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ABSTRACT 

 

Research of coral reef ecosystems is largely confined to shallow waters where deeper waters (> 30 m) 

are neglected due to limitations in accessibility. However, mesophotic ecosystems, defined as occurring 

from ~30 m to the bottom of the photic zone, are incredibly diverse and important ecosystems. They 

are suggested to act as a refuge for shallow species, as they lie more sheltered from disturbances and 

stressors. Many endemic species and distinct communities reside in these ecosystems, which contribute 

significantly to global biodiversity. Most knowledge of mesophotic ecosystems is confined to a few 

locations globally meaning that scientists and managers are often not aware of these environments. As 

a result, they often do not receive adequate protection as there is very little understanding of the 

composition and spatial extent of these deeper communities. This thesis aims to develop an 

understanding of the spatial ecology of the mesophotic depths in the Ningaloo Marine Park in Western 

Australia by integrating a range of remote sensing and modelling techniques to overcome the logistical 

limitations of collecting data at depth. 

 

First, a systematic literature review was completed to investigate the trends and research gaps in 

mesophotic research globally. This involved an intensive literature search across a range of databases 

and subsequent collation of information. For the fieldwork component of this thesis, I utilised a range 

of remote sensing techniques to gather data. Multibeam Echosounder data was collected between 2015 

and 2017 and was used to build a digital elevation model of the study areas. Autonomous underwater 

vehicles (AUV) and towed-video were used to obtain ground truth information to quantify the biological 

communities and the substratum types present. Machine learning modelling techniques were employed 

to build models to predict the spatial distributions of biological communities and substratum types. As 

a multitude of machine learning techniques exist, a range of modelling methods were tested and 

compared to identify how predictive outputs changed under different scenarios. This allowed for greater 

interrogation of model results to identify ecologically meaningful patterns. Once underlying 

information regarding the biological communities and habitat types had been obtained, a novel method 

was developed to investigate coral recruitment rates across a shallow to mesophotic depth gradient. 

Remote deployment of recruitment tiles enabled one of the first studies of its kind globally and provides 

a first step to investigate these processes in mesophotic environments. 

 

Clear locational biases are present in the distribution of mesophotic studies. Only in a few, specific 

global locations have studies evolved from describing patterns (that characterise mesophotic 

communities) to elucidating ecological processes. This thesis has successfully characterised the 

mesophotic depths in the Ningaloo Marine Park and has made the first steps into investigating 

ecological processes. Benthic sessile organisms are reliant on seafloor topography and the underlying 

substratum. Many species have a biological requirement of hard substratum for attachment and to avoid 
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smothering by sedimentation. It is therefore an important first step to identify the spatial distribution of 

different substratum types. Maps were produced with >90% accuracy for most substratum classes. 

Agreement of model types was high at broad classification levels (up to 80% for differentiating hard 

and soft substratum), however, this declined as the number of substratum categories increased. In this 

case the random forest classifier showed exceptional performance and was greater than the ensemble 

technique applied using majority voting. Quantitative analysis of the biological communities present 

identified three major community types (1) coral-dominated, (2) sponge/crustose coralline algae-

dominated; and (3) macroalgae and filter-feeder-dominated. Furthermore there were distinct deeper 

variants of the sponge and filter-feeder communities, where communities observed past 50 m were 

different to those in shallower waters. Generalised additive models identified up to 76.3% of deviance 

could be explained primarily by substratum type, as well as by other geomorphological variables and 

bottom temperature. The spatial distribution of these major organism groups (corals, macroalgae, and 

sponges) was predicted using distribution modelling techniques. The distribution of corals was 

predicted with highest accuracies (mean AUC = 0.69 ± 0.07 SD, mean TSS = 0.35 ± 0.09 SD) 

particularly at finer spatial resolutions (10 m grid sizes) which identified the importance of fine scale 

geomorphological features. However, macroalgae and sponge groups were better predicted at larger 

grid sizes (250 m) likely as a result of these groups consisting of a range of species with different 

ecological characteristics. In the case of these organism groups a model ensemble produced the most 

accurate predictions due to the ability to account for the variability shown between the individual model 

types to identify the most important relationships between predictor variables. Patterns in coral 

recruitment differed substantially with depth. The number of coral recruits observed was greatest at 25 

m, a depth which corresponded to a major shift in the proportion of recruits settling on upper tile 

surfaces (87.69%) compared to 8 m (10.72%).  

 

This thesis has progressed the knowledge available for the mesophotic depths at Ningaloo substantially. 

The methods employed could be established as a framework for investigating mesophotic depths in new 

areas. I have outlined the importance of identifying the spatial distributions of the underlying 

topography and its importance in biological patterns and processes. The combination of high-resolution 

acoustic information and imagery has allowed the identification of the biological community types 

present and the biotic and abiotic variables that affect their spatial distributions. This provides a platform 

to investigate more detailed ecological processes such as recruitment and life history dynamics. I was 

able to provide a first step in assessing coral recruitment at mesophotic depths and successfully 

developed a method that will allow further studies in the future. Further progressions have been made 

with regards to distribution modelling techniques. I have contributed to the global field of distribution 

modelling by identifying the importance of grid resolution when producing models. Changes in model 

resolution can affect predictions based upon the ecological characteristics of the target organisms.  

Additionally, the differences between classification techniques have been identified and can help to 
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guide best practice for modelling marine benthic communities in the future. Model ensembles were 

shown to be more robust and less variable as scenarios were altered and look to be a reliable method to 

produce distribution models. The collection of additional environmental variables, at the relevant spatial 

resolutions, will no doubt improve model performance in the future. Overall, this work has provided a 

comprehensive baseline against which future changes can be assessed and fills both a regional and 

global data gap in the knowledge of mesophotic ecosystems.  
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GENERAL INTRODUCTION     

 

The marine environment as a whole often suffers from being “out of sight, out of mind” with many 

people oblivious to the biodiversity present under the sea. Deeper habitats in particular experience this 

as they are inaccessible to most of humanity and are currently poorly understood and valued. This has 

resulted in a dearth of research, especially when compared to shallow-water habitats (Menza et al. 2008; 

Bridge et al. 2013a). Technological advances have improved the study of deeper waters (Wright and 

Heyman 2008; Brown et al. 2011), however, for many parts of the ocean we still have very little 

knowledge of what habitats and communities are present. Until further details are known about deeper 

water ecosystems, they will not receive adequate protection. This may have serious consequences in 

terms of maintaining global biodiversity, ecosystem health, and economic benefits from the sea. 

 

Mesophotic Ecosystems – The Next Frontier 

 

Mesophotic ecosystems are defined as communities that occur from approximately 30 – 40 m to the 

bottom of the photic zone (which can be greater than 150 m in some areas) (Hinderstein et al. 2010). 

However, mesophotic conditions can be observed at much shallower depths in some areas (Muir and 

Wallace 2016). Wide gradients of environmental variables, such as depth, light, and temperature, occur 

across mesophotic environments (Kahng et al. 2010; Kahng et al. 2012a; Eyal et al. 2016). This 

structures the benthic communities that are present, resulting in significant zonation (e.g. Bridge et al. 

2011a; Englebert et al. 2017). Different patterns in these environmental variables can lead to substantial 

differences in the dominant organisms present at mesophotic depths (Kahng et al. 2010; Baker et al. 

2016). This results in large differences between mesophotic ecosystems in different parts of the world. 

 

Mesophotic ecosystems have been suggested to act as refugia for shallow-water populations from 

disturbances, such as climate change (Glynn 1993; Bongaerts et al. 2010a). However, there is mounting 

evidence that these ecosystems are equally, if not more, vulnerable to the same threats as shallow-water 

systems, including thermal stress (Smith et al. 2016; Frade et al. 2018; Schramek et al. 2018), storms 

(Bongaerts et al. 2013a; White et al. 2017; Abesamis et al. 2018), and other anthropogenic disturbances 

(Appeldoorn et al. 2015; Etnoyer et al. 2015). Furthermore, there is an increasing amount of evidence 

that mesophotic populations of benthic invertebrates are ecologically and genetically distinct from 

shallow populations (van Oppen et al. 2011; Bongaerts et al. 2017; Rocha et al. 2018). Highly diverse 

and endemic communities are present at mesophotic depths (Schönberg and Fromont 2011; Kane et al. 

2014; Muir et al. 2015; Kosaki et al. 2017). So, regardless of whether these ecosystems act as refugia 

or not they need to be protected in their own right to safeguard global biodiversity (Rocha et al. 2018). 

This evidence shows how these deeper systems need to gain the same protection status as shallow-water 

coral reefs. 
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Coral reef research effort has been unequally distributed across the globe (Fisher et al. 2011; Morais et 

al. 2018) leaving a number of research gaps in many locations. Most of this work is confined to depths 

< 30 m (Menza et al. 2008; Bridge et al. 2013a; Morais et al. 2018) meaning wide depth gradients, and 

mesophotic depths, often remain unstudied. In order to make progress into understanding more detailed 

ecological and ecosystem processes at mesophotic depths, we must first identify the communities that 

are present (Puglise and Colin 2016). How these mesophotic communities are spatially distributed is a 

key knowledge gap (Puglise et al. 2009; Puglise and Colin 2016; Turner et al. 2019). This is particularly 

important to identify their exposure to threats, document future change, and manage effectively. Due to 

the poorly studied nature of mesophotic ecosystems in most areas of the world, a number of basic 

ecological questions remain unanswered (Puglise and Colin 2016; Turner et al. 2019). Once the 

communities have been identified, and a baseline is set, then work can focus on more detailed aspects 

of the ecology, including life history traits and ecological processes (Figure 0.1). 

 

 

Figure 0.1 How mesophotic research could be carried out at a new location. Questions derived from Turner et al. 

(2019). 

 

Spatial Ecology – Filling in the Gaps 

  

Marine reserves are a common management measure and can safeguard ecosystems from local 

stressors, which may increase their capacity to deal with climate change impacts (Hughes et al. 2003; 

Roberts et al. 2017). Placement of marine reserves requires a knowledge of the spatial configuration of 

both organisms and habitats to ensure adequate representation and protection of the target organisms 
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(Bridge et al. 2016a; Althaus et al. 2017). Furthermore, reserve networks need to be designed to ensure 

connectivity between reserves, across regions, to effectively meet conservation goals (Althaus et al. 

2017; Studivan and Voss 2018). Deeper water (> 30 m) areas and associated biota are often 

underrepresented in marine reserves and especially in no-take areas (Bridge et al. 2016c; Davies et al. 

2016; Althaus et al. 2017). Current management strategies often ignore mesophotic habitats and the 

important role that they can play in conservation planning (Bridge et al. 2013a). This is often put down 

to a lack of data relating to their spatial distributions (Bridge et al. 2016a). Managers are not able to 

protect what they do not know is there, reducing the perceived need to manage, and so a clear priority 

is to obtain this information. 

 

Benthic habitat mapping now forms an important part of monitoring protocols. Habitat mapping may 

be defined as “The use of spatially continuous environmental data sets to represent and predict 

biological patterns on the seafloor (in a continuous or discontinuous manner)” (Brown et al. 2011). 

Mapping allows for environmental change to be assessed, effective planning of surveys, and for 

accurate and effective marine spatial planning (Brown et al. 2011; Buhl-Mortensen et al. 2015; Diesing 

et al. 2016; Woodall et al. 2018). Acoustic methods, specifically Multibeam Echosounders, allow for 

the collection of high resolution bathymetric information, which enables the discrimination of fine scale 

features and the production of detailed maps of the seafloor (Brown et al. 2011). The development of 

habitat maps involves identifying the relationships between different substratum types and the 

bathymetric and topographical information (Lucieer et al. 2013). The utilisation of backscatter 

information, as well as further topographic derivatives enables accurate discrimination of different 

substratum classes (Wright et al. 2012; Lucieer et al. 2013; Diesing et al. 2014). Geomorphology can 

have a substantial impact on the distribution of mesophotic communities where factors, such as slope 

angle, can influence the species present (Bridge et al. 2010; Sherman et al. 2010; Bridge et al. 2011a). 

Production of benthic habitat maps allows for a full ecosystem approach to be taken, incorporating 

aspects of ecology, geology, and oceanography (Brown et al. 2011; Buhl-Mortensen et al. 2015). This 

forms an essential tool for managers to assess the location, extent, and condition of different marine 

habitats. 

 

Species distribution models (SDM) have been utilized in the terrestrial realm since the 1990s and are 

now commonly used in the marine environment (Guisan and Zimmermann 2000; Elith and Leathwick 

2009; Robinson et al. 2011). SDMs identify relationships between species or assemblages with 

environmental variables to predict occurrence and absence across wider areas (Guisan and 

Zimmermann 2000). Knowledge of the wider distributions of many species is currently limited, and 

often inadequate for many purposes (Sequeira et al. 2018), such as the design of marine reserve 

networks (Guisan and Thuiller 2005). Full coverage biological sampling of deep marine environments 
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is not a realistic aim (Robert et al. 2016) and so SDMs provide a tool to extrapolate estimates of species 

distribution to address these data gaps, similarly to habitat mapping (Buhl-Mortensen et al. 2015).  

 

Methods to produce SDMs have advanced rapidly, given the popularity of open source software such 

as R (R Core Team 2010). A wide array of modelling techniques are now available to produce SDMs 

and benthic habitat maps (Guisan and Zimmermann 2000; Elith and Leathwick 2009).  The performance 

of different techniques can vary significantly based upon organism type and the scenario. Model 

ensembles, that utilise the outputs of numerous techniques (e.g. Thuiller et al. 2015), are now more 

commonly used to solve the problem of variability between techniques and improve performance (e.g. 

Araújo and New 2007; Diesing and Stephens 2015; Robert et al. 2016). Variability between methods is 

still an issue in the terrestrial space and distribution modelling in the marine realm lags further behind. 

Further challenges remain to be solved, such as the influence of scale, or grid size, on model results 

(Guisan et al. 2007; Scales et al. 2016), model evaluation (Araújo and Guisan 2006; Elith and Graham 

2009), and model transferability (Sequeira et al. 2018; Yates et al. 2018). While a “one model fits all” 

approach is unlikely to be achievable, it is possible to increase the global understanding of how to 

improve model performance in the future and produce clearer guidance. 

 

Study Area 

 

The study was conducted in the Ningaloo Marine Park, a UNESCO World Heritage Site, and 

specifically in the most northern sections from 21.78°S to 22.34°S (Figure 0.2). Ningaloo Reef is the 

largest fringing coral reef in Australia and is home to a highly diverse array of fauna and flora (CALM 

and MPRA 2005) (Figure 0.3). Preliminary studies have identified the high biodiversity of the deeper 

water areas (Colquhoun and Heyward 2008; Heyward et al. 2010; Schönberg and Fromont 2011). 

However, this biodiversity remains poorly described, with limited information available on the spatial 

distributions of these organisms. A total of 58% of the Ningaloo Marine Park consists of waters > 30 m 

deep suggesting the importance of these deeper, mesophotic, habitats was initially recognised. A 

detailed management plan is in place, which outlines the various zones to manage the array of tourist 

activities (CALM and MPRA 2005), such as recreational fishing. However, while 48% of designated 

sanctuary zones encompass depths > 30 m, they are primarily located south of Osprey Bay and 

representation of these deeper areas is concentrated in the Osprey and Cloates Sanctuary zones. At this 

point in time, the deep-water areas of Ningaloo remain underrepresented in no-take marine reserves 

(Davies et al. 2016).  

 

The geomorphology in this area comprises of a narrow reef crest (~50 m) that quickly transitions into 

the fore reef slope (~ 600-900 m wide) down to 30-40 m (Collins et al. 2015). The topography then 

flattens into a wider shelf zone, interspersed with relict reef ridges to the shelf break (~10 km offshore) 
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(Colquhoun and Heyward 2008; Collins et al. 2015). The area is exposed to strong currents and high 

swell as well as frequent cyclones in the summer seasons.  The physical oceanography is dominated by 

the largely oligotrophic southward flowing Leeuwin Current, which brings warm water from the tropics. 

However, localised upwelling of cooler, temperate water can occur in summer months due to the wind-

driven, northward flowing Ningaloo Current (Hanson and McKinnon 2009). 

 

 

Figure 0.2 Study location in the northern Ningaloo Marine Park. 
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a) 

 

b) 

 

c) 

 

d) 

 

e) 

 

f) 

 

Figure 0.3 a) Typical shallow-water (~ 5 m depth) coral dominated habitat in Ningaloo, b) Shallow areas are 

typically well studied due to increased accessibility via SCUBA, c) Corals are still present at intermediate depths 

(~ 25 m), d) and e) Deeper waters (~ 50 m) harbor distinct communities of sponges and bryozoans, f) depth limits 

(~ 40 m) of hard corals (bottom-left) found amongst deeper communities. Photo credits: a) and b) Melanie Trapon. 
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Aims of Research 

 

The work presented in this thesis focuses on the poorly described mesophotic areas of Ningaloo, 

encompassing a depth range from 15 m – 200 m. The overall objective of this thesis is to gain a detailed 

understanding of the spatial ecology of the mesophotic habitats and communities and the factors that 

influence their distribution. This thesis will primarily focus on gathering information on stages 1 and 2 

(Figure 0.1) and start the course of investigating finer scale ecological processes. This will be achieved 

via the following aims (Figure 0.4): 

 

 Identify the current extent of knowledge on mesophotic reef ecosystems globally (Chapter 1). 

 Determine the spatial distribution of benthic substratum types in the study area (Chapter 2). 

 Quantitatively describe the benthic biological communities present at mesophotic depths 

(Chapter 3). 

 Identify the variables that influence the wider spatial distributions of mesophotic organisms and 

assess how changes in spatial resolution affect results (Chapter 4). 

 Identify how coral recruitment patterns change across a wide depth gradient into mesophotic 

environments (Chapter 5). 

 

 

Figure 0.4 Schematic design of PhD and interlinkage of chapters.  
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Thesis Structure 

 

An assessment of the current literature surrounding mesophotic reefs is crucial to recognize the key 

information gaps and global trends. Chapter 1 provides a systematic review of global mesophotic 

research to identify the current extent of knowledge on mesophotic reef ecosystems. This chapter will 

assess how close these questions are to being answered and provide background knowledge of 

mesophotic ecosystems for the rest of the thesis. 

 

A detailed understanding of the distribution of the substratum types is crucial to determine the 

distributions of organisms. Chapter 2 produces benthic habitat maps of the area to identify the spatial 

arrangement of substratum types to target further surveys. A range of statistical classifiers are tested 

given the uncertainty around which technique performs best in order to identify the best method in this 

scenario and provide further comparisons to guide future mapping studies. 

 

Chapter 3 utilises autonomous underwater vehicle (AUV) imagery to quantitatively determine the 

biological communities associated with the mesophotic depths. The dominant community types in the 

deep-water areas of Ningaloo are subsequently identified. Environmental variables collected by the 

AUV will be used along with abiotic factors, such as topography and substratum type, derived from the 

habitat maps created in Chapter 2, to identify the factors that determine the local scale variability in 

these community types. 

 

Chapter 4 uses distribution modelling techniques to predict the distributions of the main community 

types identified in Chapter 3. Predictive modelling allows the inference of the environmental and 

biological drivers of benthic habitat distributions. This will improve our understanding of the spatial 

distributions of marine organisms that lie at increased depths and provide a useful tool to support spatial 

management of the marine park. This chapter identifies the most important predictors that influence the 

distribution of benthic organisms. Furthermore, the impact of altering resolution (grid size) on model 

predictions is investigated, which currently remains unanswered in a marine context. 

 

Finally, Chapter 5 aims to start the pathway of investigating more specific ecological processes. Life 

history traits are predominantly unknown for mesophotic corals, yet are required in order to assess the 

degree of connectivity between them and adjacent shallow-water areas. This chapter investigates 

patterns in coral recruitment across a shallow to mesophotic depth gradient to link this work to the 

current research completed in the shallow areas. This will provide a first data point for ongoing research 

and hope to kick start further efforts globally on understanding recruitment dynamics in these 

ecosystems.  
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CHAPTER ONE:  DEEP THINKING: A SYSTEMATIC REVIEW OF 
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Abstract 

 

Mesophotic coral ecosystems (MCEs) occur at depths beyond those typically associated with coral 

reefs. Significant logistical challenges associated with data collection in deep water has resulted in a 

limited understanding of the ecological relevance of these deeper coral ecosystems. We review the 

trends in this research, covering the geographic spread of MCE research, the focus of these studies, the 

methods used, how MCEs differ in terms of species diversity and begin to assess connectivity of coral 

populations. Clear locational biases were observed, with studies concentrated in a few discrete areas, 

mainly around the Atlantic region.  The focus of MCE studies has diversified in recent years and more 

detailed aspects of MCE ecology are now being investigated in particular areas of research. Advances 

in technology are also reflected in the current range of research, with a wider variety of methods now 

employed. However, large information gaps are present in entire regions and particularly in relation to 

the threats, impacts and subsequent management of MCEs. Analysis of species diversity shows that 

initial definitions based on depth alone may not be appropriate globally, while further taxonomic 

resolution may also be required to deduce the full biodiversity of major groups in certain regions. 

Genetic studies to date show species-specific results, although distinct deeper populations do appear to 

exist, which raises questions regarding the potential of MCEs to act as refugia. 
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Introduction 

 

Coral reefs are in worldwide decline, due to increased mass disturbance events brought about by climate 

change and anthropogenic activities (Hughes et al. 2003; Bellwood et al. 2004; Hoegh-Guldberg et al. 

2007). However, the majority of data on which these projections are based are from coral reefs 

shallower than 20 - 30 m, while the trends below this depth remain unknown (Bak et al. 2005; Bridge 

et al. 2013a). Deeper mesophotic coral ecosystems (MCEs) are defined as tropical and sub-tropical 

light-dependent communities occurring from approximately 30 m to the lower limit of the photic zone, 

extending as deep as 150 m in some locations (Hinderstein et al. 2010). These reefs are perceived as 

continuations of the shallow reef communities, with a similarly diverse range of taxa (Lesser et al. 2009; 

Hinderstein et al. 2010). Communities are primarily structured by light (Sheppard 1982; Lesser et al. 

2009) although there are other factors at play, including topography (Bridge et al. 2010), temperature 

(Kahng et al. 2012a), sedimentation, and water movement (Goreau and Goreau 1973; Sheppard 1982). 

 

Mesophotic communities have been broadly described (e.g. Busby 1966; Goreau and Goreau 1973; 

Bouchon 1981; Sheppard 1982; Fricke and Meischner 1985; Colin et al. 1986; Fricke and Knauer 1986; 

Thresher and Colin 1986) but remain relatively unexplored compared to shallow-water reefs, 

particularly in relation to ecological characteristics and functions. This is primarily due to their location, 

lying beyond recreational SCUBA diving limits, and therefore pose increased logistical challenges 

(Lesser et al. 2009; Kahng et al. 2010). Mesophotic reefs are starting to gain more attention as modern 

technological advances make them increasingly accessible (Lesser et al. 2009; Kahng et al. 2010).  

Advances in habitat mapping and technologies, such as Remotely Operated underwater Vehicles 

(ROVs) and Autonomous Underwater Vehicles (AUVs), can provide a useful platform for monitoring 

these systems (Singh et al. 2004; Armstrong et al. 2006; Bridge et al. 2011a). Increased interest in MCEs 

is evident in the exponential increase in publications following recent workshops and special journal 

theme sections (Loya et al. 2016). During the past decade in particular, knowledge of these systems has 

moved on significantly.  

 

MCEs have only been studied in a few areas of the world resulting in little generalizable knowledge of 

the drivers of their structure, function, connectivity and refugia role for shallow reefs globally. There is 

a poor understanding of the role environmental factors have in influencing spatial patterns in community 

structure, and therefore how MCEs respond to anthropogenic threats and climate change (Puglise et al. 

2009; Kahng et al. 2014). MCEs can harbour diverse biological assemblages of corals, fish and other 

invertebrates consisting of a range of “deep-specialist” and “depth-generalist” species (Bongaerts et al. 

2010a; Kahng et al. 2014). Some species are endemic to these systems, highlighting the importance of 

MCEs in contributing to and maintaining global biodiversity (Heyward et al. 2010; Bridge et al. 2011b; 

Kane et al. 2014; Muir et al. 2015). As more studies are completed, the limitations to our current 
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knowledge have become evident. For example, studies investigating mesophotic areas of the Great 

Barrier Reef identified that submerged reef habitat may have been underestimated by as much as 100% 

(Harris et al. 2012) and new species records for Australia have also been found (Muir et al. 2015). 

 

It has been suggested that MCEs function as refugia, where communities are sheltered from 

perturbations in shallow waters, including high temperature, sedimentation, storm damage and fishing, 

and so may re-seed more frequently disturbed shallow reefs (Bongaerts et al. 2010a; Hinderstein et al. 

2010).  Larval connectivity needs to be understood, in order to assess the extent of re-seeding potential, 

including whether species are present in deep and shallow water and how they are connected through 

the movement of currents (Lesser et al. 2009; Slattery et al. 2011; Baker et al. 2016). A zone that 

harbours both shallow reef and mesophotic species appears to occur in a number of the locations studied, 

generally between 30 – 60 m (Lesser et al. 2009; Slattery et al. 2011), often termed the upper-

mesophotic. However, in deeper areas, high levels of depth-endemism suggest greater habitat 

specialisation and possibly limited larval exchange with shallower waters and a reduced ability to 

replenish shallow habitats (Slattery et al. 2011). If the community structure between deep mesophotic 

areas and shallow coral reefs are different then re-seeding will not be possible. 

 

Information on the distribution and extent of MCEs, the factors that determine their distributions, and 

the organisms found in these ecosystems, are all critical to inform biodiversity management (Puglise et 

al. 2009; Baker et al. 2016). The spatial distributions of rare and ecologically important habitats are 

required to adequately design networks of marine protected areas and ensure representation of all habitat 

types (Bridge et al. 2016a). Mesophotic reefs are likely to provide similar ecosystem services to those 

of shallow-water reefs and can contribute to fisheries, tourism, and pharmaceutical uses (e.g. Eyal et al. 

2015; Baker et al. 2016). Identifying the key ecosystem services provided by these systems is important 

in order to gain support for their protection (Puglise et al. 2009). Adopting a broad, ecosystem-wide 

approach that encompasses deep reefs is most likely to have many environmental, social, and economic 

benefits (Bridge et al. 2013a). 

 

This review investigates the current literature regarding MCEs. The term “deep coral reef” is often used 

to refer to much deeper water ecosystems of aphotic species associated with colder water, e.g. Lophelia 

pertusa, defined as living without light (Freiwald et al. 2004). While these ecosystems may occasionally 

occur in mesophotic depth ranges at high latitudes, such as in Norwegian fjords, or at similar latitudes 

but at much greater depths (Roberts et al. 2006), they function differently from shallower coral 

ecosystems; with the term cold-water corals coined to differentiate them from tropical coral reefs 

(Freiwald and Roberts 2005).  For this review, MCEs will be defined as in Hinderstein et al. (2010) as 

light-dependant coral-dominated systems in tropical regions that form extensions of shallow coral reefs. 

The aims are to; 1) Characterize study locations and global hotspots of MCE research, 2) Identify trends 
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in MCE research topics, 3) Identify the methods used, including how they have changed over time, 4) 

Describe how mesophotic biodiversity may differ between locations, and 5) Describe connectivity 

trends across shallow reefs to mesophotic depths. Assessing the work done so far will allow us to 

identify and characterize the key aspects of MCEs as well as identifying the key gaps in our 

understanding to inform future research direction. 

 

Methods 

 

A literature review was carried out following the systematic methods outlined in Pickering and Byrne 

(2014) and Pickering et al. (2015). The databases Google Scholar, Web of Science and Scopus in May 

2016 and February 2017 were searched using the search terms:  

 

mesophotic  

AND  

reef OR coral OR fish OR sponge OR connectivity OR ecolog* OR community OR recruit* OR impact 

OR disturbance  

 

The specialist database at mesophotic.org (http://www.mesophotic.org/publications/), maintained by 

field experts, was also utilized, and all papers were screened for content. As “mesophotic” is a relatively 

new term to be applied to reef ecosystems, defined in Puglise et al. (2009), we further checked 

references from recent review articles (Lesser et al. 2009; Kahng et al. 2010; Kahng et al. 2014; Baker 

et al. 2016; Loya et al. 2016) to ensure all relevant papers were acquired. Still, the search was 

conservative and some papers that did not use the search terms we utilized may not have been identified. 

Results were limited to those with an English title and abstract. 

 

Studies were screened to ensure relevance in a two-step process outlined below, and results are shown 

in Figure 1.1. 

 

1. Titles and abstracts were required to mention or contain information on:  

a. mesophotic or deep/twilight reef,  

b. tropical habitats, and 

c. coral reef ecology.   

 

2. Following screening, the full texts of relevant articles were obtained and reviewed. Studies were 

excluded if the main aims did not concentrate on mesophotic depths and communities (e.g. 

“deep” areas can relate to less than 10 m in some studies and so would not meet the aims of this 

http://www.mesophotic.org/publications/
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review). A study had to encompass a proportion of the 30 – 150 m depth band defined for 

mesophotic areas in order to be considered relevant.   

 

In order to gather data to meet Aims 1 – 3 the following information was recorded for all papers: 

 

 Authors and Title  

 Geographic location (including coordinates), split into region (based on those used by Burke et 

al. (2011)), country and study area  

 Year 

 Primary research focus (see Table 1.1) 

 Methods used for data collection  

 Depth range investigated  

 

 

Figure 1.1 Summary of numbers of papers included/excluded in the literature acquisition process.  
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Table 1.1 Primary research focus categories and descriptions. 

Category Description 

Anthropogenic Impact Study focuses on identifying the effects of a specific anthropogenic impact (e.g. dredge disposal, fishing) 

on the ecosystem 

Descriptive A characterising study, identifying the communities present  

Ecosystem Function Study focuses on specific aspects of the ecosystem or the biology of a particular group/taxa 

Geomorphology Study focuses on physical structural features relating to the underlying geology 

Life History Study focuses on life history parameters, such as reproduction and growth characteristics 

Management Study focuses on the ecosystem from a management perspective 

Methods Study focuses on comparing two or more methods 

Molecular Ecology Investigation of macromolecules, specifically including genetic studies 

Natural Impacts Study focuses on identifying the effects of a specific natural impact (e.g. bleaching, storms) on the 

ecosystem 

Review Study is a review paper 

Structuring Variables Study specifically investigates abiotic or biotic variables that structure the community along a gradient  

Taxonomy Study is specifically focussed on the identification of (new) species 

 

Only a subset of papers provided information to investigate Aims 4 and 5. Mesophotic species diversity, 

deepest records, or the depth at which significant changes in community structure occur was included 

in the database when available. Any study that concentrated on genetic differences was investigated for 

Aim 5. This is currently the most effective method to quantify connectivity between deep and shallow 

areas: we extracted information on species, whether there was a genetic change with depth, and if so, 

what depth the changes occurred.   

 

Data manipulation and analysis was conducted in R (R Core Team 2010) and figures were constructed 

using the ggplot2 package (Wickham 2009). Aims 1 to 3 involved summarizing the information by 

location (map produced in ArcGIS 10.4), research focus and method. To address Aim 4, summary 

statistics were calculated for species diversity and transition depths between regions. Due to the 

relatively few data points, a rigorous statistical analysis was not possible for Aims 4 and 5.  

 

Results 

 

A total of 349 papers were classified in this study, spanning from 1966 to 2017. The majority of studies 

on mesophotic reefs have been completed since 2010 (56%) (Figure 1.2), with 54 studies (15%) 

completed in 2016 alone. Research is concentrated in specific regions and countries (Figure 1.3), with 

over half (57%) of global mesophotic studies having been carried out in the Atlantic region, particularly 

in the Caribbean.    
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Figure 1.2 Frequency of publications focusing on mesophotic coral ecosystems. 

 

 

Figure 1.3 Global mesophotic coral ecosystem research distribution (number of studies per country). 

 

Research into mesophotic reefs is focused in specific areas. For example, while research spans a number 

of countries in the Atlantic (Table 1.2) effort is disproportionally split across them. Additionally, studies 

can concentrate in specific countries; with Israel (Middle East) and Hawaii, USA (Pacific) contributing 

to 91% and 71% of the entire studies for that region, respectively. A single country, the USA has the 

greatest number of studies (18%, split over two regions). These studies are focussed in geographically 

small areas with almost all of them occurring in Hawaii (Pacific) and Florida (Atlantic). Australia (13% 

of global studies) has observed significant modern research interest with 70% of Australian studies 

occurring since 2010. Again, studies are localised, with 50% occurring on the Great Barrier Reef. The 

Indian Ocean and Southeast Asia regions are significantly under-represented (1% and 2% of global 

studies, respectively). 
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Table 1.2 Numbers of studies completed on mesophotic coral ecosystems by region and country 

Region Country Number of Studies 

Atlantic Bahamas 26 7.2% 

Barbados 1 0.3% 

Belize 1 0.3% 

Bermuda 8 2.2% 

Bonaire 5 1.4% 

Brazil 19 5.3% 

Cayman Islands 7 1.9% 

Curacao 26 7.2% 

Guinea 1 0.3% 

Honduras 3 0.8% 

Jamaica 11 3.1% 

Mexico 2 0.6% 

Panama 2 0.6% 

Puerto Rico 36 10.0% 

US Virgin Islands 33 9.2% 

USA 19 5.3% 

Australia Australia 50 13.9% 

Indian Ocean Chagos 2 0.6% 

Réunion  1 0.3% 

Middle East Egypt 1 0.3% 

Israel 30 8.3% 

Saudi Arabia 1 0.3% 

Sudan 1 0.3% 

Pacific Cook Islands 1 0.3% 

French Polynesia 3 0.8% 

Marshall Islands 6 1.7% 

Micronesia 6 1.7% 

Panama 1 0.3% 

Samoa 2 0.6% 

USA 47 13.1% 

Southeast Asia Brunei 1 0.3% 

Japan 4 1.1% 

Papua New Guinea 1 0.3% 

Philippines 1 0.3% 

Taiwan 1 0.3% 

 

Descriptive studies dominate the MCE literature (Table 1.3). However, research focus has shifted over 

time (Figure 1.4). The proportion of descriptive studies drops from 92% before 1980 to 33% post-2010.  

