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Abstract 
 
 
Coral reefs are highly biodiverse and structurally complex habitats which contribute greatly to 

both ecological function and ecosystem services for human populations living in coastal areas. 

One of the driving factors behind the unique properties of reef habitats is structural complexity. 

As a result of climate change and other threats facing reef-building coral species, a 

phenomenon named ‘reef-flattening’ in which reefs slowly lose their structural complexity has 

been observed over the past 40 years in the Caribbean. Rugosity has emerged within the general 

literature as the main standard measure of structural complexity in reef survey studies. It has 

been identified to be associated with many ecological reef health variables such as fish 

abundance, biomass, biodiversity and coral cover. However, whilst these associations seem to 

follow a linear trend in most of the globe, conflicting research has emerged from the Caribbean 

disputing the complete linearity of these trends. Instead, it has been theorised that a rugosity 

threshold might exist which, once passed, will yield increasingly greater gains of ecological 

health variables alongside increases in rugosity. Data collection is carried out using SfM 

photogrammetry surveys for reef rugosity, stereo video system surveys for fish population data 

and benthic videos for benthic data. Analysis is conducted using ordinary least squares (OLS) 

linear models and segmented regression models. The results of these analyses showed 

significant correlation between rugosity and fish abundance, biodiversity and coral cover, but 

not biomass within the linear models at the transect level. None of the segmented models 

(breakpoint) provided a better fit than the linear models, implying there was no rugosity 

threshold within the data at the transect level. This contrasts with the rugosity threshold theory 

in studies from the Caribbean and aligns closer to globally recorded trends. An important 

conclusion drawn from the data is that policy makers should focus on implementing rugosity 

data on a finer level than the standard macro-overview. Furthermore, more research is required 

using survey data from multiple years and more site locations within the Caribbean, as well as 

other structural complexity metrics to accompany rugosity. 
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Glossary  
 
 
 
Benthic  The bottom substrate of a body of water such 

as a lake, river or ocean. 

Breakpoint (segmented regression) The estimated value at which the slope 
showing the relationship of an independent 
and response variable changes. 

Linearity The extent to which a response variable 
changes at a constant rate with a predicator. 

Rugosity A structural complexity metric used to 
describe coral reefs. Consists of the ratio of a 
reefs 2D to 3D surface area. 

Structure from Motion (SfM) A modelling technique that uses overlapping 
2d pictures to construct a 3d model. 

Stereo Video System (SVS) Two calibrated cameras with overlapping 
FOVs used for fish surveys, allowing for 
precise length measurements. 

Ordinary Least Squares (OLS) 
Regression 

A linear regression method that minimises 
the sum of squared residuals to estimate 
linear relationship. 

Segmented Regression A regression method that fits multiple linear 
models, separated by one or more 
breakpoints. 
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1. Introduction 
 
1.1 Overview 
 
Coral reefs are amongst the most structurally complex and biodiverse habitats on our planet, 

often referred to as the rainforests of the sea. (Beukers and Jones, 1998; Knowlton et al., 2010). 

They serve countless functions which benefit not only marine life but also human populations 

living near coastal reefs. The structural complexity exhibited by reefs promotes niche 

partitioning and increases refuge availability, which supports high invertebrate and fish 

richness (Bellwood et al., 2004). While also stabilising key ecosystem processes such as 

predation, herbivory, bioerosion and carbonate production, bringing ecological balance to the 

surrounding marine habitat (Bellwood et al., 2004). Furthermore, reef crests dissipate wave 

energy and help prevent coastal erosion and flooding, with one meta-analysis study estimating 

a 97% reduction in wave heights across reef crests (Ferrario et al., 2014; Beck et al., 2018). 

Coral reefs also have a more direct impact on human populations, serving as a critical source 

of food and income for millions worldwide, especially among small-scale coastal populations 

(Cinner et al., 2018). 

 

While coral reefs are heavily relied upon by marine wildlife and human populations, they have 

faced significant challenges over the last century. One of the most prominent being a process 

called “reef flattening”, which refers to the long-term loss of reef structural complexity 

(Randazzo-Eisemann et al., 2022). Characterised by a reduction in branching and tubular 

forms, lower vertical relief and overall smoother reef surfaces, this pattern has been 

documented at a regional scale in the Caribbean for numerous decades (Randazzo-Eisemann 

et al., 2022). Early research indicated that the widespread decline in reef structural complexity 

began between the 1970s and 1990s (Alvarez-Filip et al., 2015). This has been tightly 

associated with the decline of the Acropora genus of corals, which were historically the primary 

builders of three-dimensional habitats in the Caribbean (Gladfeiter, 1982; Aronson and Precht, 

2001). The population crash of Acropora corals and other reef builders occurred as a result of 

white band disease and numerous bleaching events, which were triggered by rising ocean 

temperatures (Aronson and Precht, 2001). Furthermore, several other factors have contributed 

to reef flattening, including the loss of herbivorous fish species and subsequent macroalgal 

proliferation (Mumby, 2009). Herbivorous fish species keep algal populations in check, and 
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without them, algal blooms can lead to macroalgae outcompeting coral species for space on 

reefs (Mumby, 2009). Another significant contributor to reef flattening is climate change, not 

only in the form of rising water temperatures in the Caribbean, but also as a result of 

increasingly intense tropical storms that disrupt reefs (Gardner et al., 2005). Whilst tropical 

storms are a natural part of life for reef ecosystems, with dwindling populations of fast-growing 

reef-building corals such as Acropora and increasingly erratic and severe weather, the damage 

sustained by a reef during a storm is recovered much more slowly (Gardner et al., 2005). The 

result of this reef flattening is the inverse of what its complexity provides: lowered ecological 

balance due to the loss of refuge and niche partitioning, as well as human population impacts 

such as increased coastal erosion, loss of livelihoods and greater rates of malnutrition in coastal 

communities (Randazzo-Eisemann et al., 2022; Lester et al., 2020). 

 

As a result of its importance, reef structural complexity has been studied since the 1970s, when 

the first rugosity index methodology, known as the chain-and-tape rugosity index, was 

developed (Risk, 1972). Since the 1970s, numerous studies have linked rugosity to ecological 

patterns, including fish abundance, diversity, biomass, and even benthic composition 

(McCormick, 1994). As a result, reef complexity metrics have been increasingly utilised in 

policy making and reef conservation initiatives by both governments and NGOs (Santavy et 

al., 2022). Often surveyed using more modern methods, these structural complexity metrics, 

such as rugosity, have started to serve as a key environmental indicator when considering reef 

conservation frameworks. Despite this increasing usage, many questions remain unanswered 

regarding the nuances of the positive relationship between rugosity and ecological patterns. 

One of these understudied areas is how this relationship scales along the rugosity index, 

specifically whether the correlation is completely linear or if a rugosity threshold exists. Whilst 

disputed in the literature, some studies have theorised that a rugosity threshold may exist, 

which, once surpassed, yields an increased positive association with ecological markers such 

as fish/coral patterns (Alvarez-Filip et al., 2011). However, there has not been enough robust 

research to prove or disprove such a rugosity trend. A better understanding of the link between 

rugosities and reef health, as well as the extent to which it follows a linear relationship, is 

critical information for reef planners and conservation initiatives across the Caribbean. This 

increased insight is crucial for the efficient allocation of resources for coral reef management 

and is the centre of this research paper’s investigation. 
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 1.1.1 Research Questions 

 

1. Are fish abundance, biodiversity and biomass positively associated with rugosity on the 

transect scale in reefs around Utila, Honduras? 

2. Is coral cover positively associated with rugosity on the transect scale in reefs around 

Utila? 

3. Does a threshold-based model provide a better fit for the relationship between rugosity 

and ecological condition than a linear model in reefs around Utila? 

 

1.1.2 Research Aims 

 

This study aims to quantify the association between rugosity and ecological conditions in Utila, 

and to explore whether a threshold-based model provides a better fit than a linear model.  

 

1.1.3 Research Objectives 

 

a. Collect coral reef ecological data using best-in-field reef survey technology and 

methodology in Utila, Honduras. 

