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Abstract
Coral reefs are some of Earth’s most biodiverse and economically valuable

ecosystems. Simultaneously they are among the most threatened by anthropogenic
factors including global climate change. Their unique three-dimensional (3D)
structural complexity is part of what enables them to provide their ecosystem
services. It strongly affects species richness, abundance, and other indicators
of ecosystem health.

This thesis explores the relationship between coral reef 3D structural complex-
ity and ecosystem features. It has developed a new, low-cost method for creating
and analysing photogrammetric 3D models of shallow reefs from diver-held camera
footage. 3D models are analysed at scales 1-175 cm in terms of point-to-point
distances, linear rugosity (R), fractal dimension (D), and vector dispersion (1/k).
The 3D models’ accuracy and precision were determined by comparisons with
ground truths. The 3D models have root mean square errors of 1.35-1.48 cm
in the X, Y and Z dimensions. Values of R from the 3D models were 86.8%
accurate compared to in-situ chain-and-tape measurements. Values of D and 1/k
were 86.9-99.6% accurate compared with ground truths from 3D printed objects
modelled underwater. Data collected around Utila, Bay Islands, Honduras in the
Caribbean showed that 3D metrics automatically calculated from the 3D models
had the same predictive power for fish abundance and diversity as the more
traditional Habitat Assessment Score (HAS). Like HAS, the 3D metrics explained
12-34% of variation in the fish data. A controlled experiment furthermore tested
how 1/k affected sessile epibenthic organism settlement around Utila after one
year. Results from approximately 200 3D printed recruitment tiles showed that
1/k significantly affected algae settlement, but not coral spat, polychaete, sponge,
or bryozoan settlement. The results suggested that the surfaces of artificial
reefs can be designed to minimise algal recruitment and that the availability of
sheltered, reef-facing area influences epibenthic settlement more strongly than
1/k at the 1 cm scale. Finally, a convolutional neural network (CNN) learned
patterns between the 3D models and fish data with just 85 data points. The
CNN is a promising approach for analysing larger data sets without 3D metrics.

We suggest 3D models become a standard approach for measuring reef
structural complexity. Not only can they explain as much variation in fish
abundance and diversity as traditional measurements, but also they can non-
destructively produce a variety of 3D metrics at numerous spatial scales and
keep a permanent record of reef structure over time.
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Thesis Abstract

Coral reefs are some of Earth’s most biodiverse and economically valuable
ecosystems. Simultaneously they are among the most threatened by anthropogenic
factors including global climate change. Their unique three-dimensional (3D)
structural complexity is part of what enables them to provide their ecosystem
services. It strongly affects species richness, abundance, and other indicators
of ecosystem health.

This thesis explores the relationship between coral reef 3D structural complexity
and ecosystem features. It has developed a new, low-cost method for creating
and analysing photogrammetric 3D models of shallow reefs from diver-held camera
footage. 3D models are analysed at scales 1-175 cm in terms of point-to-point
distances, linear rugosity (R), fractal dimension (D), and vector dispersion (1/k).
The 3D models’ accuracy and precision were determined by comparisons with
ground truths. The 3D models have root mean square errors of 1.35-1.48 cm in
the X, Y and Z dimensions. Values of R from the 3D models were 86.8% accurate
compared to in-situ chain-and-tape measurements. Values of D and 1/k were
86.9-99.6% accurate compared with ground truths from 3D printed objects modelled
underwater. Data collected around Utila, Bay Islands, Honduras in the Caribbean
showed that 3D metrics automatically calculated from the 3D models had the
same predictive power for fish abundance and diversity as the more traditional
Habitat Assessment Score (HAS). Like HAS, the 3D metrics explained 12-34% of
variation in the fish data. A controlled experiment furthermore tested how 1/k
affected sessile epibenthic organism settlement around Utila after one year. Results
from approximately 200 3D printed recruitment tiles showed that 1/k significantly
affected algae settlement, but not coral spat, polychaete, sponge, or bryozoan
settlement. The results suggested that the surfaces of artificial reefs can be designed
to minimise algal recruitment and that the availability of sheltered, reef-facing
area influences epibenthic settlement more strongly than 1/k at the 1 cm scale.
Finally, a convolutional neural network (CNN) learned patterns between the 3D
models and fish data with just 85 data points. The CNN is a promising approach
for analysing larger data sets without 3D metrics.

