderophloia, E. crebra, E. 

decolor, E. major, E. longirostrata, E. 

acmenoidea, E. portuensis 

12.12.5 

Corymbia citriodora variegata, Eucalyptus crebra woodland on Mesozoic to Proterozoic igneous 

rocks 

Corymbia citriodora, Eucalyptus 

crebra 

12.12.7 Eucalyptus crebra woodland on Mesozoic to Proterozoic igneous rocks 

Eucalyptus crebra, Corymbia 

erthrophloia 

12.12.8 Eucalyptus melanophloia woodland on Mesozoic to Proterozoic igneous rocks Eucalyptus melanophloia, E. crebra 

12.12.9 Eucalyptus dura woodland usually on rocky peaks on Mesozoic to Proterozoic igneous rocks 

Eucalyptus dura, Corymbia 

trachyphloia trachyphloia E. 

acmenoides 

12.2.10 Shrubland of rocky peaks on Mesozoic to Proterozoic igneous rocks Eucalyptus acmenoides 

12.2.12 

Eucalyptus tereticornis, Corymbia intermedia, E. crebra, ± Lophostemon suaveolens woodland on 

Mesozoic to Proterozoic igneous rocks 

Eucalyptus tereticornis, Corymbia 

intermedia, E. crebra 

12.2.13 Araucarian complex microphyll to notophyll vine forest on Mesozoic to Proterozoic igneous rocks 

Araucaria cunninghamii, 

Argyrodendron trifoliolatum 
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12.2.14 

Eucalyptus racemosa racemosa ± Lophostemon confertus, Syncarpia glomulifera, E. acmenoides 

woodland usually on rocky near coastal areas on Mesozoic to Proterozoic igneous rocks 

Eucalyptus racemosa racemosa, 

Lophostemon confertus, Syncarpia 

glomulifera, Eucalyptus acmenoides 

12.2.15 

Corymbia intermedia ± Eucalyptus propinqua, E. siderophloia, E. microcorys, Lophostemon 

confertus open forest on Mesozoic to Proterozoic igneous rocks 

Corymbia intermedia, Eucalyptus 

propinqua, E.siderophloia, E. 

microcorys, Lophostemon confertus 

12.2.5 

Corymbia intermedia ± Lophostemon confertus ± Banksia spp. ± Callitris collumellaris open 

forest on beach ridges 

Corymbia intermedia, Lophostemon 

confertus, Banksia integrifolia 

integrifolia, B. aemula, Callitris 

columallaris 

12.2.6 Eucalyptus racemosa racemosa open forest on dunes and sand plains 

Eucalyptus racemosa racemosa, 

Corymbia intermedia, C. gummifera 

12.2.7 Melaleuca quinquenervia or rarely M. dealbata open forest on sand plains 

Melaleuca quinquenervia, Eucalyptus 

tereticornis, Corymbia intermedia 

12.2.8 Eucalyptus pilularis open forest on parabolic high dunes 

Eucalyptus pilularis, E. microcorys, E. 

resinifera 

12.2.9 Banksia aemula low open wodland on dunes and sand plains Banksia aemula 

12.3.1 Gallery rainforest (notophyll vine forest) on alluvial plains 

Waterhousea floribunda, Cryptocarya, 

hyposodia 

12.3.11 

Eucalyptus tereticornis ± E. siderophloia, Corymbia intermedia open forest on alluvial plains 

usally near coast 

Eucalyptus tereticornis, E. 

siderophloia, corymbia intermedia 

12.3.13 Closed heathland on seasonally waterlogged alluvial plains usually near coast 

Meleleuca thymifolia, Banksia robur, 

Xanthorrhoea fulva 

12.3.14 Banksia aemula low woodland on alluvial plains usually near coast Banksia aemula 

12.3.14a Banksia aemula low woodland on alluvial plains usually near coast 

Banksia aemula, Eucalyptus racemosa 

racemosa 

12.3.2 Eucalyptus grandis tall open forest on alluvial plains 

Eucalyptus grandis, E. microcorys, 

Lophostemon confertus 

12.3.3 Eucalyptus tereticornis woodland on Quaternary alluvium 

Eucalyptus tereticornis, E. crebra, E. 

moluccana 

12.3.3d Eucalyptus tereticornis woodland on Quaternary alluvium 

Eucalyptus moluccana, E. tereticornis, 

Corymbia intermedia 

12.3.4 Melaleuca quinquenervia, Eucalyptus robusta woodland on coastal alluvium 

Melaleuca quinquenervia, Eucalyptus 

robusta 
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12.3.4a Melaleuca quinquenervia, Eucalyptus robusta woodland on coastal alluvium 