 

b. Create transect-level response variables for biomass, abundance, biodiversity and coral 

cover from co-located surveys. 

 
c. Fit linear models to the response variables to determine the strength of association. 

 
d. Fit segmented (piecewise) models to the response variables and compare them to the 

linear models to determine the existence of a threshold within the data. 

 
e. Summarise the management implications of findings for coral reef planning and 

restoration initiatives. 

 

1.1.4 Scope 

 

The scope of the quantitative investigation portion of this thesis is limited to data collected 

from a single year of surveys in Utila, Honduras. Whilst the aim of the primary investigation 
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of this study is to quantify the linearity of the relationship between rugosity and ecological 

conditions, the quantitative exploration of the underlying reasons for this relationship is outside 

of this study’s scope. For the qualitative coral reef management section within the discussion 

chapter of this thesis, conclusions and recommendations will also be drawn using the general 

literature. 
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2. Literature Review 
 
2.1 The Linearity of Rugosity 
 
This initial section of the literature review is dedicated to evaluating the evidence for the 

linearity and non-linearity of coral reef structural complexity (rugosity) in relation to fish 

abundance, biomass, biodiversity, and coral cover. The scope encompasses the most influential 

and relevant peer-reviewed literature spanning the past 30 years on a global scale, with a focus 

on Caribbean trends that diverge from the global trend. The purpose of this review is to 

highlight the current knowledge base on coral reef rugosity relationships and identify the 

knowledge gaps which necessitate the need for this study. 

 

 

2.1.1 Evidence for Linearity 

 

Numerous studies outline an increase in fish abundance, biomass, biodiversity, and coral cover 

with an increase in rugosity, and as a result, reef complexity metrics such as rugosity are 

increasingly being recognised in policy frameworks and NGO conservation projects (Rogers 

et al., 2014; Castaño et al., 2021; Graham et al., 2013). A 2021 study on the relationships 

between reef complexity and fish abundance, biomass, and biodiversity found that rugosity and 

coral cover accounted for 66% of the variance in these variables (Castaño et al., 2021). This 

illustrates the close relationship between rugosity and reef health. Gratwicke and Speight 

(2005) investigated the relationship between rugosity and fish abundance/ biodiversity using 

visual surveys spanning multiple tropical habitats and found strong linear relationships. As 

seen in Figure 1, both fish abundance and number of species (biodiversity) exhibit highly linear 

relationships with rugosity, with number of species showing a very strong correlation 

(Gratwicke and Speight, 2005). Darling et al. (2017) provide further evidence of a linear 

relationship in a large-scale study of reef complexity, spanning 157 reef sites in the Seychelles, 

Maldives, Chagos, and Great Barrier Reef. Their analysis revealed no evidence of abrupt 

changes in slope or distribution within their broad datasets, suggesting a completely linear 

relationship (Darling et al., 2017). Many studies that do not explicitly investigate the linearity 

of the correlation still exhibit linear data and use linear regression models to convey the 

correlations found (Agudo-Adriani et al., 2019; Castaño et al., 2021). In summary, many 

studies investigating the relationship between reef complexity and reef ecology variables 
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explain their data using linear regression, and some even directly conclude that their data 

exhibit linearity. However, it is worth noting that the trend of linear rugosity relationships is 

less prevalent in the literature based on the Caribbean and is more common in other reef 

systems. 

 

 

2.1.2 Evidence for Non-Linearity 

 

One of the concepts behind the theory of a non-linear relationship between coral reef rugosity 

and environmental variables lies within the overall trend of reef flattening itself. Since rugosity 

has been strongly linked to these environmental variables, a linear model suggests that as the 

coral reefs have been gradually flattening in the Caribbean, the decline of the ecosystem would 

also gradually follow (Alvarez-Filip et al., 2009). However, this is not the case as ecosystem 

habitats surrounding coral reefs undergoing reef flattening have experienced a disproportional, 

non-linear decline (Alvarez-Filip et al., 2009). This is theorised to be due to reefs falling below 

Figure 1: The relationship between the total habitat assessment score (HAS) and (a) total fish abundance and (b) number of 
species (○ reef, • sand, ▾ algae, ▿ seagrass). (Gratwicke and Speight, 2005). 
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a certain threshold of rugosity, where the habitat can no longer sustain the same fish populations 

(Alvarez-Filip et al., 2009). This is reinforced by studies such as Rogers et al. (2014), which 

find positive linear relationships between rugosity and environmental variables. However, they 

also found that rugosity is linked to fish predation risk, which causes nonlinearities in biomass; 

this finding contributes evidence to the idea that changes in rugosity have disproportionate 

effects on reef fish biomass (Rogers et al., 2014). Furthermore, the modelling in the study also 

found that providing sufficient refuges, which is associated with higher rugosity, allowed a 

much greater number of small fish species to thrive on the reefs (Rogers et al., 2014). Moreover, 

a conclusion was drawn from the inverse relationship, stating that if a reef fell below a certain 

complexity, it could trigger a threefold decline in fishery productivity, i.e. fish abundance 

(Rogers et al., 2014). Shifting the focus to corals, healthy coral reefs often exhibit a strong 

coupling between live coral and rugosity; however, in the Caribbean, a decoupling of these two 

variables has begun to emerge (Castaño et al., 2021). Trends have emerged where, once the 

diversity of ‘reef-building’ coral species on a reef drops below a certain point, an improvement 

in coral cover might not necessarily yield more rugosity gain (Castaño et al., 2021). This 

suggests that under certain conditions, the relationship between coral cover and rugosity could 

be nonlinear. 

 

The cumulative evidence suggests that global and, specifically, Indo-Pacific surveys tend to 

report more linear relationships between rugosity and fish abundance, biomass, and 

biodiversity (Gratwicke and Speight, 2005; Darling et al., 2017; Graham et al., 2013). 

Meanwhile, the literature on the Caribbean is more varied, often reporting disproportionate 

losses as a result of reef flattening, potentially implying the presence of a threshold (Alvarez-

Filip et al., 2009; Rogers et al., 2014). However, there are many gaps in the literature, which 

means the conclusions drawn from the evidence above may not fully represent the entire 

picture. A geographic bias is present, as there are significantly fewer studies conducted in the 

Caribbean investigating thresholds versus linearity compared to the Indo-Pacific region. 

Furthermore, a wide range of survey methods are used across studies to assess rugosity in the 

literature, including chain-and-tape, visual, and Structure from Motion (SfM) surveys. Finally, 

the primary deficit in the literature is the lack of studies directly testing best-fit models on their 

data, assuming that simple linear models will work best. This creates a lack of robust evidence 

to draw conclusions from. As a result of these data and study gaps, this thesis aims to address 

a vital yet understudied topic regarding the relationship between rugosity and environmental 

variables. 
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2.2 Technological Advancements in Coral Reef Surveys 
 
Coral reef survey methodology has evolved rapidly over the past 50 years, undergoing 

digitalisation as technology has advanced. Newer study designs often bring increased precision 

but also contain trade-offs to historical techniques; as a result, it is vital to consider all available 

survey methods. The following section provides a review of all recent and historical reef survey 

methodologies, along with an analysis of the trade-offs associated with each survey. A more 

detailed methods justification section, based on this trade-off review, is presented in Chapter 

3.2. 

 

 
2.2.1 Stereo Video System (SVS) Survey 
 
 
Fish community monitoring survey methods have undergone significant changes since their 

introduction, dating back to the 1950s (Brock, 1954). These initial fish survey methods 

employed belt-transect and stationary point count surveys, during which the diver manually 

recorded all fish species present. Whilst effective, this form of survey suffered from significant 

observer bias with high observational variance between separate divers conducting the surveys. 