We suggest 3D models become a standard approach for measuring reef structural
complexity. Not only can they explain as much variation in fish abundance and
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diversity as traditional measurements, but also they can non-destructively produce
a variety of 3D metrics at numerous spatial scales and keep a permanent record
of reef structure over time.
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I realized I knew this woman. She’s 3.5 billion years
old. Her name is Mother Nature, and she’s lived
through more climate changes than anybody. So I
called her up and she agreed to an interview . . .

— Thomas Friedman, Journalist and Author, Oxford
Sheldonian Theatre, January 2017
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Introduction

Contents
1.1 The Economic and Ecological Value of Coral Reefs . . 1
1.2 The Importance of Coral Reef Structural Complexity 2
1.3 Metrics for Structural Complexity . . . . . . . . . . . . 7
1.4 Methods for Quantifying Coral Reef Topography . . . 13
1.5 Thesis Aims . . . . . . . . . . . . . . . . . . . . . . . . . . 17

1.1 The Economic and Ecological Value of Coral
Reefs

Far more than a pretty facade, coral reefs not only have aesthetic and cultural

value, but also are hugely important to human welfare. They support fisheries

and tourism, protect shorelines, and perform carbon sequestration (Burke et al.,

2011). In purely monetary terms, reef ecosystem services are valued at well over

USD$1 trillion globally (Costanza et al., 2014; Hoegh-Guldberg et al., 2015; Heron

et al., 2017). Other indicators reveal an even greater value for humans. For

example, half a billion people depend directly on reefs for their livelihoods, and

some 30 million reside in coastal and island communities that would cease to

exist without reefs (TEEB, 2010).

1



1. Introduction 2

Reefs cover just 0.1–0.5% of the ocean floor (Moberg and Folke, 1999), and yet

they host an astounding one-quarter to one-third of all marine species (Plaisance

et al., 2011; Fisher et al., 2014). Just 6.3 m2 of coral can host over 525 species of

crustaceans alone (Plaisance et al., 2011). How is this possible? Unfortunately we

do not know. Reefs are one of the most productive, diverse, and complex systems

on Earth, and they remain a mystery. Current methods for assessing marine

ecosystems are inadequate (Plaisance et al., 2011), and estimates for undescribed

marine species range from two-thirds to 91% (Mora et al., 2011; Appeltans et al.,

2012; Fisher et al., 2014).

The tragedy here is that reefs, along with other marine ecosystems, are disap-

pearing. The present generation may be the last with the opportunity to study living

reefs, as trends predict sharp declines in reef structural complexity and diversity

over the next few decades (Newman et al., 2015), bringing 90% of reefs in danger of

total collapse by 2050 (Burke et al., 2011; Heron et al., 2017). Most of the world’s

coral reefs are already destroyed or severely degraded as a result of the combined

effects of overfishing, pollution, disease, acidification and climate change (Carpenter

et al., 2008; McClanahan et al., 2014; Heron et al., 2017).

Understanding current reef ecosystem dependencies is essential to restoring and

conserving marine habitats. Towards that end, this thesis studies a particular feature

of reefs: their structural complexity. The thesis investigates how reef structural

complexity can be quantified; how it correlates with fish abundance and diversity;

how it influences the settlement of coral larvae and other epibenthic creatures; and

how it can integrate into learning algorithms that yield ecological insights. But

first—what is structural complexity and why do we care about it?

1.2 The Importance of Coral Reef Structural Com-
plexity

Structural complexity, the term I shall hereinafter use, is also called surface

roughness (e.g., Hobson (1972)), surface texture (e.g., Hills and Thomason (1998)),

topographic complexity (e.g., Walker et al. (2009)), spatial heterogeneity (e.g.,

2



1. Introduction 3

Luckhurst and Luckhurst (1978); Pittman et al. (2009)) or, more verbosely, "the

spatial arrangement and diversity of surface types" (McCormick, 1994). The

descriptor has implications across fields, particularly in engineering, geology and,

more recently, ecology.

In studies spanning decades, ecologists have found multiple measures of structural

complexity to be primary drivers of biodiversity (Hiatt et al., 1960; McCormick, 1994;

Knudby and LeDrew, 2007; Dustan et al., 2013; Richardson et al., 2017). It is a key

feature of a healthy ecosystem, not simply because living things create structure, but

also because structure must exist for living things to thrive. An analogy is in urban

development: The availability of housing, shopping centres, places of work, etc.

brings people to certain areas, and vice-versa; the people in those areas create those

structures. In this context, Scleractinian corals (i.e., stony or hard corals), sponges,

and other reef-building organisms are examples of ecosystem engineers because they

control other organisms’ access to resources (Jones et al., 1997; Ritson-Williams

et al., 2009). They are also examples of ecological facilitators because they enable

positive species interactions (Bruno et al., 2003; Idjadi and Edmunds, 2006).