Research focus has diversified, with increases observed in all other research categories between 2001 

and 2011 onwards. Studies investigating molecular ecology have seen the largest increase, from zero 

before 2000 to 7% then 16% in 2001-2010 and post 2010, respectively. These studies are mostly 

conducted in the Atlantic (47%, exclusively in the Caribbean), Australia (24%) and the Pacific (21%).  

Life history studies and research focussing on impacts are in their infancy, only occurring since 2000.  

This work is currently highly concentrated in the Atlantic region, with 78% of life history and 59% of 

impact (including natural and anthropogenic) studies taking place there. 
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Table 1.3 Primary research focus of studies on mesophotic coral ecosystems 

Research Focus Number of Studies 

Descriptive 137 39.3% 

Molecular Ecology 38 10.9% 

Taxonomy 33 9.5% 

Structuring Variables 30 8.6% 

Review 23 6.6% 

Ecosystem Function 20 5.7% 

Geomorphology 18 5.2% 

Life History 18 5.2% 

Methods 11 3.2% 

Natural Impacts 10 2.9% 

Anthropogenic Impact 7 2.0% 

Management 4 1.1% 

 

 

 

Figure 1.4 Research focus of mesophotic coral ecosystem studies over time 

 

A variety of methods are used to study MCEs (Figure 1.5). Although lying beyond recreational diving 

depths, SCUBA diving is the most common method used for most year categories (Second to 

Submersibles in the 1980s and 1990s). Even prior to 1980, 69% of the studies were completed using 

SCUBA-based observations, before advances in technical diving, such as closed-circuit rebreathers 

(CCRs), and when health and safety regulations were less conservative. Methods have diversified 

widely since 2001 as more techniques have become available. Recent studies utilise a number of 

methods as the research focus has diversified. Experimental and genetic labwork are now used more 

widely, as finer ecological details of MCEs are explored, with large increases in the use of these methods 

observed from 2011. Technological advances are observed with the arrival of ROVs, AUVs, and Baited 

Remote Underwater Video (BRUVs) from 2001 onwards. SCUBA remains the most popular method, 
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accounting for 33% of studies post 2010, although labwork, including identification, experimental, and 

genetics, totals 31%. 

 

 

Figure 1.5 Methods used in mesophotic coral ecosystem studies. SCUBA = Self-Contained Underwater Breathing 

Apparatus, ROV = Remotely Operated Vehicle, AUV = Autonomous Underwater Vehicle, BRUV = Baited 

Remote Underwater Video 

 

Like their shallow-water counterparts, MCEs vary with respect to their location around the globe (Baker 

et al. 2016). While accurate species numbers are rarely reported, results that could be extracted are 

summarized in Table 1.4.  No data were available for the Indian Ocean and South-East Asia regions but 

MCEs harbour high benthic and fish biodiversity in all other regions. Atlantic MCEs are less species-

rich in terms of scleractinian corals, but macroalgal and sponge diversity is high.  Challenges in species 

identification are a likely cause of low numbers of sponge and algal studies, particularly as remote 

methods become increasingly used. Reported transition depths, defined as the boundary where 

significant changes in species composition are observed, thus representing the transition between upper 

and lower mesophotic communities, appear variable (Table 1.5). Fish transition depths appear 

shallower, however, this is probably an artefact of most fish studies, including surveys at shallower 

depths (Mean start depth = 22.7 ± 4.4 m), with 61% of studies completed using SCUBA. This could be 

interpreted better as the transition between shallow and “mesophotic associated” fish communities.  

Most mesophotic benthic studies start at greater depths (Mean start depth = 40.5 ± 4.6 m) covering the 

entire mesophotic range (Mean end depth = 218.3 ± 37.6 m). Benthic communities in the Atlantic 

transition to more deep-specialised communities at 60 m. This does not hold globally, with this change 

occurring at greater depths in both the Pacific and Australia.  
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Table 1.4 Mean species richness at mesophotic depths (>30 m) for each region ± Standard Error.  Blanks show 

no data available for that region. 

Region 
 

Macroalgae  Scleractinian Coral  Fish  Sponge  

Atlantic 
 

90.3 (± 25.9, n = 4) 16.3 (± 1.7, n = 18) 77.3 (± 9.2, n = 16) 79.6 (± 28.8, n = 9) 

Australia 
 

 32.0 (± 3.0, n = 3)  240.4 (± 37.7, n = 5) 

Middle East 
 

 48.0 (± 20.3, n = 3) 139 (n = 1)  

Pacific 
 

69.8 (± 7.6, n = 4) 27.6 (± 6.6, n = 5) 132.7 (± 6.6, n = 7)   

 

 

Table 1.5 Mean transition depth between benthic and fish communities for each region ± Standard Error. Blanks 

show no data available for that region. 

Region Benthic  Fish  

Atlantic 60.9 m (± 4.68, n = 12) 63.1 m (± 4.9, n = 8) 

Australia 75.3 m (± 3.4, n = 15) 49 m (n = 1) 

Middle East  50.0 m (± 0.0, n = 2) 

Pacific 74.7 m (± 3.6, n = 7) 61.3 m (± 16.1, n = 9) 

 

 

We have reviewed studies looking at genetic differences between corals and their associated 

Symbiodinium to describe connectivity patterns between MCEs and shallow reefs, and these studies 

showed distinct differences with depth (58% of records), between and within genera (Table 1.6; Figure 

1.6). Most genetic differences appear to occur below 30 m, potentially implying shallow and deep 

populations. Six genera (Acropora, Eusmilia, Helioseris, Meandrina, Montipora and Mycetophyllia) 

showed no genetic differences across depth, though most were only sampled in a single study 

(Bongaerts et al., 2017) (except n = 2 for Helioseris).   
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Table 1.6 Numbers of records of whether genetic differences do (Yes) or do not (No) occur in the Symbiodinium 

of corals. 

Genera Species No Yes 

Depth range 

investigated References 

Acropora Acropora elegans 1  10 - 48 m (Bongaerts et al. 2011c) 

Agaricia 

Agaricia agaricites 2  5 - 50 m (Bongaerts et al. 2013b; Bongaerts et al. 2015a) 

Agaricia fragilis  1 12 - 40 m (Bongaerts et al. 2017) 

Agaricia grahamae 1 1 15 - 90 m (Bongaerts et al. 2013b; Bongaerts et al. 2015b) 

Agaricia lamarcki  3 10 - 70 m 
(Bongaerts et al. 2013b; Bongaerts et al. 2015a; 

Lucas et al. 2016) 

Agaricia undata  1 15 - 90 m (Bongaerts et al. 2015b) 

Echinophyllia Echinophyllia aspera  1 10 - 62 m (Bongaerts et al. 2011c) 

Eusmilia Eusmilia fastigiata 1  5 - 40 m (Bongaerts et al. 2015a) 

Galaxea Galaxea astreata  1 10 - 55 m (Bongaerts et al. 2011c) 

Helioseris Helioseris cucullata 2  25 - 45 m (Bongaerts et al. 2013b; Bongaerts et al. 2015a) 

Leptoseris 

Leptoseris hawaiiensis  1 10 - 70 m (Bongaerts et al. 2011c) 

Leptoseris spp. 1 3 1 - 127 m 
(Chan et al. 2009; Luck et al. 2013; Pochon et 
al. 2015; Ziegler et al. 2015) 

Madracis 

Madracis carmabi 1  5 - 40 m (Frade et al. 2008b) 

Madracis decatis 2  5 - 40 m (Frade et al. 2008b; Bongaerts et al. 2015a) 

Madracis formosa 2 1 5 - 60 m 
(Frade et al. 2008a; Frade et al. 2008b; 

Bongaerts et al. 2015a) 

Madracis mirabilis 1 1 5 - 40 m (Bongaerts et al. 2015a),  

Madracis pharensis  5 5 - 90 m 
(Frade et al. 2008a; Frade et al. 2008b; 

Bongaerts et al. 2015a; Bongaerts et al. 2015b)  

Madracis senaria 2  5 - 40 m (Frade et al. 2008a; Frade et al. 2008b) 

Meandrina Meandrina meandrites 1  5 - 40 m (Bongaerts et al. 2015a) 

Montastrea Montastrea cavernosa  3 3 - 91 m 
(Lesser et al. 2010; Brazeau et al. 2013; 
Bongaerts et al. 2015a) 

Montipora Montipora spp. 1  10 - 70 m (Bongaerts et al. 2011c) 

Mycetophyllia Mycetophyllia ferox 1  25 - 40 m (Bongaerts et al. 2015a) 

Orbicella 
Orbicella faveolata  1 5 - 25 m (Bongaerts et al. 2015a) 

Orbicella franksi  1 10 - 25 m (Bongaerts et al. 2015a) 

Pachyseris Pachyseris speciosa 1 2 1 - 62 m 
(Bongaerts et al. 2011c; Cooper et al. 2011; 

Ziegler et al. 2015) 

Pavona Pavona spp.  1 10 - 59 m (Bongaerts et al. 2011c) 

Porites 
Porites astreoides 2 3 2 - 30 m 

(Bongaerts et al. 2015a; Serrano et al. 2016; 

Reich et al. 2017) 

Porites spp. 1 1 1 - 70 m (Bongaerts et al. 2011c; Ziegler et al. 2015) 

Seriatopora Seriatopora hystrix 3 4 2 - 57 m 
(Bongaerts et al. 2010b; Bongaerts et al. 2011a; 
Bongaerts et al. 2011c; Cooper et al. 2011; Nir 

et al. 2011; van Oppen et al. 2011) 

Siderastrea Siderastrea siderea  1 2 - 50 m (Bongaerts et al. 2015a) 

Stephanocoenia Stephanocoenia intersepta 1 1 10 - 60 m (Bongaerts et al. 2015a; Bongaerts et al. 2017) 
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Figure 1.6 Depths at which genetic changes in corals and their Symbiodinium occur. Dashed line at 30 m indicates 

start of mesophotic depths as per Hinderstein et al. (2010). 

 

Discussion 

 

Studies of mesophotic coral ecosystems (MCEs) are currently highly location and region specific and 

not represented in all oceans, globally. While this is also the case with shallow reefs (Fisher et al. 2011) 

the imbalance is greater for mesophotic research. A result of the strong locational bias is that there is 

not enough evidence to suggest an understanding of the ecological role of MCEs in a global context. 

Data collection in these ecosystems is still relatively expensive, as most methods require specialized 

equipment and training. It seems likely that this is the main reason why mesophotic studies are 

concentrated in areas where the initial investments have been made and equipment is available to enable 

specific research groups to explore these ecosystems. Large regional gaps are apparent, where almost 

no studies have been conducted in the Indian Ocean and South-East Asia region. This is of particular 

concern given the known high biodiversity of shallow coral ecosystems in these regions and the threats 

they face (Burke et al. 2011). 

 

MCE research has been focussed in the exploratory phase, aiming to characterize the communities in 

different locations. What we know from these descriptive studies is that there is a common depth/light 

attenuation pattern in MCE benthic community structure, indicating that upper mesophotic depths have 

a dominance, in terms of percentage cover, of phototrophic taxa, predominantly corals, shifting to 

primarily heterotrophic communities, made up of sponges and octocorals, in the lower mesophotic 

(Lesser et al. 2009; Bongaerts et al. 2010a; Kahng et al. 2010; Baker et al. 2016). It is also well 
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understood that light, topography, and temperature stand out as three main factors that influence the 

structure of MCE communities. Light is the major factor, with the deepest zooxanthellate coral records 

associated with areas known for clear water (see Kahng et al. 2010; Baker et al. 2016). Topography is 

also important, with local bathymetric features, such as slope, influencing benthic community structure 

(Bridge et al. 2010; Locker et al. 2010; Sherman et al. 2010; Englebert et al. 2017). Temperature is 

influenced by local upwelling (Bridge et al. 2010) and internal waves (Kahng and Kelley 2007; Kahng 

et al. 2012a). This affects depth limits of organisms (Kahng et al. 2012a), particularly at higher latitudes 

(Grigg 2005) where corals are already residing close to their physiological limits. As the processes 

associated with MCEs have become better understood, fewer descriptive studies are being carried out 

and a greater proportion are focused on understanding ecological processes. Moving forward there is a 

greater need for studies to be targeted in locations with varying combinations of these influencing 

factors, as well as proving these trends hold in currently unstudied regions.   

 

We still know little about the pressures that MCEs face, from both anthropogenic and natural sources. 

The “deep reef refugia” hypothesis suggests that mesophotic areas are further removed from these 

threats and may re-seed impacted shallow areas (Bongaerts et al. 2010a; Hinderstein et al. 2010).  

Locational differences occur for natural impacts, for example coral bleaching and disease are reported 

mainly in the Caribbean (e.g. Garcia-Sais et al. 2007; Nemeth et al. 2008; Smith et al. 2016), whereas 

storm impacts are common in western Pacific areas (Harmelin-Vivien and Laboute 1986; Bongaerts et 

al. 2013a; White et al. 2013). Human impacts are currently poorly documented and although localized 

studies are occurring (e.g. Appeldoorn et al. 2015),  not enough evidence is available to discuss global 

or regional trends and threats. Additionally, recovery rates appear to be largely unknown. This is 

inevitable given that current impacts on MCEs are likely unnoticed or unquantified. This kind of 

longitudinal information is crucial for effective management of these systems. Additional gaps lie 

around the direct measurements of life history characteristics and post-settlement processes of benthic 

organisms at mesophotic depths. Further work into life history dynamics of mesophotic organisms will 

give an insight into resilience and recovery when faced with disturbances. Conflicting results have been 

found in terms of fecundity and spawning synchrony of mesophotic coral colonies (Holstein et al. 

2015a; Prasetia et al. 2016) that also vary between species and locations (Eyal-Shaham et al. 2016).  

These variations highlight that we know little regarding this subject, which is a concern for managers. 

 

Technological advances have made a range of techniques available for studying MCEs; however, the 

costs of many of these techniques impacts on the extent to which they are used for data collection. 

Technical SCUBA diving, despite the training and equipment required, tends to be a cheaper option 

hence its popularity. The advantage of diving is that it permits investigation of organisms in situ, 

allowing easier species identification and more precise sample collection. Remotely operated vehicles 

(ROVs) are commonly utilized for sample collection in the more inaccessible cold-water coral (CWC) 
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ecosystems where the simultaneous use of video allows increased sampling precision and minimal 

damage (Fosså et al. 2005). There is a lack of precise benthic species diversity data, in particular for 

difficult to identify macroalgae and sponges, so it is important that this taxonomic detail is not lost, and 

rather targeted to assess specific community structures. However, diving only allows small areas to be 

surveyed, which may not meet management goals, and additional health and safety concerns associated 

with technical diving may mean remote methods are more appropriate in some areas.   

 

Acoustic methods cover large areas and allow geophysical variables to be measured at fine scales, where 

reef corals show distinct bathymetric signatures (Brown et al. 2011). Acoustic data have proven to be 

highly successful for identifying the extent of CWC ecosystems (e.g. Fosså et al. 2005; Roberts et al. 

2009; Buhl-Mortensen et al. 2015). Estimates of total habitat area can be deduced and the information 

can be used for habitat suitability modelling to identify areas of likely occurrence, which has performed 

well when applied to mesophotic habitats, given the knowledge of the key structuring variables (Bridge 

et al. 2012; Costa et al. 2015). Detailed bathymetric information allows for planning of future surveys 

and can assist with ROV navigation, particularly in areas of high rugosity (Fosså et al. 2005).   

 

ROVs are often used to provide qualitative visual information to explore new areas (e.g. Kahng and 

Kelley 2007; Bongaerts et al. 2011b; Blythe-Skyrme et al. 2013; Englebert et al. 2014), commonly prior 

to committing divers or to survey depths >150 m. Samples collected from ROVs have allowed the 

detailed taxonomy of mesophotic corals (e.g. Muir et al. 2015) as well as further lab experiments (e.g. 

van Oppen et al. 2011).  CWC ecosystems have utilized ROVs to deploy additional equipment and set 

up in situ experiments (Roberts et al. 2009), which is an approach that should be considered for MCEs. 

Autonomous underwater vehicles (AUVs), while unable to collect samples, can offer a quantitative 

approach to obtaining imagery. Hundreds of thousands of accurately georeferenced images may be 

collected, as well as accompanying environmental information (e.g. Williams et al. 2012; Pizarro et al. 

2013), while also having the advantage of running independently to the deployment vessel. AUVs have 

the capability to accurately perform repeat monitoring surveys and relocate colonies (Pizarro et al. 2013; 

Ferrari et al. 2016), which enable an insight into processes such as growth rates in the future. In terms 

of costs per area surveyed, remote methods may be cheaper, although their ability to fill data gaps 

surrounding life history traits may be limited; however, they may be complemented by diving surveys 

and experiments. 

 

High biodiversity is common across MCEs of all regions (Baker et al. 2016), although there is still 

further biodiversity to be discovered, as mentioned above. High taxonomic resolution is required to 

assess connectivity, as will be discussed, where species-specific differences are observed. Depths at 

which communities change appear to be area-specific and evidence appears to suggest that using depth 

alone to base universal definitions on may not be appropriate. The depth of the transition zone, 
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representing a shift in upper and lower mesophotic assemblages varies between locations. While 60 m 

is commonly reported (e.g. Fricke and Meischner 1985; Liddell and Ohlhorst 1988; Bongaerts et al. 

2010a; Bridge et al. 2010; Slattery et al. 2011) on average this only applies to the Atlantic region. In 

the Pacific and the Coral Sea, the transition zone depth extends past 80 m (Kahng and Kelley 2007; 

Pyle et al. 2016; Englebert et al. 2017). Equally, mesophotic depths are shallower for locations with 

lower light regimes, such as Ningaloo, Australia (Rees et al. 2004) or Pohnpei, Micronesia (Muir and 

Wallace 2016) and reduced temperature, such as Bermuda (Fricke and Meischner 1985). This raises 

questions about the ecological relevance for the global definition of the transition to MCEs of 30 – 40 

m (Puglise et al. 2009; Hinderstein et al. 2010; Baker et al. 2016). 

 

Most mesophotic fish surveys use SCUBA-based methods and often make use of lengthy 

decompression schedules to collect accompanying shallow-water data (Lombardi and Godfrey 2011; 

Andradi-Brown et al. 2016a) so as to allow comparisons to be made. High proportions of fish species 

are common to both shallow and lower mesophotic areas across regions (Bejarano et al. 2014; Wagner 

et al. 2014; Lindfield et al. 2015), while genetic similarities are also described (Tenggardjaja et al. 

2014). Ontogenic movements are also reported (Brokovich et al. 2006; Rosa et al. 2015; Andradi-Brown 

et al. 2016b), suggesting movement is common across depths. Given these findings, reported transition 

depths seem to represent the change from shallow water to mesophotic associated fish communities, in 

contrast to benthic communities, where transition depths represent the change from upper to lower 

mesophotic; having already seen a shift from shallow waters. While changes in the benthic composition 

are likely to affect distributions of fish species (Garcia-Sais et al. 2007; Brokovich et al. 2008; Garcia-

Sais 2010): corals may decrease but sponges and other benthic organisms can provide structural habitat 

(Bell et al. 2013) at depth. Other factors may be structuring fish communities, such as food availability, 

given the distinct changes in functional groups observed (Bridge et al. 2016b).  

 

Assessing connectivity between shallow and deep reefs is a primary focus in the published literature, 

and more studies are being undertaken in this research area. Vertical connectivity will ultimately 

determine whether MCEs can re-seed shallow coral reefs following chronic disturbances. Questions do 

remain over how genetic changes in Symbiodinium correlate with that of their hosts. However, given 

that host specificity is common and specific adaptation to environmental conditions are likely to have 

evolved (LaJeunesse et al. 2004; Frade et al. 2008b; Finney et al. 2010) differences probably indicate 

genetic separation of shallow and MCEs (Bongaerts et al. 2010b; Bongaerts et al. 2011c). Populations 

below 30 m are reported as unconnected to shallower conspecifics, with distinct shallow and deep 

genetic populations found (e.g. Brazeau et al. 2013). Deeper coral populations are specialised to lower 

light conditions, showing changes in morphology (Fricke and Meischner 1985; Einbinder et al. 2009; 

Nir et al. 2011), photosynthetic efficiency (Lesser et al. 2010; Mass et al. 2010; Nir et al. 2011; 

Einbinder et al. 2016) and alternative nutrient sources (Muscatine et al. 1989; Einbinder et al. 2009; 
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Crandall et al. 2016).  Isolated reefs appear to have higher vertical genetic connectivity, possibly due to 

the importance of localised recruitment for sustaining populations (Serrano et al. 2016) or reduced 

competition following disturbance which may prevent localised extinctions (van Oppen et al. 2011; 

Sinniger et al. 2012; Muir et al. 2015).  However, using Bermuda as an example, not all species show 

this pattern of strong vertical connectivity (Bongaerts et al. 2017). The reproductive mode of corals may 

give some insight, with broadcast spawning genera generally showing reduced genetic partitioning with 

depth (e.g. Bongaerts et al. 2011c; Bongaerts et al. 2017), although this is not exclusive (Bongaerts et 

al. 2015a). Local environmental conditions play a role, where light levels will ultimately influence the 

upper and lower limits of coral species and their Symbiodinium types due to functional adaptations 

(Frade et al. 2008c; Frade et al. 2008a). This again calls into question the use of only depth to define 

deep and shallow MCEs. Overall, the findings in this review show that differences in vertical 

connectivity patterns at species and genera level are common across MCEs globally. These results 

highlight our limited knowledge, and the need for these studies to be done at both localized scales, for 

a detailed analysis of local populations, and across biogeographic ranges. 

 

Conclusions 

 

The importance of mesophotic areas is now recognised in the scientific community.  There is a clear 

locational bias of the existing research to the Atlantic, and specifically the Caribbean, which makes the 

extrapolation of findings to the rest of the world difficult. Definitions coined from data in this region 

alone need to be redefined as more studies are completed globally. A clear priority is to collect data for 

MCEs in South East Asia and the Indian Ocean. Remote methods are clearly advancing research in this 

field, though it is important to not lose taxonomic detail, given the apparent species and location 

specificity of connectivity patterns. If shallow and deep populations are separate, then management 

plans need to accommodate this in order to conserve the different biodiversity of both of these light-

mediated ecosystems. The current lack of information about the threats and impacts on MCEs needs to 

be addressed immediately so that they can be identified at local, regional and global scales so that 

effective management can be implemented. Further prioritisation of such studies, as well as those 

investigating connectivity at both local and regional scales, are clearly required, to ensure adequate 

protection of these ecosystems and their shallow-water counterparts, for which relying on MCEs as 

refugia may not be appropriate. 
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Abstract 

 

Numerous machine-learning classifiers are available for benthic habitat map production, which can lead 

to different results. This study highlights the performance of the Random Forest (RF) classifier, which 

was significantly better than Classification Trees (CT), Naïve Bayes (NB), and a multi-model ensemble 

in terms of overall accuracy, balanced error rate (BER), Kappa, and area under the curve (AUC) values. 

RF accuracy was often higher than 90% for each substratum class, even at the most detailed level of the 

substratum classification and AUC values also indicated excellent performance (0.8 – 1). Total 

agreement between classifiers was high at the broadest level of classification (75 – 80 %) when 

differentiating between hard and soft substratum. However, this sharply declined as the number of 

substratum categories increased (19 – 45 %), including a mix of rock, gravel, pebbles, and sand. The 

model ensemble, produced from the results of all three classifiers by majority voting, did not show any 

increase in predictive performance when compared to the single RF classifier. This study shows how a 

single classifier may be sufficient to produce benthic seabed maps and model ensembles of multiple 

classifiers. 
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Introduction 

 

It is estimated that less than 10% of the seafloor is mapped, with less than 0.05% mapped at a high 

resolution, within 10s of metres (Bewley et al. 2015). This is predominantly due to the difficulty and 

cost associated with surveying the seafloor at broad spatial extents (Brown et al. 2011). To adequately 

and appropriately manage marine benthic habitats we must have an idea of how they are spatially 

distributed in an area (Brown et al. 2011). Habitat mapping focuses on the relationships between 

geomorphological and biological features, integrating data from a range of spatial and temporal scales 

(Anderson et al. 2011). Mapping provides a tool for determining habitat alteration and change, to 

meaningfully inform management (Cogan et al. 2009; Hill et al. 2014; Buhl-Mortensen et al. 2015).  

The spatial composition and arrangement of habitats are common priorities for managers, and are seen 

as a logical first step to quantify future changes (Cogan et al. 2009). 

 

Advances in acoustic technologies has aided the rapid survey of vast (10s – 1000s km2) areas of the 

seabed (Ierodiaconou et al. 2007; Anderson et al. 2011) and enabled geomorphological variables to be 

reliably mapped at fine scales (m2) (Boyd et al. 2006; Brown et al. 2011; Hill et al. 2014). Biological 

characteristics of many benthic habitats can be linked to the underlying geology (Ierodiaconou et al. 

2007) and strong relationships between biota and abiotic surrogates can often be identified, which 

allows maps to predict the occurrence, abundance and distribution of species and habitats at large scales 

(Holmes et al. 2008; Anderson et al. 2011; Hill et al. 2014).   

 

While data collection can be expensive, the development of automated classifiers allows for a multitude 

of analysis options (Lu and Weng 2007; Du et al. 2012; Diesing et al. 2014). There is currently little 

consensus about which classifiers work best, and it can be difficult to determine which will work best 

in advance of analysis (Foody et al. 2007). It is likely that no single classifier will work best in all cases, 

as a result, multiple classifiers should be tested when producing habitat maps (Diesing and Stephens 

2015). Model ensembles have been investigated by a number of researchers (Foody et al. 2007; Du et 

al. 2012; Diesing and Stephens 2015) as a way of producing more accurate results by combining 

multiple classifiers. Ensembles allow additional elements of confidence to be determined and are able 

to identify where multiple classifiers agree and disagree, which is useful when assessing the certainty 

of the classification (Foody et al. 2007; Diesing and Stephens 2015).  

 

The Ningaloo marine park, Western Australia, covers 4566 km2 and over 55% of the park encompasses 

waters > 30 m deep. Most research to date has targeted the shallow areas (< 10 m). While sporadic 

surveys of the deeper water areas of Ningaloo have occurred (Rees et al. 2004; Colquhoun et al. 2007), 

there are limited spatially-explicit details on the configuration and arrangements of these benthic 

habitats. This study aims to develop detailed benthic substrate maps while testing the accuracy of 
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various machine learning classifiers. It is hypothesized that choice of classification technique will lead 

to differences in overall accuracy of the seabed maps produced. This study therefore aims to: (1) 

compare three different classification techniques to identify the best-performing classifiers to ensure 

highest overall accuracy; (2) develop maps at differing levels of habitat classification, using the 

CATAMI hierarchy (Althaus et al. 2015), to assess which levels of classified habitats can be reliably 

mapped, and; (3) produce a multi-model ensemble of these classification techniques and compare to the 

individual classifiers. 

 

Methods 

 

Study Area 

 

The study was conducted in the Ningaloo Marine Park from 21.78°S to 22.34°S (Figure 2.1). The reef 

crest slopes quickly to 30 - 40 m before gradually sloping to 200 m at the edge of the continental shelf.  

The area is commonly exposed to strong currents and high swell, as well as frequent cyclones in the 

summer seasons. The physical oceanography is dominated by the largely southward-flowing 

oligotrophic Leeuwin Current, but localised upwelling can occur in winter months due to the wind-

driven, northward-flowing Ningaloo Current (Hanson and McKinnon 2009). Four specific areas were 

targeted for acoustic work: (1) Helby Banks (17.9 km2), (2) Tantabiddi (15.1 km2), (3) Mangrove (15.3 

km2), and (4) Osprey Bay (10.6 km2).    

 

Figure 2.1 Study site locations. 
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Data Collection 

 

Topographical data was acquired using a ship-mounted Kongsberg EM2040 multibeam echosounder 

on board the CSIRO vessel RV Linnaeus in June 2015. Acoustic data was delivered in raw (*.all) and 

generic sensor format (*.gsf).  Raw data files were processed in CARIS HIPS/SIPS software to remove 

errors and create a 5 x 5 m resolution bathymetry surface for each area. Backscatter mosaics were 

produced using Fledermaus Geocoder Toolbox also at a 5 x 5 m resolution. Surfaces were exported to 

ESRI™ ArcGIS and terrain features (Table 2.1) were produced using the Spatial Analyst and Benthic 

Terrain Modeller (Wright et al. 2012) extensions. Terrain features were determined at a number of 

spatial scales to identify which may be most ecologically relevant (Tong et al. 2013). 

 

Table 2.1 Geomorphological and environmental features used to produce maps.  All calculated at 5 m resolution. 

Variable Description 

Depth Processed in CARIS HIPS/SIPS 

Mean (Depth) ArcGIS Focal Statistics: Rectangle. 3, 5, 10 and 25 cell radii 

Range (Depth) ArcGIS Focal Statistics: Rectangle. 3, 5, 10 and 25 cell radii 

St. Dev (Depth) ArcGIS Focal Statistics: Rectangle. 3, 5, 10 and 25 cell radii 

Slope ArcGIS Spatial Analyst 

Curvature ArcGIS Spatial Analyst 

Eastness ArcGIS Spatial Analyst: Sine transform Aspect 

Northness ArcGIS Spatial Analyst: Cosine transform Aspect 

Hypsometric Index ArcGIS Spatial Analyst: Mean (Depth) subtract Depth, 3, 5, 10 and 25 cell radii 

Rugosity ArcGIS Benthic Terrain Modeller (BTM) 

Bathymetric Position Index BTM: Standardised; inner radius = 5; outer radii = 10, 15, 25, 50, 100, and 250  

Backscatter Processed in Fledermaus Geocoder Toolbox 

 

Towed-video data for ground-truthing was collected using a Hitachi HV D30 camera. A total of 34 

video tows were completed in June 2015 and August 2016 covering a total of 38 km. Vessel speed was 

maintained at < 1 knot where possible and the position was determined using a Sonardyne Ranger 2 

Ultra Short Base Line (USBL) positioning system linked to the GPS of the vessel. Video transects were 

positioned randomly across the range of acoustic signatures. 

 

Substratum was classified using the abiotic components of the Collaborative and Automated Tools for 

Analysis of Marine Imagery (CATAMI) scheme, a hierarchical system that aims to standardise 

underwater imagery analysis (Althaus et al. 2015). Video tows were segmented according to the 

underlying substrate, and each segment was assigned a class at each CATAMI hierarchical level (Table 

2.2). Video segments were then converted to points, every 2 m, in ArcGIS. The numbers of 

points/frames in which each substrate type was present is shown in (Table 2.3). At CATAMI Level 3, 

if there was more than one substrate class present, e.g. rock with a sandy veneer or sand with gravel, 

then a new mosaic category was noted and these examples were labelled “Rock AND Sand” and “Sand 
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AND Gravel”, respectively. High relief rock is defined as rock with a height of > 3 m relative to the 

surroundings, including larger reef mounds and walls. 

 

Table 2.2 Substratum classification levels derived from the CATAMI classification scheme. 

Level 1 Level 2 Level 3 

Substrate: Consolidated (Hard) 

Cobbles 
Cobbles 

Cobbles AND Sand 

Rock 

Rock (High relief) 

Rock 

Rock AND Sand 

Substrate: Unconsolidated (Soft) 

Sand 

Sand 

Sand AND Gravel (2 - 10 mm) 

Sand AND Pebbles (10 - 64 mm) 

Pebble / Gravel 

Biogenic: Rhodoliths 

Biogenic: Rhodoliths AND Sand 

Gravel (2 - 10 mm) 

Pebbles (10 - 64 mm) 

 

Table 2.3 Occurrence of each substratum category in towed video footage (number of frames). 

CATAMI Level Substrate Type Helby Banks Tantabiddi Mangrove Osprey Bay Total 

1 
Substrate: Consolidated (Hard) 2271 766 847 1186 5070 

Substrate: Unconsolidated (Soft) 2302 3155 1215 249 6921 

2 

Cobbles 643 59 84 248 1034 

Rock 1628 707 763 938 4036 

Sand  1260 2575 1086 203 5124 

Pebble / Gravel 1042 580 129 46 1797 

3 

Cobbles 68  22 38 128 

Cobbles AND Sand 216 48   264 

Rock (High relief) 359 11 62  432 

Rock 737 160 158 778 1833 

Rock AND Sand 750 311 482 14 1557 

Sand 627 1954 846 3 3430 

Sand AND Gravel (2 - 10 mm) 342 422 115 184 1063 

Sand AND Pebbles (10 - 64 mm) 530 259 254 16 1059 

Biogenic: Rhodoliths   210 210 

Biogenic: Rhodoliths AND Sand 769   46 815 

Gravel (2 - 10 mm) 34 291   325 

Pebbles (10 - 64 mm) 229     229 

 

Spatial autocorrelation was not able to be accounted for prior to the collection of ground-truth data. 

Spatial independence is a common issue with sampling in the marine environment, where training and 

validation data are unlikely to be spatially independent (Diesing et al. 2016). Additionally, particularly 
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when compared to terrestrial methods, restrictions in terms of budget and practical constraints mean 

smaller samples sizes collected across smaller areas are common, which can have effects on accuracy 

(Foody 2002). Effects of spatial autocorrelation on model construction and validation can, however, be 

limited (Holmes et al. 2008; Hovey et al. 2012). As all classifiers in this work will be artificially affected 

in a similar way it was felt that rather than deplete the ground-truth dataset (and lose some substratum 

types due to a reduction of effort) to maintain the ground truth datasets. This provides a greater amount 

of training information for the models. As a result, the accuracy of the maps will likely be inflated 

(Foody 2002), however, all classifiers will experience this effect. 