Melaleuca quinquenervia, Eucalyptus 

bancroftii 

12.3.5 Melaleuca quinquenervia open forest on coastal alluvium Melaleuca quinquenervia 

12.3.5a Melaleuca quinquenervia open forest on coastal alluvium 

Melaleuca quinquenervia, Casuarina 

glauca, Eucalyptus tereticornis 

12.3.6 

Melaleuca quinquenervia ±  Eucalyptus tereticornis, Lophostemon suaveloens open forest on 

coastal alluvial plains 

Melaleuca quinquenervia, Eucalyptus 

tereticornis, Lophostemon suaveolens, 

Corymbia intermedia 

12.3.7 

Eucalyptus tereticornis, Casuarina cunninghamiana cunninghamiana ±  Melaleuca spp. Fringing 

woodland 

Eucalyptus tereticornis, Casuarina 

cunninghamiana cunninghamiana, 

Melaleuca viminalis 

12.3.7b 

Eucalyptus tereticornis, Casuarina cunninghamiana cunninghamiana ±  Melaleuca spp. Fringing 

woodland 

Eucalyptus tereticornis, Casuarina 

cunninghamiana cunninghamiana, 

Melaleuca viminalis 

12.3.8 Swamps with Cyperus spp., Shoenoplectus spp. and Eleocharis spp. 

Cyperus spp. Shoenoplectus spp., 

Philydrum lanuginosum, Eleocharis 

spp. 

12.5.1 Open forest complex with Corymbia citriodora variegata on subcoastal remnant Tertiary surfaces 

Corymbia citriodora variegata, 

Corymbia trachyphloia, Eucalyptus 

crebra 

12.5.13a Microphyll to notophyll vine forest ±  Araucaria cunninghamii on remnant Tertiary surfaces 

Araucaria cunninghamii, Cupanopsis 

parvifolia, Dendrocnide photinophylla 

12.5.1c Open forest complex with Corymbia citriodora variegata on subcoastal remnant Tertiary surfaces 

Eucalyptus helidonica, Corymbia 

citriodora variegata, C. trachyphloia 

12.5.2a 

Corymbia intermedia, Eucalyptus tereticornis open forest on remannt Tertiary surfaces, usually 

near coast 

Corymbia intermedia, Eucalyptus 

tereticornis 

12.5.2b 

Corymbia intermedia, Eucalyptus tereticornis open forest on remnant Tertiary surfaces, usually 

near coast 

Eucalyptus tereticornis, Corymbia 

intermedia, E. crebra 

12.5.3 Eucalyptus racemosa racemosa woodland on remnant Tertiary surfaces 

Eucalyptus racemosa racemosa, 

Corymbia intermedia, E. siderophloia 

12.5.3a Eucalyptus racemosa racemosa woodland on remnant Tertiary surfaces 

Corymbia intermedia, Eucalyptus 

seeana, E. racemosa racemosa 

12.5.6 

Eucalyptus siderophloia, E. propinqua, E. microcorys and/or E. pilularis open forest on remnant 

Tertiary surfaces 

Eucalyptus siderophloia, E. 

propinqua, E.microcorys, E. pilularis, 

Corymbia intermedia 
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12.5.9 

Sedgeland to heathland in low lying areas on complex of remnant Tertiary surface and Tertiary 

sedimentary rocks 

Leptospermum spp., Leucopogon spp., 

Xanthorrhoea spp. 

12.5.6a 

Eucalyptus siderophloia, E. propinqua, E. microcorys and/or E. pilularis open forest on remnant 

Tertiary surfaces Eucalyptus saligna saligna, E. grandis 

12.5.6b 

Eucalyptus siderophloia, E. propinqua, E. microcorys and/or E. pilularis open forest on remnant 

Tertiary surfaces Eucalyptus siderophloia, E. propinqua 

12.5.6c 

Eucalyptus siderophloia, E. propinqua, E. microcorys and/or E. pilularis open forest on remnant 

Tertiary surfaces 

Eucalyptus pilularis, E. siderophloia, 

E. propinqua 

12.8.1 Eucalyptus campanulata tall open forest on Cainozoic igneous rocks 

Eucalyptus campanulata, E. 

microcorys 

12.8.11 Eucalyptus dunii tall open forest on Cainozoic igneous rocks 

Eucalyptus dunii, E. saligna, E. 