Underwater, a complex structure has a relatively large surface area with many

refuges (hiding places) for creatures of various sizes (Beukers and Jones, 1997); it

scatters light, allowing organisms to find areas of shade as they need (Obura, 2005);

and it rescales turbulence, creating niches (Johansen et al., 2008) and pockets of

nutrient flow (Hearn et al., 2001). Figure 1.1 illustrates the concept of structural

complexity in marine habitats.

A marine ecosystems’ structural complexity therefore influences several reef

processes that are integral to a healthy reef, including fish recruitment, which affects

grazing intensity, which affects algae cover, which affects coral recruitment, which

in turn affects structural complexity and so on (Mumby and Steneck, 2008). Figure

1.2 depicts how these intertwined causes and effects integrate conceptually.

Several studies show that structural complexity correlates with key features of a

healthy marine ecosystem. From a meta-analysis of 158 publications examining the

3



1. Introduction 4

Figure 1.1: Depictions of structural complexity in three contrasting marine habitats
(from left to right: rocks, flora, and mussel bed) Structural complexity increases from low
to high from top to bottom. More complex habitats are associated with greater diversity
because they provide ecosystem services to creatures living there, such as refuges and
variable light and hydrodynamic conditions. Credit: Sebens (1991) with permission.

role of structural complexity1 across 150 reef locations worldwide, Graham and Nash

(2013) noted several recurring correlations. Fish density and biomass, algal cover,

live coral cover, and urchin density all correlated with structural complexity, as

summarized in Table 1.1. Their meta-analysis additionally suggested that structural

complexity positively correlated with tourism and shoreline protection, although

it could corroborate this claim only with qualitative data.

Publications since Graham and Nash (2013) have either bolstered or not refuted

the study’s conclusions. Perhaps the only other study on the same relatively large

scale, Darling et al. (2017) surveyed 157 sites across Seychelles, Maldives, the

Chagos Archipelago, and Australia’s Great Barrier Reef. The study found that

structural complexity2 and reef zone (crest, flat, or slope) most strongly predicted

reef fish abundance, biomass, species richness, and trophic structure. The other

predictors they measured were: coral traits, diversity, and life histories. These other

predictors drove structural complexity and provided additional predictive power,

but were not as strong predictors as structural complexity and reef zone. Recent

studies have also been able to attribute region-wide flattening of Caribbean coral
1Graham and Nash (2013) assessed papers that measured structural complexity by rugosity

via the chain-and-tape method, as discussed in Section 1.3: Metrics for Structural Complexity.
2Darling et al. (2017) quantified structural complexity by having a diver rate a reef on a

six-point visual scale, from 0 (flat) to 5 (highly complex); this and other metrics are discussed in
Section 1.3: Metrics for Structural Complexity.

4



1. Introduction 5

Increased structural complexity

Increased coral cover Increased fish recruitment

Increased coral recruitment Increased grazing intensity

Reduced macroalgal cover

Reduced structural complexity

Reduced coral cover Reduced fish recruitment

Reduced coral recruitment Reduced grazing intensity

Increased macroalgal cover

Figure 1.2: Cascading feedback mechanisms on a marine ecosystem. Top diagram shows
dependencies within an ecosystem with high structural complexity. Lower diagram shows
the same dependencies within a low-complexity ecosystem. Inset drawings (credit Mumby
and Steneck (2008) with permission) depict example ecosystems. Diagram by author (G.
Young); concepts from Mumby and Steneck (2008) with permission.
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1. Introduction 6

Table 1.1: General trends between structural complexity (as measured by chain-and-
tape rugosity) and reef ecosystem features that were highlighted in the meta-analysis
by Graham and Nash (2013). Strong correlations had a Spearman’s rank correlation
coefficient (ρ) of 0.60 ≤ ρ ≤ 0.79, while weak correlations had 0.20 ≤ ρ ≤ 0.39. Rather
than reporting precise values of ρ, general trends are summarized for clarity and simplicity.
The precise values of ρ depend upon factors such as the fish family, reference source, and
fish-counting method. All correlations were signifigant (P ≤ 0.05). Ecological notes are
quoted from Graham and Nash (2013).