During the late 1990s to early 2000s, Harvey and Shortis (1998) pioneered what would become 

known as the Stereo-video revolution. These calibrated stereo camera systems now allowed for 

‘depth perception’ following a similar concept to our eyes, which enabled researchers to 

accurately discern the length of a fish from the footage alone. This was a significant 

breakthrough as not only could these recordings be stored as a permanent record for 

reproducibility, but accurate biomass measurements could also be made from fish lengths 

captured. These advancements addressed many of the shortcomings associated with previous 

survey methods, such as observer bias, and propelled the technology to become mainstream in 

the years to come. Harvey/Cappo et al. (2007) went on to codify sampling design and analysis, 

helping to create a standardised methodology for transect-based reef fish surveys. This 

methodology is widely used today; however, the bulky cameras initially employed have been 

scaled down to compact action cameras, which have significantly increased ease of use.  

 

 

2.2.2 Structure from Motion Survey 
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2.2.3 Benthic Surveys 

 

Benthic cover and community composition surveys have also undergone digitalisation since 

their first appearance in the scientific literature in the 1970s, as seen in studies such as Loya 

(1972) in the Red Sea. These early methods featured quadrat and line intercept-based methods, 

which were later developed into a standardised methodology by manuals such as those by 

English, Wilkinson, and Baker (1997). This survey methodology further evolved to use digital 

photography instead of diver observation in the early 2000s, which significantly increased 

accuracy and reproducibility. Despite the digital advancement which accompanied benthic 

surveys, the manual identification required for this survey method has often been seen as its 

most significant drawback. Recent advancements in machine learning (ML) have enabled AI-

based programs, such as CoralNet, to perform benthic analysis and annotation in an 

automated/semi-automated workflow. After model training, current leading ML models, such 

as CoralNet, are able to perform rapid analysis of large quantities of benthic data while 

achieving near-analyst accuracy. However, the training times for these models can outweigh 

the benefit of smaller-scale studies, and the analysis format is not compatible with some 

historically used methods, such as point intercept surveys. 

 

To summarise, all coral reef survey methods have undergone digitalisation in the last 30 years, 

and the literature is clear regarding the superiority of these updated survey methods for accurate 

ecological data collection. Rugosity and other structural complexity metrics are now most 

accurately surveyed using SfM survey methods, which create three-dimensional renders of reef 

survey areas. Stereo video systems have revolutionised fish population surveys and are now 

more accessible than ever, thanks to the performance and affordability of modern action 

cameras. Finally, benthic surveys have also benefited from digitalisation; however, they have 

also begun to incorporate ML implementations, which show great potential in reducing the 

time spent on manual benthic analysis. Whilst these survey methods are widely used in 

different configurations across the globe for coral reef monitoring, there are few robust 

implementations of all of them simultaneously within the literature. 
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The survey design for this study’s methodology follows the most robust and accurate survey 

methodologies currently present in the literature for reef monitoring.  

 

SVS fish population surveys have been shown to produce more precise and consistent fish 

length estimates for biomass measurement than traditional visual count surveys (Harvey et al., 

2001, 2002). Moreover, recent studies comparing SVS and visual surveys further validated the 

use of SVS, finding no significant discrepancies in species richness or biomass (Grane-Feliu et 

al., 2019; Juárez-Hernández et al., 2022). In addition to this increased accuracy, the recordings 

produced in the survey serve as a historical record and are stored for potential future research. 

 

Multiple studies since the emergence of photogrammetry in the reef monitoring literature have 

definitively shown its superiority in accuracy compared to diver-based measurements (Ferrari 

et al., 2016; Remmers et al., 2024). Moreover, a recent meta-analysis indicates that SfM 

surveys are “rapidly emerging as the new standard” due to their ability to record habitat and 

colony-scale metrics in both two and three dimensions (Remmers et al., 2024). This ability 

enables researchers to extract and investigate multiple structural complexity metrics, including 

rugosity, fractal dimension, surface area, slope, volume, shelter volume, and many more 

(Barrera-Falcón et al., 2025). All of this culminates in SfM being utilised in major reef 

monitoring projects on the Great Barrier Reef, Pacific atolls, the Indian Ocean, and more 

(Remmers et al., 2024).  

 
Whilst not having undergone as drastic an evolution as the other two surveys used in this study, 

photo-quadrat surveys, or in this case, benthic transect surveys, are often shown to have an 

optimal balance between precision and efficiency (Carneiro et al., 2024). The application of 

ML-based accelerators for analysing benthic recordings is a promising advancement in survey 

efficiency. However, for studies on the scale of this investigation, the initial time investment 

in model training outweighs the benefit in efficiency gained. Even more importantly, the format 

of data analysis and output of cloud-based platforms such as CoralNet faces compatibility 

barriers with the historically collected benthic data as a part of Opwall’s monitoring in Utila.   

 

In summary, the survey methods used in this study (3d photogrammetry, stereo video systems 

and digitalised benthic recordings) are optimal for accurate data collection. The literature 



28 
 

leaves no doubt about the effectiveness and applicability of these survey methods in producing 

precise and robust data sets that reflect reef health to the best of our current capacity. 

 
 
3.3 Stereo Video System Survey 
 
3.3.1 SVS Materials 

 

• 2x GoPro Hero12 Blacks with SD cards 

• Stereo video system rig 

• 1x dive computer with rig adapter 

• 1x compass with rig adapter 

• 1-2x double-sided transect tape (50m) 

• Minimum 2 divers 

• Dive Torch 

• Underwater Surveyor software 

Figure 5: Render of stereo video survey rig. Section A depicts the baseline length of the rig (straight line distance between 
the optical centres of the left and right cameras) as well as the dive computer/compass mount. Section B shows a top view 
of the rig and mirror placement. Section C shows the 4-degree inward tilt of the camera. 
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to ensure capturing all of the fish visible, keeping the rig roughly 1m from the reef. If the reef 

geography resembles a wall with a great drop in depth below, a similar concept is followed; 

diver 1 stays as close to the wall as possible (within 1m). Furthermore, the survey must be 

conducted at the predetermined depth, 5m or 15m, meaning the dive computer attached to the 

rig must be regularly observed. Often, the reef counters in a manner where it is not possible to 

follow the compass bearing, maintain the correct depth and maintain adequate proximity to the 

reef simultaneously. In this scenario, diver 1 must prioritise depth consistency and proximity 

to the reef over following the bearing. Once the end of the 50m survey is reached, diver 1 is 

notified via fin tug or auditory queue by diver 2. The 50m transect length is accurately obtained 

by diver 2 laying the transect tape whilst following diver 1’s swim path. At the endpoint of the 

survey, diver 1 points the SVS rig downwards and subsequently ends the recording. If another 

survey is planned to follow, divers 1 and 2 prepare to repeat the process.  

 

It is important to consider that the presence of divers in the water will inevitably alter the natural 

behaviour of reef fish, meaning that certain measures are taken to minimise this impact. Firstly, 

our dive team was always given priority to enter the water first when performing SVS surveys. 

Moreover, coordination prior to dives with other researchers was necessary to avoid overlap in 

study areas. Finally, this consideration also mandated that SVS is the first survey performed 

on each transect. 

 

3.3.4 Data processing 

 

SVS data is captured in the form of 2 recordings per transect, 1 per camera. These recordings 

are transferred to backup drives and processed using the Underwater Surveyor software. Within 

the software, the two recordings are imported and synced up using the flashlight pre-calibration 

as seen in Figure 6. The fish visible in the videos are then identified and measured using the 

software. Once all the fish in all of the transects are processed, the resulting data are exported 

for analysis in R to determine fish biomasses. 

 

 

 

3.4 Benthic Survey 
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3.4.1 Benthic Survey Materials 

 

• 1x GoPro Hero12 Black with SD card 

• Benthic Rig 

• 1-2x double-sided transect tape (50m) 

• Minimum 2 divers 

 

 
The benthic rig is composed of a single GoPro Hero 12 Black mounted in a waterproof housing 

on a diving handle. The diving handle attachment is also equipped with a carabiner for easy 

attachment to the diver when not in use. 