microcorys 

12.8.13 Araucarian complex microphyll vine forest on Carinozoic igneous rocks Araucaria cunninghamii, A. bidwilii 

12.8.14 

Eucalyptus eugenoides, E. biturbinata, E. milliodora ± E. tereticornis, Corymbia intermedia 

woodland on Cainozoic igneous rocks 

Eucalyptus eugenoides, E. biturbinata, 

E. milliodora, E. tereticornis, 

Corymbia intermedia 

12.8.14a 

Eucalyptus eugenoides, E. biturbinata, E. milliodora ± E. tereticornis, Corymbia intermedia 

woodland on Cainozoic igneous rocks 

Eucalyptus moluccana, E. tereticornis, 

E. siderophloia 

12.8.15 Poa labillardierei labillardierei grassland on Cainozoic igneous rocks Poa labillardierei labillardierei  

12.8.16 Eucalyptus crebra ± E. melliodora, E. tereticornis woodland on Cainozoic rocks 

Eucalyptus crebra, E. mellidora, E. 

tereticornis 

12.8.17 

Eucalyptus melanophloia ± E. crebra, E. tereticornis, Corymbia tessellaris woodland on 

Cainozoic igneous rocks 

Eucalyptus melanophloia, E. crebra, 

E. tereticornis, Corymbia tessellaris 

12.8.19 

Heath and rock pavement with scattered shrubs or open woodland on Cainozoic igneous hills and 

mountains Not listed 

12.8.2 Eucalyptus oreades tall open forest on Cainozoic igneous rocks Eucalyptus oreades, E. campanulata 

12.8.20 Shrubby woodland with Eucalyptus racemosa racemosa or E. dura on Cainozoic igneous rocks 

Eucalyptus racemosa racemosa, E. 

dura, Corymbia trachyphloia 

12.8.21 Semi-evergreen vine thicket with Brachychiton rupestris on Cainozoic igneous rocks 

Brachychiton rupestris, Ararucaria 

cunninghamii 

12.8.24 Corymbia citriodora variegata open forest on Cainozoic igneous rocks especially trachyte 

Corymbira citriodora variegata, 

Eucalyptus crebra, E. moluccana 

12.8.25 Open forest with Eucalyptus acmenoides or E. helidonica on Cainozoic igneous rocks 

Eucalyptus acmenoidea, E. helidonica, 

E. eugenioides, E. crebra 
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12.8.3 Complex notophyll vine forest on Cainozoic igneous rocks Argyrodendron trifoliolatum 

12.8.4 Complex notophyll vine forest with Araucaria spp. on Cainozoic igneous rocks 

Araucaria bidwillii, A. cunninghamii, 

Argyrodendron trifoliolatum 

12.8.5 Complex notophyll vine forest on Cainozoic igneous rocks Argyrodendron trifoliolatum 

12.8.8 Eucalyptus saligna saligna or E. grandis tall open forest on Cainozoic igneous rocks Eucalyptus saligna saligna, E. grandis 

12.8.8a Eucalyptus saligna saligna or E. grandis tall open forest on Cainozoic igneous rocks 

Eucalyptus siderophloia, E. 

microcorys, Corymbia intermedia 

12.8.9 Lophostemon confertus open forest Cainozoic igneous rocks Lophostemon confertus 

12.9-10.1 

Tall open forest with Ecalyptus resinifera, E. grandis, E. robusta, Corymbia intermedia on 

sedimentary rocks 

Ecalyptus resinifera, E. grandis, E. 

robusta, Corymbia intermedia 

12.9-10.12 Eucalyptus seeana, Corymbia intermedia, Angophora leiocarpa woodland on sedimentary rocks 

Corymbia intermedia, Angophora 

leiocarpa, Eucalyptus seeana 

12.9-10.12a Eucalyptus seeana, Corymbia intermedia, Angophora leiocarpa woodland on sedimentary rocks 

Angophora leiocarpa, Eucalyptus 

interstans,Corymbia intermedia 

12.9-10.14 Eucalyptus pilularis tall open forest on sedimentary rocks Eucalyptus pilularis 

12.9-10.14a Eucalyptus pilularis tall open forest on sedimentary rocks 

Eucalyptus grandis, Lophostemon 

confertus, E. microcorys 

12.9-10.14b Eucalyptus pilularis tall open forest on sedimentary rocks 

Eucalyptus pilularis,Angophora 

woodsiana, E. baileyana 

12.9-10.15 Semi-evergreen vine thicket with Brachychiton rupestris on sedimentary rocks 

Araucaria cunninghamii, Brachychiton 

rupestris 

12.9-10.16 Araucarian microphyll to notophyll vine forest on Cainozoic and Mesozoic sediments 

Araucaria cunninghamii, 

Argyrodendron spp. 