Correlation with
Variable Structural Complexity Ecological Notes
Fish Density
and Biomass

+, strong "[this correlation is] likely mediated
through density-dependent competition
and refuge from predation."

Algal Cover −, strong "[this correlation] may reflect the impor-
tant role complexity plays in enhancing
herbivory by reef fishes."

Live Coral
Cover

+, weak "[coral] may be creating much of the
structure, resulting in a collinear rela-
tionship; however, there is also evidence
of enhanced coral recovery from distur-
bances where structural complexity is
high."

Urchin
Density

−, strong "[this correlation] may be driven by
urchins eroding reef structure or by
their gregarious behaviour when in open
space."

reefs (Alvarez-Filip et al., 2009) to declines in coral and fish species (Newman et al.,

2015), with the loss of physical habitat structure leading potentially to a three-fold

reduction in Caribbean fisheries productivity (Graham, 2014; Rogers et al., 2014).

As an indicator of overall ecosystem health, structural complexity could inform

reef management decisions. For example, a manager might identify areas with low

structural complexity and choose to enhance those areas through protection, or by

transplanting organisms or artificial structures. Alternatively, a manager may choose

to prioritize the protection of a region with high structural complexity because with

a minimal birds-eye-view surface area it will likely contain maximal organism density.

Structural complexity is also relatively easy to measure as a quantitative variable, so

managers can record and compare it over time to reveal statistically how decisions

impact the reef. For these reasons, several papers suggest that structural complexity

6



1. Introduction 7

measurements should be incorporated into reef monitoring programs (Wedding

et al., 2008; Hinderstein et al., 2010; Mumby et al., 2014; Darling et al., 2017).

This section has introduced the concept of structural complexity and why it

is important on coral reefs. The following section describes means of quantifying

structural complexity, and in doing so it further, and more precisely (mathemat-

ically), defines what structural complexity is. Crucially, these metrics provide

unbiased means of repeatedly assessing structural complexity across locations, and

thereby are the ways in which structural complexity can be incorporated into

experiments or monitoring programs.

1.3 Metrics for Structural Complexity

Measuring complexity is itself a complex task. While structural complexity is in

some ways intuitive, quantifying it is not. For example, a human would instinctively

rate the surfaces in Fig. 1.3 as having low, medium, and high structural complex

relative to each other. But how might a computer come to the same conclusion?

Viewed at different scales, the surfaces could appear to have vastly different structural

complexities. From far away, the medium complex surface may appear as a flat

plane. Likewise, extremely close-up, part of the highly complex surface is a flat

plane. Moreover, if a computer only sampled points on the tops of the pyramids

on the medium complexity surface (Fig. 1.3(b)), then it would see a flat plane,

the same as the low complexity surface. Quantitative, replicable measurements of

structural complexity are necessary for humans or computers to reliably predict

structural complexity and its dependent features, such as how creatures of different

sizes perceive the structure and their ambit, how particulate matter will lodge

itself on the structure, how sediment will either settle on or roll off the structure,

or how light will scatter on the structure.

Engineers were some of the first to devise ways of measuring structural complexity.

They did so for practical reasons, out of necessity. For example, how do you

communicate what type of sandpaper is best for a job? You can describe its grit, a

standard classification of roughness. A part only works when its roughness is "right;"

7



1. Introduction 8

(a) (b) (c)

Figure 1.3: Abstract surfaces (drawn as examples) with low, medium, and high structural
complexity, relative to each other, from left to right.

what does "right" mean in this case? "Right" might mean that the part’s average

roughness falls within a certain range, where roughness is quantified as the absolute

deviation of the surface from a mean line over a sampling length as in Thomas

(1981). How can you determine the degree of wear a surface has undergone? You

might calculate the root mean square of the surface profile as in Myers (1962).

Thomas (1981) overviews 36 of the "proliferation" of "redundant parameters for

characterizing surface roughness" in the field of engineering. The parameters range

from fairly straightforward, such as average peak-to-valley height, mean separation

between the highest peaks and lowest valleys over a unit distance, and root mean

square deviation of the profile, to reasonably involved, such as distance over which

an exponential autocorrelation function decays to 10% of its initial value, "skewness"

measured by the third central moment of the profile amplitude probability density

function, and others. The author gets close to a concise way of characterizing surface

roughness; he suggests a classification incorporating average roughness, skewness,

high-spot count, and extrema density. However, there is danger in oversimplifying.