 

3.4.2 Data Collection (3 divers) 

 

Continuing from where the SVS data collection methodology ended, the benthic survey follows 

the SVS survey. Diver 3, who has the benthic rig attached to their BCD, unclips and turns on 

the camera. The benthic survey can begin once diver 2, who is the transect layer following the 

SVS survey, has laid at least 5m of transect tape. Diver 3 starts the recording and holds the 

benthic rig with one hand and the transect tape in the other. Diver 3 points the camera straight 

down and holds it 30cm above the tape. Diver 3 begins swimming after the transect layer whilst 

holding onto the tape to ensure the numbers are visible in the recording. In the case that the 

reef geography resembles a wall and the transect tape is attached to its side, diver 3 records the 

reef perpendicular to the wall at a distance of 30cm. Once diver 3 reaches the end of the 

transect, the recording is stopped, and the benthic rig is re-clipped to the diver. 

 

3.4.3 Data processing 

 

Benthic data is captured in the form of a single recording per transect. These transect recordings 

are transferred to backup drives and can be analysed using any video playback software. A 

video player with slowed playback and single-frame skipping features is recommended. The 

benthic data is analysed by recording benthic composition at every 25cm of the transect line.  

This is done by stopping the playback when the camera is directly above the 25cm interval of 

the transect tape and recording the benthic which intersects the interval on the tape. The result 
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is recorded in Excel under one of the categories seen in Table 1. Hard corals are recorded to 

species level and macro algae are recorded to genus level, and others are recorded to their 

morphology. Once all the analysis is complete, all of the transects are combined and exported 

for analysis in R. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.5 3D Photogrammetry Survey 
 

3.5.1 3D Photogrammetry Materials 

 

• 3x GoPro Hero12 Blacks with SD cards 

• 3D Photogrammetry SfM Rig 

• 1-2x double-sided transect tape (50m) 

• Minimum 2 divers 

• Minimum 7 3D markers and a carry bag 

• Agisoft Metashape & Rhinoceros 8 software 

 

ANE Anemone 
ASC Ascidian 
BRY Bryozoan 
CCA Coraline Crustose Algae 
CYA Cyanobacteria 
DCA Dead Coral with Algae 
DCO Dead Coral 
HCO Hard Coral 
INV Other Invertebrate 
MAA Macroalgae 
MIL Millepora 
OTH Other 
PEY Peysonnellia 
RBB Rubble 
RCK Rock 
SAN Sand 
SCO Soft Coral 
SGR Seagrass 
SIL Silt 
SPO Sponge 
TAL Turf Algae 
UNK Unknown 
WAT Water 
ZOA Zooanthid 

Table 1: Benthic Classifications 
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The 3D photogrammetry rig used for this study was also custom-built for reef modelling by 

Toby Haddon, see Figure 8. The rig is made up of 3 GoPro Hero 12 Blacks mounted in 

waterproof housings and spaced 60cm apart, facing in the same direction. The cameras are not 

tilted inwards like the SVS rig. 

 

 

 

 

 

 
 
 

Figure 8: Render of 3D photogrammetry rig. Depicts the spacing between the three cameras on the rig. 
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3.5.2 Data Collection (3 divers) 

 
 

The 3D photogrammetry survey is conducted following the benthic survey. After completing 

the benthic survey, diver 3 starts preparing to place 3D markers along the transect tape’s path. 

A total of 7 markers are required per transect, placed at 0m, 10m, 20m, 25m, 30m, 40m, and 

50m along the transect. The markers must be placed horizontally along the transect and must 

be clearly visible without being too far from the transect tape. Amongst the 7 markers, one is 

painted green; this one is placed at 25m to indicate the halfway point of the survey. It is 

important to note diver 3 must pick one side of the transect tape to place the markers on and 

stick to it for the duration of the transect. Before starting marker placement, diver 3 is given 

the SVS rig by diver 3 whilst diver 2 unclips the 3D rig from the back of diver 1. After diver 3 

has placed the first two markers along the transect, diver 1 will turn on and start the recordings 

on each camera. For this survey, the GoPros are set to time-lapse mode, recording 2 frames per 

second per camera.  

 

Diver 1 moves into position over the end transect tape, preparing to swim back along the 

transect. To commence the survey, diver 1 points the camera directly towards the water’s 

surface for 1 second and then back down to face the reef. Diver 1 starts to slowly swim along 

the transect following diver 3, who is laying the markers. Diver 1 has to ensure correct angling 

and elevation of the 3d rig at all times. Assuming that the top of the cameras, which is the side 

of the rig facing the direction of travel (forward) during the survey, is considered the front of 

the rig during the survey, the roll axis of the rig must be kept as horizontal to the reef as 

possible. This can be seen in Figure 9. As the contour of the reef changes, the roll angle of the 

rig must shift with it. Furthermore, the rig should be held around 1.5 m away from the reef at 

all times. At the end of the transect, diver 1 once again points the camera directly towards the 

water’s surface and subsequently ends the recording. Whilst diver 3 was completing the survey, 

diver 2 followed behind while reeling in the transect tape and collecting the markers. 

 





37 
 

4. Analysis 
 

4.1 Data Sources 
 

4.1.1 Datasets 

 

After compilation, Opwall provided complete data sets in the form of 3 Excel spreadsheets. 

The SVS data were recorded in the form of individual observations per fish with counts and 

estimated biomass. 3D photogrammetry data were recorded per transect in the form of a 

Rugosity Index. Benthic data were also recorded per transect, in the form of 201 nominal point-

intercepts classified by benthic codes. 

 

 

4.2 Data Handling 
 

Site, Depth and Transect keys were joined. Then the data columns between the 3 data sets were 

renamed to be consistent across all the data in preparation for merging. Per transect data frames 

were constructed in each stream, followed by the SVS, 3D and benthic being left-joined via 

the keys. For SVS data, fish abundance was calculated using the sum of individual fish 

observations present per site. Fish biomass was similarly summed into total biomass per 

transect. The ‘biodiversity score’ was calculated by totalling the number of unique fish species 

present per transect. There was a concern of input mistakes in the data, such as typos inflating 

unique fish observation counts; however, the Underwater Surveyor software has pre-set fish 

ID outputs, negating this issue. 

 

Rugosity data were recorded by Opwall in an inverse format, generating rugosity indexes < 1 

by calculating the transect planar area/true surface area. Most scientific literature calculates 

rugosity with this ratio flipped, so all the rugosity values were inverted to produce rugosity 

indexes ≥ 1. This aligns better with ecological interpretation and prior literature. 
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For benthic data, the individual observations were converted into percentages per transect for 

analysis. Firstly, the benthic categories mentioned in the methods (Table 1) were clustered into 

groups.  

 

Clustered Categories: 

- Coral cover: HCO, SCO 

- Other benthic inverts: MIL, ZOA, SPO 

- Algae: MAA, TAL, PEY, CYA, CCA 

- Abiotic: RCK, SAN, RBB, SIL, DCA, DCO, WAT 

- Other: all remaining codes 

 

Coral cover was the primary group used for analysis, as it consisted of hard corals and soft 

corals, which are the most ecologically relevant to the study aims. To calculate percentages, 

each group’s total point count was divided by the total transect point count and multiplied by 

100; any groups with no observations were made to zero-fill for the calculations in order to get 

percentages summing to 100. 

 

4.3 Data Cleaning 
 

The individual data frames were merged into a complete transect-level data frame including 

the new fish biomass, abundance and biodiversity columns as well as rugosity and coral cover 

percentage columns. As there were missing transects in both the SVS and benthic data, which 

did not overlap, it was necessary to fill the corresponding observation in the compiled data 

frame with the NA designation. This allowed for the maximisation of the transect count in each 

model by dropping rows with NA in the predictor for the specific response variables being 

analysed. This, in turn, allowed other columns to be NA without affecting the model fit. During 

the assessment of the data, it became clear that one of the transects (LIG-5m-W2) was an outlier 

in terms of rugosity index and was skewing the dataset. The transect had a rugosity index 

approaching 6, which was almost certainly an error produced at the 3D modelling rendering or 

data extraction process. Consequently, this transect was omitted from all of the models. It is 

also important to note that not all of the benthic transects had a full 201 observations present; 

a few had ~195–200 observations. However, displaying the benthic components as percentages 

inherently normalises for the small differences in observation count. 
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A log transformation was applied to the biomass and abundance response variables, but not the 

biodiversity score or coral. This was done using log1p to reduce the right-skewed counts, 

preserve zeros, and improve homoscedasticity. log1p was used over log so that it wasn’t 

necessary to drop any potential transects with zero abundance and biomass. Biodiversity score 

and coral cover showed adequate data distributions for linear model fitting after OLS 

diagnostics, so were left untransformed for easier interpretability.  