 

Machine Learning Classification Methods 

 

Numerous classification methods have been used in benthic habitat mapping, with varying success.  

This study investigated three classifiers: (1) Classification Trees, (2) Random Forest, and (3) Naïve 

Bayes. While the performance of classifiers will differ between data sets, these three have been observed 

to perform well in similar studies when compared to additional classifiers (Stephens and Diesing 2014; 

Diesing and Stephens 2015), and are commonly used. For all model types, a random selection of 25% 

of the ground-truth data was withheld as a validation dataset to test model performance. A total of ten 

iterations was completed for each method. 

 

Classification Trees (CT) split data into similar groups, based on the value of the predictor features.  

The algorithm selects the best feature to split the data at each node, to form more homogenous groups; 

recursive partitioning then occurs until the maximum deviance is reached (Breiman et al. 1984). 

Homogeneity is measured at each node using the Gini impurity criterion, which is used to assess 

variable importance. Trees are then “pruned” using cross-validation techniques, to avoid overfitting of 

the training dataset.  CTs were built using the R package tree (Ripley 2016). Pfair was used to identify 

the probability threshold for presence/absence when producing the CT maps, as this balances the 

number of false positive and false negative predictions. 

 

The Random Forest (RF) algorithm (Breiman 2001) combines the results of a large number of simple 

classification trees. Each tree is constructed using a random bootstrapped sample of the training data, 

which are then split by a random subset of the predictor features (Liaw and Wiener 2002). This differs 

from CTs, which choose the best features to split the data at each node. Many diverse trees are 

constructed, since most are not stable due to the random variation in the samples and features selected. 

Final predictions are then made based on majority voting of the individual trees, where overall, on 

average, many unstable trees will produce the correct result (Strobl et al. 2008). The error is determined 

by aggregating the “out-of-bag” (OOB) predictions of the data not in the bootstrapped sample in each 
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iteration. These OOB samples are also used to assess feature importance. The R package randomForest 

was used (Liaw and Wiener 2002) to apply the algorithm. 

 

The Naïve Bayes (NB) classifier uses Bayes’ rule to determine class probability (John and Langley 

1995). The classifier assumes independence of each input feature and is parametric, so assumes that 

features follow a Gaussian distribution. NB is computationally easy to determine as it does not require 

tuning or training (Diesing and Stephens 2015).  The e1071 R package (Meyer et al. 2017) was used to 

implement the NB classifier. 

 

The Boruta algorithm was used to identify relevant input features to produce the models (Kursa and 

Rudnicki 2010). All bathymetric features were identified as significant by this algorithm and were all, 

therefore, initially included in the models. Correlation between variables was not used to automatically 

remove them as machine learning methods, and RF in particular, can account for this (Li et al. 2016).  

Additionally, the effect of different scales of the same feature on model performance was of interest.  

However, features were subsequently removed from the models via pruning (for CTs), or by removing 

features based on the predictor importance scores (for RF), until no reductions in classification accuracy 

was observed.   

 

Model Validation 

 

The overall performance of classifiers was determined using the Balanced Error Rate (BER), overall 

accuracy, and the Kappa coefficient of agreement. The BER accounts for imbalances of class 

frequencies in the training dataset, as it calculates the average of wrong classifications that occur in 

each class (Luts et al. 2010; Diesing and Stephens 2015). This means the BER statistic will penalise a 

model more heavily if it fails to accurately predict rare classes (Diesing and Stephens 2015). Overall 

accuracy is the proportion of correctly allocated classes. Cohen’s Kappa statistic determines the 

agreement between the reference and map classifiers after chance is removed (Cohen 1960; Czaplewski 

1994). Kappa values range to a maximum of 1.0, indicating perfect agreement (Cohen 1960) and values 

> 0.6 are considered good (Czaplewski 1994). Kappa, BER, and total accuracy values were compared 

between models, using Monte-Carlo type resampling to obtain p-values and test for significant 

differences (McKenzie et al. 1996) using 10,000 permutations.  

 

To assess the performance of the best classifier for individual habitat type, receiver-operator 

characteristics (ROC) analysis was undertaken, as well as calculating Kappa and user and producer 

accuracy values. ROC graphs plot the true positive rate against the false positive rate, where the line y 

= x represents randomly guessing a class (Fawcett 2006). The ROC Plotting and AUC Calculation 

Transferability Test software package (Schröder 2004) was used to calculate the ‘area-under-the-curve’ 
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(AUC) values, ranging from 0.5 (no predictive value) to 1.0 (perfect agreement) from the ROC graphs, 

as well as model sensitivity (true positive rate) and specificity (false positive rate). User accuracy, the 

proportion of correctly assigned cells within a certain class, and producer accuracy, the proportion of 

each class that was classified correctly, were also determined for each substratum type. 

 

Model Ensemble 

 

Since all models are some form of prediction only, it can be useful to combine multiple models to 

improve accuracy. A model ensemble based on a majority voting system was created. Simple methods 

for combining models can assist when assessing class uncertainty, reducing any additional variation 

into the outputs (Foody et al. 2007; Du et al. 2012). Each classifier (RF, CT, and NB) was assigned one 

vote for each point. Substratum was then classified based on a majority ruling, where any two or all of 

the classifiers agree. In the case of a tie, where no classifiers agree and the result is one vote each, 

substratum was classified based upon the vote of the best performing classifier (in terms of overall 

accuracy, BER, Kappa, and AUC) for that area and CATAMI classification level.   

 

Results 
 

Model Comparison 
 

The Random Forest (RF) classifier performed consistently better across all areas and CATAMI 

classification levels (Table 2.4). RF also maintained a high accuracy at higher CATAMI levels, whereas 

Classification Trees (CT) show a consistent drop in accuracy at Levels 2 and 3. The Naïve Bayes (NB) 

classifier did not perform as well as other classifiers across all classification levels and areas. Significant 

differences were observed for Kappa (F = 124.38, p < 0.001) and BER (F = 28.54, p < 0.001) values by 

model type (10,000 Random Permutations, one-way ANOVA) but only for BER values (F = 3.43, p = 

0.0482), and not Kappa values (F = 0.699, p = 0.5061), by CATAMI classification level. 

 

Inter-model agreement varied substantially by site and CATAMI level (Table 2.5). In general, the RF 

and CT models showed a high degree of agreement (> 80%) in all comparisons across areas and 

CATAMI levels. The NB classifier showed good agreement with others, but only at CATAMI level 1, 

with a large decline in agreement thereafter. Overall, all three classifiers agreed in 77.0% of cases in 

the test data at CATAMI level 1, 43.1% at level 2, and 25.9% at level 3. 
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Table 2.4 Overall accuracy, Kappa value, and Balanced Error Rate (BER) for each classifier for each site and 

CATAMI level. 

Site CATAMI Level Classifier 
Overall 

Accuracy 
Kappa BER 

Helby Banks 

1 

Classification Tree 0.91 0.82 0.09 

Naïve Bayes 0.74 0.47 0.27 

RandomForest 0.99 0.99 0.01 

2 

Classification Tree 0.77 0.69 0.26 

Naïve Bayes 0.48 0.31 0.51 

RandomForest 0.99 0.98 0.01 

3 

Classification Tree 0.63 0.57 0.56 

Naïve Bayes 0.23 0.16 0.69 

RandomForest 0.98 0.98 0.02 

Mangrove 

1 

Classification Tree 0.95 0.91 0.05 

Naïve Bayes 0.74 0.43 0.30 

RandomForest 0.99 0.99 0.00 

2 

Classification Tree 0.88 0.80 0.19 

Naïve Bayes 0.64 0.44 0.32 

RandomForest 0.99 0.99 0.00 

3 

Classification Tree 0.85 0.80 0.34 

Naïve Bayes 0.41 0.32 0.50 

RandomForest 0.99 0.99 0.01 

Osprey Bay 

1 

Classification Tree 0.94 0.87 0.06 

Naïve Bayes 0.75 0.46 0.26 

RandomForest 0.99 0.99 0.01 

2 

Classification Tree 0.89 0.79 0.34 

Naïve Bayes 0.57 0.29 0.47 

RandomForest 0.99 0.99 0.00 

3 

Classification Tree 0.83 0.71 0.34 

Naïve Bayes 0.55 0.38 0.27 

RandomForest 0.99 0.98 0.04 

Tantabiddi 

1 

Classification Tree 0.94 0.81 0.12 

Naïve Bayes 0.88 0.58 0.24 

RandomForest 0.99 0.97 0.02 

2 

Classification Tree 0.85 0.72 0.28 

Naïve Bayes 0.25 0.11 0.41 

RandomForest 0.99 0.98 0.05 

3 

Classification Tree 0.77 0.67 0.44 

Naïve Bayes 0.19 0.12 0.63 

RandomForest 0.99 0.98 0.03 
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Table 2.5 Inter-model agreement (percentage) based on the test dataset.  Values > 0.8 in bold. 

  
Level 1 Level 2 Level 3 

  
All RF / CT CT / NB RF / NB All RF / CT CT / NB RF / NB All RF / CT CT / NB RF / NB 

Helby Banks 0.74 0.92 0.81 0.75 0.44 0.86 0.60 0.49 0.20 0.85 0.48 0.23 

Tantabiddi 0.83 0.93 0.85 0.88 0.25 0.83 0.32 0.26 0.16 0.90 0.23 0.19 

Mangrove 0.82 0.95 0.71 0.73 0.61 0.91 0.70 0.66 0.39 0.93 0.45 0.41 

Osprey Bay 0.82 0.99 0.82 0.83 0.63 0.94 0.71 0.66 0.52 0.84 0.67 0.56 

 

Overall, the RF classifier performed best with consistently high accuracy observed across all CATAMI 

classification levels (Figure 2.2). No significant differences were apparent for RF BER values across 

each CATAMI classification level (ANOVA, 10,000 random permutations, F = 3.43, p = 0.0761), 

although they were observed for Kappa values (F = 4.74, p = 0.0437). Kappa values were lowest at 

CATAMI level 3, except for at Tantabiddi where values were lowest at CATAMI level 1,, although 

these values are still high, indicative of excellent performance. 

 

 

Figure 2.2 Comparison of accuracy statistics of Random Forest models (bars show mean values calculated across 

each of the areas ± standard deviation) 

 

Variables with wide radii appear to be particularly useful for predicting substrate types in this study 

(Table 2.6), and were consistently important across all CATAMI levels.  Finer scale variables appeared 

to be less influential with finer scale BPI measurements omitted from models entirely. Additionally, 

backscatter was commonly identified to be an important variable, particularly at CATAMI Level 1, 

differentiation between hard and soft substratum. Variable importance for CT classifiers are presented 

in Supplementary Information (Table S2.9).  

 

  



Mapping benthic substratum 

39 

 

Table 2.6 Variable importance (measured as mean decrease in accuracy) of Random Forest model outputs at each 

CATAMI level.  The 5 most influential variables are in bold for each model. Bold variables ranked in the 5 most 

influential variables for 50% or more models. 

  Helby Banks Tantabiddi Mangrove Osprey Bay 

  1 2 3 1 2 3 1 2 3 1 2 3 

Backscatter 92.1 58.6 60.2 93.7 59.1 22.4 61.7 34.0 52.6 18.4 10.3 23.4 

BPI Broad (100 m Outer Radius)    53.4  42.3 29.6   35.8 57.5 38.6 23.7 31.2 

BPI Broad (250 m Outer Radius)   82.1 81.4 67.2 64.0 40.8 80.5 65.0 91.2 47.8 48.7 38.7 

BPI Broad (50 m Outer Radius)      52.3     26.8   65.0  48.8 

Curvature   34.3 24.8               

Depth 61.9 45.7 66.1 61.6 53.2 28.9   46.0 52.8 34.6 36.2 27.7 

Eastness 62.1 36.7 23.7     47.0       15.6 

Hypsometric Index (10 cell Radius) 75.5 49.9 43.3 65.9 41.9 20.1 60.0 24.8 39.3   16.9 21.2 

Hypsometric Index (25 cell Radius) 87.7 60.7 57.3 71.9 51.4 26.4 99.3 37.0 69.0 44.1 40.9 27.3 

Hypsometric Index (3 cell Radius)   32.9 26.0                   

Hypsometric Index (5 cell Radius)   37.2 30.6        31.3      

Mean (3 cell Radius) 60.8 48.6 66.4 61.8 53.8 27.4   44.0 53.3 37.3 35.9 28.8 

Mean (5 cell Radius) 63.6 49.2 64.5 62.9 50.7 27.5 65.6 48.9 60.7 35.5 34.3 29.5 

Mean (10 cell Radius) 70.7 53.6 66.1 64.3 53.6 29.2 64.3 46.4 64.7 36.3 36.0 30.5 

Mean (25 cell Radius) 86.0 55.3 66.5 66.0 59.9 26.4   43.4 59.6 40.0 41.2 41.7 

Northness 63.6 34.2 20.9                   

Plan Curvature 59.4 34.2 26.9                 11.1 

Profile Curvature 60.7 35.6 28.5               

Range (5 cell Radius) 91.0   57.4 36.3   50.0  50.6 45.0 39.7 17.8 

Range (10 cell Radius)    52.7 64.3 51.2 33.3 65.0 33.9   39.5 35.5 37.8 

Range (25 cell Radius) 95.8 73.8 60.5 75.4 87.0 30.5   47.5 65.8 45.2 33.9 32.8 

Rugosity     47.8       67.5 37.1     27.9 22.0 

Slope    40.4  30.6   69.2 26.8      19.7 

Standard Deviation (3 cell Radius)   49.3     30.7     27.5       23.6 

Standard Deviation (5 cell Radius)       64.8 37.3 28.4   29.2     35.9 19.8 

Standard Deviation (10 cell Radius)     56.1 64.3 49.8 23.4       42.2 36.3 54.0 

Standard Deviation (25 cell Radius) 78.2 47.5 67.5 76.9 57.7 28.0 65.2 45.7 63.3 54.0 31.4 47.2 

 

Model Ensemble and Map Production 
 

The high accuracy of the RF classifier meant that it was given priority in the model ensemble when all 

three classifiers failed to agree. Overall performance was again excellent across all CATAMI 

classification levels (Figure 2.3); however, both BER (F = 14.66, p = 0.0023) and Kappa (F = 36.03, p 

= 0.0005) values were significantly lower than those obtained from the single RF classifier (ANOVA, 

10,000 random permutations).   
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Figure 2.3 Comparison of accuracy statistics of model ensemble (bars show mean values calculated across each 

of the areas ± standard deviation). 

 

Model accuracy for each substrate type was high (Table 2.7). Area-under-the-curve (AUC) values for 

both the ensemble and RF were all above 0.8, indicating excellent performance, with most above 0.9.  

Producer and user accuracy and Kappa values were also consistently high. AUC values were 

significantly lower for the model ensemble than the single RF classifier (ANOVA, F = 41.66, p < 0.001).  

No significant differences in AUC values were observed across CATAMI Levels and substratum types, 

showing no specific substratum types were more poorly predicted than others. Two-way analysis of 

variance identified that AUC values were significantly different between model type (F = 48.16, p < 

0.001) and area (F = 3.744, p = 0.013) with a significant interaction effect (F = 4.292, p = 0.007). Pair-

wise comparisons identified that values were significantly higher for Mangrove than Helby Banks (p = 

0.0071), but all other interactions were non-significant. 
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Table 2.7 Predictive performance of the Random Forest classifier and model ensemble per site for each substratum 

type at all CATAMI levels. 

Area 
CATAMI 

Level 
Substrate Type 

Random Forest Model Ensemble 

AUC 
Producer 

Accuracy 

User 

Accuracy 
Kappa AUC 

Producer 

Accuracy 

User 

Accuracy 
Kappa 

Helby Banks 

1 
Substrate: Consolidated (Hard) 0.995 0.991 0.998 0.990 0.940 0.919 0.960 0.879 

Substrate: Unconsolidated (Soft) 0.995 0.998 0.991 0.990 0.940 0.961 0.920 0.879 

2 

Cobbles 0.984 0.963 0.975 0.966 0.905 0.753 0.856 0.765 

Rock 0.990 0.985 0.987 0.979 0.920 0.912 0.886 0.846 

Pebbles / Gravel 0.995 0.992 0.992 0.990 0.972 0.928 0.966 0.930 

Sand 0.995 1.000 0.991 0.994 0.938 0.957 0.891 0.894 

3 

Cobbles AND Sand 0.991 0.966 0.986 0.973 0.869 0.887 0.753 0.789 

Rock 0.961 1.000 1.000 0.958 0.876 0.707 0.763 0.725 

Rock AND Sand 0.983 0.988 1.000 0.971 0.961 0.932 0.937 0.921 

Rhodoliths AND Sand 1.000 0.992 0.963 1.000 0.913 0.976 0.830 0.878 

Sand 0.997 1.000 1.000 0.996 0.978 1.000 0.957 0.974 

Gravel 1.000 0.949 0.988 1.000 0.949 0.455 0.909 0.601 

Sand AND Gravel 1.000 1.000 0.921 0.994 0.973 0.716 0.976 0.810 

Sand AND Pebbles 0.981 0.984 0.968 0.975 0.892 0.908 0.794 0.828 

Cobbles 1.000 1.000 1.000 1.000 0.916 0.293 0.857 0.426 

Rock (High Relief) 0.989 1.000 0.994 0.962 0.933 0.877 0.888 0.862 

Tantabiddi 

1 
Substrate: Consolidated (Hard) 0.982 0.992 0.995 0.967 0.937 0.975 0.980 0.882 

Substrate: Unconsolidated (Soft) 0.982 0.979 0.968 0.967 0.937 0.914 0.895 0.882 

2 

Cobbles 0.929 1.000 0.867 0.922 0.963 0.824 0.933 0.865 

Rock 0.982 0.966 0.971 0.962 0.958 0.887 0.943 0.895 

Pebbles / Gravel 0.993 1.000 0.986 0.992 0.965 0.749 0.986 0.822 

Sand 0.989 0.991 0.995 0.979 0.931 0.981 0.895 0.826 

3 

Cobbles AND Sand 0.929 1.000 0.867 0.922 0.999 0.938 1.000 0.965 

Rock 0.991 1.000 0.975 0.990 0.962 0.929 0.929 0.924 

Rock AND Sand 0.971 1.000 0.991 0.943 0.942 0.883 0.895 0.880 

Sand 0.994 0.945 1.000 0.988 0.965 0.979 0.951 0.931 

Gravel 0.987 0.982 0.966 0.986 0.991 0.951 0.987 0.966 

Sand AND Gravel 0.996 1.000 1.000 0.995 0.991 0.991 0.983 0.985 

Pebbles 0.998 1.000 0.982 0.970 0.980 0.980 0.962 0.969 

Sand AND Pebbles 0.982 0.947 0.947 0.972 0.964 0.947 0.931 0.935 

Reef (High Relief) 1.000 0.990 0.998 1.000 0.994 0.782 1.000 0.871 

Mangrove 

1 
Substrate: Consolidated (Hard) 0.997 1.000 0.993 0.992 0.941 0.931 0.976 0.889 

Substrate: Unconsolidated (Soft) 0.997 0.991 1.000 0.992 0.941 0.967 0.907 0.889 

2 

Cobbles 0.999 0.952 1.000 0.973 0.998 0.909 1.000 0.948 

Rock 0.996 0.995 0.995 0.992 0.972 0.990 0.951 0.951 

Pebbles / Gravel 1.000 1.000 1.000 1.000 0.985 0.972 0.972 0.970 

Sand 0.998 1.000 0.996 0.996 0.981 0.969 0.992 0.961 

3 

Cobbles AND Sand 1.000 1.000 1.000 1.000 0.933 1.000 0.875 0.927 

Rock 0.982 1.000 1.000 0.981 0.973 0.750 0.964 0.834 

Rock AND Sand 0.999 1.000 0.986 0.995 0.967 0.967 0.944 0.941 

Sand 0.997 0.667 1.000 0.996 0.992 0.990 0.990 0.984 

Sand AND Gravel 1.000 0.963 0.963 1.000 0.998 0.917 1.000 0.955 

Sand AND Pebbles 0.993 1.000 0.964 0.992 0.950 0.985 0.901 0.932 

Cobbles 0.998 0.992 1.000 0.798 0.999 0.800 1.000 0.888 

Reef (High Relief) 0.979 1.000 0.995 0.959 0.969 0.944 0.944 0.938 

Osprey Bay 1 
Substrate: Consolidated (Hard) 0.994 0.992 0.992 0.988 0.952 0.957 0.925 0.912 

Substrate: Unconsolidated (Soft) 0.994 0.996 0.996 0.988 0.952 0.963 0.979 0.912 
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2 

Cobbles 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Rock 0.994 0.996 0.996 0.988 0.923 0.940 0.957 0.853 

Pebbles / Gravel 0.991 0.986 0.986 0.983 0.875 0.864 0.781 0.777 

Sand 1.000 1.000 1.000 1.000 0.995 0.940 1.000 0.964 

3 

Rock 0.983 0.976 1.000 0.982 0.895 0.889 0.800 0.829 

Rock AND Sand 0.875 1.000 0.750 0.856 0.875 1.000 0.750 0.856 

Rhodoliths 0.988 1.000 1.000 0.977 0.969 0.725 1.000 0.810 

Rhodoliths AND Sand 1.000 0.990 0.995 1.000 0.996 0.786 1.000 0.876 

Sand AND Gravel 0.998 1.000 0.967 0.986 0.960 0.974 0.925 0.941 

Sand AND Pebbles 1.000 1.000 0.750 1.000 0.999 0.750 1.000 0.856 

Cobbles 1.000 0.980 0.980 1.000 0.996 0.824 1.000 0.899 

Reef (High Relief) 0.991 1.000 1.000 0.983 0.923 0.973 0.879 0.831 

 

Final Maps 

 

Final maps of each area were produced for each CATAMI level using the single RF classifier (Figures 

2.4 – 2.7, see Supplementary Information Figures S2.9 – 2.12 for ensemble maps). Agreement of all 

classifiers (>75 %) is observed at CATAMI Level 1 for all sites. However, total agreement declines by 

CATAMI Level 3, particularly for the Helby Banks (19.3 %) and Tantabiddi (24.9 %) areas (Figure 

2.8).   
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Figure 2.4 Random forest substratum maps of the Helby Banks area at each CATAMI level. 
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Figure 2.5 Random forest substratum maps of the Tantabiddi area at each CATAMI level. 
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Figure 2.6 Random forest substratum maps of the Mangrove area at each CATAMI level. 
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Figure 2.7 Random forest substratum maps of the Osprey Bay area at each CATAMI level. 
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Figure 2.8 Confidence maps per area identifying model agreement at each CATAMI level.  Green = all classifiers 

agree, Orange = two classifiers agree, Red = no classifiers agree. 
 

Acoustic artefacts appear to exist in some areas, such as the rocky patches in the western areas of Helby 

Banks. However, the extremity appears smaller in the detailed level 3 maps, where rock may be more 

exposed and surrounded by coarser sediments. Helby Banks consists of a large amount of submerged 

high relief rock (Table 2.8) present between 20 – 36 m, shifting to rhodolith and sand dominated 

substrata down the slope with further exposed rock in deeper areas (45 m).  Pebbles, sand and gravel 

dominate the Tantabiddi area, with an abrupt reef slope (to 30 m) reducing the amount of high relief 

rock in deeper water. Mangrove has large expanses of sand, with areas of gravel around the base of the 

reef slope. Osprey Bay also has large areas of submerged reef, with rhodolith beds and gravel occurring 

between the rocky areas.  Differences in predicted strata area between the ensemble and the RF classifier 

are small, with only 15% of predictions showing ≥ 0.5 km2 of difference between the two classification 

methods.  
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Table 2.8 Area (km2) of each substratum type per site. 

Site 
CATAMI 

Level 
Habitat Type 

Area (km2) 

Model Ensemble 

Area (km2)  

RF Model 

Difference 

(km2) 

Helby Banks 

1 
Substrate Unconsolidated (Soft) 10.8 10.9 -0.1 

Substrate Consolidated (Hard) 7.2 7.0 0.2 

2 

Cobbles 3.1 2.9 0.2 

Rock 3.8 4.3 -0.5 

Pebbles / Gravel 6.5 6.0 0.5 

Sand 4.5 4.7 -0.2 

3 

Cobbles AND Sand 3.1 2.8 0.3 

Gravel 0.1 0.0 0.1 

Sand AND Gravel 2.0 1.6 0.4 

Sand AND Pebbles 2.3 2.6 -0.3 

Cobbles 0.3 0.1 0.2 

Rock (High Relief) 2.6 2.9 -0.3 

Rock 0.1 0.1 0.0 

Rock AND Sand 1.1 1.0 0.1 

Rhodoliths AND Sand 4.8 5.1 -0.3 

Sand 1.7 1.8 -0.1 

Tantabiddi 

1 
Substrate Unconsolidated (Soft) 12.8 12.9 -0.1 

Substrate Consolidated (Hard) 2.2 2.1 0.1 

2 

Cobbles 0.3 0.2 0.1 

Rock 2.0 1.8 0.2 

Pebbles / Gravel 5.3 4.8 0.5 

Sand 7.6 8.3 -0.7 

3 

Cobbles AND Sand 0.3 0.2 0.1 

Gravel 3.4 3.0 0.4 

Sand AND Gravel 1.9 1.9 0.0 

Pebbles 1.2 1.2 0.0 

Sand AND Pebbles 0.5 0.5 0.0 

Rock (High Relief) 0.7 0.5 0.2 

Rock 0.9 0.9 0.0 

Rock AND Sand 0.4 0.3 0.1 

Sand 5.8 6.6 -0.8 

Mangrove 

1 
Substrate Unconsolidated (Soft) 10.6 9.9 0.7 

Substrate Consolidated (Hard) 4.6 5.3 -0.7 

2 

Cobbles 0.5 0.5 0.0 

Rock 4.4 4.9 -0.5 

Pebbles / Gravel 1.0 0.7 0.3 

Sand 9.3 9.2 0.1 

3 

Cobbles AND Sand 0.4 0.6 -0.2 

Sand AND Gravel 1.7 1.6 0.1 

Sand AND Pebbles 1.6 1.4 0.2 

Cobbles 0.1 0.1 0.0 
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Rock (High Relief) 1.5 1.4 0.1 

Rock 0.5 0.4 0.1 

Rock AND Sand 2.2 2.4 -0.2 

Sand 7.2 7.4 -0.2 

Osprey Bay 

1 
Substrate Unconsolidated (Soft) 5.7 5.3 0.4 

Substrate Consolidated (Hard) 4.9 5.3 -0.4 

2 

Cobbles 0.1 0.1 0.0 

Rock 5.6 5.9 -0.3 

Pebbles / Gravel 3.5 3.4 0.1 

Sand 1.4 1.2 0.2 

3 

Sand AND Gravel 1.2 0.9 0.3 

Sand AND Pebbles <0.1 <0.1 0.0 

Cobbles 0.1 0.1 0.0 

Rock (High Relief) 5.1 5.6 -0.5 

Rock 0.4 0.6 -0.2 

Rock AND Sand <0.1 <0.1 0.0 

Rhodoliths 3.4 2.6 0.8 

Rhodoliths AND Sand 0.4 0.8 -0.4 

 

Discussion 
 

It can be difficult to know which classifier will perform best on a dataset (Foody et al. 2007), so multiple 

classifiers should be tested in order that the most appropriate one can be selected. The three classifiers 

used in this study have shown good performance in previous benthic habitat mapping studies (e.g. 

Rattray et al. 2009; Li et al. 2011b; Che Hasan et al. 2012; Huang et al. 2012; Che Hasan et al. 2014; 

Stephens and Diesing 2014; Diesing and Stephens 2015; Li et al. 2016). Random Forest (RF) and 

Classification Trees (CT) are similar in terms of the statistical process used, which explains the 

relatively high agreement between the two. Naïve Bayes (NB), on the other hand, uses a different 

statistical process and performance was poor on this dataset.   

 

High accuracy has been achieved in previous studies using the RF classifier (Che Hasan et al. 2014; Li 

et al. 2016; Robert et al. 2016; Herkül et al. 2017) across a range of substratum and biological habitats 

using similar multibeam products. RF offers advantages in terms of determining variable importance, 

to build more simple models (Lucieer et al. 2013; Che Hasan et al. 2014), while also being relatively 

insensitive to overfitting; and it can account for interactions among predictor variables (Diaz-Uriarte 

and Alvarez de Andrés 2006; Li et al. 2011a). RF models are particularly good at modelling multi-level 

categorical data (Li et al. 2016), further supporting the performance observed in this study, even as the 

number of substratum classes increased. The accuracy of maps may have been inflated in this study as 

spatial autocorrelation in the data was not entirely removed. While the significantly higher accuracies 

produced from the RF classifier indicate better performance it may be more susceptible to elements of 
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spatial autocorrelation than other modelling methods, despite the claim that overfitting does not occur 

in this classifier. Sampling issues are common for marine habitat mapping (Diesing et al. 2016), where 

many will not meet the assumptions required for accurate accuracy assessment (Foody 2002). Maps do 

however provide a useful tool to managers and can be updated in the future as further data is collected. 

 

The CATAMI system aims to introduce a standardised classification scheme for Australia (Althaus et 

al. 2015), yet few mapping studies currently employ the scheme. To allow greater comparisons between 

areas, a consistent classification scheme is important. At the broadest level, there was high agreement 

between classifiers, suggesting that for broad studies the choice of classifier may not be hugely 

important. However, it is common that more detailed maps will be required and be of much greater use 

to managers. RF performed well across all CATAMI levels, though accuracy of the NB classifier 

declined significantly, as did CT, to a lesser extent. Some of the CATAMI level 3 categories may be 

confused, given that cobbles, pebbles, and sand veneer over reef can look similar acoustically (Rattray 

et al. 2009; Lucieer et al. 2013); however, high accuracy was maintained by the RF classifier.   

 

Multi-model ensembles are becoming more commonplace in habitat mapping since combining multiple 

classifiers can lead to better predictions (Foody et al. 2007; Diesing and Stephens 2015; Robert et al. 

2016). Different statistical approaches can result in different predictions of certain habitats, so using 

multiple classifiers can help to alleviate this to avoid over or under-predicting (Robert et al. 2016). 

However, in this study the single RF classifier obtained high accuracy across all substratum types, 

suggesting that single classifier approaches may be sufficient in some cases. Single classifiers can 

perform as well as model ensembles (Foody et al. 2007), meaning that an ensemble approach may not 

always be necessary. However, ensembles have been shown to significantly increase classification 

accuracy (Diesing and Stephens 2015; Robert et al. 2016). These results suggest that a first logical step 

would be to take a single classifier approach, which may allow for more consistency when investigating 

change in habitats over time (Robert et al. 2016). An ensemble approach can then be considered should 

higher accuracies be required, or if certain classes are poorly predicted (Du et al. 2012). This would 

allow an additional step of data analysis without the need to collect further data, which is expensive in 

the marine environment. 

 

Combining multiple classifiers that use similar statistical methods, producing similar results, will not 

improve overall accuracy (Du et al. 2012). This was a reason for assigning the NB classifier the same 

weight as the similar RF and CT classifier when producing the ensemble, despite its overall poorer 

performance. Other forms of weighted voting can be applied; however, this can unnecessarily increase 

levels of variability (Du et al. 2012). Model ensembles can be a particularly useful way to assess the 

confidence of maps, as the agreement of classifiers can be mapped, which is particularly important for 
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map users and managers (Foody et al. 2007; Diesing and Stephens 2015). This can allow for high 

confidence in results where all tested classifiers agree.  

 

Fine-scale terrain variables are important for predicting species occurrence (e.g. Hovey et al. 2012; Hill 

et al. 2014), but this study identifies the importance of calculating derivatives at multiple and, in 

particular, broader scales.  Typically a 3 x 3 kernel is used (Diesing et al. 2016), which may not always 

be appropriate. Using a range of scales across terrain variables can lead to increased model performance, 

as the optimal scales will alter depending on the substratum/habitat of interest (Wilson et al. 2007).  

Variables, such as the Bathymetric Position Index, can vary significantly at different spatial scales, and 

so it can be important to test a variety based on survey objectives (Wilson et al. 2007). Variables 

calculated at the broadest scale (25 cell radius) appeared most influential in models used to identify 

substrate types, even at the most detailed levels. Standard deviation and range were also important at 

broad scales (Table 2.6) and can be useful in determining hard substratum types due to increased 

variance in their surfaces compared to smoother sediments (Herkül et al. 2017) which may be more 

pronounced at broader scales. Backscatter was also influential across a number of models, indicated by 

high variable importance scores, particularly for CATAMI level 1 habitats. This is to be expected as 

backscatter is a measure of reflectance and is particularly important when differentiating between hard 

and soft substratum types (Brown and Collier 2008; Huang et al. 2012). Overall, it appears that 

calculating common derivatives at a number of scales can increase model performance. 

 

Most areas show a similar pattern of a steep reef slope, transitioning into an area of cobbles/pebbles at 

the base, and then into wider sediment fields consisting of sand, gravel and rhodoliths. Rocky ridges 

can be exposed in deeper areas where the sediment veneer thins, particularly in Helby Banks, as has 

been previously described further south in the Ningaloo region (Nichol and Brooke 2011; Huang et al. 