Where do you set the unit distance? Which parameters are most meaningful for a

given application and easiest to acquire with the available measurement tools? For

this reason, Thomas (1981) concludes that the parameters are non-superfluous:

If he [the user] finds that in his experience the most effective parameter for his
purpose is the difference between say the fifth highest peak and the seventh lowest
valley within a millimetre, then this is the parameter which he should use, and he
should harass the instrument manufacturer [or reef researcher, in our case] until it
is provided.

8
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In other words, each measurement has its merits. Geologist Hobson (1972)

likewise avoids defining structural complexity in an all-encompassing way. His

chapter in Spatial Analysis in Geomorphology reads much like the conclusion

of Thomas (1981):

A single concise definition of surface roughness is probably impossible. The only
usable definitions are incomplete because they describe only a few of the physical or
mathematical properties of a surface. There may be as many of these definitions as
there are roughness studies themselves.

Ecologists first considered structural complexity in the context of forests. They

had to (and have to) consider it as an ecosystem feature interdependent with

other features, such as species function and composition. To quote an example

from a forest-centred paper:

[A] structural attribute such as dead wood can also be a good indicator of functional
attributes such as decomposition and nutrient cycling processes [Franklin et al., 1981]*.
Similarly, compositional attributes, such as species composition and abundance can
be indicators of structural attributes such as canopy layering [Franklin et al., 2002]*,
or of functional attributes such as flowering and bark shedding [Kavanagh, 1987]*.
*full reference in McElhinny et al. (2005)

McElhinny et al. (2005) rise to the challenge of devising a metric, or rather a

suite of metrics, to help better understand the interdependent factors that contribute

to structural complexity in a forest ecosystem. They list 36 revealing attributes

upon which a measure of structural complexity that is "an efficient and effective

biodiversity surrogate" can be based. Attributes they list are as specific as canopy

cover, standard deviation of tree height, and volume of coarse woody debris, among

others. Like their predecessors in engineering and geology, they note the broad

nature of the work: "Structural complexity is a relative, rather than absolute

concept" (McElhinny et al., 2005).

In the same style as McElhinny et al. (2005) did for forests, Table 1.2 summarizes

the existing metrics for quantifying coral reef structural complexity, presented in

alphabetical order. In other publications these metrics are also referred to as

"morphometrics" (e.g., Pittman et al. (2009)), "terrain descriptors" (e.g., Robert

et al. (2017)), or more verbosely "quantitative descriptor variables of relevance to

benthic habitat" (Wilson et al., 2007a). Even a cursory scan of Table 1.2 shows that

9



1. Introduction 10

the statement by McCoy and Bell (1991) still holds true: "The study of habitat

structure has spawned a bewildering complexity of narrowly defined terms, the

same term often possessing several meanings."

Table 1.2: Mathematically distinct metrics for quantifying coral reef 3D structural
complexity. Where metrics have been referred to with several names, SD is an abbreviation
for standard deviation. All variables are described after their first usage.

Metric Mathematical Description References
Coefficient of
variation in
substratum
heights

1
z̄

√∑npts
i=0 (zi − z̄)2

npts
,

where zi is the height of the surface at point
i, z̄ is the average z height, and npts is the
total number of points on the surface or
needles on the profile gauge (Fig. 1.4).

Included in overview by
McCormick (1994), it was the
only metric they reviewed that
could not differentiate between
surface types commonly found
on coral reefs.

Fractal
dimension

There are several methods for estimating
fractal dimension. The simplest is that for
a line, where it equals:

log(N(x1)/N(x2))
log(x2/x1) ,

See explanation in Fig. 1.5 — x1 is a length
of a straight line and N(x1) is the number
of times that straight line fits head-to-tale
along the irregular line. x2 and N(x2)
follow likewise, but x2 is a different length.

Originally developed by
Mandelbrot (1982), and then
applied to corals by Mark
(1984); Martin-Garin et al.
(2007); Wilson et al. (2007a);
Reichert et al. (2017), among
others.

Rugosity via
chain-and-
tape
method

length undraped chain
length draped chain ,

as illustrated in Fig. 1.6.

Developed by Luckhurst and
Luckhurst (1978); Risk (1972).