 
 

4.4 Exploratory Analysis 
 

For each of the response variables vs rugosity, a Pearson and Spearman correlation test was 

performed. Both were performed as the Pearson test aligns with OLS linear model assumptions, 

and the Spearman test creates a monotonic check, which is less sensitive to scale or any outliers 

present. 

 
 

Outlier transect removed, showing transformation type for response variables, including log1p. 

Displaying Pearson’s R with two-sided P value as well as Spearman’s P with P value. Positive 

coefficients will indicate higher values with increasing rugosity index. There was no multiple-

comparison correction applied to the test (α = 0.05). 

 

 

Table 2: Pearson and Spearman correlations between rugosity and fish biomass, 

abundance, biodiversity and coral cover. 
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4.5 Modelling 
 

To establish a baseline for comparison with a non-linear model, Ordinary Least Squares (OLS) 

linear models were run to establish the presence of linear relationships. Furthermore, these 

models were run to compare the data against trends present in the broader literature, acting as 

an informal assay for the data. OLS linear models were run on all four response variables 

against rugosity (Table 3). OLS was chosen over other linear models as the previously 

mentioned log1p transformation, and other residual diagnostics were suitable for single-

predictor inference. Furthermore, OLS models produce easily interpretable effect sizes and a 

clean null for non-linear comparison (Δp). Finally, it is also standard practice to use OLS linear 

models to detect ecological relationships (Zuur et al., 2007) 

 

𝑔(𝑦!) 	 = 	 𝛽" 	+ 	𝛽#𝑥! 	+ 	 𝜀! 

𝜀! ∼ i.i.d.	(0, 𝜎$) 
 

Equation 1: OLS linear model. yi: response for transect i for e.g. fish abundance. xi: predictor for transect i (rugosity index). 
g(): response transformation, = log(1+y) for biomass and abundance (log1p transformation). β0: intercept. β1: slope. εi: 
random error term for transect i. ε! ∼ 𝒩(0, σ"): errors are independent and identically distributed. 

 
 

After the linear models, piecewise linear (single breakpoint) models were run to investigate the 

existence of a threshold in rugosity index in relation to the ecological response variables. For 

each of the response variables, a segmented regression model with an unknown breakpoint was 

fit using the segmented R package. Segmented regression modelling was chosen for this 

analysis as it is shown to effectively identify ecological thresholds (Toms and Lesperance, 

2003). Initially, multiple starting values were run, and the fits with the best improvement were 

retained. The linear and segmented fits were compared by an F-test, which produced a Δp and 

an estimated break point. The Δp determined whether the fit of the segmented (threshold) 

model was a statistically better fit than the linear model. Pre and post breakpoint slopes were 

also calculated; however, inference was centred on the Δp value as the main goal was 

establishing a potential threshold. It is important to note that if the surveyed range of rugosity 

is relatively narrow, the segmented analysis is not able to detect thresholds at higher rugosity 
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indexes. This is important as the global trend of reef flattening may have resulted in Utila’s 

reefs being flatter than historically.  

 

𝑔(𝑦!) 	 = 	 β" 	+ 	 β#𝑥! 	+ 	 β$(𝑥! −ψ)% 	+ 	 ε! . 

 
Equation 2: Single breakpoint piecewise model (segmented). Ψ: unknown breakpoint. yi: response for transect i for e.g. fish 
abundance. xi: predictor for transect i (rugosity index). g(): response transformation, = log(1+y) for biomass and 
abundance (log1p transformation). β0: intercept. β1: slope below breakpoint. β1 + β2: slope above breakpoint. εi: random 
error term for transect 

 

𝐹	 = 	
(RSS# − RSS$)/(𝑑𝑓# − 𝑑𝑓$)

RSS$/𝑑𝑓$
,	

	 	  Δp  =  Pr@F&'!(&'", &'"   ≥  FC. 
 
Equation 3: F test (linear vs segmented). F: F value. RSS1: residual sum of squares for the OLS model. RSS2: residual sum 
of squares for the segmented model. df1: residual degrees of freedom for the OLS model. df2: residual degrees of freedom for 
the segmented model. Δp = change in p value, Δp < 0.05 is significant. 
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5. Results 
 
5.1 Linear Models 
 
The baseline models showed no correlation between rugosity and fish biomass; however, there 

were significant correlations between rugosity and fish abundance, diversity and coral cover 

(Figures 10-13, Table 3). 

The total fish biomass values were log-transformed (log1p) to reduce right-skew and stabilise 

variance, improving linearity with rugosity while accommodating zeros. Each point on the plot 

represents an individual transect. Total fish biomass did not show a significant association with 

rugosity (Table 3). 

 
 
 

Figure 10: The relationship between total fish biomass per transect and the transect’s 
rugosity, with the blue line showing OLS fit and 95% CI. Transect (n) = 66. 



43 
 

 
 

Figure 11: The relationship between fish abundance per transect and the transect’s 

rugosity, with the blue line showing OLS fit and 95% CI. Transect (n) = 66. 

Fish abundance is calculated as the total count of unique fish observations collected per 

transect. Furthermore, fish abundance was log-transformed (log1p) to handle zeros, reduce 

right-skew, and stabilise variance, improving the linear fit with rugosity. At the transect level, 

fish abundance exhibited a positive relationship with transect rugosity. The linear model found 

this positive relationship to be statistically significant (Table 3). 
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 The fish biodiversity score was calculated as the number of unique species recorded within 

each transect. At the transect level, fish biodiversity showed a mild positive relationship with 

transect rugosity. The linear model found this positive relationship to be statistically significant 

(Table 3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 12: The relationship between fish biodiversity per transect and the transect’s 
rugosity, with the blue line showing OLS fit and 95% CI. Transect (n) = 66. 
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The percentage of coral cover on each transect was calculated using hard coral and soft coral 

counts; Zoanthids and Millepora were not included in this criterion. Coral cover exhibited a 

positive relationship with rugosity on the transect level. The linear model found this positive 

relationship to be statistically significant (Table 3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 13: The relationship between transect coral cover and the transect’s rugosity, with 
the blue line showing OLS fit and 95% CI. Transect (n) = 64. 
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The OLS models used rugosity as the predictor and four responses: log-transformed biomass 

(log1p(g)), log-transformed abundance (log1p(n)), biodiversity score and coral cover (%). 

These linear models serve as a baseline for comparison to the segmented models to ascertain if 

they pose a better fit, implying a threshold. The models for fish biomass, abundance and coral 

cover found a positive relationship with rugosity, P < 0.05. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

P<0.05*, P<0.005**, P<0.0005*** 

 
 

Table 3: OLS linear models showing the relationship between transect rugosity and fish 
biomass, abundance, biodiversity, and coral cover. 
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5.2 Segmented Models 
 
The segmented models did not provide a better fit in comparison to the linear models. All four 

of the models produced a non-significant ΔP value, implying that all four response variables 

lack a rugosity threshold (Figure 14-17, Table 4). 

The black line represents the OLS fit, the orange dashed line represents the piecewise 

(segmented fit), and the vertical orange dotted line represents the estimated breakpoint. Fish 

biomass was log-transformed for the segmented model, similarly to the linear model. The 

segmented model identified the most likely breakpoint (threshold) to be at a rugosity index of 

1.94. However, the segmented model didn’t create a significantly better fit than the linear 

model with a ΔP value of 0.429. 

 

 

 

 

 

 
 
 

Figure 14: The relationship between total fish biomass per transect and the transect’s 
rugosity, transect (n) = 66. 
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The black line represents the OLS fit, the orange dashed line represents the piecewise 

(segmented fit), and the vertical orange dotted line represents the estimated breakpoint. Fish 

abundance was log-transformed for the segmented model, similarly to the linear model. The 

breakpoint of the segmented model 1.94 for fish abundance was also at a rugosity index of 

1.94. The segmented model implies a threshold but did not create a better fit than the linear 

model with a ΔP value of 0.0838. It is of note that there are only 12 pre-break transects, which 

may skew the results. 