2013). Dense filter feeder aggregations have been observed on the deeper water ridges (Nichol and 

Brooke 2011; Schönberg and Fromont 2011), so identifying the underlying substratum in these areas is 

an important factor in the conservation of these biodiversity hotspots. Geomorphic features can 

correspond to specific biological assemblages in deeper waters (Anderson et al. 2011; Hill et al. 2014), 

highlighting the importance of substratum as a predictor. Sediment type can influence the biological 

community structure, as the grain size and the chemical composition of sediments are associated with 

different biological communities (Weinstein et al. 2015). Other geomorphological variables, such as 

slope and rugosity, are linked to the presence of deeper water reef biological communities (Ierodiaconou 

et al. 2007; Bridge et al. 2010; Locker et al. 2010; Linklater et al. 2016). Accurately mapping substratum 

and benthic features is therefore crucial to inform the appropriate management of areas for conservation 

purposes, as well as to enable researchers to answer more detailed ecological questions about the 

biology.  
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Conclusions 
 

Predictive models provide a useful tool to develop benthic habitat maps, particularly in inaccessible, 

deep-water habitats for which data is often limited and expensive to collect. Single classifier 

performance was not consistent across all those tested, showing the extent to which results can differ. 

High accuracy was obtained using a single classifier, Random Forest, and this accuracy was maintained 

across a range of classification levels of substratum types. Ensembles may therefore not always be 

required, but could be viewed as a next step if single classifier performance is poor without the need to 

collect additional data. Additionally, they do have merit in assessing overall confidence as agreement 

on the classification between multiple classifiers could be associated with high confidence. Mapping 

the spatial distributions of substratum will assist managers in identifying areas for protection, 

highlighting the value of habitat mapping techniques in conservation. Managers should however be 

aware of the effects of changing the methods used to produce maps where a single classifier may allow 

a more consistent approach to compare data across years. 
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Supplementary Information 
 

Table S2.9 Contribution of predictor features for the classification tree substrate models as percentage of 

explained deviance. 

 

  Helby Banks Tantabiddi Mangrove Osprey Bay 

  1 2 3 1 2 3 1 2 3 1 2 3 

Backscatter 3.60 0.90  4.66 23.64 1.81       

BPI Broad (100 cell Outer Radius) 1.28  1.50   0.61  27.07 9.34 2.59 0.55  

BPI Broad (250 cell Outer Radius) 5.18 3.32 3.64 23.80 14.33 47.51 20.33 2.26 18.33  29.57 5.35 

BPI Broad (50 cell Outer Radius) 8.65 8.23  3.04 6.61  1.38   17.77 8.92 17.10 

BPI Fine (25 cell Outer Radius)  3.32 1.11     2.36    

Curvature          0.51   

Depth 13.29 41.51           

Hypsometric Index (25 cell Radius)      10.78    0.81  

Mean (3 cell Radius)    27.37 1.20 16.70    8.77 2.72 7.38 

Mean (5 cell Radius)   4.06    43.33 43.69 55.17   4.23 

Mean (10 cell Radius)  4.35 44.94 26.59 0.63 3.80  12.80   14.95  

Mean (25 cell Radius) 27.89 13.96 21.13 3.92 9.51 0.94     2.14 7.38 

Range (5 cell Radius) 36.29 20.29 19.93       9.67   

Range (10 cell Radius)    1.00    3.34     

Range (25 cell Radius) 3.83 7.45 0.78 0.61 41.29 21.57  2.04   3.26 39.14 

Rugosity       18.72  1.34    

Slope          0.95   

Standard Deviation (3 cell Radius)       1.01     

Standard Deviation (5 cell Radius)   7.89   1.88  6.73    

Standard Deviation (10 cell Radius)     4.60  3.44 0.86 34.96 27.42  

Standard Deviation (25 cell Radius)  0.70  2.80 2.47 3.58 4.34 5.88 24.78 9.65 19.43 
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Figure S2.9 Model ensemble substratum maps for Helby Banks area at each CATAMI level. 
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Figure S2.10 Model ensemble substratum maps for Tantabiddi area at each CATAMI level. 
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Figure S2.11 Model ensemble substratum maps for Mangrove area at each CATAMI level. 
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Figure S2.12 Model ensemble substratum maps for Osprey Bay area at each CATAMI level. 
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CHAPTER THREE:  AUV-BASED CLASSIFICATION OF BENTHIC 

COMMUNITIES OF THE NINGALOO SHELF AND MESOPHOTIC 

AREAS 
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Abstract 

 

Despite a growing understanding of the importance of mesophotic ecosystems, they remain relatively 

unexplored globally, and particularly in the Indian Ocean. The composition of benthic communities of 

the Ningaloo Marine Park in deeper water (> 20 m) was determined using Autonomous Underwater 

Vehicles (AUVs). Environmental variables collected by the AUVs, as well as geomorphological 

variables derived from high-resolution multibeam bathymetry, were used to explain the distribution of 

these communities. Imagery was classified for benthic biota and non-hierarchical k-means clustering 

was used to identify community groups. Overall 12 community groups were identified, which fell into 

three broad categories; (1) Coral dominated, (2) Crustose Coralline Algae (CCA) dominated; and (3) 

Macroalgae and filter feeder dominated. Specific deeper water communities (> 50 m) were 

characterised by the presence of sponges or other non-photosynthetic filter-feeders. Corals were 

confined to depths < 40 m and cover was high (29-40%). Generalised additive models identified the 

importance of substrate (cover of sand, rock, and gravel / pebbles), geomorphological variables (slope 

and bathymetric position index), and temperature in the distribution of communities.   
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Introduction 
 

Marine benthic communities face continual and increasing threats from anthropogenic drivers, 

including, but not limited to, climate change and fishing activities (e.g. Hiddink et al. 2017; Hughes et 

al. 2017). It is important to identify the biodiversity present in any given region so as to implement 

effective management practices to safeguard against these threats. Current research globally has focused 

on shallow-water hard bottom areas (< 20 m), particularly for coral reef communities (Bak et al. 2005; 

Bridge et al. 2013a), where deeper and soft substratum areas are often neglected in terms of management 

actions. Deeper waters can harbour unique biodiversity, for example, mesophotic coral ecosystems 

(MCEs) consist of diverse biological assemblages of corals, fish and other invertebrates (Bongaerts et 

al. 2010a; Kahng et al. 2014) and dense sponge gardens can occur on sediments (Heyward et al. 2010; 

Kutti et al. 2013). These ecosystems include many endemic species, highlighting their importance in 

contributing to and maintaining global biodiversity (Heyward et al. 2010; Bridge et al. 2011b; Kane et 

al. 2014; Muir et al. 2015).   

 

MCEs are defined as tropical light dependent communities occurring from approximately 30 m to the 

limit of the photic zone (Puglise et al. 2009; Hinderstein et al. 2010). These ecosystems are perceived 

as continuations of shallow reef communities, where a diverse range of taxa have been observed (Lesser 

et al. 2009; Hinderstein et al. 2010). Although light is a primary structuring variable, there is a poor 

understanding of the role other environmental factors have in influencing spatial patterns in community 

structure and how MCEs respond to anthropogenic threats and climate change (Puglise et al. 2009; 

Kahng et al. 2014). These ecosystems are understudied in the Indian Ocean and Indo-Pacific regions 

(Turner et al. 2017), identifying a sizeable knowledge gap.   

 

In addition to hard corals, sponges contribute an important component of benthic communities and 

perform a number of important functional roles (Bell 2008). In areas where reef-building corals are 

absent, sponges (Bell et al. 2013) and other benthic invertebrates, including octocorals (Krieger and 

Wing 2002; Buhl-Mortensen and Buhl-Mortensen 2005) provide important three-dimensional structure. 

These communities are less reliant on light as a structuring factor, although depth-related patterns are 

observed (Maldonado and Young 1996; Shoham and Benayahu 2017). Temperature can affect some 

species (Maldonado and Young 1998) and is a common predictor for sponges across the Australian 

continental shelf (Huang et al. 2011). Although many benthic invertebrates settle on hard substrates, 

certain sponge communities can colonise sediments (Kutti et al. 2013). This ability allows sponges to 

take advantage of reduced competition for space (Schönberg 2015) which leads to distinct community 

types. 

 



Mesophotic benthic communities 

61 

 

Ningaloo reef is the largest fringing reef in Australia, extending 300 km along the western coast. The 

Ningaloo Marine Park covers 4566 km2 where over 55% encompasses waters > 30 m deep. However, 

most research to date has targeted the shallow areas on the reef slope, crest and back reef lagoons. The 

deeper waters consist of extensive areas of unconsolidated sediments, interspersed with dense patches 

of filter-feeding communities (Colquhoun and Heyward 2008; Heyward et al. 2010; Collins et al. 2015).  

These communities are dominated by sponges with 261 species currently identified (Heyward et al. 

2010; Schönberg and Fromont 2011). This represents approximately 10% of the predicted sponge 

species recorded for Australia (Heyward et al. 2010; Schönberg and Fromont 2011). These sponge 

habitats support distinct fish communities (Fitzpatrick et al. 2012), highlighting their importance for 

regional biodiversity. 

 

Patterns of small-scale heterogeneity, high species richness, and high endemism are common in 

Australia (Hooper and Kennedy 2002; Hooper et al. 2002; Schlacher et al. 2007; Przeslawski et al. 

2014), which is likely to be similar for Ningaloo (Schönberg and Fromont 2011). A total of 34% of the 

marine park is designated as no-take sanctuary zones (Colquhoun and Heyward 2008; Beckley and 

Lombard 2012); however, these zones do not encompass the deeper water habitats appropriately 

(Davies et al. 2016). As a result, the reserves may fail to protect the wider biodiversity of the region, 

potentially placing species at risk (Beckley and Lombard 2012). The deep reef refugia hypothesis 

(Bongaerts et al. 2010a) suggests deeper areas are sheltered from disturbances, such as increased 

temperature and cyclones. If true, deeper populations of species may be important in the recovery of 

shallower habitats following disturbance. However, this will only be true if there are substantial 

overlaps in the composition of deep and shallow communities. 

 

Autonomous Underwater Vehicles (AUV) are becoming more commonplace in marine research, and 

particularly mesophotic environments (e.g. Armstrong et al. 2008; Bridge et al. 2011a; Trembanis et al. 

2017). Advances in AUV technology have enabled data to be collected at greater spatial scales, as well 

as the survey of previously inaccessible habitats due to depth, turbidity, currents, or other hazards 

(Armstrong et al. 2008; Williams et al. 2012; Trembanis et al. 2017). Additionally, georeferencing 

capabilities allow AUVs to accurately re-survey the same areas to create reference sites for monitoring 

purposes (Williams et al. 2012; Pizarro et al. 2013). AUVs can collect thousands of images to provide 

a quantitative assessment of the benthic communities and can simultaneously collect a number of 

environmental parameters (Bewley et al. 2015; Marouchos et al. 2015). Collecting accompanying 

environmental information allows for the factors that determine the distribution of benthic communities 

to be investigated.  

 

Previous surveys of the deeper water areas of Ningaloo have broadly characterized the communities 

(Rees et al. 2004; Colquhoun and Heyward 2008; Collins et al. 2015) and specifically the diversity of 
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the sponges present (Heyward et al. 2010; Schönberg and Fromont 2011). However, little has been done 

to identify the variables, both environmental and geomorphological, that drive the spatial distribution 

of these benthic communities. Similarly, there is little data present on the coral communities on the reef 

slope beyond 10 m depth. This study aims to utilise information collected using AUV and acoustic 

technologies to answer the following questions: (1) What are the broad patterns in the benthic 

composition across the large depth gradient? (2) What major biological communities are present at these 

depths? and (3) Which geomorphological and environmental variables are involved in the distribution 

of these communities?   

 

Methods 
 

Study Area 

 

The study was conducted in the northern area of the Ningaloo Marine Park from 21.78°S to 22.34°S 

(Figure 3.1). In this area, the shallow reef crest is very narrow (~50 m) and quickly transitions into the 

fore reef slope (~ 600-900 m wide) down to 30-40 m (Collins et al. 2015). The topography then flattens 

into a wider shelf zone, characterised by sand and gravel sediments, interspersed with relict reef ridges 

to the shelf break (~10 km offshore) (Colquhoun and Heyward 2008; Collins et al. 2015; Turner et al. 

2018b). The area is exposed to strong currents and high swell, as well as frequent cyclones in the 

summer seasons. Although the physical oceanography is dominated by the largely oligotrophic 

southward flowing Leeuwin Current, localised upwelling can occur in summer months due to the wind-

driven, northward flowing Ningaloo Current (Hanson and McKinnon 2009). 

 

Figure 3.1 Map of study area and data locations. 
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Data Collection 

 

Imagery was collected using Autonomous Underwater Vehicles (AUVs). AUV Data were analysed 

from 10 missions completed in 2007, 2012, and 2017 using the Integrated Marine Observing System 

(IMOS) AUV Sirius  (Williams et al. 2012; Pizarro et al. 2013) and 12 missions completed in 2016 

using the CSIRO AUV StarBug-X (Marouchos et al. 2015), respectively. The AUVs fly at a speed of 

0.3-0.4 m s-1 at an altitude of 2 m above the seafloor and images, taken every second, cover an area of 

approximately 1.5 x 1.5 m. Both AUVs collect environmental information, including depth, 

temperature, salinity, photosynthetically active radiation (PAR), coloured dissolved organic matter 

(CDOM), chlorophyll-a, and dissolved oxygen (see Supplementary Information for details on sampling 

rates, Table S3.7).  StarBug-X missions were completed as linear transects which ranged from 386 – 

867 m in length. AUV Sirius utilised both transect and gridded mission patterns and ranged from 513 – 

6070 m in length. The StarBug-X AUV navigates using dead reckoning; however, true position was 

taken from the on-board Sonadyne Scout USBL (accurate to 2.75% of slant range, water depth to 70 

m). AUV-Sirius navigates using Doppler Velocity Log and heading and position were taken from the 

Tracklink 1500 high accuracy USBL (accurate to 0.5% slant range, water depth to 240 m). AUV transect 

lengths ranged from  

 

Images were all in colour RGB. StarBug-X imagery was recorded in 2 MP Jpeg files, AUV-Sirius 

imagery was recorded as 1.5 MP .tif files. A random sample of images from each mission was selected. 

StarBug-X images were randomly selected in R (R Core Team 2010). A random image per 20 seconds 

was selected to reduce spatial autocorrelation while obtaining spatial coverage across the entire transect 

in a random fashion. If an image was deemed to be of poor quality then a new image was selected in 

place. This resulted in the analysis of approximately 10% of the imagery per transect and as a result 

images were not overlapping. IMOS images were randomly selected through the Squidle portal 

(http://squidle.acfr.usyd.edu.au/) using an equally representative sample number. Consecutive 

frames/images were not selected to ensure they did not overlap. 

 

Bathymetric data were acquired using a ship-mounted Kongsberg EM2040 multibeam echosounder.  

Acoustic data was delivered in raw (.all) format and were processed in CARIS HIPS/SIPS software to 

remove spike noise and to create a 5 m x 5 m resolution bathymetry surface. Backscatter mosaics were 

produced using Fledermaus Geocoder Toolbox also at a 5 m x 5 m resolution. The bathymetry surface 

was exported to ESRI™ ArcMap v 10.5.1 and terrain variables (Table 3.1) were produced using spatial 

analyst and Benthic Terrain Modeller (Wright et al. 2012) extensions. AUV and bathymetric data were 

processed using a workflow (Figure 3.2) to enable a standardized process of analysis. 

 

  

http://squidle.acfr.usyd.edu.au/
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Table 3.1 Geomorphological and environmental variables used. 
 

Variable Description Resolution 
G

eo
m

o
rp

h
o

lo
g
ic

al
 

Depth Processed in CARIS HIPS/SIPS 5 m 

Mean (Depth) ArcGIS Focal Statistics: Rectangle. 3, 5, 10 and 25 cell radii 5 m 

Range (Depth) ArcGIS Focal Statistics: Rectangle. 3, 5, 10 and 25 cell radii 5 m 

St. Dev (Depth) ArcGIS Focal Statistics: Rectangle. 3, 5, 10 and 25 cell radii 5 m 

Slope ArcGIS Spatial Analyst 5 m 

Curvature ArcGIS Spatial Analyst 5 m 

Eastness ArcGIS Spatial Analyst: Sine transform Aspect 5 m 

Northness ArcGIS Spatial Analyst: Cosine transform Aspect 5 m 

Hypsometric Index ArcGIS Spatial Analyst: Mean (Depth) subtract Depth, 3, 5, 10 and 25 cell radii 5 m 

Rugosity ArcGIS Benthic Terrain Modeller (BTM) 5 m 

Bathymetric Position Index BTM: Standardised; inner radius = 5; outer radii = 10, 15, 25, 50, 100, and 250  5 m 

Backscatter Processed in Fledermaus Geocoder Toolbox 5 m 

Predicted Substratum Random Forest predicted substratum at CATAMI Level 1, 2 and 3 5 m 

Sand Percentage cover of sand in images Per image 

Pebble / Gravel Percentage cover of pebbles/gravel in images Per image 

Rock Percentage cover of rock in images Per image 

    

E
n
v

ir
o

n
m

en
ta

l 

Salinity Practical salinity of the water (PSU) Per second 

Temperature Water temperature (oC) Per second 

Sea Surface Temperature Satellite derived surface temperature (oC)  1 km 

CDOM Coloured Dissolved Organic Matter (mg m-3) Per second 

Chlorophyll Concentration of chlorophyll per unit volume of water (mg m-3) Per second 

Oxygen Dissolved oxygen (mg/L) Per second 

Saturation % saturation of Oxygen in the surrounding water Per second 

 

 

Figure 3.2 Data processing workflow of AUV and acoustically derived data. 
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Data Analysis 

 

Images were analysed using a 25 point grid overlay in SeaGIS™ TransectMeasure software and benthic 

organisms and substrates were recorded. Classifications were based on the CATAMI classification 

scheme, a hierarchical system incorporating morphology that aims to standardise underwater imagery 

analysis (Althaus et al. 2015). The CATAMI scheme allows for habitats across wide depth and 

latitudinal ranges to be compared using consistent labels (Althaus et al. 2013). Use of morphology 

alongside taxonomy allows additional detail to be reliably recorded. A hierarchical classification 

structure means the scorer can assign the highest level of detail possible accounting for changes in 

lighting and image resolution. Some taxa were identified to genera where possible (e.g. Acropora). If 

no biota were present under a point then substratum type was recorded. Percent cover was calculated 

for each category in each image by dividing the number of points by 25.   

 

Substratum data was removed prior to multivariate analysis due to the dominance of points, particularly 

of sand, so as to not influence clusters and to focus on the biological communities present. Rare taxa 

can lead to unpredictable relationships with variables (Clarke and Warwick 2001), therefore groups that 

contributed to < 1% of the total points were combined at higher taxonomic levels prior to analysis 

(Supplementary Information, Table S3.8).  Data were square-root transformed prior to cluster analysis. 

 

Non-hierarchical clustering was used as objects can be reassigned to different clusters during the 

clustering process (Quinn and Keough 2002). K-means clustering is a commonly used non-hierarchical 

method which re-evaluates the membership of objects so as to maximise the ratio of between-cluster 

and within-cluster variance (Quinn and Keough 2002). As the number of clusters (K) needs to be 

specified manually the optimal number of clusters was determined. The GAP statistic (Tibshirani et al. 

2001) and the NbClust R package (Charrad et al. 2014), which calculates 30 indices simultaneously, 

were used to determine the optimal cluster number. Figures were constructed using ggplot2 (Wickham 

2009) and factoextra (Kassambara and Mundt 2017) packages in R. 

 

PRIMER v7.0.12 and PERMANOVA+ v1.05 (Clarke and Gorley 2015) were used for data presentation 

and analysis (including SIMPROF) and to normalise environmental variables. Generalised additive 

models (GAMs; Hastie and Tibshirani 1986) were used to investigate the relationships between biota 

and the environmental and geomorphological variables. GAMs allow for non-linear effects to be 

investigated by utilising a sum of smooth functions. Models containing highly correlated variables (> 

0.7) were reduced. Models were further simplified by removing any non-significant variables following 

ANOVAs. The best models were selected based on akaike information criterion (AIC) values. Variables 

with skewed distributions were transformed as appropriate prior to analyses. GAMs were produced 

using the mgcv package (Wood 2011). 
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Results 
 

A total of 2389 images were analysed across a depth range of 8 to 240 m.  Benthic cover described at 

the broadest level of the CATAMI classification changed substantially across depths (Figure 3.3).  

Sandy substratum was dominant below 40 m, with benthic cover of organisms decreasing to 17% of 

overall cover. Hard coral was rare past 40 m although macroalgae were common between 30 and 60 m, 

with cover ranging from 13 – 22%. The prevalence of sand past 60 m results in further reductions in 

sessile biota.  

 

 

Figure 3.3 Depth zonation of broad benthic categories, including substratum data. The number of images in 

each depth category can be found in Table S3.9 
 

Removal of substratum data resulted in a total of 1237 images for classification of biological 

communities. The GAP statistic identified the optimal number of clusters to be 12 and images were 

subsequently assigned using the k-means clustering method. The low stress value (0.07) indicates a 

significant ordination of samples. A SIMPROF test identified three significant groups occurring from 

the 12 communities identified driven primarily by the relative abundance of hard corals (groups 1, 6 

and 9), macroalgae and other filter-feeders (groups 3, 4, 5, and 12) and crustose coralline algae (CCA, 

groups 2, 7, 8, 11, and to a lesser extent 10) (Supplementary Information, Figure S3.6). 

 

Coral-dominated communities (groups 1, 9, and 6) are confined to shallower waters, with only one 

occurrence past 40 m (Table 3.2). These groups comprised 61.8 and 32.3 % of observations at < 20 m 

and 20 – 30 m depths, respectively. Hard coral cover was high within the coral groups at 29 – 40 % 

(Table 3.2). The shallowest of these communities, group 9, is dominated by digitate, tabulate and 

corymbose acroporids, whereas more foliose and encrusting growth forms, and specifically Montipora 
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spp., characterise the other coral-dominated groups. Similarity between coral groups was relatively low 

(mean average dissimilarity = 70.35, SIMPER, Supplementary Information, Table S3.10) due to 

differing coral assemblages and the proportions of Acropora spp., Montipora spp., and other foliose 

corals present in each of the different groups. 

 

Table 3.2 Occurrence of benthic community groups on the Ningaloo shelf.  Mean values (% cover unless units 

specified) and depth range associated with each community group. n is the number of images per group. 

  Filter Feeders / Macroalgae CCA Dominated Coral Dominated 

  3 4 5 12 7 8 11 2 10 1 9 6 

  n = 62 n = 28 n = 74 n = 85 n = 274 n = 87 n = 174 n = 62 n = 234 n = 62 n = 54 n = 41 

Brown Macroalgae 23 24 10.2 1.6 0.4 3.1 0.6 12.3 1.6 1 1.4 1.3 

Green Macroalgae 0.1 0.1 0.1 0 0 0.2 0 0 0.1 0 0 0 

Hard Coral 0 0 0 0.1 0.8 4.7 1.4 1.5 2.5 29.2 40.1 33.6 

Red Macroalgae 3.5 4.1 19.3 0.9 9.2 19.8 41.9 27.6 0.5 7.7 11.6 21.6 

Soft Coral 0 0 0 0 0.5 0.4 0 0.1 0.3 1.1 0.7 0.5 

Sponges 3.7 2.7 4.7 1.7 1.2 1 0.3 0.8 4 0.6 0.3 0.8 

Nonphotosynthetic Filter Feeders 0 12.1 1.2 7.1 0 0.6 0.2 0.5 0 0 0.2 0.2 

Depth (m) 41.5 43.8 46.2 77.9 44.7 30.5 36 39.5 57.3 24.6 19 26.8 

Min Depth (m) 26.2 38.6 24.6 26.2 16.5 17.5 12.2 16.4 11.5 13.5 8.4 10.9 

Max Depth (m) 50.2 50 50.3 167 99.7 50.2 62.6 50 212.9 37 30.7 40.5 

Diversity (H’) 0.7 1.1 1.2 0.4 0.3 1.1 0.3 1 0.3 1.3 1.4 1.3 

Temperature (oC) 23.6 23.6 23.4 25.3 25.7 23.6 26.4 25.8 25.2 23.8 24.7 25.7 

Salinity (PSU) 35.2 35.1 35.2 34.9 35 35.2 34.8 34.9 35.1 35.2 35.1 34.9 

Sand 61.2 52.3 47.9 81.8 60.2 18.3 26.7 27 69.9 3.7 1.9 1.6 

Pebble / Gravel 4.5 3.1 7.4 3.2 9.4 8.3 16 16.8 2.7 1.4 0 0.5 

Rock 4.1 1.4 9.1 3.4 18.2 43.5 12.9 13.4 18.4 55.4 43.8 40.1 

 

A second major group of communities are those primarily containing CCA (Groups 2, 7, 8, and 11).   

These CCA communities compromised the majority (71.3%) of biological communities observed 

between 30 – 60 m. Proportions of other macroalgal groups appeared to separate out these groups, 

although group 8 is unique due to the presence of dense beds of the solitary coral Cycloseris distorta 

present only in the most northern areas of Helby Banks. CCA contributed most to within group 

similarity (SIMPER, Supplementary Information, Table S3.9) and mean average dissimilarity between 

these groups was 60.3%, mainly driven by higher proportions of brown macroalgae in group 2, 

membranous red macroalgae in group 11, and solitary corals in group 8. 

 

The final major group are the communities dominated by macroalgae (particularly filamentous / filiform 

and fine-branching growth forms), as well as other filter feeders comprising of groups 3, 4, 5, and 12.  

These communities were most prominent between 40 and 50 m, comprising 35% of the biological 

communities at these depths. Group 12 only showed 3.5% overlap across depths (50 – 60 m) with the 

other communities in this group and was observed in deeper waters. Mean average dissimilarity of these 

groups was less than others (56.7%, SIMPER, Supplementary Information, Table S3.9), with the main 

differences between the groups being more filter feeders (group 4) and increased CCA (group 5). Group 
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5, however, differs from the CCA groups due to the presence of a higher proportion of brown 

macroalgae and other filter feeders that are present, in particular, encrusting sponges. 

 

The deepest occurring groups, 10 and 12, contribute to 50 and 37.3 % respectively of the biological 

communities observed past 80 m and appear to differentiate from the other communities in their broad 

groups. The proportion of sandy substrate is high in both of these groups and biota in general are sparse, 

as indicated by low diversity values (Table 3.2). Group 10 is primarily characterised by sponges with 

SIMPER (Supplementary Information, Table S3.9) showing sponges contribute to a total of 70% to 

within-group similarity, although this was low overall (9.8%). This group had the widest depth range 

but was most commonly observed past 40 m. Group 12 is distinguished by other filter feeders with 

SIMPER identifying them as contributing to 98% of within group similarity, which overall was high 

(62.7%). At depths > 80 m biota were rare, and 84% of images analysed past these depth had no biota 

present. 

 

PERMANOVA analysis identified significant differences across community groups and depth intervals 

(Table 3.3). Pairwise comparisons across depth categories were particularly interesting for the groups 

that occurred across broad depth ranges, groups 10 (Table 3.4) and 12 (Table 3.5). Results show distinct 

sub-assemblages for both of these groups, where most pair-wise comparisons across depth intervals 

below 50 m are non-significant, indicating distinct deeper communities. Images in groups 10 and 12 

occurring below 50 m were manually assigned to groups 10b and 12b, respectively. Relationships 

between each of the environmental variables and the community groups are shown in Figure 3.4. Rock 

and sand are good predictors for separating out the broad community groups although other variables, 

such as temperature, oxygen saturation and depth, also distinguish between communities within the 

three major groupings. 

 

Table 3.3 PERMANOVA results for community groups by depth interval. 

Factor Pseudo-F p-value 

Community Group 39.413 0.0001 

Depth (10 m Intervals) 3.9492 0.0001 

Community Group x Depth 1.9115 0.0001 

 

Table 3.4 PERMANOVA pairwise comparisons within community group 10 across depths. a = Unique Perms < 

50. 

 < 20 m 20 – 30 m 30 – 40 m 40 – 50 m 50 – 60 m 60 – 70 m 70 – 80 m 

< 20 m -       

20 – 30 m 0.165 -      

30 – 40 m 0.0001* 0.098 -     

40 – 50 m 0.0001* 0.0001* 0.0001* -    

50 – 60 m 0.0001* 0.003* 0.009* 0.601 -   

60 – 70 m 0.071a 0.034*a 0.051a 0.105a 0.493a -  

70 – 80 m 0.0002* 0.0002* 0.008* 0.029* 0.146 1.00a - 

> 80 m 0.0001* 0.0001* 0.0001* 0.0001* 0.040* 0.893a 0.997 

 



Mesophotic benthic communities 

69 

 

Table 3.5 PERMANOVA pairwise comparisons within community group 12 across depths. a = Unique Perms < 

50. 

 20 – 30 m 30 – 40 m 40 – 50 m 50 – 60 m 60 – 70 m 70 – 80 m 

20 – 30 m -      

30 – 40 m 0.420 -     

40 – 50 m 0.814 0.178 -    

50 – 60 m 0.900a 0.424a 0.924 -   

60 – 70 m 0.903a 0.245a 0.740 0.666a -  

70 – 80 m 0.087a 0.0001* 0.006* 0.419a 0.433a - 

> 80 m 0.050* 0.0008* 0.0001* 0.675 0.347 0.087 

 

 

 

 

Figure 3.4 Principal coordinates analyses (PCO) plotted by community groups, with deep community separation, 

and vector overlay of environmental variables with > 0.8 correlation. Saturation = percentage O2 saturation. 
 

 

The biological community groups are well dispersed spatially (Figure 3.5). Both coral dominated and 

shallower macroalgae and filter feeder communities appear more prevalent at Mandu and Tantabiddi, 

although CCA communities are the most common community type and occur across all areas. The 

deepest communities (groups 10b, deep sponges, and 12b, deep filter feeders) are observed in sites 

further offshore at the edge of and beyond the fore reef slope.  
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Figure 3.5 Proportion of main community groups at each site (midpoints of AUV transect lines are displayed). 
 

A total of 668 images overlapped with high resolution acoustic coverage and so investigation of 

geomorphological and environmental variables was limited to these images. GAMs were constructed 

on the percent cover of the major benthic categories (Table 3.6) where sufficient data were available. 

Sand and Pebbles / Gravel were present in all models to identify correlations with environmental and 

geomorphological variables. Large amounts of sand corresponded with decreases in all biota types, 

however, variations in the relationship were observed with the strongest effect shown by hard corals, 

whereas other biota peaked at moderate sand cover. Additionally, Rock also featured prominently, 

occurring in four of the five models. Temperature also appeared to be an important factor for brown 

macroalgae and CCA.    

 

Table 3.6 Best performing GAMs for predicting the cover of prominent benthic biota.  

Dependant 

Variable 
AIC BIC R2 

Deviance 

Explained 

(%) 

Best Model 

Hard Coral 1585.5 1639.4 0.466 64 Eastness + Broad BPI 250 + Sand + Pebble/Gravel 

Brown Macroalgae 2139.82 2378.45 0.712 69.1 Chlorophyll + Depth + Temperature + Range 25 + Rock + Sand + Pebbles/Gravel 

CCA 4226.71 4389.78 0.811 76.3 
Temperature + Predicted Substratum (L2) + Chlorophyll  + Rock + Sand + 

Pebble/Gravel 

Sponges 

 

1571.19 

 

1748.18 

 

0.589 

 

59.7 

 

Mean 25 + Broad BPI 250 + SST + Predicted Substratum (L2) + Predicted Substratum 

(L3)  

+ Rock + Sand + Pebble/Gravel 

Non-photosynthetic 

filter feeders 
831.79 937.01 0.397 53.6 Fine BPI 25 + CDOM + O2 Saturation + Range 10 + Rock + Sand + Pebble/Gravel 

All variables are statistically significant. Variables are detailed in Table 1. BPI = Bathymetric Position Index, SST = Sea 

Surface temperature, CDOM = Coloured Dissolved Organic Matter. Predicted Substratum = results of random forest model to 

predict substratum at CATAMI level 2 (L2) and 3 (L3). Eastness relates to the orientation of the seabed relative to East – West. 

Mean and Range are functions of the bathymetry layer calculated in ArcGIS™ focal statistics.  Numbers relate to cell radius 

size used (number of cells).  
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Discussion 
 

Mesophotic depths are gaining increased research attention, identifying their importance for global 

diversity and potential refugia for coral reefs in particular (Kahng et al. 2014; Baker et al. 2016; Muir 

et al. 2017). Current research is localised to specific areas, so extrapolating findings globally can be 

difficult (Turner et al. 2017). Identifying how benthic community structure changes is important as 

patterns can vary substantially with depth and across geographic locations and global regions (Kahng 

et al. 2014; Baker et al. 2016). At Ningaloo, offshore biological communities are split into three major 

groups primarily depending of the abundance of corals, CCA, and macroalgae. Distinct deeper water 

communities (> 50 m) are also present. At depths greater than 40 m, there is a dominance of sediments 

where biota become relatively sparse. However, in areas where the sediment veneer thins, biological 

communities can establish. Linear rocky ridges are present at similar depths further south (Nichol and 

Brooke 2011), but are absent in the current study area, potentially due to the narrower continental shelf, 

resulting in limited hard substrata at depth.  