12.9-10.17 

Eucalyptus acmenoideas, E. major, E. siderophloia ± Corymbia citriodora variegata woodland on 

sedimentary rocks 

Eucalyptus acmenoideas, E. major, E. 

siderophloia, Corymbia citriodora 

12.9-10.17a 

Eucalyptus acmenoideas, E. major, E. siderophloia ± Corymbia citriodora variegata woodland on 

sedimentary rocks Lophostemon confertus, L. suaveolens 

12.9-10.17c 

Eucalyptus acmenoideas, E. major, E. siderophloia ± Corymbia citriodora variegata woodland on 

sedimentary rocks 

Eucalyptus carnea, E. tindaliae, 

Corymbia henryi 

12.9-10.17d 

Eucalyptus acmenoideas, E. major, E. siderophloia ± Corymbia citriodora variegata woodland on 

sedimentary rocks 

Eucalyptus siderophloia, E. 

propinqua, Corymbia intermedia 

12.9-10.17e 

Eucalyptus acmenoideas, E. major, E. siderophloia ± Corymbia citriodora variegata woodland on 

sedimentary rocks 

Eucalyptus acmenoides, E. propinqua, 

Corymbia intermedia 
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12.9-10.19 Eucalyptus fibrosa fibrosa woodland on sedimentary rocks 

Eucalyptus fibrosa fibrosa, Corymbia 

citriodora variegata, E. acmenoides, 

E. portuensis 

12.9-10.19a Eucalyptus fibrosa fibrosa woodland on sedimentary rocks 

Corymbia henryi, Eucalyptus fibrosa 

fibrosa, Corymbia citriodora variegata 

12.9-10.2 Corymbia citriodora variegata ± Eucalyptus crebra open forest on sedimentary rocks 

Corymbia citriodora variegata, 

Eucalyptus crebra, E. tereticornis 

12.9-10.20 Eucalyptus montivaga woodland on sedimentary rocks 

Eucalyptus montivaga, Corymbia 

trachyphloia trachyphloia 

12.9-10.3 Eucalyptus moluccana open forest on sedimentary rocks 

Eucalyptus moluccana, Corymbia 

citriodora variegata, E. crebra, E. 

tereticornis 

12.9-10.4 Eucalyptus racemosa racemosa woodland on sedimentary rocks 

Eucalyptus racemosa racemosa, 

Angophora leiocarpa, E. seeana 

12.9-10.5 

Woodland complex often with Corymbia trachyphloia trachyphloia, C. citriodora variegata, 

Eucalyptus crebra, E. fibrosa fibrosa on quartzose sandstone 

Corymbia trachyphloia trachyphloia, 

C. citriodora variegata, Eucalyptus 

crebra, E. fibrosa fibrosa 

12.9-10.5a 

Woodland complex often with Corymbia trachyphloia trachyphloia, C. citriodora variegata, 

Eucalyptus crebra, E. fibrosa fibrosa on quartzose sandstone 

Eucalyptus helidonica, Corymbia 

citriodora variegata, C. trachyphloia 

12.9-10.5d 

Woodland complex often with Corymbia trachyphloia trachyphloia, C. citriodora variegata, 

Eucalyptus crebra, E. fibrosa fibrosa on quartzose sandstone 

Eucalyptus eugenoides, E. biturbinata, 

E. longirostrata, E. crebra 

12.9-10.6 Acacia harophylla open forest on grained sedimentary rocks 

Acacia harpophylla, Casuarina 

cristata 

12.9-10.7 

Eucalyptus crebra, E. tereticornis, Corymbia itessellaris, Angophora spp., E. melanophloia 

woodland on sedimentary rocks 

Eucalyptus crebra, E. tereticornis, 

Corymbia tessellaris, Angophora 

leiocarpa 

12.9-10.7a 

Eucalyptus crebra, E. tereticornis, Corymbia itessellaris, Angophora spp., E. melanophloia 

woodland on sedimentary rocks 

Eucalyptus siderophloia, Corymbia 

intermedia, E. tereticornis 

Non-Remnant Vegetation communities that are not remnant Various 

 