 

 

 

Figure 15: The relationship between fish abundance per transect and the transect’s 
rugosity, transect (n) = 66. 
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The black line represents the OLS fit, the orange dashed line represents the piecewise 

(segmented fit), and the vertical orange dotted line represents the estimated breakpoint. The 

segmented model for biodiversity identified the most likely breakpoint (threshold) to be at a 

rugosity index of 2.31. The segmented model did not create a better fit than the linear model 

with a ΔP value of 0.289. 

 

 

 

 

 

 

 

 

Figure 16: The relationship between fish biodiversity per transect and the transect’s 
rugosity, transect (n) = 66. 
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The black line represents the OLS fit, the orange dashed line represents the piecewise 

(segmented fit), and the vertical orange dotted line represents the estimated breakpoint. The 

segmented model for coral cover identified the most likely breakpoint (threshold) to be at a 

rugosity index of 2.63. The segmented model did not create a better fit than the linear model 

with a ΔP value of 0.798. 

The segmented models also used rugosity as the predictor and four responses: log-transformed 

biomass (log1p(g)), log-transformed abundance (log1p(n)), biodiversity score and coral cover 

(%). None of the segmented models provided a significantly better fit than the linear models 

with a ΔP > 0.5. 

Figure 17: The relationship between total coral cover per transect and the transect’s 
rugosity, transect (n) = 64. 

Table 4: Segmented linear models showing the relationship between transect rugosity and 
fish biomass, abundance, biodiversity, and coral cover. 
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5.3 Results Summary: 

 

Across all of the transects surveyed (1 excluded), rugosity shows a modest positive correlation 

with fish biodiversity, abundance and coral cover, whilst biomass shows no statistically 

significant relationship. Overall, the effect sizes of the positive correlations are relatively small 

in power (R² ≈ 0.09-0.16), which suggests that the rugosity index of a transect is only 

responsible for a limited fraction of the variation in the response variables. The segmented 

models do not significantly outperform the OLS linear models, indicating that no robust 

threshold/breakpoint was discovered within the surveyed rugosity range. Therefore, the overall 

draw from the data is that there is a gradual, positive relationship between rugosity and 

ecological metrics rather than a sharper threshold trend. 
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5. Discussion 
 

5.1 Introduction  
 

Coral reef complexity is understood in the literature to be positively correlated with ecological 

variables such as fish abundance, biomass, biodiversity and coral cover (Rogers et al., 2014; 

Castaño et al., 2021; Graham et al., 2013). The results of this study provide mixed evidence on 

linearity; all linear models, except biomass, showed a positive correlation with rugosity 

(Figures 10-13, Table 3). Whilst the segmented analysis showed possible thresholds, they were 

statistically insignificant (Table 4). These results reflect the disparity within the broader debates 

around the specific patterns of reef structural complexity and ecological status (Alvarez-Filip 

et al., 2009). 

 

5.1.1 Linear Models 

 
The OLS linear model for fish abundance vs rugosity showed a statistically significant, positive 

relationship (Figure 11). This aligns with the general literature, which shows that as reef 

complexity increases, greater fish populations are supported by the increase in refuges and 

niche partitioning (Wilson et al., 2007; Nash et al., 2014). It is noteworthy that this relationship 

was significant at the transect level, indicating that local changes in rugosity had a substantial 

impact on fish abundance. This is important as policy and NGO planning tend to operate on a 

more macro scale, only considering effects for whole reefs, whilst localised changes in rugosity 

may also exhibit similar trends. The linear regression model for fish biodiversity and rugosity 

also revealed a statistically significant positive relationship (Figure 12). This finding also 

supports the general literature, which shows that increased rugosity drives species sorting and 

enhances fish biodiversity (Messmer et al., 2011). Biodiversity’s sensitivity to rugosity has the 

potential to serve as an early warning indicator for reef health, as it appears to precede biomass 

declines.  

 

Coral cover was also correlated with rugosity, with a statistically significant positive 

relationship (Figure 13). Once again, this aligns with the evidence found in the general 

literature; however, the directionality of this association is likely to be different from that of 

the fish metrics. This is due to hard corals being reef builders and major contributors to 
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rugosity; it’s more than likely that the association visible in the data is more bidirectional than 

seen with the fish metrics. Reef-building coral may contribute to increased structural 

complexity, whilst the increased structural complexity creates more refuges for coral recruits 

(Oh et al., 2025). Finally, no statistical relationship was found between fish biomass and 

rugosity using the linear model (Figure 10). This diverges from the trend seen in the general 

literature, where fish biomass and rugosity are typically positively associated (Graham et al., 

2015). Possible reasons for this occurrence may include the use of a single-year data set, the 

dominance of smaller fish species in the assemblages, disruption by local factors such as 

overfishing, or natural variability. It’s also possible that there is a time lag present between 

rugosity shifts and total fish biomass reaction, which would require an investigation into 

multiyear rugosity shifts and biomass responses. 

 

 

5.1.2 Non-Linear Models 

 

None of the segmented models found statistically significant breakpoints between rugosity and 

fish abundance, biomass, biodiversity and coral cover (Table 4). This implies that no evidence 

of a rugosity threshold was present in the data. Whilst there is debate in the general literature 

about the existence of a structural complexity threshold, the Caribbean has been the host to the 

most studies providing evidence for a non-linear relationship (Alvarez-Filip et al., 2011; 

Bellwood et al., 2004; Graham et al., 2015). The results of this analysis provide evidence 

against the existence of a threshold at the rugosity indexes surveyed. If a rugosity threshold(s) 

were present, the conditions under which the surveys were performed could not detect it. It is 

feasible that with larger data sets spanning more reef systems than Utila, and over multiple 

years, more signs of non-linearity in structural complexity relationships could be detected. 

There may also be many unaccounted-for variables which are influencing reef ecosystems and 

producing the linear trend currently visible in Utila. The non-statistically significant threshold 

found between rugosity and fish abundance may also respond differently if the surveys were 

expanded temporally and geographically. 
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5.1.3 Limitations 

 

 

Whilst this investigation was designed with the most appropriate available survey and analysis 

methods, like all studies, it has its limitations. Altogether, a cumulative 3.6 kilometres of reef 

were surveyed for this study; however, this was limited by the low geographical variation, 

which hinders attempts to explain trends across the Caribbean. Furthermore, with only one year 

of survey data, any temporal variances resulting from external factors may have caused 

unanticipated variation in the data. This was also noted by Graham et al. (2007), where it was 

concluded that long-term monitoring is required to distinguish between true structural changes 

and short-term variance. Furthermore, one of the transects was removed from the analysis due 

to unusually high rugosity, which skewed the overall results. Whilst this was necessary as the 

skew was likely caused due to an error during the data extraction process of the 3d 

photogrammetry, it still introduces bias to remove such data points. Another limitation was 

performing analysis on the transect level instead of the wider site level. This was decided during 

the data exploration. It was concluded that performing the analysis on a site level caused a great 

loss in statistical power, as there are only 6 sites, meaning transect-level analysis was a better 

fit for the data. Despite this better fit, this decision does potentially inflate the chance of a type 

1 error in the data. This is because ecological processes often overlap boundaries, meaning the 

transects may not be fully ecologically dependent, creating bias. 