 

Most sampling of global marine systems, and particularly coral reefs, is restricted to shallow waters 

(Menza et al. 2008; Bridge et al. 2013a), meaning we often do not know what community patterns are 

present at depth at many locations. Most recent estimates of coral cover in Ningaloo are confined to < 

5 m depth on the back reef (Wilson et al. 2016; Lozano-Montes et al. 2017). Coral dominated 

communities occurred from 8 – 40 m, though they disappear past this depth (Colquhoun and Heyward 

2008; Collins et al. 2015). Hard coral cover of 20 – 40% is comparable to, and higher than, recent 

records of 20 – 30% in shallow-water (< 5 m) locations at Ningaloo (Wilson et al. 2016; Lozano-Montes 

et al. 2017). Cover may be higher in deeper areas (20 – 40 m) due to reductions in the hydrodynamic 

regime, since they are more sheltered from surge and the breaking waves on the reef crest as well as 

cyclones (Roberts et al. 2015). A tabular and branching assemblage (group 9) was more common at 

slightly shallower depths (8.4 – 30.7 m) on the upper-fore reef as has been previously observed (Collins 

et al. 2015). As depth increases, the coral communities shift to more encrusting and foliose growth 

forms (groups 1 and 6, observed between 10.9 – 40.5 m depth) on the fore reef slope, as light levels 

reduce (Colquhoun and Heyward 2008; Collins et al. 2015). Following mass coral bleaching in 2011 

significant losses of coral cover were observed in northern Ningaloo (Moore et al. 2012). How these 

areas recover may be linked to these intermediate depths, which still appear to possess moderate coral 

cover following numerous disturbances to the shallow-water areas.  

 

Reef building scleractinian corals are limited to much shallower depths at Ningaloo than in other 

Mesophotic Coral Ecosystems both globally (Kahng et al. 2010) and within Australia (Englebert et al. 

2017). On the Eastern Australian coast, corals are present to depths of 125 m on the Great Barrier Reef 

(GBR) (Englebert et al. 2017) and down to 94 m at higher latitudes (Linklater et al. 2016). These areas 
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are characterised by much steeper bathymetric profiles, with rocky slopes extending down from the 

surface to depths of > 150 m, where increased hard substrata is available. Mesophotic communities can 

be highly influenced by substratum and topography (Bridge et al. 2010; Locker et al. 2010; Englebert 

et al. 2017). In areas that are topographically comparable to this study, photosynthetic corals were rarely 

observed past 75 m due to sediment resuspension on the GBR (Bridge et al. 2010). Extensive sand 

dunes are present at depth within the Ningaloo Park, suggesting considerable sediment movement and 

periodic bed disturbance (Colquhoun and Heyward 2008). Low relief slopes are more susceptible to 

sediment deposition (Sherman et al. 2010) and cyclic resuspension, thus inhibiting coral recruitment 

and growth (Erftemeijer et al. 2012). This can particularly affect foliose and encrusting coral growth 

forms that are adopted to maximise light capture at depth. Montipora spp., the most commonly observed 

genus at depth, are poor at removing sediment should it accumulate (Stafford-Smith 1993; Erftemeijer 

et al. 2012). However, these environments allow for other biological communities to dominate, with 

rhodolith accumulation on lower relief slopes (Garcia-Sais 2010; Locker et al. 2010), and other filter 

feeders can take advantage of occasional low-lying ridges that can penetrate the surficial sediment 

(LeProvost Dames and Moore 2000; Colquhoun and Heyward 2008). 

 

Photosynthetic corals are commonly observed down to depths where photosynthetically active radiation 

(PAR) reaches < 0.5% that recorded at the surface (Kahng et al. 2010). A mean value of 1.9% surface 

PAR was recorded for the coral depth limits (40 – 45 m), suggesting that, although light is likely to be 

a structuring factor, it is unlikely to be solely responsible for the absence of photosynthetic corals past 

these depths. This value is similar to that observed at the depth limits of corals in Bermuda, 2.28% PAR 

at 78 m (Fricke and Meischner 1985; Kahng et al. 2010). In Bermuda, temperature, competitive 

interactions, and substratum availability were suggested to account for this discrepancy between higher 

PAR values and coral depth limits when compared to other areas (Fricke and Meischner 1985). 

Similarly, at Ningaloo substratum availability appears to be a key driver, as illustrated in our results. 

 

Crustose coralline algae (CCA) are commonly found at mesophotic depths (Aponte and Ballantine 

2001; Ryan et al. 2007; Amado-Filho et al. 2012; Pereira-Filho et al. 2012). CCA were the dominant 

biota in the mid depths of the study at the transition between the fore reef slope and the inner shelf 

platform (Colquhoun and Heyward 2008; Collins et al. 2015), with a number of rhodolith-forming 

species observed. Rhodolith beds can be incredibly diverse (Brasileiro et al. 2015) in terms of both the 

CCA and other invertebrate species that are present. Rhodoliths are an important carbonate builder 

(Pereira-Filho et al. 2012) and commonly occur in both tropical (Harris et al. 1996; Bridge et al. 2010; 

Richards et al. 2013) and temperate (Ryan et al. 2007; Holmes et al. 2008) Australia, across depth ranges 

similar to those observed in this study (10 – 60 m). Distinct sessile invertebrate communities occur 

within rhodolith beds (Brasileiro et al. 2015), as is likely the case with community group 8, where the 

solitary coral Cycloseris distorta was found in dense aggregations. Rhodolith beds can provide 
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additional three-dimensional hard substrata, which can be colonised by organisms such as sponges and 

even hard corals (Garcia-Sais et al. 2007; Ryan et al. 2007; Collins et al. 2015; Amado-Filho et al. 

2016). Hard corals do not appear able to colonise these beds in Ningaloo, potentially due to mobility of 

the beds associated with exposure to moderate to high water energy (Harris et al. 1996; Ryan et al. 

2007; Colquhoun and Heyward 2008). However, a number of other filter feeders (including bryozoans, 

sponges, and hydroids) as well as macroalgae (such as Halimeda spp.) are present in this assemblage 

(Cassata and Collins 2008).    

 

Macroalgae form a dominant part of the third major group of communities. Diverse macroalgal 

assemblages are commonly reported at depth in coral reefs (e.g. Gilmartin 1960; Sherman et al. 2010; 

Spalding 2012; Magalhaes et al. 2015). Unfortunately, we are unable to accurately visually identify to 

species for many of these taxa, a limitation of the AUV imagery approach. Other filter feeders were 

observed in macroalgae dominated communities, and these mesophotic benthic communities appear 

similar to those observed off Brazil (Magalhaes et al. 2015; Rosa et al. 2015). Although rare, other filter 

feeders (including bryozoans, ascidians, octocorals, and hydroids) form a substantial part of the 

biological communities, as shown in their prevalence in the community groups, in particular group 5. 

Due to variability in resolution of images, as well as the relative scarcity of many filter feeder taxa, they 

were combined in this work. Species richness of filter-feeders, such as octocorals, is observed to 

increase with depth in other locations (Bridge et al. 2011b; Shoham and Benayahu 2017) and bryozoans 

are also found within these assemblages (Magalhaes et al. 2015; Rosa et al. 2015).  

 

The deepest areas observed in this study generally consisted of expanses of rippled sand and gravel 

across the mid-shelf area, with limited biota present as has previously been described in the southern 

Ningaloo area (Cassata and Collins 2008; Collins et al. 2015). However, the communities that were 

observed were comprised mainly of sponges with occasional sea whips and fans. Deeper environments 

may provide optimal growth conditions for filter-feeders due to increased food availability (Trussell et 

al. 2006). Robust sponge growth forms have been commonly observed in this area of Ningaloo 

(Schönberg and Fromont 2011), where they are exposed to stronger currents and scour.  However, our 

observations of a number of laminate and branching sponges at depth may mean these areas are less 

exposed to current dynamics than areas closer to the reef slope or they have more consistent water 

movement. Many sponge taxa are adapted to colonise sediments, and may utilise rooting systems for 

attachment (Schönberg 2015). Limited information is currently available for the other invertebrate 

community observed (e.g. sea whips and fans), although the high endemism and conservation values 

are likely to be similar to these deeper sponge gardens as has been observed across Australia 

(Przeslawski et al. 2015). 
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Substratum was a major driver of structuring the Ningaloo mesophotic communities (Cassata and 

Collins 2008; Bax 2011). Other topographic variables, such as rugosity and slope, can influence 

mesophotic communities (Bridge et al. 2010; Locker et al. 2010; Bridge et al. 2011a; Linklater et al. 

2016) and the Bathymetric Position Index (BPI) was an important variable in this study, as was observed 

in Chapter 2 for the prediction of hard substratum. The BPI is a measure of elevation relative to the 

overall landscape and can be used to identify bathymetric features (Verfaillie et al. 2007; Wright et al. 

2012) where positive values, indicating raised surfaces, appear important for corals, which are restricted 

to these raised inshore areas on the main reef slope (Colquhoun and Heyward 2008). Temperature has 

been reported to play a role in structuring mesophotic communities (Rooney et al. 2010; Kahng et al. 

2012a; Pyle et al. 2016) and for macroalgae in particular (Spalding 2012). Increased macroalgal biomass 

is associated with lower temperatures in shallow water at Ningaloo (Fulton et al. 2014) and this trend 

is supported by our observations. However, our results provide a snapshot (surveys conducted in winter) 

and an element of seasonality may occur in these communities. Macroalgal communities are more 

prevalent in the central area of the study region although CCA communities dominate further north and 

south. There appears to be a lot of horizontal variability in community distribution, rather than distinct 

zonation patterns placing an emphasis on the importance of mapping these areas in greater detail rather 

than making assumptions when it comes to marine park zoning.  

 

Identifying the major broad-scale factors is particularly important to address knowledge gaps in the 

distribution of deeper water communities (Bridge et al. 2011a) and is crucial when it comes to 

management and monitoring of these communities (Przeslawski et al. 2015). In the Ningaloo Marine 

Park the deeper water areas are not adequately represented within no-take areas (Davies et al. 2016), 

where only 29% of our data points are currently within Sanctuary Zones, exclusively in the Osprey 

Sanctuary Zone. All northern areas are currently unprotected and have also not been identified as 

priorities for additional protection (Davies et al. 2016), primarily due to low resolution data, despite the 

unique biological communities that are present, as well as areas of high coral cover. Additionally, these 

northern areas are likely to receive increased boat traffic from recreational users (Smallwood et al. 2012) 

which potentially places them under greater pressure from impacts such as fishing, anchoring, and 

damage by snorkelers. Managers will hopefully utilize an adaptive framework for conservation 

management as higher resolution data, such as those from this study, become available.  Offshore 

extensions of the northern sanctuary zones, particularly near the Tantabiddi boat ramp, should be 

explored so as to protect these biological communities. These considerations need to be taken across 

marine parks globally as information on the mesophotic zone becomes available. This is especially 

important given the lack of information on the threats to MCEs (Turner et al. 2017) and the potential 

role they may play in safeguarding local populations from threats and extinctions (Smith et al. 2014; 

Muir et al. 2017). 
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This work has shown the value of AUVs. The habitats surveyed here are unreachable by divers and 

AUVs enable data collection at a much wider scale (Bridge et al. 2011a; Trembanis et al. 2017). Vast 

amounts of data are able to be collected in a short space of time (Williams et al. 2012; Trembanis et al. 

2017). While a bottleneck may occur in terms of image analysis (Pizarro et al. 2013; Bewley et al. 2015) 

that data is still available in the future and analysis costs are a fraction of those required to mobilise a 

survey team, particularly in remote locations. Combining AUV imagery and environmental data with 

acoustic geomorphological data can give a more complete picture of the ecosystem to assess the factors 

that influence the distribution of benthic communities (Bridge et al. 2011a; Costa et al. 2015; Trembanis 

et al. 2017). Utilizing these forms of data to create indices to identify the distribution of mesophotic and 

deeper water habitats over wide spatial scales can be particularly useful to inform management of these 

ecosystems (Trembanis et al. 2017). 

 

The major disadvantage of AUV use is taxonomic resolution. Images can occasionally be affected by 

poor lighting or motion blur, which can make organism identification challenging. Furthermore, some 

organisms (e.g. sponges) require physical samples to enable accurate identification (Heyward et al. 

2010; Schönberg and Fromont 2011), although use of morphospecies can allow a wider assessment of 

diversity using imagery (e.g. Barrett et al. 2011; Bridge et al. 2011a; Schönberg and Fromont 2014). 

Some AUVs also need specific ship requirements, where winching apparatus is required for larger 

platforms (Armstrong et al. 2008; Pizarro et al. 2013). However, while more primitive than some AUVs, 

the StarBug-X system provides a platform for rapid, yet extensive data collection where its small size 

(< 1 m in length) and weight (~30 kg) means it can be easily deployed manually from small vessels 

(Marouchos et al. 2015), which was particularly useful in this study.  

 

Overall, we have identified benthic biological communities that occur across a large depth gradient (8 

– 240 m). Although corals were not observed beyond 40 m, cover was high at intermediate depths (20 

- 40 m), where these areas may be less impacted by the recent disturbances that have affected shallow 

coral reefs..Three major community groups are apparent, where a dominance of CCA, macroalgae, and 

sponges at depth show more similarities with mesophotic systems in Brazil. Stark differences between 

Ningaloo and East Coast Australia MCEs highlight the limits of our knowledge of these ecosystems 

and that generalisations of MCEs should be made with caution. Substratum is a key driver of the 

biological communities, and hard substrate is limited in deeper areas as sand cover increases. 

Substratum and other topographical variables may be used as a proxy for managers when looking to 

identify spatial distributions and ensure adequate protection of deeper habitats, where data may be 

particularly sparse. Finally, the northern offshore areas in the Marine Park warrant protection, where 

previous zoning recommendations have neglected these areas and the distinct biological communities 

that are present. 
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Supplementary Information 
 

Table S3.7 AUV environmental information and sample rates. 
AUV Sensor Variable Sampling Rate (Hz) Resolution 

StarBug-X CTD Depth 0.5 0.00001 m 

CTD Temperature 0.5 0.001 oC 

CTD Conductivity 0.5 0.00001 S/m (0.0001 mS/cm) 

Optode Oxygen Concentration 0.03334 < 1µM 

LI-COR PAR 1 4 µA per 1000 µmol s-1 m-2 

ECO-triplet Chlorophyll a 1 0.03 µg/l 

ECO-triplet Backscatter 1 0.003 m-1 

ECO-triplet CDOM 1 0.28 ppb 

AUV-Sirius CTD Depth 0.5 0.00001 m 

CTD Temperature 0.5 0.001 oC 

CTD Conductivity 0.5 0.00001 S/m (0.0001 mS/cm) 

ECO-triplet Chlorophyll a 1 0.03 µg/l 

ECO-triplet Backscatter 1 0.003 m-1 

ECO-triplet CDOM 1 0.28 ppb 
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Table S3.8 Broad groups and combined taxa (< 1% occurrence alone). 
Broad Group Combined Category Contains 

Brown Macroalgae 

Dictyota spp. Dictyota spp. 

Fine-Branching Fine-Branching 

Filamentous / Filiform Filamentous/Filiform 

Other 

Coarse Branching 

Globose/Saccate 

Laminate 

Membranous 

Red Macroalgae 

Membranous Membranous 

Fine-Branching Fine-Branching 

Filamentous / Filiform Filamentous/Filiform 

Crustose Coralline Algae Crustose Coralline Algae 

Green Macroalgae All Green Macroalgae 

Halimeda spp. 

Filamentous / Filiform 

Membranous 

Hard Coral 

Acropora spp. Acropora spp. 

Favid spp. Favid spp. 

Montipora spp. Montipora spp. 

Porites spp. Porites spp. 

Cycloseris spp. Cycloseris spp. 

Encrusting - Other 

Echinophyllia/Oxypora spp. 

Echinopora spp. 

Leptoseris spp. 

Non-Acropora spp. 

Foliose - Other 

Echinophyllia/Oxypora spp. 

Echinopora spp. 

Merulina spp. 

Pachyseris spp. 

Pavona spp. 

Pectinia spp. 

Non-Acropora spp. 

Other 

Branching: Seriatopora spp. 

Branching: Non-Acropora spp. 

Massive: Galaxea spp. 

Massive: Lobophyllia spp. 

Massive: Symphyllia spp. 

Massive: Non-Acropora spp. 

Mushroom coral: Fungia spp. 

Submassive: Pocillopora spp. 

Submassive: Stylophora pistillata 

Submassive: Non-Acropora spp. 

Soft Coral Soft Coral 

Branching 

Lobophytum spp. 

Massive 

Nonphotosynthetic Filter Feeders Nonphotosynthetic Filter Feeders 

Ascidians: Stalked: Colonial 

Ascidians: Unstalked: Colonial 

Ascidians: Unstalked: Solitary 

Black and Octocorals: Branching (3D) 

Black and Octocorals: Fan (2D) 

Black and Octocorals: Whip 

Bryozoan: Hard: Branching 

Bryozoan: Soft 

Hydroids 

Sponges 

Branching Branching 

Encrusting Encrusting 

Laminar Laminar 

Massive Massive 

Other 

Creeping / ramose 

Barrels 

Cups 

Tubes and chimneys 

Palmate 

Simple 

Stalked 

Balls 
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Table S3.9 Number of images in each depth category. 

Depth (m) Number of images 

<20 95 

20 - 30 263 

30 - 40 343 

40 - 50 578 

50 - 60 86 

60 - 70 83 

70 - 80 228 

> 80 713 

 

 

 

Figure S3.6 Hierarchical visualization of groups (data averaged by group) and significant SIMPROF groups (red).  

Contribution of each species / group to the cluster identified by shading. Circles = Coral dominated, Triangles = 

CCA / Sponge dominated, Squares = Filter feeder / Macroalgae dominated. 
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Table S3.10 SIMPER average similarity within groups. 
Broad 

Category 
Group 

Average 

Similarity 
Species Av.Abund Av.Sim Sim/SD Contrib% Cum.% 

CCA 

7 61.08 CCA 2.84 60.4 2.47 98.88 98.88 

8 49.91 
Red Macroalgae - Filamentous/Filiform 3.17 29.66 2.64 59.43 59.43 

CCA 2.41 18.06 1.26 36.18 95.61 

11 74.48 CCA 6.2 73.37 4.79 98.51 98.51 

2 67.72 
CCA 4.86 41.12 4.13 60.72 60.72 

Brown Macroalgae - Erect fine branching 3.14 24.48 3.71 36.15 96.87 

Coral 

1 44.63 

Non-Acropora - Foliose 3.25 19.61 1.68 43.93 43.93 

Non-Acropora - Encrusting 2.3 11.86 1.01 26.57 70.5 

CCA 1.69 5.7 0.64 12.76 83.26 

Hard Coral - Other 1.06 2.54 0.41 5.7 88.96 

Acropora spp. 0.84 1.71 0.32 3.82 92.79 

6 50.77 

Montipora spp. 4.1 23.02 2.52 45.33 45.33 

CCA 4.14 19.69 1.37 38.78 84.11 

Non-Acropora - Encrusting 1.09 2.07 0.43 4.08 88.19 

Hard Coral - Other 1 1.99 0.37 3.92 92.1 

9 46.58 

Acropora spp. 4.44 22.54 1.49 48.4 48.4 

CCA 2.63 9.55 0.99 20.51 68.91 

Non-Acropora - Encrusting 1.71 6.07 0.77 13.04 81.94 

Hard Coral - Other 1.26 3.24 0.52 6.95 88.89 

Favid spp. 1.2 2.77 0.5 5.94 94.83 

Macroalgae 

3 56.03 Brown Macroalgae - Filamentous/Filiform 4.52 50.78 3.95 90.62 90.62 

5 64.06 

CCA 4.04 33.16 4.53 51.77 51.77 

Brown Macroalgae - Filamentous/Filiform 2.88 22.75 2.49 35.51 87.27 

Sponges - Encrusting 1.35 5.46 0.62 8.52 95.8 

4 63.32 
Brown Macroalgae - Filamentous/Filiform 4.64 36.01 2.96 56.87 56.87 

Nonphotosynthetic filter feeders 3.27 22.97 3.71 36.28 93.15 

Sponges 10 9.39 

Sponges - Laminar 0.5 2.44 0.2 26.02 26.02 

Sponges - Encrusting 0.37 1.33 0.16 14.21 40.23 

Sponges - Massive Simple 0.32 0.95 0.13 10.17 50.4 

Brown Macroalgae - Filamentous/Filiform 0.25 0.94 0.11 10.02 60.42 

Sponges - Branching 0.25 0.87 0.11 9.29 69.71 

Brown Macroalgae - Erect fine branching 0.27 0.71 0.1 7.52 77.23 

Red Macroalgae - Filamentous/Filiform 0.23 0.7 0.1 7.48 84.71 

Hard Coral - Other 0.31 0.52 0.11 5.57 90.28 

Deep - 

Sponges 
10b 14.69 

Sponges - Other 0.55 4.99 0.25 33.97 33.97 

Brown Macroalgae - Erect fine branching 0.54 3.37 0.22 22.97 56.94 

Sponges - Branching 0.45 2.81 0.19 19.14 76.08 

Nonphotosynthetic filter feeders 0.29 1.32 0.13 9.02 85.09 

Sponges - Massive Simple 0.31 1.27 0.13 8.64 93.73 

Filter 

Feeders 
12 43.85 Nonphotosynthetic filter feeders 3.05 41.32 2.39 94.23 94.23 

Deep - Filter 

Feeders 
12b 47.11 Nonphotosynthetic filter feeders 1.65 45.07 1.09 95.67 95.67 

 

 



 

 

 

 

 

 

 

CHAPTER FOUR: HOW DOES SPATIAL RESOLUTION AFFECT 

MODEL PERFORMANCE? A CASE FOR ENSEMBLE 

APPROACHES FOR MARINE BENTHIC MESOPHOTIC 

COMMUNITIES 
 

 

This chapter has been published. 

 

Turner, J.A., Babcock, R.C., Kendrick, G.A., Hovey, R.K. (2019) How does spatial resolution affect 

model performance? A case for ensemble approaches for marine benthic mesophotic communities. 

Journal of Biogeography. 00: 1– 11. https://doi.org/10.1111/jbi.13581 
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Abstract 

 
Aim 

To investigate how changing grid size can alter model predictions of the distribution of mesophotic taxa 

and how it affects different modelling methods. 

 

Location 

Ningaloo Marine Park, Western Australia. 

 

Taxon 

Benthic mesophotic taxa: corals, macroalgae, and sponges. 

 

Methods 

We determined the distributions of the major benthic taxonomic groups: corals, macroalgae, and 

sponges, using a number of modelling techniques and an ensemble using the ‘sdm’ R package. A range 

of grid sizes were used (10 m, 50 m, 100 m, and 250 m) to identify how model predictions were altered. 

Models were evaluated using the area under the curve of a receiver operator characteristic plot (AUC) 

and the true skill statistic (TSS). 

 

Results 

Grid size had a large effect on model performance across the taxonomic groups. Distribution of corals 

was best predicted using the finest grid size (10 m) regardless of modelling method, although a model 

ensemble produced the best results (AUC = 0.80, TSS = 0.52). Macroalgae and sponges were better 

predicted at coarser grids sizes (250 m). Again, ensembles performed well for both macroalgae (AUC 

= 0.83, TSS = 0.63) and sponges (AUC = 0.88, TSS = 0.66). Model ensembles maintained high accuracy 

across grid sizes and were consistently the best, or second-best, performing method. 

 

Main Conclusions 

This study has shown how grid size should be considered when producing distribution models. 

Identifying the most relevant grid size and being aware of the influence it may have will provide more 

accurate predictions of the distributions of taxa. Ensemble methods maintained good performance 

across scenarios and thus provide a useful tool for conservation and management especially where 

single modelling methods showed high levels of variability.  

 

  



Distribution modelling 

83 

 

Introduction 

 
Species distribution models (SDMs) are a useful tool to predict the distribution of habitats and species 

for natural resource management and conservation (Elith and Leathwick 2009; Robinson et al. 2011). 

SDMs identify relationships between a species or taxonomic group and environmental factors to obtain 

an estimate of habitat preference and distribution (Elith and Leathwick 2009). Placement of marine 

reserves/protected areas, a common management strategy, requires knowledge of the spatial 

arrangement of species and habitats (Hovey et al. 2012; Bridge et al. 2016a). Reliable distributional 

estimates are therefore required for these strategies to be successful (Buhl-Mortensen et al. 2015; Robert 

et al. 2016). Knowledge of mesophotic ecosystems is restricted globally (Turner et al. 2017) and the 

factors that influence the biogeography of these systems is lacking. SDMs can allow managers and 

researchers to identify spatial patterns at broad scales to fill these knowledge gaps (Buhl-Mortensen et 

al. 2015).  

 

A wide array of modelling techniques are available to produce SDMs (Guisan and Zimmermann 2000; 

Elith and Leathwick 2009). The performance of different techniques can vary significantly based upon 

the scenario and taxa (Segurado and Araújo 2004; Elith et al. 2006). Model ensembles that utilise the 

outputs of numerous techniques are a common way to attempt to solve the problem of variability 

between techniques (Araújo and New 2007; Marmion et al. 2009; Robert et al. 2016). Ensembles can 

improve overall performance by averaging across multiple model types to reduce errors, noise, and bias, 

which can enable the identification of true relationships (Araújo and New 2007; Crimmins et al. 2013). 

 

Despite the prominence of SDMs in the scientific literature, studies that assess changing grid size are 

still relatively few in number (Rahbek 2004; Guisan et al. 2007; Manzoor et al. 2018), particularly in 

the marine environment. Model resolution, or grid size, can have a significant effect on model 

performance and predictions (Guisan et al. 2007; Scales et al. 2016; Manzoor et al. 2018). As grid size 

increases, the chance that a species record is forced to match with the environment of its wider 

surroundings increases. This can lead to inaccurate relationships between variables and poor predictions 

(Guisan and Thuiller 2005; Guisan et al. 2007).  

 

Spatial degradation, the loss of fine-scale patterns in predictor variables, occurs quickly as grid sizes 

are increased (Gottschalk et al. 2011). Predictions relating to sessile organisms can be affected if 

resolution is reduced as local predictors, at finer spatial scales, can be more meaningful (Guisan and 

Thuiller 2005). Often, multiple scales are not considered due to ease of data analysis at a single scale 

(Altmoos and Henle 2010). However, patterns observed at one spatial scale may not be prevalent at 

another. It is important to understand the processes involved to choose the appropriate and ecologically 

relevant scale (Guisan and Thuiller 2005; Amoroso et al. 2018).  
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Australia’s Commonwealth marine reserve network covers over 2.3 million km2 of offshore and coastal 

waters (DOTE 2018). Data availability in the marine environment, particularly for deeper and offshore 

areas, is low and reserve designation is often based around the identification of geomorphic features as 

surrogates for biodiversity (Devillers et al. 2014; Bridge et al. 2016a). Reserves aim to preserve 

biodiversity, which should be representative of the surrounding area/region at a chosen spatial scale 

(Bridge et al. 2016a; Althaus et al. 2017). Marine environmental data are often only available at coarse 

grid sizes, which sets up a conflict to meet local conservation goals (Barbosa et al. 2010). We therefore 

require additional knowledge of how different grid sizes will influence modelling results. 

 

This study aims to investigate the effect of grid size (10 m, 50 m, 100 m, and 250 m) on the predictive 

ability of SDMs. A comprehensive set of modelling techniques, as well as a model ensemble, was tested 

in each scenario across three major taxonomic groups to quantify differences in accuracy. 

 

Materials and Methods 
 

Study Area 

 

The study was conducted in the northern region of the Ningaloo Marine Park from 21.78°S to 22.34°S 

(Figure S4.4).  In this area, the shallow reef crest is very narrow (~50 m) and quickly transitions into 

the fore reef slope (~ 600-900 m wide) down to 30-40 m (Collins et al. 2015). The topography then 

flattens into a wider shelf zone, characterised by sand and gravel sediments, interspersed with relict reef 

ridges to the shelf break (~10 km offshore) (Collins et al. 2015; Turner et al. 2018b).  

 

Predictor Variables 

 

Topographical data was acquired using a ship-mounted Kongsberg EM2040 multibeam echosounder 

on board the Commonwealth Scientific and Industrial Research Organisation (CSIRO) vessel RV 

Linnaeus in June 2015 and August 2017. Acoustic data was delivered in raw (*.all) and generic sensor 

format (*.gsf). Raw data files were processed in CARIS HIPS/SIPS to create bathymetry surfaces at 10 

m, 50 m, 100 m, and 250 m grid sizes for the study area. Backscatter mosaics were produced using 

Fledermaus Geocoder Toolbox at the same grid sizes. Surfaces were exported to ESRI™ ArcGIS and 

topographical features were produced using the Spatial Analyst and Benthic Terrain Modeller (Wright 

et al. 2012) extensions.  

 

To reduce model overfitting, highly correlated variables were removed based upon variance inflation 

factor (VIF) values. The ‘vifstep’ function in the ‘usdm’ R package (Naimi et al. 2014) was used to 
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calculate VIF values for each variable. At each step, the variable with the highest VIF value was 

excluded. This process is repeated until no variables remain with a VIF value greater than the threshold. 

A threshold of VIF > 5 was used in this study as a conservative measure where VIF > 10 implies 

collinearity (Naimi et al. 2014). A final list of nine variables was used to build models (Table 4.1). 

 

Table 4.1 Final variables used in models. Neighbourhood specifies the number of cells used in the moving window 

to calculate the metric for the central cell. All calculated at 10 m, 50 m, 100 m, and 250 m grid sizes (see footnote). 

Variable Description Method 
Neighbourhood 

(cells) 
Abbreviation 

Bathymetric 

position index 
(BPI) 

Classifies the landscape based upon the 

change in slope position (Lundblad et al. 
2006).  

ArcGIS Benthic 

Terrain Modeller 
3, 25 bpi3, bpi25 

Backscatter Measure of seafloor hardness. 
Fledermaus Geocoder 

Toolbox 
N/A Bscatter 

Curvature Measure of the change of slope. ArcGIS Spatial Analyst 3 Curv 

Depth Seafloor depth. CARIS HIPS/SIPS N/A Depth 

Hypsometric 

Index 
Mean (depth) - depth. 

ArcGIS Raster 

Calculator 
5 hyp5 

Rugosity* 

Surface area of cell and neighbourhood / 

planar area of the cell and neighbourhood 
(Wilson et al. 2007). 

ArcGIS Benthic 

Terrain Modeller  
3 Rugosity 

Slope Slope gradient of the cell. ArcGIS Spatial Analyst 3 Slope 

Vector 
ruggedness 

measure 

(VRM)* 

Heterogeneity in three-dimensional 

location of a cell based upon slope and 
aspect in relation to its neighbours.   

ArcGIS Benthic 

Terrain Modeller 
3 vrm3 

*not calculated for 100 m and 250 m grid sizes due to many no data values. 

 
Taxonomic Data 
 

Presence-absence data for the dominant broad benthic taxonomic groups; coral, macroalgae, and 

sponges (see Chapter 3), was obtained from both towed-video and autonomous underwater vehicle 

(AUV) imagery. Towed-video data was collected using a Hitachi HV D30 camera. A total of 50 video 

tows were completed across June 2015, August 2016 and August 2017. AUV Data were analysed from 

10 missions completed in 2007, 2012, and 2017 using the Integrated Marine Observing System (IMOS) 

AUV Sirius (Williams et al. 2012; Pizarro et al. 2013) and 31 missions completed in 2016 and 2017 

using the CSIRO AUV StarBug-X (Marouchos et al. 2015). AUV and towed-video transects ranged 

from 386 – 6070 m in length. Images were taken every second and cover an area of approximately 1.5 

x 1.5 m. Images and video frames were subsampled with one frame selected at random from every 20 

second time period. If an image was deemed to be of poor quality then a new image was selected in 

place. Consecutive frames/images were not selected to ensure they did not overlap. The 

presence/absence of each taxonomic group in each image and video frame was used to produce models. 

 

Local spatial autocorrelation of the data was investigated using local Moran’s I and the entropy-based 

local indicator of spatial autocorrelation (ELSA; Naimi et al. 2019). The ‘elsa’ R package (Naimi et al. 
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2019) was used to calculate these metrics for each taxonomic group based upon the residuals from a 

generalised linear model produced using all of the predictors. The distances at which data points showed 

no signs of local spatial autocorrelation were at 25 m for corals and 100 m for both macroalgae and 

sponges. Presence/absence data points were then randomly selected from the dataset based upon these 

minimum distances.  

 

Modelling Methods 

 

Models were generated using six different methods and a model ensemble in the ‘sdm’ R package 

(Naimi and Araújo 2016). The following methods were implemented: boosted regression trees (brt, 

Ridgeway (1999); Elith et al. (2008)), Classification trees (rpart, (Breiman et al. 1984)), generalised 

linear models (glm, McCullagh and Nelder (1989)), multiple adaptive regression splines (mars, 

Friedman (1991)), maximum entropy (maxent, (Phillips et al. 2006)), and random forest (rf, Breiman 

(2001)). Modelling methods are described in Table S4.6. A five-fold cross validation procedure was 

implemented in each of the 10 replicate runs (with a new random seed for each run) for each method. 

This resulted in 50 individual models for each method for each taxonomic group and grid size.  

 

Model Evaluation 

 

A spatially independent dataset was used for model evaluation. This dataset consisted of the 

southernmost portion of the study area, Osprey Bay (Figure S4.4), where all points were > 20 km away 

from the test data. A summary of the numbers of presences and absences in each data set can be found 

in Table S4.7. 

 

Models were evaluated using AUC (the area under the curve of a receiver operator characteristic plot). 

AUC values range from 0.5 to 1.0, indicating no discrimination and perfect discrimination, respectively 

(Swets 1988). Model sensitivity (proportion of correct positives), specificity (number of correct 

negatives) and the true skill statistic (TSS) were also calculated for each model. TSS (Sensitivity + 

Specificity – 1) provides an alternative to Cohen’s Kappa values and is prevalence independent 

(Allouche et al. 2006). Differences between AUC and TSS scores between grid sizes were assessed 

using one-way ANOVAs for each taxonomic group. Pair-wise t-tests were used to identify significant 

differences between each grid size using Bonferroni adjusted p-values. 

 

Model ensembles were created in the ‘sdm’ package (Naimi and Araújo 2016). Any models with a test 

AUC > 0.7, often interpreted as good performance (e.g. Swets 1988; Coetzee et al. 2009), were used to 

create the model ensemble. Due to poor performance of macroalgae models at 50 m and 100 m grid 

sizes, this AUC threshold was reduced to 0.6 in order to produce an ensemble as no models obtained an 
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AUC > 0.7. A weighted averaging method was used to create the final ensemble layers based upon 

AUC values.  

 

Variable importance scores were derived for each individual model using the ‘getVarImp’ function in 

the ‘sdm’ package (Naimi and Araújo 2016). Scores were derived from the AUC test metric. Variable 

response curves were implemented using the ‘rcurve’ function, also in the ‘sdm’ package. Responses 

to each variable were averaged across all input models (those with AUC > 0.7 used to build the 

ensembles) and confidence intervals were plotted. 

 

Null Model 

 

Null models were generated based upon the prevalence of each taxonomic group in order to evaluate 

the effect of changing model resolution. Null raster surfaces, the same length and extent as the modelled 

rasters were generated for each taxonomic group at each grid size. Grid cells were populated using a 

binomial distribution where the probability that a cell is equal to one (indicating presence) is the 

prevalence of each taxonomic group. Each modelling scenario (replicates averaged for each taxonomic 

group, grid size, and modelling method) was compared against the randomised null model. AUC values 

were compared using non-parametric, paired Wilcoxin tests using bootstrapping procedures with 1000 

iterations. 

 

Results 
 

Overall Model Performance 

 

The best performing model types based on AUC and TSS values were the ensemble (ens), though 

maximum entropy (maxent) and boosted regression trees (brt) often performed well (Tables S4.8–

S4.12). Approximately a third (33.03%) of all models had an AUC value > 0.7 (good performance). Of 

these models, 53.1% predicted the distribution of corals, while 11.7% and 35.2% predicted the 

distributions of macroalgae and sponges, respectively. Across all models, AUC values were highest for 

corals (mean = 0.69 ± 0.07 SD) followed by sponges (mean = 0.66 ± 0.11 SD) and then macroalgae 

(mean = 0.56 ± 0.11 SD). TSS scores were highest for sponges (mean = 0.39 ± 0.17 SD) followed by 

corals (mean = 0.35 ± 0.09 SD) and then macroalgae (mean = 0.23 ± 0.15 SD). Model ensembles 

performed best out of all modelling methods and had the highest AUC (mean = 0.74 ± 0.08 SD) and 

TSS (mean = 0.45 ± 0.12 SD) values.  
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Null Model Comparison 

 

A total of 88.8% (64 / 72) of the modelling outputs performed significantly better than null (Table 

S4.13). Of the eight scenarios that were equal to or worse than null, five used the glm method 

(macroalgae 50 m, 100 m, and 250 m grid sizes; sponges 50 m and 100 m grid sizes). Furthermore, half 

of these models were computed for macroalgae at the 50 m grid size (rpart, glm, mars, and maxent), 

suggesting particularly poor performance at this resolution. 

 

Effect of Grid Size 

 

The accuracy of models across grid sizes showed some differences between taxonomic groups (Figure 

4.1, Table S4.8). For corals, the highest model accuracies were found at 10 m resolution for all 

modelling methods (mean AUC = 0.76 ± 0.02 SD, mean TSS = 0.45 ± 0.04 SD). Pairwise comparisons 

identified a significant reduction in AUC and TSS values for coral models with each increase in grid 

size (Table 4.2, Table S4.9).  

 

Macroalgae showed a different pattern, where accuracy values, averaged across all model types, were 

highest at 250 m grid sizes (mean AUC = 0.65 ± 0.15 SD, mean TSS = 0.39 ± 0.19 SD). It should be 

noted that the accuracy of model ensembles calculated at 10 m (AUC = 0.72, TSS = 0.40) and 100 m 

(AUC = 0.68, TSS = 0.34) grid sizes were greater than the 250 m grid size average. Although AUC and 

TSS values were highest at 250 m grid size, variability in these metrics was much greater than at smaller 

grid sizes (Figure 1), with the exception of maxent. Pairwise comparisons showed that the 50 m grid 

size models had significantly lower TSS and AUC values than all other resolutions, with no significant 

differences between 10 m and 100 m (Table 4.2). 

 

Sponges showed a similar pattern to macroalgae. Models calculated at 250 m grid sizes were, averaged 

across all model types, most accurate (mean AUC = 0.75 ± 0.12 SD, mean TSS = 0.57 ± 0.18 SD). This 

was primarily driven by the performance of generalised linear models (glm, Table S4.12), which 

performed badly at other grid sizes. Model ensembles again showed good performance where, as with 

macroalgae, AUC values at both 100 m (AUC = 0.81) and 10 m (AUC = 0.76) grid sizes were greater 

than the 250 m grid size average. Pairwise comparisons identified the same pattern as the macroalgae 

models with respect to changes in grid size (Table 4.2). 

 

Smaller grid sizes were particularly important for coral models (Table 4.3). However, 250 m appeared 

to be the best grid size for macroalgae and sponges. Model ensembles performed well as they seem to 

account for the high degree of variability in the single classifiers, particularly at 250 m grid sizes. 

Complete rankings of all modelling methods and grid sizes are available in Tables S4.10-S.4.12. 
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Figure 4.1 Model accuracy for each taxonomic group across grid sizes and modelling methods using area under 

the receiver operator curve (AUC) and the true skill statistic (TSS). Ensemble (ens) models only have a single 

value as are comprised of all other models (that meet the threshold criteria). 

 

 

Table 4.2 p-values for pairwise comparisons between grid sizes for AUC (top right comparisons) and TSS (bottom 

left comparisons, light grey shading) values. Mean values included for reference. 

    10 m 50 m 100 m 250 m Mean AUC (± S.D) Mean TSS (± S.D) 

Coral 

10 m - <0.001 <0.001 <0.001 0.76 ± 0.02 0.45 ± 0.04 

50 m <0.001 - <0.001 <0.001 0.71 ± 0.02 0.35 ± 0.02 

100 m <0.001 0.006 - <0.001 0.68 ± 0.02 0.33 ± 0.04 

250 m <0.001 <0.001 <0.001 - 0.60 ± 0.08 0.25 ± 0.09 

Macroalgae 

10 m - <0.001 0.8003 <0.001 0.56 ± 0.05 0.21 ± 0.08 

50 m <0.001 - <0.001 <0.001 0.49 ± 0.05 0.12 ± 0.07 

100 m 1.000 <0.001 - <0.001 0.55 ± 0.05 0.20 ± 0.06 

250 m <0.001 <0.001 <0.001 - 0.65 ± 0.15 0.39 ± 0.19 

Sponge 

10 m - <0.001 0.5292 <0.001 0.66 ± 0.08 0.35 ± 0.10 

50 m 0.0012 - 0.0014 <0.001 0.61 ± 0.07 0.31 ± 0.11 

100 m 1.000 0.0062 - <0.001 0.64 ± 0.10 0.35 ± 0.14 

250 m <0.001 <0.001 <0.001 - 0.75 ± 0.12 0.57 ± 0.18 
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Table 4.3 Top performing models and for each taxonomic group (ordered based on AUC values). All values are 

mean ± standard deviation. Full lists can be found in Tables S4.10-S4.12. 

Taxonomic Group Rank Method Grid Size AUC TSS Sensitivity Specificity 

Coral 

1 ens 10 m 0.80 ± 0.00 0.52 ± 0.00 0.76 ± 0.00 0.76 ± 0.00 

2 rf 10 m 0.79 ± 0.00 0.51 ± 0.01 0.75 ± 0.02 0.76 ± 0.02 

3 maxent 10 m 0.78 ± 0.00 0.45 ± 0.01 0.73 ± 0.06 0.72 ± 0.05 

4 mars 10 m 0.76 ± 0.01 0.46 ± 0.02 0.71 ± 0.02 0.76 ± 0.02 

5 brt 10 m 0.76 ± 0.00 0.44 ± 0.01 0.73 ± 0.05 0.71 ± 0.05 

Macroalgae 

1 ens 250 m 0.83 ± 0.00 0.63 ± 0.00 0.71 ± 0.00 0.92 ± 0.00 

2 maxent 250 m 0.83 ± 0.04 0.60 ± 0.06 0.79 ± 0.10 0.82 ± 0.14 

3 brt 250 m 0.73 ± 0.07 0.52 ± 0.09 0.87 ± 0.10 0.65 ± 0.14 

4 ens 10 m 0.72 ± 0.00 0.40 ± 0.00 0.75 ± 0.00 0.65 ± 0.00 

5 mars 250 m 0.70 ± 0.15 0.47 ± 0.19 0.75 ± 0.21 0.72 ± 0.19 

Sponges 

1 glm 250 m 0.93 ± 0.02 0.85 ± 0.05 1.00 ± 0.04 0.86 ± 0.04 

2 ens 250 m 0.88 ± 0.00 0.66 ± 0.00 0.75 ± 0.00 0.91 ± 0.00 

3 ens 100 m 0.81 ± 0.00 0.52 ± 0.00 0.92 ± 0.00 0.60 ± 0.00 

4 brt 250 m 0.80 ± 0.05 0.60 ± 0.04 0.96 ± 0.10 0.65 ± 0.09 

5 ens 10 m 0.76 ± 0.00 0.47 ± 0.00 0.67 ± 0.00 0.81 ± 0.00 

 

Variable Response Curves 

 

Depth was consistently observed as an important variable across taxonomic groups and grid sizes (Table 

4.4).  Slope and the vector ruggedness measure (vrm3) were important at finer grid sizes for both corals 

and, to a lesser extent, sponges. Backscatter was often an important component of macroalgae models 

across grid sizes. At larger grid sizes, a greater number of variables showed higher importance scores, 

particularly for the macroalgae and sponge groups.   

 

Coral ensemble response curves (Figure 4.2a) identified the importance of depth in the models. Corals 

appear to be confined to depths < 40 m. Macroalgae showed more complex relationships with depth, 

backscatter, and slope (Figure 4.2b), while other relationships were close to linear. Response curves for 

the best performing sponge model showed relatively linear trends (Figure 4.2c). The overall likelihood 

of sponge occurrence appeared to increase with depth. 
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Table 4.4 Variable importance scores for the ensemble models for each taxonomic group and grid size (variables 

described in Table 1). Bold values are those greater than the mean. 

Taxonomic Group Variable 10 m 50 m 100 m 250 m 

Coral 

depth 0.252 0.187 0.163 0.037 

bscatter 0.005 0.019 0.013 0.003 

slope 0.026 0.003 0.027 0.002 

bpi25 0.009 0.034 0.018 0.001 

bpi3 0.001 0.003 0.007 0.062 

curv 0.007 0.004 0.017 0.148 

hyp5 0.004 0.012 0.092 0.112 

vrm3 0.044 0.024    

rugosity 0.042 0.048    

Mean 0.043 0.037 0.037 0.041 

Macroalgae 

depth 0.261 0.217 0.065 0.477 

bscatter 0.145 0.026 0.050 0.065 

slope 0.020 0.000 0.055 0.012 

bpi25 0.002 0.035 0.161 0.080 

bpi3 0.000 0.000 0.007 0.081 

curv 0.009 0.000 0.031 0.075 

hyp5 0.029 0.114 0.027 0.070 

vrm3 0.008 0.000    

rugosity 0.012 0.000    

Mean 0.054 0.044 0.044 0.096 

Sponge 

depth 0.196 0.254 0.270 0.058 

bscatter 0.046 0.020 0.040 0.016 

slope 0.184 0.073 0.055 0.303 

bpi25 0.030 0.021 0.089 0.078 

bpi3 0.016 0.053 0.034 0.055 

curv 0.036 0.062 0.074 0.260 

hyp5 0.031 0.125 0.029 0.042 

vrm3 0.042 0.040    

rugosity 0.011 0.027    

Mean 0.066 0.075 0.065 0.090 
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Figure 4.2 Variable response curves for the best performing model for each taxonomic group: a) Coral, ensemble, 

10 m grid size, b) Macroalgae, ensemble, 250 m grid size, and c) Sponges, ensemble, 250 m grid size (ensemble 

results are reported for sponges given the poor performance of the glm method at other grid sizes). Variables 

described in Table 1. 
 
Predicted Distributions 

 

Due to their good performance, ensemble model results were chosen to identify the predicted extent of 

each taxonomic group. An example of the predicted distribution of corals is shown in Figure 4.3, all 

other results can be viewed in Figures S4.5-S4.19. Figure 4.3 shows that general prediction patterns can 

be maintained up to 100 m grid sizes, although the precision of the coral predictions does reduce. 

Probabilities were converted to presence / absence in order to calculate overall extent values (Table 

4.5). Grid size changes can correspond with up to 6-fold changes in the extent for sponges and up to 2-

fold changes for corals and macroalgae, depending on the threshold used. 
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Figure 4.3 Coral model ensemble predictions for the Helby Banks area for each grid size: a) 10 m, b) 50 m, c) 

100 m, and d) 250 m. 
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Table 4.5 Total predicted extent across all areas for each taxonomic group by grid size. Model ensemble 

predictions are used to generate values. Two thresholds were used to convert to presence / absence based upon 

sensitivity (Sen) and specificity (Spe) values. 

Taxonomic 

Group 
Grid Size 

 

Predicted Area (km2)  

 

Spe = Sen 

 

 

Predicted Area (km2)      

 

Max(Sen + Spe) 

 

Coral 

10 m 14.55 14.55 

50 m 16.43 13.61 

100 m 13.91 12.53 

250 m 7.19 8.13 

Macroalgae 

10 m 13.29 14.13 

50 m 19.02 10.69 

100 m 18.17 15.72 

250 m 10.81 7.56 

Sponge 

10 m 38.10 24.79 

50 m 25.07 25.07 

100 m 31.42 36.96 

250 m 15.88 5.69 

 

Discussion 
 

This study has shown how the spatial resolution of predictor variables and model grid size can influence 

predictions. Not testing models at different grid sizes may lead to erroneous conclusions, particularly 

at local scales. Modelling studies attempt to draw conclusions about the important ecological processes 

that are influencing the distribution of organisms. Ecological processes occur across a range of spatial 

scales, which will influence an organisms’ distribution (Kendrick et al. 2008; Manzoor et al. 2018). 

Sessile taxa are more affected than mobile taxa as their distributions may be more reliant on fine-scale 

patterns (Guisan et al. 2007). We found that different groups of sessile taxa show different responses to 

changes in model grid size. This highlights the importance of understanding the biological requirements 

and functional traits of modelled taxa.  

 

An increase in grid size resulted in significant reductions in the performance of coral models. Corals 

show a strong association with fine scale geomorphological features and high relief reef areas and are 

confined to depths < 40 m in this area (Turner et al. 2018a). All modelling techniques performed well 

for corals at the finest grid size, where AUC values ranged from 0.7 to 0.8 across all 300 replicates. The 

use of coarse variables may result in large overgeneralizations and more homogenous landscapes 

(Rahbek 2004; Gottschalk et al. 2011; Scales et al. 2016). This results in a reduction in the number of 

“distinct” grid cells, which separate out different classes within the data (Gottschalk et al. 2011; 

Manzoor et al. 2018). For example, grid cells comprising of steep slopes are more prevalent, with a 

greater range of values for slope (0.015 to 26.34) at 10 m grid sizes. Whereas at 250 m grid sizes slope 

values ranged from 0.11 – 4.03 resulting in less classes at the extremes as values are averaged across a 
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wider area for each grid cell. Fine-scale patterns in topography can be associated with changes in other 

environmental factors, such as local terrestrial climate (Manzoor et al. 2018), or, in the marine 

environment light and wave and current exposure. Corals may be particularly receptive to these factors 

while they also require areas of high relief topography to attach and avoid smothering by sedimentation 

(Bridge et al. 2010; Locker et al. 2010). 

 

Larger grid sizes produced more accurate predictions for both sponges and macroalgae. The 

classification of these taxonomic groups is broad and each encompasses a range of taxa with different 

ecological characteristics (Holmes et al. 2008; Hovey et al. 2012). This may result in inconsistent 

relationships with environmental variables that will impact model performance (García-Callejas and 

Araújo 2016). A coarser grid size, and thus a smoothing of variable values, may result in simpler 

relationships between the response and predictors. This can prevent overfitting of models (Merow et al. 

2014) and is supported by observations that model transferability is improved at coarser grid sizes 

(Manzoor et al. 2018). This may explain the greater performance of the macroalgae and sponge models 

at coarser grid sizes when evaluated with independent data. Alternatively, this study is constrained by 

topographic predictors and depth is relied upon as a surrogate for variables, such as light availability 

and temperature (Elith and Leathwick 2009). Specific predictors, that have a strong relationship with 

the biological requirements of these taxonomic groups, may be missing, which would allow for better 

predictions at finer scales. This may include variables such as current strength and sedimentation rates. 

Larger grid sizes may therefore produce better results for more generalist organisms that can occupy a 

range of environmental niches or where certain environmental variables are not available. The 

proportions of absences to presences can be important when predicating generalist taxa as a lack of 

absences may cause models to over-predict distributions. In this study, this did not differ markedly 

across grid sizes for each of the taxonomic groups (Table S4.7) and so is unlikely to influence results. 

 

Most models performed significantly better than random, despite changes in grid size. This shows that 

models can still detect important relationships, even at coarser resolutions (Guisan et al. 2007; Barbosa 

et al. 2010). However, there were up to two-fold changes in the predicted extent across grid sizes. The 

magnitude of change was influenced by choice of threshold (Jiménez-Valverde and Lobo 2007), 

although the 250 m grid size predicted the smallest extent in all cases. This may have useful 

conservation implications, where a potential under-prediction of extent when data resolution is poor 

provides a conservative measure. Results from these coarser models can then guide targeted surveys to 

investigate areas of high probability of occurrence.  

 

Ensemble models performed better across grid sizes when compared to single classifiers. Performance 

was maintained despite when what may be regarded as “sub-optimal” grid sizes were used. Ensembles 

can highlight the most important relationships, while down-weighting those present in only a few 
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replicates. For example, sponge model variable importance scores had a broad range at 250 m grid sizes 

for both slope (0.00 – 0.72) and curvature (0.00 – 0.89) across models. Final importance scores were 

0.30 and 0.26, respectively, and resulted in relatively simple response curves for these variables. The 

averaging procedures used to create ensembles reduce variability observed in individual model 

replicates (Araújo and New 2007; Crimmins et al. 2013). AUC values for individual sponge models at 

the 250 m grid size ranged from 0.17 to 0.93, while the model ensemble produced an AUC value of 

0.88. These weighted averaging procedures appeared to be particularly important at larger grid sizes, 

where single methods showed a general trend of increased variability as grid size increased.  

 

The performance of single methods was relatively erratic in this study, particularly as grid size changed. 

Choice of model technique can drastically alter results depending on the scenario and grid size (Guisan 

et al. 2007). When relationships between the response and predictors are simple then performance can 

be very good. This is highlighted by the high accuracy obtained by generalised linear models (glm) for 

sponges at the 250 m grid size. However, glms at other grid sizes were poor and even performed 

significantly worse than random. Similarly, other single methods performed very well at optimal grid 

sizes. Overall, maximum entropy (maxent), random forest (rf), and boosted regression trees (brt) 

showed high levels of accuracy as has been observed in other studies (Elith et al. 2006; Guisan et al. 

2007; Marmion et al. 2009). However, there were large reductions in AUC and TSS values as grid size 

changed that was not observed to the same degree in ensembles. Given these results, confidence in the 

general usage and transferability of some single methods across scenarios may be considered to be low. 

 

Overall, our results demonstrate that identifying the appropriate spatial resolution of predictors in SDMs 

can lead to improved predictive performance and better mapping outcomes. Understanding the effect 

grid size has on the predictability of different taxa is essential to the utility of SDM techniques as tools 

for conservation and resource management. Relating these effects to biological requirements of taxa 

will result in models that are ecologically relevant, which is crucial to gaining insight into the ecological 

processes necessary for population persistence and resilience, and how these may be impacted by 

climate change. Ensemble platforms provide a useful tool, particularly as it can be hard to choose a 

single model type and results may vary between them. Utilising model ensembles can improve 

predictive accuracy and obtain better predictions. However, they should not be looked at as an 

alternative to improving models by obtaining more and higher quality data (Araújo and New 2007). At 

the end of the day, models are different from reality and this is something that must always be 

considered in their interpretation. They do, however, provide extremely useful guides and tools for 

decision makers and scientists. 
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Figure S4.4 Map of study area and areas targeted for modelling. 

 

  



Distribution modelling 

99 

 

Table S4.6 Description of modelling methods used in the study. 

Modelling Technique Description Reference 

rpart: Classification Trees 

Classification based. Splits the data based upon 

predictors. A single predictor is used at each node 

and recursive partitioning occurs until maximum 
deviance is reached. 

Breiman et al. (1984) 

gbm: Generalized 
Boosting Methods 

Machine-learning method. Adds classification or 

regression trees to the model progressively while 

re-weighting the data until no improvement in 
prediction is observed. 

Ridgeway (1999); Elith et al. (2008) 

glm: Generalized Linear 

Models 

Regression based. Uses a link function to identify 

the link between random and systematic 
components. 

McCullagh and Nelder (1989) 

mars: Multivariate 

Adaptive Regression 

Splines 

Regression based. Combines both recursive 

partitioning and spline fitting. Constructs 

relationships based upon coefficients from the 

predictor variables. 

Friedman (1991) 

maxent: Maximum 
Entropy 

Regression based. Uses the maximum entropy 

probability distribution, subject to constraints, to 
estimate the target probability distribution. 

Phillips et al (2006) 

rf: Random Forest 

Classification and regression machine-learning 

method. Averages the results of many classification 

trees constructed using a random subset of 
predictors. 

Breiman (2001) 

ens: ‘sdm’ Ensemble 

Models within each scenario (organism and grid 

size) with a test AUC > 0.7 were used to build 

ensembles. Models were weighted based upon 
AUC value to produce final results. 

Naimi and Araujo (2016) 

 

  



Distribution modelling 

100 

 

Table S4.7 Counts of presences/absences for each taxonomic group across test and evaluation datasets. All test 

datasets underwent a 5-fold cross-validation procedure to produce models. Evaluation datasets were used in full 

to determine the performance of the models. 

Taxonomic group Dataset 
Presence (P) or 

Absence (A) 

Grid Size 

10 m 50 m 100 m 250 m 

Coral 

Test 

P 221 214 233 229 

A 1679 1558 1664 1424 

Evaluation 

P 162 156 163 162 

A 190 174 186 161 

Macroalgae 

Test 

P 104 97 102 88 

A 369 340 371 246 

Evaluation 

P 20 20 20 17 

A 54 47 57 43 

Sponges 

Test 

P 134 118 134 105 

A 339 319 339 229 

Evaluation 

P 12 12 14 11 

A 62 55 63 49 
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Table S4.8 Mean accuracy metrics (±SD) of each method across taxonomic groups. Performance is based on 

significant area under the receiver operator curve (AUC) groups. Letters represent significant groups based upon 

pairwise t-test and adjusted Bonferroni p-values (p < 0.05). 
    AUC (± S.D) TSS (± S.D) Sensitivity (± S.D) Specificity (± S.D) Rank 

Coral 

brt 0.71 ± 0.03 a 0.36 ± 0.05 b 0.63 ± 0.14 b 0.73 ± 0.11 c  1 

glm 0.68 ± 0.06 b 0.34 ± 0.06 c 0.52 ± 0.06 d 0.81 ± 0.06 a  2 

mars 0.67 ± 0.09 bc 0.33 ± 0.11 cd 0.56 ± 0.13 c 0.77 ± 0.09 b  3 

maxent 0.68 ± 0.10 b 0.33 ± 0.10 cd 0.56 ± 0.15 cd 0.77 ± 0.08 b  2 

rf 0.73 ± 0.04 a 0.40 ± 0.06 a 0.69 ± 0.07 a 0.71 ± 0.07 c  1 

rpart 0.66 ± 0.07 c 0.31 ± 0.10 d 0.58 ± 0.13 c 0.73 ± 0.13 c  4 

ens 0.74 ± 0.04 a 0.41 ± 0.08 a 0.69 ± 0.09 a 0.72 ± 0.08 c  1 

Macroalgae 

brt 0.59 ± 0.09 ab 0.28 ± 0.15 ab 0.64 ± 0.20 a 0.64 ± 0.15 b  2 

glm 0.47 ± 0.05 d 0.12 ± 0.06 e 0.57 ± 0.24 bc 0.55 ± 0.24 c  5 

mars 0.57 ± 0.11 bc 0.26 ± 0.17 bc 0.62 ± 0.21 ab 0.64 ± 0.20 b  3 

maxent 0.62 ± 0.13 a 0.30 ± 0.19 a 0.58 ± 0.22 ab 0.72 ± 0.17 a  1 

rf 0.56 ± 0.06 c 0.24 ± 0.09 c 0.49 ± 0.22 c 0.75 ± 0.18 a  4 

rpart 0.55 ± 0.10 c 0.19 ± 0.14 d 0.50 ± 0.31 c 0.69 ± 0.27 ab  4 

ens 0.70 ± 0.12 a 0.41 ± 0.16 a 0.62 ± 0.14 a 0.79 ± 0.11 a  1 

Sponge 

brt 0.72 ± 0.06 a 0.47 ± 0.09 a 0.80 ± 0.17 a 0.67 ± 0.14 cd  1 

glm 0.61 ± 0.19 c 0.34 ± 0.30 cd 0.68 ± 0.33 b 0.66 ± 0.29 d  4 

mars 0.65 ± 0.08 b 0.38 ± 0.11 bc 0.61 ± 0.19 c 0.76 ± 0.17 ab  2 

maxent 0.69 ± 0.04 a 0.45 ± 0.10 a 0.64 ± 0.14 c 0.81 ± 0.13 a  1 

rf 0.70 ± 0.07 a 0.44 ± 0.11 a 0.74 ± 0.14 ab 0.70 ± 0.14 cd  1 

rpart 0.62 ± 0.09 bc 0.29 ± 0.13 d 0.58 ± 0.24 c 0.72 ± 0.21 bc  3 

ens 0.79 ± 0.07 a 0.53 ± 0.09 a 0.77 ± 0.10 a 0.76 ± 0.13 ab  1 
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Table S4.9 Summary statistics for pairwise t-test post-hoc comparisons between grid sizes for each taxonomic 

group. AUC and TSS values reported are mean (±S.D) across modelling methods. 
  AUC TSS 

Taxonomic Group Comparison p value 1st Comparison 2nd Comparison p value 1st Comparison 2nd Comparison 

Coral 

10m / 50m 0.0000 0.76 ± 0.02 0.71 ± 0.02 0.0000 0.45 ± 0.04 0.35 ± 0.02 

10m / 100m 0.0000 0.76 ± 0.02 0.68 ± 0.02 0.0000 0.45 ± 0.04 0.33 ± 0.04 

10m / 250m 0.0000 0.76 ± 0.02 0.60 ± 0.08 0.0000 0.45 ± 0.04 0.25 ± 0.09 

50m / 100m 0.0000 0.71 ± 0.02 0.68 ± 0.02 0.0064 0.35 ± 0.02 0.33 ± 0.04 

50m / 250m 0.0000 0.71 ± 0.02 0.60 ± 0.08 0.0000 0.35 ± 0.02 0.25 ± 0.09 

100m / 250m 0.0000 0.68 ± 0.02 0.60 ± 0.08 0.0000 0.33 ± 0.04 0.25 ± 0.09 

Macroalgae 

10m / 50m 0.0000 0.56 ± 0.05 0.49 ± 0.05 0.0000 0.21 ± 0.08 0.12 ± 0.07 

10m / 100m 0.8003 0.56 ± 0.05 0.55 ± 0.05 1.0000 0.21 ± 0.08 0.20 ± 0.06 

10m / 250m 0.0000 0.56 ± 0.05 0.65 ± 0.15 0.0000 0.21 ± 0.08 0.39 ± 0.19 

50m / 100m 0.0000 0.49 ± 0.05 0.55 ± 0.05 0.0000 0.12 ± 0.07 0.20 ± 0.06 

50m / 250m 0.0000 0.49 ± 0.05 0.65 ± 0.15 0.0000 0.12 ± 0.07 0.39 ± 0.19 

100m / 250m 0.0000 0.55 ± 0.05 0.65 ± 0.15 0.0000 0.20 ± 0.06 0.39 ± 0.19 

Sponge 

10m / 50m 0.0000 0.66 ± 0.08 0.61 ± 0.07 0.0012 0.35 ± 0.10 0.31 ± 0.11 

10m / 100m 0.5292 0.66 ± 0.08 0.64 ± 0.10 1.0000 0.35 ± 0.10 0.35 ± 0.14 

10m / 250m 0.0000 0.66 ± 0.08 0.75 ± 0.12 0.0000 0.35 ± 0.10 0.57 ± 0.18 

50m / 100m 0.0014 0.61 ± 0.07 0.64 ± 0.10 0.0062 0.31 ± 0.11 0.35 ± 0.14 

50m / 250m 0.0000 0.61 ± 0.07 0.75 ± 0.12 0.0000 0.31 ± 0.11 0.57 ± 0.18 

100m / 250m 0.0000 0.64 ± 0.10 0.75 ± 0.12 0.0000 0.35 ± 0.14 0.57 ± 0.18 
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Table S4.10 Mean accuracy metrics (±SD) for each method and grid size for the Coral taxonomic group. Ordered 

by area under the receiver operator curve (AUC) values. Model methods are described in Table S4.9. 
Method Taxonomic Group Grid Size AUC TSS Sensitivity Specificity 

ens Coral 10 m 0.80 ± 0.00 0.52 ± 0.00 0.76 ± 0.00 0.76 ± 0.00 

rf Coral 10 m 0.79 ± 0.00 0.51 ± 0.01 0.75 ± 0.02 0.76 ± 0.02 

maxent Coral 10 m 0.78 ± 0.00 0.45 ± 0.01 0.73 ± 0.06 0.72 ± 0.05 

mars Coral 10 m 0.76 ± 0.01 0.46 ± 0.02 0.71 ± 0.02 0.76 ± 0.02 

brt Coral 10 m 0.76 ± 0.00 0.44 ± 0.01 0.73 ± 0.05 0.71 ± 0.05 

glm Coral 10 m 0.74 ± 0.01 0.40 ± 0.01 0.55 ± 0.03 0.85 ± 0.02 

rpart Coral 10 m 0.74 ± 0.01 0.43 ± 0.03 0.67 ± 0.05 0.76 ± 0.03 

maxent Coral 50 m 0.74 ± 0.01 0.35 ± 0.02 0.63 ± 0.06 0.72 ± 0.05 

ens Coral 50 m 0.73 ± 0.00 0.36 ± 0.00 0.59 ± 0.00 0.76 ± 0.00 

ens Coral 100 m 0.73 ± 0.00 0.40 ± 0.00 0.64 ± 0.00 0.76 ± 0.00 

rf Coral 50 m 0.72 ± 0.01 0.37 ± 0.01 0.58 ± 0.03 0.78 ± 0.03 

rf Coral 100 m 0.72 ± 0.01 0.39 ± 0.02 0.69 ± 0.04 0.70 ± 0.04 

glm Coral 50 m 0.72 ± 0.01 0.36 ± 0.01 0.59 ± 0.02 0.76 ± 0.02 

ens Coral 250 m 0.72 ± 0.00 0.36 ± 0.00 0.77 ± 0.00 0.59 ± 0.00 

brt Coral 50 m 0.71 ± 0.00 0.34 ± 0.01 0.58 ± 0.07 0.75 ± 0.06 

brt Coral 250 m 0.71 ± 0.01 0.36 ± 0.01 0.77 ± 0.01 0.59 ± 0.01 

mars Coral 50 m 0.70 ± 0.02 0.35 ± 0.02 0.59 ± 0.07 0.75 ± 0.06 

maxent Coral 100 m 0.68 ± 0.01 0.33 ± 0.01 0.47 ± 0.03 0.86 ± 0.03 

glm Coral 100 m 0.68 ± 0.01 0.33 ± 0.01 0.45 ± 0.02 0.88 ± 0.02 

mars Coral 100 m 0.68 ± 0.03 0.33 ± 0.05 0.52 ± 0.07 0.81 ± 0.06 

rf Coral 250 m 0.68 ± 0.02 0.35 ± 0.01 0.74 ± 0.02 0.62 ± 0.02 

brt Coral 100 m 0.68 ± 0.00 0.32 ± 0.01 0.44 ± 0.07 0.88 ± 0.06 

rpart Coral 50 m 0.67 ± 0.02 0.32 ± 0.03 0.54 ± 0.07 0.78 ± 0.07 

rpart Coral 100 m 0.66 ± 0.02 0.29 ± 0.04 0.48 ± 0.09 0.80 ± 0.06 

glm Coral 250 m 0.58 ± 0.01 0.25 ± 0.02 0.49 ± 0.03 0.76 ± 0.04 

rpart Coral 250 m 0.56 ± 0.05 0.20 ± 0.07 0.64 ± 0.16 0.56 ± 0.13 

maxent Coral 250 m 0.53 ± 0.04 0.17 ± 0.06 0.41 ± 0.12 0.77 ± 0.07 

mars Coral 250 m 0.53 ± 0.06 0.18 ± 0.07 0.43 ± 0.14 0.76 ± 0.15 
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Table S4.11 Mean accuracy metrics (±SD) for each method and grid size for the Macroalgae taxonomic group. 