 

Rugosity is often considered the standard for quantifying structural complexity within coral 

reef survey literature; however, since the advent of SfM photogrammetry, many more structural 

variables are now available for use (Burns et al., 2015). Whilst it was outside of the scope of 

this study to make use of complexity variables other than rugosity, it is considered a limitation 

as more context for the structural complexity relationships could have been derived. Finally, 

OLS and segmented models were used for the detection of a threshold within the data sets; 

whilst this is a justified methodology within the literature, it is important to know that these 

tests are only used to detect a specific type of threshold (Toms and Lesperance, 2003; Zuur et 

al., 2007). Ecological relationships can often be monotonic and present in a ‘hump-shaped’ 

distribution, along with many other curve shapes other than linear. Furthermore, the detection 

of a threshold was limited in this study as there was only a narrow range of rugosity index 

present within the transects in the Utila data, meaning a potential threshold might exist on more 

varied reefs. 
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5.2 Policy Implications 
 

Firstly, the resulting positive correlations obtained from the OLS linear models (Table 3) 

provide further evidence for the well-established link between rugosity and fish abundance, 

biodiversity and benthic composition. Whilst rugosity is already used by some governments 

and NGOs for quantitative decision-making for coral reef management and conservation, the 

results of this study show that these relationships are present even at the transect level. This 

further highlights the necessity for the incorporation of rugosity into planning, and on a much 

finer scale than previous macro implementations. Moreover, this implies the need for surveys 

in individual management zones instead of a ‘one size fits all’ approach, which may generalise 

reef conditions over multiple areas. Furthermore, no statistically significant breakpoint 

threshold was found for Utila, which is in contradiction with the trend within the literature on 

Caribbean reef complexity. These results indicate that there isn’t necessarily a threshold target 

for rugosity which policy makers should aim to reach, but rather a consistent incremental 

increase in environmental responses as rugosity increases. Although research is needed which 

incorporates higher rugosity environments, the results suggest that aiming to maximise rugosity 

should be a priority for policy makers.  

 

Since transect-level relationships between rugosity and ecological factors, including fish 

abundance, were found in Utila, it is important to consider the implications for general fisheries 

surveys across the Caribbean. If this trend can be replicated across other reefs in the Caribbean, 

rugosity may play a greater role than expected in fisheries management than expected. 

However, more research would be needed to confirm it the transect-level relationships can be 

replicated on a larger scale. Continued research should prioritise utilising all three of the survey 

methods used in this study within the same transect or quadrat to get the most fine-scale survey 

data possible. Furthermore, if future research can replicate the transect-level relationships seen 

in this study, the use of these three survey methods simultaneously has the potential to become 

a new standard methodology for comprehensive fine-scale reef health monitoring surveys. This 

would have the potential to reshape the capabilities of reef monitoring for reef conservation 

and policy making. 
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6. Conclusion 
 

The primary aim of this study was to identify any relationships between rugosity and fish 

abundance, biomass, biodiversity and coral cover and whether they were better explained by a 

segmented (threshold) model than linear models. The OLS linear models for rugosity and fish 

abundance, biodiversity and coral cover all exhibited statistically significant positive 

correlations (P = 0.0021**, 0.0059**, 0.0136*, Table 3). Fish biomass showed no significant 

correlation with rugosity (P > 0.05, Table 3), which goes against the trends seen within other 

studies (Graham and Nash, 2013; Rogers et al., 2013). This may be due to external factors 

interfering with results or a time lag effect between rugosity and biomass. However, the 

segmented models did not outperform any of the linear models (ΔP > 0.05, Table 4) at their 

estimated breakpoint values. These results largely align with the broader global trends in the 

literature; however, they conflict with the Caribbean literature, which presents evidence for a 

threshold resulting from reef flattening. Despite this, the results do not show any evidence for 

a significant breakpoint within the data, which would suggest the existence of a rugosity 

threshold.  

 

The results of this study faced a few limitations, the main one being the time span and 

geographical scale limits resulting from the nature of an MSc thesis. Ideally, data collection 

would take place over several years and varying locations throughout the Caribbean to create 

a more accurate portrayal of the consequences of Caribbean reef flattening. Furthermore, a 

greater number of structural complexity metrics collected along with more survey sites may 

have avoided transect transect-level analysis. Despite this, the data sets collected using SfM 

photogrammetry, stereo video system surveys, and benthic recording produced robust data for 

analysis. The results of the analysis provide evidence for a few shifts in the way that coral reef 

management is currently carried out, namely in the scale and zoning. The transect-level 

correlations found within this analysis support the need for finer-scale surveys before policy or 

conservation is carried out, and most importantly, differing policies for different reefs, 

dependent on the present structural complexity and ecological relationships. 

 

Future research is essential to further develop the link between coral reef structural complexity 

and ecological status. It is necessary to create a wider-scope survey spanning over many sites 

in the Caribbean and over the course of multiple years to account for any temporal variance 
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within the data. Furthermore, more structural complexity variables, which have been shown to 

correlate with ecological status, need to be included within the survey parameters. Finally, most 

studies which investigate structural complexity do not make it an objective to explore non-

linearity; this must be amended in future research for a more comprehensive analysis. To 

summarise, the data collected and the resulting analysis showed clear linear relationships 

between rugosity and fish abundance, biodiversity and coral cover, but no rugosity threshold 

was detected on the reefs of Utila. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 



58 
 

7. References 
 
Agudo-Adriani, E.A., Cappelletto, J., Cavada-Blanco, F. and Cróquer, A., 2019. Structural 
complexity and benthic cover explain reef-scale variability of fish assemblages in Los Roques 
National Park, Venezuela. Frontiers in Marine Science, 6, p.690. 
 
Alvarez-Filip, L., Dulvy, N.K., Gill, J.A., Côté, I.M. and Watkinson, A.R., 2009. Flattening of 
Caribbean coral reefs: region-wide declines in architectural complexity. Proceedings of the 
Royal Society B: Biological Sciences, 276(1669), pp.3019-3025. 
 
Alvarez-Filip, L., Gill, J.A. and Dulvy, N.K., 2011. Complex reef architecture supports more 
small‐bodied fishes and longer food chains on Caribbean reefs. Ecosphere, 2(10), pp.1-17. 
 
Alvarez-Filip, L., Paddack, M.J., Collen, B., Robertson, D.R. and Côté, I.M., 2015. 
Simplification of Caribbean reef-fish assemblages over decades of coral reef degradation. 
PLoS One, 10(4), p.e0126004. 
 
Aronson, R.B. and Precht, W.F., 2001. White-band disease and the changing face of Caribbean 
coral reefs. Hydrobiologia, 460(1), pp.25-38. 
 
Barrera-Falcón, E., Rioja-Nieto, R. and Hernández-Landa, R.C., 2025. Multiscale structural 
complexity assessment of coral reefs using underwater photogrammetry. PLoS One, 20(7), 
p.e0318404. 
 
Beck, M.W., Losada, I.J., Menéndez, P., Reguero, B.G., Díaz-Simal, P. and Fernández, F., 
2018. The global flood protection savings provided by coral reefs. Nature communications, 
9(1), p.2186. 
 
Bellwood, D.R., Hughes, T.P., Folke, C. and Nyström, M., 2004. Confronting the coral reef 
crisis. Nature, 429(6994), pp.827-833. 
 
Beukers, J.S. and Jones, G.P., 1998. Habitat complexity modifies the impact of piscivores on 
a coral reef fish population. Oecologia, 114, pp.50-59. 
 
Bradski, G., 2000. The opencv library. Dr. Dobb's Journal: Software Tools for the Professional 
Programmer, 25(11), pp.120-123. 
 
Brock, V.E., 1954. A preliminary report on a method of estimating reef fish populations. The 
Journal of Wildlife Management, 18(3), pp.297-308. 
 
Burns, J.H.R., Delparte, D., Gates, R.D. and Takabayashi, M., 2015. Integrating structure-
from-motion photogrammetry with geospatial software as a novel technique for quantifying 
3D ecological characteristics of coral reefs. PeerJ, 3, p.e1077. 
 
Carneiro, I.M., Sá, J.A., Chiroque-Solano, P.M., Cardoso, F.C., Castro, G.M., Salomon, P.S., 
Bastos, A.C. and Moura, R.L., 2024. Precision and accuracy of common coral reef sampling 
protocols revisited with photogrammetry. Marine Environmental Research, 194, p.106304. 
 



59 
 

Castaño, D., Morales-de-Anda, D., Prato, J., Cupul-Magaña, A.L., Echeverry, J.P. and Santos-
Martínez, A., 2021, September. Reef structural complexity influences fish community metrics 
on a remote oceanic island: Serranilla island, Seaflower Biosphere Reserve, Colombia. In 
Oceans (Vol. 2, No. 3, pp. 611-623). MDPI. 
 