Ordered by area under the receiver operator curve (AUC) values. Model methods are described in Table S4.9. 
Method Taxonomic Group Grid Size AUC TSS Sensitivity Specificity 

ens Macroalgae 250 m 0.83 ± 0.00 0.63 ± 0.00 0.71 ± 0.00 0.92 ± 0.00 

maxent Macroalgae 250 m 0.83 ± 0.04 0.60 ± 0.06 0.79 ± 0.10 0.82 ± 0.14 

brt Macroalgae 250 m 0.73 ± 0.07 0.52 ± 0.09 0.87 ± 0.10 0.65 ± 0.14 

ens Macroalgae 10 m 0.72 ± 0.00 0.40 ± 0.00 0.75 ± 0.00 0.65 ± 0.00 

mars Macroalgae 250 m 0.70 ± 0.15 0.47 ± 0.19 0.75 ± 0.21 0.72 ± 0.19 

ens Macroalgae 100 m 0.68 ± 0.00 0.34 ± 0.00 0.58 ± 0.00 0.76 ± 0.00 

rf Macroalgae 250 m 0.62 ± 0.07 0.33 ± 0.09 0.76 ± 0.17 0.58 ± 0.17 

maxent Macroalgae 100 m 0.60 ± 0.03 0.25 ± 0.05 0.70 ± 0.19 0.55 ± 0.17 

rpart Macroalgae 250 m 0.59 ± 0.13 0.27 ± 0.15 0.85 ± 0.25 0.42 ± 0.24 

brt Macroalgae 10 m 0.58 ± 0.01 0.24 ± 0.02 0.72 ± 0.03 0.52 ± 0.04 

rpart Macroalgae 100 m 0.58 ± 0.05 0.20 ± 0.08 0.38 ± 0.20 0.82 ± 0.18 

rpart Macroalgae 10 m 0.58 ± 0.09 0.22 ± 0.13 0.48 ± 0.20 0.74 ± 0.19 

rf Macroalgae 10 m 0.56 ± 0.03 0.23 ± 0.06 0.51 ± 0.11 0.72 ± 0.12 

maxent Macroalgae 10 m 0.56 ± 0.03 0.23 ± 0.06 0.48 ± 0.10 0.75 ± 0.06 

mars Macroalgae 10 m 0.56 ± 0.03 0.21 ± 0.07 0.58 ± 0.16 0.63 ± 0.14 

brt Macroalgae 100 m 0.55 ± 0.02 0.21 ± 0.04 0.47 ± 0.14 0.74 ± 0.15 

ens Macroalgae 50 m 0.55 ± 0.00 0.28 ± 0.00 0.45 ± 0.00 0.83 ± 0.00 

mars Macroalgae 100 m 0.54 ± 0.05 0.20 ± 0.07 0.61 ± 0.21 0.59 ± 0.21 

rf Macroalgae 100 m 0.52 ± 0.03 0.21 ± 0.03 0.27 ± 0.07 0.94 ± 0.07 

rf Macroalgae 50 m 0.52 ± 0.03 0.17 ± 0.06 0.43 ± 0.14 0.74 ± 0.14 

brt Macroalgae 50 m 0.52 ± 0.01 0.14 ± 0.03 0.52 ± 0.16 0.63 ± 0.16 

glm Macroalgae 10 m 0.51 ± 0.02 0.13 ± 0.04 0.56 ± 0.13 0.57 ± 0.13 

mars Macroalgae 50 m 0.50 ± 0.05 0.15 ± 0.08 0.54 ± 0.21 0.61 ± 0.22 

glm Macroalgae 100 m 0.50 ± 0.02 0.13 ± 0.04 0.42 ± 0.13 0.71 ± 0.13 

maxent Macroalgae 50 m 0.49 ± 0.04 0.13 ± 0.06 0.37 ± 0.16 0.77 ± 0.16 

rpart Macroalgae 50 m 0.47 ± 0.05 0.07 ± 0.07 0.29 ± 0.27 0.77 ± 0.26 

glm Macroalgae 250 m 0.45 ± 0.07 0.15 ± 0.07 0.78 ± 0.31 0.37 ± 0.31 

glm Macroalgae 50 m 0.43 ± 0.02 0.05 ± 0.05 0.50 ± 0.19 0.56 ± 0.20 
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Table S4.12 Mean accuracy metrics (±SD) for each method and grid size for the Sponge taxonomic group. 

Ordered by area under the receiver operator curve (AUC) values. Model methods are described in Table S4.9. 
Method Taxonomic Group Grid Size AUC TSS Sensitivity Specificity 

glm Sponge 250 m 0.93 ± 0.02 0.85 ± 0.05 1.00 ± 0.04 0.86 ± 0.04 

ens Sponge 250 m 0.88 ± 0.00 0.66 ± 0.00 0.75 ± 0.00 0.91 ± 0.00 

ens Sponge 100 m 0.81 ± 0.00 0.52 ± 0.00 0.92 ± 0.00 0.60 ± 0.00 

brt Sponge 250 m 0.80 ± 0.05 0.60 ± 0.04 0.96 ± 0.10 0.65 ± 0.09 

ens Sponge 10 m 0.76 ± 0.00 0.47 ± 0.00 0.67 ± 0.00 0.81 ± 0.00 

rf Sponge 250 m 0.75 ± 0.05 0.58 ± 0.08 0.77 ± 0.06 0.82 ± 0.09 

rf Sponge 100 m 0.74 ± 0.03 0.46 ± 0.06 0.82 ± 0.12 0.63 ± 0.11 

brt Sponge 10 m 0.73 ± 0.02 0.44 ± 0.05 0.93 ± 0.11 0.50 ± 0.10 

ens Sponge 50 m 0.73 ± 0.00 0.47 ± 0.00 0.75 ± 0.00 0.72 ± 0.00 

maxent Sponge 10 m 0.71 ± 0.04 0.41 ± 0.07 0.74 ± 0.12 0.68 ± 0.15 

brt Sponge 100 m 0.70 ± 0.02 0.45 ± 0.04 0.71 ± 0.07 0.74 ± 0.08 

mars Sponge 10 m 0.70 ± 0.05 0.43 ± 0.07 0.71 ± 0.11 0.72 ± 0.12 

maxent Sponge 250 m 0.70 ± 0.04 0.58 ± 0.09 0.73 ± 0.08 0.85 ± 0.06 

maxent Sponge 100 m 0.68 ± 0.02 0.45 ± 0.05 0.62 ± 0.06 0.83 ± 0.07 

rpart Sponge 250 m 0.67 ± 0.12 0.41 ± 0.16 0.84 ± 0.20 0.57 ± 0.23 

rf Sponge 50 m 0.67 ± 0.03 0.37 ± 0.05 0.79 ± 0.10 0.58 ± 0.11 

maxent Sponge 50 m 0.66 ± 0.03 0.35 ± 0.04 0.49 ± 0.11 0.87 ± 0.09 

brt Sponge 50 m 0.65 ± 0.03 0.38 ± 0.04 0.59 ± 0.03 0.79 ± 0.05 

mars Sponge 250 m 0.64 ± 0.11 0.41 ± 0.14 0.66 ± 0.22 0.75 ± 0.20 

mars Sponge 50 m 0.63 ± 0.04 0.36 ± 0.05 0.52 ± 0.13 0.85 ± 0.13 

rpart Sponge 100 m 0.63 ± 0.05 0.27 ± 0.05 0.46 ± 0.17 0.81 ± 0.16 

mars Sponge 100 m 0.62 ± 0.09 0.32 ± 0.10 0.57 ± 0.21 0.74 ± 0.18 

rf Sponge 10 m 0.62 ± 0.04 0.34 ± 0.05 0.59 ± 0.13 0.75 ± 0.12 

rpart Sponge 10 m 0.61 ± 0.07 0.27 ± 0.09 0.55 ± 0.20 0.72 ± 0.17 

rpart Sponge 50 m 0.58 ± 0.07 0.24 ± 0.10 0.48 ± 0.20 0.75 ± 0.20 

glm Sponge 10 m 0.56 ± 0.01 0.22 ± 0.02 0.80 ± 0.28 0.42 ± 0.29 

glm Sponge 50 m 0.49 ± 0.04 0.15 ± 0.07 0.55 ± 0.23 0.60 ± 0.25 

glm Sponge 100 m 0.48 ± 0.05 0.13 ± 0.05 0.38 ± 0.29 0.75 ± 0.31 
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Table S4.13 Comparison of each scenario (taxonomic group, grid size, and method) to a null model. Each scenario 

is an average of all of the single models produced using the 5-fold cross-validation procedure across each of the 

10 replicate model runs (n = 50 for each scenario). Model methods are described in Table S4.9. 
Taxonomic Group Grid Size Method W p Performance 

Coral 

10 m 

brt 1275.00 0.0000 Better 

rpart 1275.00 0.0000 Better 

glm 1275.00 0.0000 Better 

mars 1275.00 0.0000 Better 

maxent 1275.00 0.0000 Better 

rf 1275.00 0.0000 Better 

50 m 

brt 1275.00 0.0000 Better 

rpart 1275.00 0.0000 Better 

glm 1275.00 0.0000 Better 

mars 1275.00 0.0000 Better 

maxent 1275.00 0.0000 Better 

rf 1275.00 0.0000 Better 

100 m 

brt 1275.00 0.0000 Better 

rpart 1275.00 0.0000 Better 

glm 1275.00 0.0000 Better 

mars 1275.00 0.0000 Better 

maxent 1275.00 0.0000 Better 

rf 1275.00 0.0000 Better 

250 m 

brt 1275.00 0.0000 Better 

rpart 1163.80 0.0000 Better 

glm 1272.81 0.0000 Better 

mars 902.95 0.0444 Better 

maxent 1015.34 0.0037 Better 

rf 1275.00 0.0000 Better 

Macroalgae 

10 m 

brt 1275.00 0.0000 Better 

rpart 1275.00 0.0000 Better 

glm 943.50 0.0116 Better 

mars 1268.83 0.0000 Better 

maxent 1260.83 0.0000 Better 

rf 1265.24 0.0000 Better 

50 m 

brt 1158.76 0.0000 Better 

rpart 231.60 0.0019 Worse 

glm 1275.00 0.0000 Worse 

mars 646.39 0.4961 Equal 

maxent 418.84 0.1320 Equal 

rf 1013.52 0.0042 Better 
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100 m 

brt 1259.68 0.0000 Better 

rpart 1227.57 0.0000 Better 

glm 595.64 0.5041 Equal 

mars 1104.74 0.0001 Better 

maxent 1275.00 0.0000 Better 

rf 1034.76 0.0017 Better 

250 m 

brt 1273.02 0.0000 Better 

rpart 1008.23 0.0048 Better 

glm 206.57 0.0006 Worse 

mars 1217.10 0.0000 Better 

maxent 1275.00 0.0000 Better 

rf 1237.94 0.0000 Better 

Sponge 

10 m 

brt 1275.00 0.0000 Better 

rpart 1253.71 0.0000 Better 

glm 1275.00 0.0000 Better 

mars 1275.00 0.0000 Better 

maxent 1275.00 0.0000 Better 

rf 1272.73 0.0000 Better 

50 m 

brt 1275.00 0.0000 Better 

rpart 1196.83 0.0000 Better 

glm 450.35 0.1972 Equal 

mars 1275.00 0.0000 Better 

maxent 1275.00 0.0000 Better 

rf 1275.00 0.0000 Better 

100 m 

brt 1275.00 0.0000 Better 

rpart 1272.22 0.0000 Better 

glm 297.44 0.0175 Worse 

mars 1234.38 0.0000 Better 

maxent 1275.00 0.0000 Better 

rf 1275.00 0.0000 Better 

250 m 

brt 1275.00 0.0000 Better 

rpart 1224.75 0.0000 Better 

glm 1275.00 0.0000 Better 

mars 1217.21 0.0000 Better 

maxent 1273.73 0.0000 Better 

rf 1275.00 0.0000 Better 
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Figure S4.5 Coral model ensemble predictions for the Helby Banks area for each grid size: a) 10 m, b) 50 m, c) 

100 m, and d) 250 m with overlain presence records. 
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Figure S4.6 Macroalgae model ensemble predictions for the Helby Banks area for each grid size: a) 10 m, b) 50 

m, c) 100 m, and d) 250 m with overlain presence records. 
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Figure S4.7 Sponge model ensemble predictions for the Helby Banks area for each grid size: a) 10 m, b) 50 m, 

c) 100 m, and d) 250 m with overlain presence records. 
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Figure S4.8 Coral model ensemble predictions for the Tantabiddi area for each grid size: a) 10 m, b) 50 m, c) 

100 m, and d) 250 m with overlain presence records. 
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Figure S4.9 Macroalgae model ensemble predictions for the Tantabiddi area for each grid size: a) 10 m, b) 50 m, 

c) 100 m, and d) 250 m with overlain presence records. 
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Figure S4.10 Sponge model ensemble predictions for the Tantabiddi area for each grid size: a) 10 m, b) 50 m, c) 

100 m, and d) 250 m with overlain presence records. 
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Figure S4.11 Coral model ensemble predictions for the Mangrove Bay area for each grid size: a) 10 m, b) 50 m, 

c) 100 m, and d) 250 m with overlain presence records. 
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Figure S4.12 Macroalgae model ensemble predictions for the Mangrove Bay area for each grid size: a) 10 m, b) 

50 m, c) 100 m, and d) 250 m with overlain presence records. 
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Figure S4.13 Sponge model ensemble predictions for the Mangrove Bay for each grid size: a) 10 m, b) 50 m, c) 

100 m, and d) 250 m with overlain presence records. 
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Figure S4.14 Coral model ensemble predictions for the Mandu area for each grid size: a) 10 m, b) 50 m, c) 100 

m, and d) 250 m with overlain presence records. 
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Figure S4.15 Macroalgae model ensemble predictions for the Mandu area for each grid size: a) 10 m, b) 50 m, c) 

100 m, and d) 250 m with overlain presence records. 
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Figure S4.16 Sponge model ensemble predictions for the Mandu area for each grid size: a) 10 m, b) 50 m, c) 100 

m, and d) 250 m with overlain presence records. 
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Figure S4.17 Coral model ensemble predictions for the Osprey Bay area for each grid size: a) 10 m, b) 50 m, c) 

100 m, and d) 250 m with overlain presence records. 
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Figure S4.18 Macroalgae model ensemble predictions for the Osprey Bay area for each grid size: a) 10 m, b) 50 

m, c) 100 m, and d) 250 m with overlain presence records. 
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Figure S4.19 Sponge model ensemble predictions for the Osprey Bay for each grid size: a) 10 m, b) 50 m, c) 100 

m, and d) 250 m with overlain presence records. 
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Abstract 
 

There is currently very limited information around the spatial patterns of coral recruitment at 

mesophotic depths globally. This study investigated depth related differences in coral recruitment 

patterns from shallow (~3 m) to mesophotic depths (~40 m) in the Indian Ocean. A new method is 

described for assessing coral recruitment, which allows for the improved study of recruitment patterns 

on deep reefs globally, as the method does not require SCUBA diving. This method allows for 

comparisons with other studies as there appears to be no influence on the density, composition or 

settlement orientation of recruits relative to the most commonly used methods. Using this method we 

investigated coral recruitment at Ningaloo Reef, Western Australia, and found that the abundance of 

coral recruits varied significantly with depth, and was highest at 25 m. The size of coral recruits changed 

significantly with depth, with larger recruits observed in shallower areas (3 m and 8 m) than deep areas. 

Distinct changes in settlement densities on tile surfaces occurred with increasing depth, with a shift to 

upper tile surfaces between 8 m and 25 m, where the proportion of recruits increased from 10.72% to 

87.69%, respectively. Overall counts of recruits were low, with minimal recruitment at the deepest sites, 

and moderate but significant correlations between recruit numbers and hard coral cover were observed. 

This suggests that variations in larval-supply, potentially coupled with larval behaviour and local-scale 

environmental factors that influence pre- and post-settlement cues, may lead to enhanced horizontal 

connectivity rather than across depths.. This is consistent with genetic studies that show limited 

exchange between shallow and mesophotic reefs and points to a limited potential for mesophotic reefs 

to act as a source of larvae for impacted shallow reefs. 
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Introduction 
 

As we enter the Anthropocene, marine systems, and coral reefs in particular, are facing escalating 

threats from a suite of interacting anthropogenic pressures. Climate change in particular, associated with 

increasing temperatures and ocean acidification, has been found to greatly affect the structure and 

functional composition of coral communities globally (Hughes et al. 2003; Burke et al. 2011; Hughes 

et al. 2017).  It is critical to understand coral recruitment processes, and how they may alter with climate 

change (Doropoulos et al. 2012), in order to manage reefs effectively, as coral reef maintenance will 

ultimately be dependent on recruitment dynamics. Coral reef research has expanded into deeper waters, 

particularly in recent years, as the diversity and ecology of mesophotic coral ecosystems (MCEs) has 

been explored (Kahng et al. 2010; Turner et al. 2017). MCEs are defined as tropical, coral-dominated 

light dependent communities that occur from approximately 30 m to the bottom of the photic zone 

(Lesser et al. 2009; Hinderstein et al. 2010; Baker et al. 2016). However, little is currently known about 

recruitment dynamics, life history traits, and post-settlement processes at depths greater than 30 m 

(Turner et al. 2017). 

 

With increasing temperatures a key threat to coral reefs globally (Hughes et al. 2003), deeper reef-

building coral habitats may have the potential to act as refugia if these populations are exposed to fewer 

stressors (Bongaerts et al. 2010a). Reduced instances of bleaching have been recorded in deeper 

scleractinian populations, which may avoid localised extinctions in locations where shallow populations 

have suffered high mortality (Bridge et al. 2013b; Smith et al. 2014; Muir et al. 2017). If deeper 

populations of reef-building corals do survive, their ability to re-seed shallower locations will be critical 

to recovery. While many species may occur across a wide depth range (Kahng et al. 2014; Semmler et 

al. 2017), recent studies have demonstrated limited genetic exchange between shallow and deep coral 

populations (e.g. van Oppen et al. 2011; Bongaerts et al. 2017) and disparities in spawning times 

between shallow and mesophotic coral populations (Shlesinger et al. 2018). There is increasing 

evidence of depth related isolation in coral populations, suggesting the exchange of larvae between deep 

and shallow coral populations may be highly restricted. However, some results may be specific to 

certain geographic locations, where local hydrographic conditions are likely to influence both vertical 

and horizontal recruitment patterns (Serrano et al. 2014; Holstein et al. 2015b). A paucity of data on 

coral recruitment patterns on deeper reefs has, to date, limited our ability to assess the capacity of deeper 

reefs to contribute to the resilience of coral reefs under conditions of global climate change.  

 

Coral recruitment is known to be influenced by a number of physical factors that vary with depth. For 

example, light is a particularly important factor in coral recruit survival, influencing pre- and post-

settlement behaviour and survivorship (Babcock and Mundy 1996; Mundy and Babcock 1998). 

Sufficient light levels are required for photosynthesis, and are positively linked to long-term fitness as 



Coral recruitment patterns across depths 

126 

 

corals grow. On the other hand, high levels of ultraviolet radiation may cause damage (Gleason and 

Hofmann 2011). Reductions in light levels may lead to decreases in energy reserves, which can impact 

fecundity of mesophotic coral populations (Shlesinger et al. 2018), however, no difference (Holstein et 

al. 2016) and even increased fecundity (Holstein et al. 2015a), when compared to shallow-water 

populations, has been observed for some species. Sedimentation also plays a major role in recruit 

mortality due to smothering, particularly in areas where light may be limited and coral larvae will 

therefore display a preference to settle on light-exposed, flatter surfaces (Birkeland et al. 1981; Babcock 

and Davies 1991; Babcock and Mundy 1996; Babcock and Smith 2000; Gleason and Hofmann 2011). 

Despite the recognised importance of changes in the physical factors known to influence coral 

recruitment, recruitment patterns are seldom explored over wide depth gradients.  

 

A number of biological factors also affect coral recruitment, particularly competition with other benthic 

organisms. While interactions between species are likely to be complex and species-specific (Vermeij 

and Sandin 2008; Ritson-Williams et al. 2009) the presence of macroalgae (Vermeij et al. 2009; Webster 

et al. 2015), bryozoans (Dunstan and Johnson 1998; Ritson-Williams et al. 2009), and coral conspecifics 

(Baird and Hughes 2000; Vermeij and Sandin 2008), has been linked to reduced survivorship, growth, 

and settlement of corals. On the other hand, some crustose coralline algae (CCA) are known to provide 

cues for coral settlement and can enhance coral recruit numbers (Ritson-Williams et al. 2010; Gleason 

and Hofmann 2011; Doropoulos et al. 2012). Benthic community composition can therefore play an 

important role in coral recruitment dynamics (Baird et al. 2003). Grazers and predation will affect post-

settlement survival (Penin et al. 2010; Trapon et al. 2013b) and can influence coral assemblages. 

 

The linkages between coral recruitment patterns and the underlying benthic assemblages can be 

complex. Identifying the patterns that occur between adult, juvenile, and recruit coral assemblages is 

therefore difficult (Penin and Adjeroud 2013; Doropoulos et al. 2015). Preferences shown by coral 

larvae at settlement may structure the adult assemblage, which will reflect what is recruiting there (Baird 

et al. 2003). However, the underlying benthic assemblage may also influence the recruit assemblage, 

where recruits use cues from the presence or absence of specific organisms or conspecifics to recruit to 

suitable locations (Perkol-Finkel and Benayahu 2007). Differences in post-settlement mortality can 

contribute highly to changes between adult and recruit community structure (Trapon et al. 2013a; 

Doropoulos et al. 2015; Cameron and Harrison 2016). All these processes are likely interconnected and 

it can be difficult to separate them, however, were post-settlement mortality to be the most significant 

driver of adult distribution, this would imply a relatively uniform pattern of larval supply and settlement.  

This pattern would be reflected in the pattern of recruits on artificial settlement surfaces in the first 

months after spawning. 
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This paper aims to determine patterns in the abundance and size of coral recruits between 3 and 40 m 

depth and to identify if recruit numbers are similar at different depths or locations, or whether they 

correspond with adult colony assemblages on the reef. A low cost, easily deployable method that allows 

for comparisons to be made with the commonly used method for shallow-water recruitment studies 

(Mundy 2000) is also described. This method will allow for recruitment patterns to be identified in areas 

where SCUBA diving is not possible or is logistically challenging and expensive. 

 

Methods 
 

Study Sites 

 

The study was conducted in the northern sector of the Ningaloo Marine Park, Western Australia, at 

three locations; Helby Banks (21.873S, 113.974E), Tantabiddi (21.924S, 113.928E), and Mangrove 

Bay (21.952S, 113.922E), each separated by ~ 5 km.  The northern Ningaloo Reef shows clear 

geomorphological zonation across the depth gradient (Collins et al. 2015). The reef flat (~1 - 3 m depth) 

was chosen for the comparison of methods to match the majority of previous coral recruitment studies 

in the region and to assess if data from both methods could be pooled. The reef then quickly slopes from 

the reef crest to ~ 8 m, where further shallow-water deployments were made as the fore reef slope 

gradient lessens, sloping down to ~ 35 – 40 m across a distance of 600 – 900 m (Collins et al. 2015). 

These are high energy environments as waves hit the reef crest.  

 

Deeper deployments were made at two depths in each area. The first was made in the mid fore reef 

slope (~ 25 m). These areas are generally comprised of a mix of tabular coral and encrusting/plating 

coral assemblages as light and wave energy reduce (Collins et al. 2015). The deepest deployments were 

made at the base of the fore reef slope (~ 40 m). Corals are often rare at these depths even where hard 

substratum is available, where a mixed filter-feeder community is more commonly observed surrounded 

by sediment fields (Colquhoun and Heyward 2008; Collins et al. 2015; Turner et al. 2018b). Distances 

between depth deployments varied across locations (Table 5.1), where a steeper fore reef slope at the 

Tantabiddi and Mangrove areas meant sites were closer together than at Helby Banks. Mean 

photosynthetically active radiation (PAR), determined from towed-video surveys of the area, and was 

measured at 5.95% (± 0.10 S.E) of surface PAR at 25 m and 2.17% (± 0.02 S.E) at 40 m. Although 

mesophotic environments are more commonly defined by depth, these PAR values are equivalent to 

greater depths in other areas, such as 40 – 60 m in the Red Sea (Eyal et al. 2015), thus indicating 

mesophotic conditions. All settlement deployments were within a 2-day window at the three locations 

in February 2017 (~ 6 weeks prior to predicted coral spawning (Rosser 2013; Gilmour et al. 2016)) and 

all were retrieved in June 2017. 
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Table 5.1 Distance between deployments (km) within each area. 

 8 m 25 m 40 m 

Helby Banks 

3 m 3.33 6.83 10.59 

8 m  3.67 7.39 

25 m   3.76 

Tantabiddi 

3 m 1.41 1.63 2.16 

8 m  0.56 1.07 

25 m   0.56 

Mangrove 

3 m 0.76 1.10 1.54 

8 m  0.37 0.80 

25 m   0.44 

 

Benthic Composition 

 

The localised benthic composition of sites was determined from digital imagery collected by SCUBA 

divers (3 m and 8 m) and an autonomous underwater vehicle (AUV; 25 m and 40m). Shallow-water (3 

m and 8 m) images cover an area of ~ 0.8 m x 0.8 m, deep-water (25 m x 40 m) images cover an area 

of ~ 1.5 m x 1.5 m. A random selection of 32 non-overlapping images was analysed for each of the 

shallow (3 m and 8 m) sites. For the deep sites (25 m and 40 m) AUV images were selected from within 

100 m of the tile deployment areas. Images were analysed using SeaGIS™ TransectMeasure software 

and benthic organisms were recorded. Classifications were based on the CATAMI classification scheme 

(Althaus et al. 2015). Genus level identification was attributed to hard corals that could be reliably 

determined from the imagery (87% of hard coral points had genera assigned). If no biota were present 

under a point then substratum was noted, classified as algal turf (over rock), crustose coralline algae 

(CCA), rubble, gravel, or sand. 

 

Coral Recruitment 
 

To compare settlement densities between reef mounted (control) and the block mounted tiles, unglazed 

terracotta tiles (dimensions: 110 mm x 110 mm x 10 mm) were attached both to the reef substrate and 

to concrete blocks located adjacent to the reef mounted tiles, using stainless steel mounting plates 

(Mundy 2000) (Figure 5.1a).  Tiles were deployed in groups of five for both methods to form within-

site replicas; for the control method, 15 tiles were clustered on the reef in three groups of five, for the 

block method five separate settlement tiles were attached, equally spaced, to concrete pavers (50 cm x 

50 cm) to form each replicate (Figure 5.1b - d).  

 

For deeper deployments (25 m and 40 m), 4 mm Dynema rope was threaded through a stainless steel 

eyebolt located in the centre of each concrete paver with garden hosing used to prevent wear and 

breakage (Figure 5.1c). Plastic electrical conduit pipe and a 6 inch float were used at the base of the 
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rope to keep the rope upright and to prevent interference with the settlement plates. An additional 8 inch 

subsurface float (~2 m below the surface) was attached to the end of the rope to allow the blocks to be 

relocated and retrieved by snorkel-diver. In future studies, surface floats could be used if desirable. 

 

After retrieval, the plates were bleached and dried, prior to quantifying coral recruits, which were 

identified according to Babcock et al. (2003). Recruits on the upper surfaces, sides, and under surfaces 

were recorded separately for each tile, and were measured to the nearest 50 µm using an ocular 

micrometer. Measurements of the primary calyx diameter were taken to investigate potential differences 

in species diversity of settling recruits at different depths. 

 

 

Figure 5.1 a) Diagram of settlement plate attachment (from Mundy 2000), b) Schematic of block method set-up 

for deeper water deployments, c) Image of block set-up, and d) Block set-up in situ. 

 

Statistical Analyses 

 

Principal component analyses (PCA) were used to characterise the composition of the benthic 

community at each site. Benthic percentage cover data was arcsin-square root transformed prior to 

analysis. The recruitment experimental design allowed a Model 1 analysis of variance (ANOVA) to be 

conducted with two factors crossed, Location (random) and Method (fixed), with a potential interaction 

between the two factors to investigate true differences in coral settlement assemblage. Each group of 

five tiles on the reef substratum and on the blocks, for control and block methods respectively, were 
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treated as the true replicates, with tiles nested within block/cluster. Variation in the number and size of 

coral recruits was determined using two-factor ANOVAs among locations and depths. Recruit 

abundance on each orientation of tiles and in size classes was compared using Chi-squared (χ2).  

 

Multivariate analyses were used to investigate relationships between the coral recruit assemblage and 

the benthic composition of the area. Recruit abundance data was log(x+1) transformed, and benthic 

cover data was fourth-root transformed prior to analysis. The relationship between the recruit 

assemblages and adult coral cover was assessed using a Distance Based Linear Model (DistLM) 

(Anderson et al. 2008), which performs a distance-based, non-parametric, multivariate regression 

analysis based upon the predictor variables on a linear model of the resemblance matrix. A step-wise 

selection procedure was applied based upon adjusted R2 values as the selection criterion (Anderson et 

al. 2008). Two-factor PERMANOVA (Anderson et al. 2008) was used to test for significant differences 

across locations (random factor) and depths (random factor, nested in location) in recruit assemblage 

structure among replicates (random factor, nested in depth). Each benthic class was used as a covariate 

to investigate significant relationships. All multivariate tests were calculated in PRIMER v7 (Clarke 

and Warwick 2001; Clarke and Gorley 2015) and the add on PERMANOVA+ (Anderson et al. 2008). 

P-values were obtained using 9999 permutations. 

 

Results 
 

Benthic Composition 

 

The benthic composition varied between locations and depths (Figures 5.2 and 5.3). Hard coral cover 

ranged from 0.00 to 39.10% (overall mean = 9.98 ± 3.35 SE %) across all locations and depths, generally 

being highest at 3 m and 25 m (Figures 5.2 and 5.3). Macroalgae cover ranged from 0.56 to 62.78% 

(overall mean = 13.23 ± 4.86 SE %) and was highest at 3 m at Tantabiddi, (Figure 5.2). CCA cover was 

consistent across locations and depths, ranging from 0.00 to 12.55% (overall mean = 5.69 ± 1.26 SE 

%). Cover of other organisms (primarily bryozoans, sponges, ascidians, hydroids, and soft corals) 

increased with depth and was highest at 40 m (5.55 ± 2.56 %), particularly at Helby Banks (8.89%) and 

Mangrove (7.16%) areas. Remaining composition of sites was of bare substratum. This was primarily 

rock with algal turf at depths of 3 m, 8 m, and 25 m and primarily sand and gravel at 40 m across all 

locations. 
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Figure 5.2 Variation in the benthic cover (%) of crustose coralline algae (CCA), hard coral, macroalgae, and other 

organisms (primarily bryozoans, sponges, ascidians, hydroids, and soft corals) across locations and depths. 

 

 

Figure 5.3 Variation in the benthic cover (%) of crustose coralline algae (CCA), hard coral, macroalgae, and other 

organisms (primarily bryozoans, sponges, ascidians, hydroids, and soft corals) averaged by depth across locations. 
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Method Comparison 

 

There was no significant difference in the mean density of total recruits (ANOVA, F = 0.1881, p = 

0.675) or the mean density of the taxa Acroporidae (ANOVA, F = 0.022, p = 0.885), Pocilloporidae 

(ANOVA, F = 2.045, p = 0.187), and other taxa (ANOVA, F = 0.390, p = 0.548) when using the reef-

mounted (control) or the block-mounted tiles (Figure 5.4).  Additionally, the proportion of coral recruits 

on each surface of the settlement plates was similar between methods (Figure 5.5, ANOVA, F = 0.238, 

p = 0.630). Coral recruits are known to commonly settle on vertical surfaces and on the cryptic 

undersides of settlement plates (Babcock and Mundy 1996; Gleason 1996), a pattern that was 

maintained across both the block and the control method.   

 

 

 

Figure 5.4 Comparison of mean recruit counts per 100 cm2 (± S.E) between methods across taxa. 
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Figure 5.5 Proportion of recruits observed on each surface of the settlement plates for the block and control 

methods. 

 

Recruitment Patterns 

 

Recruit counts differed significantly among depths (ANOVA, F = 15.393, p < 0.001, Figure 5.6). Two-

way ANOVA identified that depth was significant (F = 17.016, p < 0.001) but that location was not (F 

= 0.445, p = 0.646) nor was the interaction (F = 0.256, p = 0.903). Pair-wise comparisons identified that 

recruit numbers were significantly higher at 25 m than all other depths and there were no significant 

differences among other depths. 

 

There was a significant change (χ2 = 21.25, p = 0.001) in the density of coral recruits on different tile 

surfaces, which appeared to be dependent on depth (Table 5.2). A major shift occurred between 8 m 

and 25 m, where the mean density of recruits on the bottom of the tiles reduced from  3.21 m-2 to 0.43 

m-2, while the numbers on the top of the tiles increased from 0.39 m-2 to 6.51 m-2 (Table 5.2). 

 

Significant differences were observed between the numbers of recruits for individual families with 

depth (Figure 5.7a). Acroporid recruit numbers differed significantly with depth (ANOVA, F = 7.138, 

p < 0.001), with significantly more recruits at 25 m than all other depths. Pocilloporid recruit numbers 

also differed significantly with depth (ANOVA, F = 4.170, p = 0.014), with significantly more recruits 

at 8 m than at both 3 m and 40 m. Poritid recruit numbers differed significantly with depth (ANOVA, 

F = 6.931, p = 0.001), with significantly more recruits at 8 m than at both 3 m and 40 m. Recruit counts 
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of other families showed no significant differences with depth. Pocilloporid recruit counts and hard 

coral cover of conspecifics showed a similar pattern with depth (Figure 5.7b), which was not 

pronounced in other taxa. 

 

 

Figure 5.6 Mean recruit counts per 100 cm2 across depths (± SD). 

 

 

Table 5.2 Mean density (m-2) of recruits (± SE) settling on the top, sides and bottom of the settlement tiles 

across depths. 

Depth 
Position on tile 

Top Sides Bottom 

3 m 0.05 ± 0.02 8.73 ± 2.86 2.34 ± 0.29 

8 m 0.39 ± 0.17 22.11 ± 5.09 3.21 ± 1.40 

25 m 6.51 ± 1.54 6.84 ± 2.48 0.43 ± 0.28 

40 m 0.75 ± 0.29 0.00 ± 0.00 0.12 ± 0.07 
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Figure 5.7 a) Mean recruit abundance by family across depths (±S.E.) and b) hard coral cover (%) by family. 

 

Recruit Size 

 

Acroporid recruit size differed significantly with depth (ANOVA, F = 9.84, p < 0.001) and by location 

(ANOVA, F = 13.51, p < 0.001), with a significant interaction between these variables (F = 6.68, p < 

0.001). Significantly larger Acroporidae recruits occurred at 3 m (mean = 569.7 µm ± 15.86 S.E) than 

at all other depths (8 m mean = 517.7 µm ± 11.61 S.E, 25 m mean = 512.8 µm ± 9.79 S.E, 40 m mean 

= 450.0 µm ± 26.87 S.E). Helby Banks harboured significantly larger acroporid recruits (mean = 570.6 

µm ± 13.07 S.E) than Tantabiddi (mean = 489.2 µm ± 8.94 S.E), those at Mangrove did not differ 

significantly from the other locations (mean = 525.5 µm ± 15.57 S.E). Acroporidae size distributions 

did not differ significantly across depths (Kolmogorov-Smirnov test, all depths comparisons p > 0.05), 

however a greater proportion of the largest colonies (upper quartile, > 600 µm) occurred at 3 m 
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(58.93%) and 8 m (12.50%) than at 25 m (28.57%) and 40 m (0.00%). The proportion of small relative 

to large recruits (> 600 µm) differed significantly across depth, χ2 (3, N = 584) = 9.91, p = 0.019.  

 

Poritid recruit size also showed a significant change with depth (ANOVA, F = 23.76, p < 0.001), with 

significantly larger recruits observed at 3 m (mean = 1475 µm ± 125.00 S.E) than at 8 m (mean = 664.1 

µm ± 23.45 S.E) and 25 m (mean = 705.3 µm ± 43.75 S.E, no poritids were observed at 40 m). However, 

only two individuals were observed at 3 m. Poritid recruits were significantly larger at Helby Banks 

(mean = 842.9 µm ± 103.40 S.E) than at both Mangrove (mean = 657.7 µm ± 35.74 S.E) and Tantabiddi 

(mean = 653.9 µm ± 31.27 S.E), a pattern that was conserved even when these large individuals at 3 m 

were removed from the analysis. There was no significant difference in the size distribution of poritid 

recruits between 8 m and 25 m. Pocilloporid recruit size showed no significant change with depth or 

location. 

 

Multivariate Analysis of Recruit Assemblage and Benthic Cover 

 

A moderate, but significant, correlation between recruit assemblage and cover of coral genera was 

observed (RELATE, ρ = 0.378, p = 0.001). Results of the DistLM analysis support this correlation (R2 

= 0.444, Table 5.3). The best model included all categories of coral cover. Cover of all coral genera, 

except Acropora, were identified as significant in isolation though the contribution of Pocillopora and 

Porites to the combined model were small. The PERMANOVA results (Table 6.4) show a significant 

effect of depth on the recruit assemblage. Additionally, the use of Montipora cover and Pocillopora 

cover as covariates had a significant effect.  

 

Table 5.3 Distance Based Linear Model (DistLM) results of coral cover with the recruit assemblage. Marginal 

tests identify the influence of each variable in isolation, while sequential tests show the results for the combined 

model (step-wise selection with adjusted R2 criterion). Prop: proportion of total variation explained, Prop. 

(Cumul.): Prop cumulative. Bold values indicate significance, p values as specified. 

 Sequential Tests Marginal Tests 

Variable Prop. Prop. (Cumul.) R2
adj (Cumul.) Pseudo-F P 

Montipora 0.287 0.287 0.287 13.289 0.001 

Other coral cover 0.081 0.368 0.368 2.815 0.036 

Acropora 0.037 0.404 0.404 0.690 0.634 

Pocillopora 0.016 0.421 0.421 12.197 0.001 

Porites 0.023 0.444 0.444 3.670 0.011 
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Table 5.4 PERMANOVA results of recruit assemblage across locations and depths and relationships with benthic 

cover covariates. All analyses were based on 9999 permutations. Bold values indicate significance, p values as 

specified. 

Covariate Source Pseudo-F p 

None Location 1.194 0.339 

 Depth (Location) 5.480 <0.001 

Acropora Cover Covariate 0.307 0.918 

 Location 1.123 0.387 

 Depth (Location) 5.291 <0.001 
Pocillopora cover Covariate 7.097 <0.001 
 Location 0.517 0.854 

 Depth (Location) 3.501 <0.001 
Porites cover Covariate 1.249 0.341 

 Location 0.561 0.798 

 Depth (Location) 5.451 <0.001 
Montipora cover Covariate 6.477 0.002 

 Location 0.502 0.864 

 Depth (Location) 3.544 <0.001 
Other coral cover Covariate 0.904 0.493 

 Location 0.466 0.866 

 Depth (Location) 5.827 <0.001 
Macroalgae cover Covariate 0.280 0.904 

 Location 0.725 0.694 

 Depth (Location) 5.665 <0.001 
CCA cover Covariate 0.424 0.839 

 Location 0.939 0.505 

 Depth (Location) 5.406 <0.001 
Filter feeder cover Covariate 1.102 0.388 

 Location 0.615 0.762 

 Depth (Location) 5.325 <0.001 

 

Discussion 
 

This study represents the first that directly investigates coral recruit abundance, size, community 

structure, and settlement orientation across a shallow to mesophotic depth gradient in the Indian Ocean. 

Depth was found to influence coral recruit numbers, with much higher recruitment occurring at 25 m. 

Recruitment peaks at similar depths have been reported in the Caribbean, where reduced light and 

nutrients may limit competing species (such as macro and turf algae) more than corals (Vermeij et al. 

2009; Webster et al. 2015), resulting in greater recruit survivorship (Birkeland 1977). High reproductive 

output has been observed in mesophotic coral colonies, where adaptations to reduced photosynthetically 

available radiation may not inhibit reproduction (Holstein et al. 2015a; Holstein et al. 2016) although 

this may not be applicable to all species (Shlesinger et al. 2018). Crustose coralline algae (CCA) cover 

also peaked at 25 m and may provide settlement cues and influence recruitment where higher CCA 

cover is observed on the tiles (Ritson-Williams et al. 2009; Ritson-Williams et al. 2010; Gleason and 

Hofmann 2011).   

 

While recruit numbers at 3 m, 8 m, and 40 m were not significantly different, settlement is likely to be 

influenced by different physical and environmental processes at these different depths. There was an 

obvious shift in coral recruit orientation with depth. Corals tend to settle on upward facing or more open 



Coral recruitment patterns across depths 

138 

 

surfaces with increasing depth as light becomes limited (Birkeland 1977; Bak and Engel 1979; Wallace 

1985; Babcock and Mundy 1996). Mesophotic depths in the Red Sea are characterised by % surface 

PAR values of <5% (Eyal et al. 2015), which equate to the depths >25 m in this location where these 

major shifts in recruit orientation occur. At shallower depths, light and associated ultraviolet levels on 

upper surfaces may be too high for newly settled corals (Gleason and Hofmann 2011), which can lead 

to settlement in more cryptic locations. This explains why, in shallow depths (3 – 8 m), greater densities 

of recruits were observed on the undersides and the sides of tiles. 

 

At greater depths, recruits were observed to prefer to colonise the upper side of the tiles with a major 

shift in the densities of recruits observed on the top on tiles past 25 m. This is likely to enhance light 

capture, where the undersides of tiles will not provide suitable lighting for settlement and 

growth/survival (Babcock and Mundy 1996). However, sedimentation can limit settlement and post-

settlement survival on upper surfaces (Gilmour 1999; Babcock and Smith 2000), thus limiting post-

recruitment success in deeper habitats.  Sedimentation is likely greater at 40 m, as sediment fields make 

up a great proportion of the surrounding habitat (Rees et al. 2004). Additionally, higher coverage of 

competing benthic organisms were also observed at depth, both on the tiles and the surrounding reef 

area, which can inhibit coral recruitment (Doropolous et al. 2017). These factors are all likely to 

contribute to lower recruitment rates at 40 m depths (mean 0.29 coral recruits per m2), with only 2.7% 

of total recruits observed in this study found at these depths. This will then result in low coral cover at 

40 m depths across the area. 

 

The recruit densities observed in this study are orders of magnitude smaller than other tropical reefs, 

such as the Great Barrier Reef (up to 4.8 cm-2) (e.g. Fisk and Harriott 1990; Dunstan and Johnson 1998), 

suggesting limited larval supply. Low recruitment rates can coincide with a lack of relationship with 

adult coral cover (Hoey et al. 2011; Bento et al. 2017), however, moderate correlation was observed 

here. The results of this study provide an insight into the young recruitment assemblage, with recruits 

less than 3 months old, suggesting that local larval supply is an important factor as well as limited 

connectivity across depths and locations. Additional variability is likely down to the fact many post-

settlement mortality effects may not have exerted the influence that may form the adult community 

(Dunstan and Johnson 1998; Penin and Adjeroud 2013; Trapon et al. 2013a). Recruits may therefore be 

subject to post-settlement mortality due to unfavourable environmental conditions or biological factors, 

such as grazing (Penin and Adjeroud 2013; Trapon et al. 2013a; Keith et al. 2015; Cameron and 

Harrison 2016). This may be the case for acroporids, which dominate the recruit assemblage at 25 m as 

they are a very successful early coloniser due to their life history traits (such as higher growth rates) 

which allow them to establish themselves (Doropolous et al. 2015). However, adult cover makes up 

only a small proportion of the surrounding community, where the longer-term environmental conditions 

may not be as suitable. 
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Corals can show strong horizontal connectivity patterns. This has been observed across large geographic 

areas in the Caribbean, though vertical connectivity across depths can be limited (Serrano et al. 2014). 

Settling coral larvae can respond to depth-specific cues (Baird et al. 2003), which may result in depth 

partitioning of species (Serrano et al. 2014; Bongaerts et al. 2017). This leads to a non-random pool of 

larvae which are likely to settle in the area. Additionally, brooding occurs in some coral families, such 

as Pocilloporidae (e.g. Ward 1992; Yeoh and Dai 2010), and populations are likely to be maintained by 

locally produced coral larvae (Ayre and Miller 2004). However, local scale (10s of metres) coral cover 

can be highly variable and have less of a role in broadcast spawner recruit settlement and abundance 

(Dunstan and Johnson 1998; Hughes et al. 1999).  This likely results in the weak correlation with local 

coral cover, where the overall effect of depth (and the correlation with light) appears to play a more 

important role than local site characteristics.  

 

Larger coral recruits were observed at 3 m depths. While only limited numbers of poritids were observed 

at this depth, this pattern was more pronounced in the acroporid recruits. Significant reductions in 

oocyte size have been documented with increasing depth for Acropora squarrosa in the Red Sea 

(Shlesinger et al. 2018), which may result in reduced larval size. Alternatively, the decrease in acroporid 

recruit size with increasing depth could indicate a shift from Acropora to Montipora. Additionally, 

conditions for recruit growth may be optimal at these shallow depths due to increased light availability 

(Babcock and Mundy 1996; Gleason and Hofmann 2011), where the ability to settle in more cryptic 

locations (undersides of tiles) in shallow waters may prevent predation (Penin et al. 2010; Trapon et al. 

2013b) or mean reduced competition with other filter feeders (Dunstan and Johnson 1998; Carlon 

2001). 

 

No difference between the control and block methods was found, suggesting that the methods are 

accounting for variation in pre- and post-settlement factors in a similar manner, allowing for 

comparisons to be made. The block method offers the opportunity to monitor recruitment patterns 

across a much wider array of habitats and depths, which is useful as coral recruitment patterns are highly 

variable at a number of spatial scales (Dunstan and Johnson 1998; Carlon 2001). As SCUBA is not 

required, the method may be more compatible with larger industrial project safety standards and also 

allows surveys of greater depths, while allowing comparisons with previous studies using the 

conventional methods. However, there are limitations to the block-mounted method. It is not suited to 

steep wall environments and may also be vulnerable in areas with high water movement, particularly if 

the block lands at an unknown angle on rugose substrate (or coral colonies). Additionally, some 

information will not be able to be reliably obtained as it is not possible to assess sediment depth on the 

tiles prior to retrieval and some macroalgae may be lost when raising the blocks to the surface. 
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To understand how coral recruitment patterns are influenced by environmental variables (e.g. depth, 

light, and temperature) it is important to investigate across wide gradients (Birkeland et al. 1981; Carlon 

2001; Baird et al. 2003; Holstein et al. 2016; Shlesinger et al. 2018). Mesophotic populations of corals 

may play an important role globally due to their potential ability to replenish impacted shallow 

populations (Bongaerts et al. 2010a; Muir et al. 2017), prevent local extinctions of species (Smith et al. 

2014), harbour unique biodiversity (Baker et al. 2016), and play important ecosystem roles (Kahng et 

al. 2014; Baker et al. 2016). Current knowledge of coral recruitment dynamics is often restricted to <30 

m (diver depths), sampling across a small range of environmental variables in the location, and tank 

experiments, which cannot control for the myriad of unknown influences on in situ recruitment.  

Furthermore, as we show in this study, patterns of recruitment at greater depths may have little similarity 

with shallower habitats. While this work is limited spatially, and in terms of sampling across one 

recruitment cycle, where inter-annual variability is likely (Depczynski et al. 2011), we believe to have 

captured the main spawning season of most of the region’s corals (Gilmour et al. 2016) and that our 

results show some of the broad patterns across depth, which provide a starting point for future work in 

the region and globally.  

 

Conclusions 
 

Coral recruit density, size, and settlement surface orientation show significant changes with depth. 

Changes in depth, and presumably the other factors that are associated, such as light, appear to be the 

major drivers in these recruitment patterns. However, more localised factors, such as site coral cover 

also showed correlations with the recruit assemblage. This suggests that variations in larval-supply, 

potentially coupled with larval behaviour and local-scale environmental factors that influence pre- and 

post-settlement cues, may lead to enhanced horizontal connectivity rather than across depths. 

Conditions at 25 m appeared to be particularly suitable for coral settlement, where the highest 

abundances of recruits were observed. We also present an alternative low-cost method to monitor coral 

recruitment patterns in a range of water depths, which does not require deployment by divers and is 

comparable with traditional methods.  
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GENERAL DISCUSSION 

 

Combining geomorphological, biological, and environmental components enables us to obtain a more 

complete understanding of mesophotic ecosystems. Recognising how the distribution and biodiversity 

of such ecosystems is influenced by these drivers is crucial to inform our management of them. Benthic 

habitat mapping is multidisciplinary (Lucieer et al. 2018) and allows for an ecosystem approach towards 

marine management to be taken (Buhl-Mortensen et al. 2015). Mesophotic ecosystems occur across 

large gradients of environmental and geomorphological variables. Depth, light, and geomorphology 

were shown to have a significant influence on the structure of the biological communities present and 

their distributions. Identifying linkages between each of these components will ultimately result in an 

evidence-based approach to marine management and more successful conservation outcomes. 

 

This thesis has substantially improved the knowledge available on the spatial ecology of the mesophotic 

depths of the Ningaloo Marine Park. I have explored how to optimize methods to describe and predict 

the distribution and abundance of benthic assemblages. I have demonstrated how remote sensing and 

modelling techniques can be applied to these ecosystems to identify the habitats (Chapter 2) and 

community types (Chapter 3) that are present. This results in a comprehensive characterisation of the 

system (Figure 6.1, Stage 1). The general processes and drivers of the spatial distributions of the 

communities and habitats (Chapter 4, Stage 2) and more specific processes (Chapter 5, Stage 3) were 

then able to be assessed. Mesophotic research is still in its infancy and there is still much to learn about 

how these ecosystems function. This thesis provides a significant step forward with regards to 

understanding more about these ecosystems and the use of remote sensing methods and modelling 

techniques to complete stages 1 and 2 (Figure 6.1). This was achieved in less than 3 years and provides 

the knowledge required to target and design stage 3 research projects. Studies that investigate more 

specific ecological processes will often require specialised and often expensive methods, some of which 

have not overcome the logistics of working at depth. Development of novel, cost efficient methods (E.g. 

Chapter 5) will be required to fully investigate many of these processes. 
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Figure 6.1 How mesophotic research could be carried out at a new location. Questions derived from Turner et al. 

(2019). 

 

Summary of Key Findings 

 

As is observed for many mesophotic ecosystems (ME) globally, benthic biodiversity changes with 

depth, which represents a strong gradient in light availability (Kahng et al. 2010). However, in the 

Ningaloo area, the biological community patterns observed throughout this thesis are different to many 

MEs, as they are more closely linked to spatial patterns in geomorphology in combination with depth. 

Photosynthetic corals are often observed down to much greater depths in other global locations, as 

identified in Chapter 1, and can occur past 150 m in clear waters, such as Hawaii (Maragos and Jokiel 

1986; Kahng et al. 2010). Even at locations closer to Ningaloo, such as the Great Barrier Reef (GBR), 

corals are observed past 100 m (Englebert et al. 2014). Corals were not observed past 43 m in this study, 

which coincides with a reduction in the presence of hard substratum. Seafloor topography and 

substratum type changed considerably over the depth gradient and were major contributors to how 

biological communities are distributed in the Ningaloo Marine Park. The continental shelf in the study 

area has a shallow gradient, gradually sloping from 40 m to 200 m over ~ 8 km. Lower gradient slopes 

allow for sediment to accumulate (Bridge et al. 2010; Sherman et al. 2010), which can inhibit the 

settlement of organisms that require hard substratum. As a result, when rocky areas were exposed at 

depth, their low profile combined with strong currents and surrounding sediment fields leads to 

sediment movement and accumulation, which inhibits settlement and establishment of coral 

populations. This highlights how geographic variation in ME characteristics is related to a combination 

of physical and environmental variables.  
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Light is generally considered to be a universally important driver of ME biological communities 

globally. The current global definition of MEs uses depth (from 30 m, established primarily based upon 

studies from Hawaii and the Caribbean) based around it being a surrogate for light but also the cut-off 

of recreational SCUBA diving. However, mesophotic conditions in terms of light levels occur at 

shallower depths in Ningaloo as well as in other global locations (e.g. Muir and Wallace 2016). A shift 

in coral recruitment patterns to upper surfaces, as observed in this thesis, implied light limitation occurs 

at depths < 25 m. This suggests that light may be more universal than depth when defining the upper 

level of these systems. The lower limits of MEs are defined as the bottom of the photic zone, calculated 

as the depth at which photosynthetically active radiation (PAR) is < 1% that of the surface. Therefore, 

the use of PAR for the upper limits would appear to make sense. A suggested upper limit is 10% surface 

PAR, which corresponds to a depths of approximately 25 m in Ningaloo, 30 m in the Red Sea (Eyal et 

al. 2016), and 50 - 70 m in Hawaii (Grigg 2005; Kahng et al. 2012b). This would help to explain 

variation in the transition depths of benthic and fish communities (Chapter 1, Turner et al. 2017) and 

may allow more suitable global comparisons to be made. However, there are many other factors that 

appear to significantly influence ME communities, including the previously mentioned substratum type 

and topography. This shows the problem of using a single variable for defining a whole class of 

ecosystem. While a simple definition is useful, a re-think may be required about how to appropriately 

define these systems based upon a mixture of environmental variables.  

 

In order to consider MEs as a whole, all habitat and substratum types need to be considered, and not 

just environmental factors such as light. Maps produced in Chapter 2 identified a dominance of 

unconsolidated substratum types in deeper areas, which encompassed a range of habitats from soft sand 

to mixtures of pebbles and gravel, interspersed among one another. Corals were found to have narrow 

niche requirements with a preference for high relief, hard substratum, which resulted in the excellent 

performance of models in predicting their distribution. Reefs where corals were found at great depths 

in the GBR are characterised by very steep, near vertical, walls (Englebert et al. 2017). This provides 

the required topographical characteristics for corals to persist and does not allow for sediment settlement 

and re-suspension, which can impact light penetration.  

 

The absence of corals at depth meant that other filter feeders dominated the benthic communities. These 

organisms include both sponges and macroalgae, which are able to colonise a range of substrates, 

including unconsolidated sediments (Foster 2001; Spalding et al. 2003; Schönberg 2015). The diversity 

of sponges has been documented in the Ningaloo area (Heyward et al. 2010; Schönberg and Fromont 

2011) and the richness of other organisms, such as macroalgae, bryozoans, octocorals, and ascidians 

was also observed to be considerable. The use of digital imagery in this thesis unfortunately did not 

allow high taxonomical distinctions to be made between these groups of organisms. However, a range 

of morphospecies in each of these groups were identified. The poorer performance of distribution 
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models for these organisms could imply broader functional niches, which suggests high, and potentially 

undiscovered, diversity is present within these groups. Where organisms inhabit similar substratum 

types the effect of depth (and light) separates community types, with macroalgae communities more 

prominent at shallower depths than sponge communities (Chapter 3). This has resulted in the occurrence 

of distinct deeper water communities (> 50 m). Seasonal phytoplankton blooms combined with a 

deepening of the mixed layer (>100 m in autumn) provides a significant nutrient supply (Rousseaux et 

al. 2012; Wyatt et al. 2012), which allows distinct and diverse communities of organisms to form that 

are not reliant on light. MEs in other regions are home to highly biodiverse and ecologically distinct 

communities (Rocha et al. 2018). This is the case for the Ningaloo Marine Park due to the substantial 

variation in the niches available due to changes in depth, light, hydrodynamics, and geomorphology.  

 

Exchange of larvae, and subsequent connectivity, between shallow and deeper coral populations may 

be restricted in the Ningaloo area. Local-scale patterns, such as adult coral cover, appear to influence 

recruit numbers. This could point to genetic separation of populations with depth (e.g. Serrano et al. 

2014; Bongaerts et al. 2017), which would have stark impacts on connectivity and the ability of deeper 

areas to act as refugia for impacted shallow-water coral populations. Furthermore, the differences 

observed in the distribution and structure of communities also points to a limited refuge capacity. The 

coral community types identified in Chapter 3 showed variation with depth. Shallow coral communities 

were dominated by Acropora spp. while those at intermediate depths (25 – 40 m) had greater 

proportions of foliose and encrusting growth forms, such as Montipora spp. Additionally, deeper areas 

are comprised of unique species of sponges and other filter feeders. It can be concluded that there are 

substantial differences in the biological communities present across the depth gradient and all need to 

be considered as distinct entities for management and conservation purposes in terms of preserving 

unique biodiversity in an area/region (e.g. Rocha et al. 2018).  

 

This thesis has made advances in the realms of distribution modelling techniques to improve best 

practice. The grid size used to build the models was identified to hold significant importance when 

modelling the distribution of benthic assemblages. Choosing the optimal grid size is crucial to ensure 

accurate predictions, which may change based upon a species’ niche requirements. The optimal grid 

size differed between sessile benthic groups due to the functional traits of organisms. For example, 

corals were reliant on high relief structures, which were better delineated at finer grid sizes. More 

generalist groups of taxa may be more difficult to model due to differences in the spatial scales that the 

mechanisms that control biological patterns operate (Levin 1992). Model ensembles appear to be more 

able to account for this and predicted the distributions of biological communities well. Ensemble 

methods were particularly important at larger grid sizes, where some single methods were highly erratic 

in their predictions between test runs. However, single techniques did perform well when identifying 
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different substratum types. This was likely due to more straightforward relationships with the 

geomorphological variables used.   

 

Global Significance 

 

There are many questions that remain unanswered in the realm of mesophotic ecosystems (ME) 

globally. This thesis has taken steps to answer the following priority questions identified by Turner et 

al. (2019). 

 

A spatially explicit understanding of “how mesophotic ecosystems are distributed and whether the 

extent will change in the future?” is important for the effective management of MEs. The full, global 

distributions of MEs are largely unknown, likely due to under-sampling and data availability. The 

spatial distribution of mesophotic habitats and communities in the Ningaloo Marine Park have been 

identified in this thesis. This provides a piece of the global jigsaw and a baseline against which future 

distribution changes of the Ningaloo MEs can be assessed. The distribution of MEs cannot be 

determined from satellite-based imagery. Therefore, studies that utilise the combination of continuous 

hydro acoustics with point data from underwater digital imagery and distribution modelling techniques, 

such as used in this thesis, are required. Investigating a range of spatial grid sizes and modelling 

techniques as in Chapter 4 allows evolution of the assessment of map/model accuracy. These types of 

studies will allow researchers to gain a better understanding of the spatial and temporal dynamics of 

these systems and how future impacts alter distribution patterns of mesophotic organisms. 

 

Questions that relate to the variables that influence MEs include: “What are the biological, 

environmental, and geological factors controlling mesophotic ecosystem distribution across space and 

time?” and “what are the variables that influence community structure and biodiversity across depths 

and regions?” Biological communities changed significantly with depth (Chapter 3). Coral-dominated 

communities dominated shallow depths and were confined to areas of higher relief reef. As depth 

increased the biodiversity patterns changed considerably with a shift towards sponges, macroalgae, 

rhodoliths, and bryozoans. This coincided with changes in the topography and availability of hard 

substratum. Deeper areas consisted of wider, flatter, sediment fields interspersed with rocky outcrops. 

These geomorphic characteristics of the environments had a significant influence on the biological 

communities that were found. Calculation of topographic variables, such as slope and rugosity 

measures, at fine scales enabled accurate predictions of corals where steeper slopes and highly rugose 

areas could be better differentiated. Macroalgae and sponge taxonomic groups showed less direct 

associations with specific topographic variables, suggesting a range of functional traits within these 

groups or missing variables in the models. AUVs allow for the collection of fine-scale environmental 

variables at the seafloor alongside each of the images. This identified the importance of temperature 
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(macroalgae communities) and coloured dissolved organic matter (non-photosynthetic filter feeder 

communities) in addition to depth and geomorphological variables. The application of AUVs enabled 

the identification of additional important variables at scales relevant to the organisms. Obtaining this 

information in a continuous manner over broader spatial extents could increase the power of predictive 

models in the future.  

 

A question that remains unanswered for most mesophotic species globally is: “What are the common 

life history traits (e.g., survival, growth, and reproduction) of mesophotic species, and do they differ 

from shallow systems?” This thesis carried out a first-of-its-kind study investigating the early stages of 

coral recruitment at mesophotic depths. This study allowed the juvenile coral recruit assemblages to be 

determined across a wide depth gradient. An understanding of larval supply across depths was able to 

be determined and compared to the surrounding benthic community. This identified how, at Ningaloo, 

there was enhanced horizontal connectivity driven by local-scale factors and environmental conditions. 

Life history traits of mesophotic corals are starting to gain increased research attention (e.g. Holstein et 

al. 2015a; Shlesinger et al. 2018), however, there are still major knowledge gaps. The gradual 

assimilation of knowledge in these areas from different locations will eventually allow for broader 

conclusions to be made and confirmed. 

 

Limitations of the Thesis 

  

The key findings of this thesis have been discussed above, however, there are limitations in this work.  

While these are not thought to change my overall conclusions and have been highlighted in the 

appropriate chapters, they should be considered.  

 

 The use of remote methods (AUVs, Video, and Acoustics) was a key part of this thesis. While 

there are many advantages to these methods, a key limitation is the reduced taxonomic 

resolution. To accurately identify taxa such as sponges and octocorals to species (and even 

genera) level physical samples and microscopic analysis is required. As a result, I was often 

limited to morphospecies to categorize these organisms. This likely underestimates the 

biodiversity present in the deeper communities in particular. The fact that they were still 

identified as ecologically distinct, even at these broader levels, suggests that there is still a 

significant amount of undiscovered biodiversity in the area. 

 

 Models were built primarily on geomorphological variables. While this is not a problem to 

produce maps of the substratum there may be important variables missing to predict the 

distributions of organisms. Unfortunately satellite-derived information on variables, such as sea 

surface temperature and light attenuation, were only available at resolutions too coarse to be 
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meaningful. Furthermore, the relevance of surface water characteristics to seafloor 

characteristics is not known. Depth provides a proxy for factors such as light attenuation and 

so this variable will have been factored into models to some extent though details around the 

variability in the depth-light relationship are currently not captured. 

 

 The coral recruitment experiment (Chapter 5) will only provide a snapshot into the patterns that 

occur in the system. While timed to coincide with the spawning of the majority of coral species 

in the area (Gilmour et al. 2016) the study is unlikely to have captured all of the species present. 

Coral recruitment can also show a large degree of variability between years and so this provides 

a baseline to compare future findings to. Furthermore, tiles were only deployed for six months. 

This means results give a good indication of early-settlement community structures where 

processes of post-settlement mortality may not have yet had time to act and the tiles do not 

represent the benthic community of the surrounding reef. 

 

Future Research Directions 

 

To address the limitations mentioned previously and to advance our knowledge of mesophotic 

ecosystems, both in the Ningaloo area and globally, the following future research directions are 

suggested to be likely to have the greatest impact. 

 

 While the Ningaloo Marine Park may be subject to fewer threats than other reefs there is still a 

requirement to know how mesophotic communities respond to anthropogenic and climate-

related impacts. Now that the spatial distributions of habitats and benthic communities has been 

determined, overlaps with impacts can be identified. A risk analysis should be completed to 

identify particularly sensitive areas. Questions relating to environmental thresholds, organism 

adaptation, and recovery from severe disturbance are currently unanswered (Turner et al. 2019) 

and resources should be directed towards these areas. 

 

 Models built in Chapter 4 were able to produce accurate predictions across the Ningaloo area. 

Testing the transferability of models into different regions, such as the GBR or other Indian 

Ocean/Indo-Pacific reefs, would enable any differences in the importance of environmental 

predictors to be identified. If models prove to be transferable then the spatial distributions of 

organisms can be determined in these new regions, which can potentially address some large 

data gaps.  

 

 Despite promising results, models can always be improved. Chapter 4 identified how broad 

taxonomic groups may be better modelled at broader grid sizes. However, work to identify and 
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collect information on variables that allow the distribution modelling of individual 

species/genera (e.g. Costa et al. 2015) to identify finer scale biological patterns would be useful. 

More accurate predictions may then be produced when broad groups, such as sponges and 

macroalgae, are split into more specific taxa with attention to life history and functional traits.  

 

 Chapter 5 has provided a reference point with regards to coral recruitment across a mesophotic 

depth gradient. Further work can be completed to identify inter-annual variation in these 

patterns to obtain a clearer understanding of the dynamics. Genetic studies can take this work 

further to identify levels of connectivity and genetic exchange between shallow and deep waters 

at Ningaloo. This is required in order to answer the globally important question of “Do 

mesophotic ecosystems act as a refuge and reproductive source, particularly for ecologically- 

or economically-important shallow-water species?” (Turner et al. 2019). This may also be 

applied to the ecological role of MEs, which may vary spatially in terms of population 

dynamics. Highlighting larval sources and sinks, as an example, will provide crucial 

information into how these systems function and their capacity to function as refugia. 

 

 Finally, research should also be directed towards identifying the most effective management 

practices and long-term conservation strategies for mesophotic ecosystems (Table 6.1). I hope 

that the products from this thesis will enable managers to make more informed decisions with 

regards to future management plans. Recognizing the ecosystem services of mesophotic 

ecosystems and their projected net worth should be a long-term goal to aim for. This will ensure 

sustainable use of these environments and recognize their global value. 
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Table 6.1 Management issues and strategies to address them for more effective conservation planning. 

Management issue Management strategies 

Where are MEs located? Mapping of MEs is a crucial first step for managers. Acoustic datasets can 

determine the initial extent of these ecosystems which allows for future changes 

to be assessed. This will allow managers to make effective decisions with regards 

to protected area placement and licensing of activities (e.g. oil and gas) 

What biodiversity is 

present in MEs? 

Characterization of the biological communities present to ensure adequate 

representation of all organisms in any network of protected areas that are 

designated. Identification of rare and important species will allow more focused 

conservation planning measures. 

What are the 

anthropogenic impacts to 

MEs? 

The spatial arrangement of MEs can be used to identify areas of use. Fisheries 

closures and restricted-use zones (anchoring, fishing) may then be placed in 

optimal areas to safeguard biodiversity. 

What are the effects of 

climate change on MEs? 

Long-term monitoring programs should be implemented to pick up traces of 

thermal stress, disease, and trends in the biological communities (e.g. invasive 

species presence).  

What is the ecological 

function of MEs? 

Ecosystem function is likely to vary both spatially due to changes in biological, 

physical, and environmental factors. Identification of the major functions of MEs 

and keystone species (e.g. use of functional traits) will allow any spatial planning 

measures to be ecologically meaningful to preserve ecological functions at all 

spatial scales. 

What are the 

connectivity patterns 

between MEs and 

shallow-water 

ecosystems? 

The ability of an area to be more resilient and able to recover from disturbance is 

linked to the degree of connectivity between the surrounding areas. Development 

of genetic techniques should allow for species-specific patterns to be identified. 

This can then be combined with modelling approaches to extrapolate to broader 

scales. Source-sink dynamics need to be better understood, both within MEs and 

between MEs and shallow-water habitats, to produce an ecologically coherent 

management strategy that covers large spatial scales and prioritize specific areas. 

 

Concluding Remarks 

 

This thesis has demonstrated a framework for how mesophotic systems can be investigated and could 

be applied to new areas in the future. Utilising a number of ‘in-water’ remote sensing methods enables 

the characterisation of the ecosystem and the general processes and factors that influence the biological 

patterns to be determined. This thesis has identified the spatial distributions of mesophotic biological 

communities and habitats and advanced our understanding of the methods used to determine them. This 

provides a baseline to document future change against and enables more specific biological processes 

to be investigated as appropriate sampling designs can be constructed. Spatial information is integral to 

the design of marine reserve networks and the major questions around connectivity between these 

ecosystems remain to be answered. These areas will no longer suffer from being “out of sight, out of 

mind” and can receive the attention and protection required. 
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