Cinner, J.E., Maire, E., Huchery, C., MacNeil, M.A., Graham, N.A., Mora, C., McClanahan, 
T.R., Barnes, M.L., Kittinger, J.N., Hicks, C.C. and D’agata, S., 2018. Gravity of human 
impacts mediates coral reef conservation gains. Proceedings of the National Academy of 
Sciences, 115(27), pp.E6116-E6125. 
 
Darling, E.S., Graham, N.A., Januchowski-Hartley, F.A., Nash, K.L., Pratchett, M.S. and 
Wilson, S.K., 2017. Relationships between structural complexity, coral traits, and reef fish 
assemblages. Coral Reefs, 36(2), pp.561-575. 
 
Ferrari, R., McKinnon, D., He, H., Smith, R.N., Corke, P., González-Rivero, M., Mumby, P.J. 
and Upcroft, B., 2016. Quantifying multiscale habitat structural complexity: a cost-effective 
framework for underwater 3D modelling. Remote Sensing, 8(2), p.113. 
 
Ferrario, F., Beck, M.W., Storlazzi, C.D., Micheli, F., Shepard, C.C. and Airoldi, L., 2014. The 
effectiveness of coral reefs for coastal hazard risk reduction and adaptation. Nature 
communications, 5(1), p.3794. 
 
Gardner, T.A., Côté, I.M., Gill, J.A., Grant, A. and Watkinson, A.R., 2005. Hurricanes and 
Caribbean coral reefs: impacts, recovery patterns, and role in long‐term decline. Ecology, 
86(1), pp.174-184. 
 
Gladfeiter, E.H., 1982. Skeletal development in Acropora cervicornis: I. Patterns of calcium 
carbonate accretion in the axial corallite. Coral reefs, 1(1), pp.45-51. 
 
Google LLC., 2025, Google Earth [online]. Available at: https://earth.google.com (Accessed: 
8 September 2025). 
 
Graham, N.A. and Nash, K.L., 2013. The importance of structural complexity in coral reef 
ecosystems. Coral reefs, 32(2), pp.315-326. 
 
Graham, N.A., Jennings, S., MacNeil, M.A., Mouillot, D. and Wilson, S.K., 2015. Predicting 
climate-driven regime shifts versus rebound potential in coral reefs. Nature, 518(7537), pp.94-
97. 
 
Graham, N.A., Wilson, S.K., Jennings, S., Polunin, N.V., Robinson, J.A.N., Bijoux, J.P. and 
Daw, T.M., 2007. Lag effects in the impacts of mass coral bleaching on coral reef fish, 
fisheries, and ecosystems. Conservation biology, 21(5), pp.1291-1300. 
 
Grane-Feliu, X., Bennett, S., Hereu, B., Aspillaga, E. and Santana-Garcon, J., 2019. 
Comparison of diver operated stereo-video and visual census to assess targeted fish species in 
Mediterranean marine protected areas. Journal of Experimental Marine Biology and Ecology, 
520, p.151205. 
 



60 
 

Gratwicke, B. and Speight, M.R., 2005. The relationship between fish species richness, 
abundance and habitat complexity in a range of shallow tropical marine habitats. Journal of 
fish biology, 66(3), pp.650-667. 
 
Harvey, E., Fletcher, D. and Shortis, M., 2001. A comparison of the precision and accuracy of 
estimates of reef-fish lengths determined visually by divers with estimates produced by a 
stereo-video system. Fishery Bulletin, 99(1), pp.63-63. 
 
Harvey, E., Fletcher, D. and Shortis, M., 2002. Estimation of reef fish length by divers and by 
stereo-video: a first comparison of the accuracy and precision in the field on living fish under 
operational conditions. Fisheries Research, 57(3), pp.255-265. 
 
Harvey, E.S. and Shortis, M.R., 1998. Calibration stability of an underwater stereo-video 
system: implications for measurement accuracy and precision. Marine Technology Society 
Journal, 32(2), pp.3-17. 
 
Juárez-Hernández, L.G. and Sánchez-Vega, M.G., 2022. Comparison of fish assemblages 
recorded by visual census and video census. Revista de Biología Tropical, 70(1), pp.541-556. 
 
Knowlton, N., Brainard, R.E., Fisher, R., Moews, M., Plaisance, L. and Caley, M.J., 2010. 
Coral reef biodiversity. Life in the world’s oceans: diversity distribution and abundance, pp.65-
74. 
 
Lester, S.E., Rassweiler, A., McCoy, S.J., Dubel, A.K., Donovan, M.K., Miller, M.W., Miller, 
S.D., Ruttenberg, B.I., Samhouri, J.F. and Hay, M.E., 2020. Caribbean reefs of the 
Anthropocene: Variance in ecosystem metrics indicates bright spots on coral depauperate reefs. 
Global Change Biology, 26(9), pp.4785-4799. 
 
McCormick, M.I., 1994. Comparison of field methods for measuring surface topography and 
their associations with a tropical reef fish assemblage. Marine Ecology Progress Series, 112, 
pp.87-96. 
 
Messmer, V., Jones, G.P., Munday, P.L., Holbrook, S.J., Schmitt, R.J. and Brooks, A.J., 2011. 
Habitat biodiversity as a determinant of fish community structure on coral reefs. Ecology, 
92(12), pp.2285-2298. 
 
Mumby, P.J., 2009. Herbivory versus corallivory: are parrotfish good or bad for Caribbean 
coral reefs?. Coral Reefs, 28(3), pp.683-690. 
 
Nash, K.L., Graham, N.A., Jennings, S., Wilson, S.K. and Bellwood, D.R., 2016. Herbivore 
cross‐scale redundancy supports response diversity and promotes coral reef resilience. Journal 
of Applied Ecology, 53(3), pp.646-655. 
 
Oh, D., Cresswell, A.K., Thomson, D.P. and Renton, M., 2025. Do greater coral cover and 
morphological diversity increase habitat complexity?. Coral Reefs, 44(1), pp.257-272. 
 
Randazzo-Eisemann, Á., Garza-Pérez, J.R. and Figueroa-Zavala, B., 2022. The role of coral 
diseases in the flattening of a Caribbean Coral Reef over 23 years. Marine Pollution Bulletin, 
181, p.113855. 
 



61 
 

Remmers, T., Grech, A., Roelfsema, C., Gordon, S., Lechene, M. and Ferrari, R., 2024. Close-
range underwater photogrammetry for coral reef ecology: a systematic literature review. Coral 
Reefs, 43(1), pp.35-52. 
 
Risk, M.J., 1972. Fish diversity on a coral reef in the Virgin Islands. 
 
Rogers, A., Blanchard, J.L. and Mumby, P.J., 2014. Vulnerability of coral reef fisheries to a 
loss of structural complexity. Current Biology, 24(9), pp.1000-1005. 
 
Santavy, D.L., Jackson, S.K., Jessup, B., Horstmann, C., Rogers, C., Weil, E., Szmant, A., 
Miranda, D.C., Walker, B.K., Jeffrey, C. and Ballantine, D., 2022. A biological condition 
gradient for Caribbean coral reefs: Part II. Numeric rules using sessile benthic organisms. 
Ecological indicators, 135, p.108576. 
 
Toms, J.D. and Lesperance, M.L., 2003. Piecewise regression: a tool for identifying ecological 
thresholds. Ecology, 84(8), pp.2034-2041. 
 
Wilson, S.K., Graham, N.A., Pratchett, M.S., Jones, G.P. and Polunin, N.V., 2006. Multiple 
disturbances and the global degradation of coral reefs: are reef fishes at risk or resilient?. Global 
Change Biology, 12(11), pp.2220-2234. 
 
Zuur, A.F., Ieno, E.N. and Smith, G.M., 2007. Analysing ecological data. New York, NY: 
Springer New York. 
 



62 
 

8. Appendix 
 



63 
 

 

 
 



64 
 

 
 

 



65 
 

 
 

 



66 
 

 
 

 



67 
 

 
 

 



68 
 

 
 

 



69 
 

 
 

 