Rugosity via
non-
traditional
methods

surface area
planar area ,

as illustrated in Fig. 1.6.

Also called "the ratio of 3D/2D
surface area" (Burns et al.,
2015), "tortuosity" (Leon et al.,
2015), "surface rugosity"
(Pittman et al., 2009), or
"area-based rugosity"
(Friedman et al., 2012).

SD of the
angle θ1 in
Fig. 1.4

√∑npts
i=0

(
θ1i

− θ̄1
)2

npts
,

where θ1 is the angle in Fig. 1.4 and θ̄1 is
the average of θ1.

Developed by McCormick
(1994), who called this "vector
SD" and noted that is
essentially a 2D version of
vector dispersion.

continued on next page . . .
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Table 1.2 continued: Mathematically distinct metrics for quantifying coral reef 3D
structural complexity. Where metrics have been referred to with several names, the
synonymous names are listed in the References column. SD is an abbreviation for
standard deviation. All variables are described after their first usage.

Metric Mathematical Description References
SD of the
angle θ2 in
Fig. 1.4.

√∑npts
i=0

(
θ2i

− θ̄2
)2

npts
,

where θ2 is the angle in Fig. 1.4.

Included in overview by
(McCormick, 1994), who called
this "substratum angle SD."

SD of
substratum
heights

√∑npts
i=0 (zi − z̄)2

npts

Included in overview by
McCormick (1994). Dustan
et al. (2013) used this metric
as well, but called it "Digital
Reef Rugosity."

Slope
zi+1 − zi

∆x ,

where ∆x is the spacing between the pins
on the profile gauge (Fig. 1.4) or points in
a 3D point cloud.

Applied to coral reef 3D
models by Burns et al. (2015);
Friedman et al. (2012), among
others.

Slope-of-the-
slope zi+2 − 2zi+1 + zi

(∆x)2

Also referred to as curvature,
Burns et al. (2015) applied this
metric to coral reef 3D models.

Sum of
consecutive
height
differences

√√√√npts∑
i=0

(z(i+1) − zi)2,

where z(i+1) is adjacent to the point with
height zi.

Developed by McCormick
(1994).

Vector
dispersion nsrf −R

nsrf − 1 ,

where

R2 =
(

i∑
0
cosxi

)2

+
(

i∑
0
cosyi

)2

+
(

i∑
0
coszi

)2

and cosxi
is the directional cosine of vector

normal to the ith surface with respect
to the X-axis; cosyi

the same, but with
respect to the Y-axis; and so on; nsrf is the
number of non-overlapping triangles formed
by contiguous equally-spaced points.

Developed by Carleton and
Sammarco (1987).

continued on next page . . .
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(a) Profile gauge (Carleton and Sam-
marco, 1987)

(b) Profile gauge (McCormick, 1994)

(c) Profile gauge variant (Yanovski et al., 2017)

Figure 1.4: Examples of profile gauges used to capture topographic information for
several of the structural complexity calculations listed in Table 1.2. (a) "Three-dimensional
profile gauge for measuring surface irregularity and other physical characteristics of benthic
substrata, and digitizing board used for entering data into computer." Credit: Carleton and
Sammarco (1987) with permission. (b) "Profile gauge used to measure surface topography.
Inset shows the angular measures used in the calculation of vector SD (θ1) and substratum
angle SD (θ2)." Credit: McCormick (1994) with permission ©Inter-Research 1994. (c)
Devices by for taking "Point-Intercept Contour" measurements (Yanovski et al., 2017).
Avalible through Creative Commons Attribution License (CC BY).

Table 1.2 continued: Mathematically distinct metrics for quantifying coral reef 3D
structural complexity. Where metrics have been referred to with several names, the
synonymous names are listed in the References column. SD is an abbreviation for
standard deviation. All variables are described after their first usage.

Metric Mathematical Description References
Visual scores Rugosity, height, and refuge size categories Developed by Gratwicke and

Speight (2005b) for the habitat
assessment score (HAS).
Reviewed by Wilson et al.
(2007b).

12
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(a) x1 = 1 unit of length; N(x1) = 4 (b) x2 = 1
3 unit of length; N(x2) = 16

Figure 1.5: Illustration of the fractal dimension calculation. N(x) is the number of
line segments of length x it takes to cover the complex curve. On this example, fractal
dimension equals log(N(x1)/N(x2))/log(x2/x1) = log(4/16)/log(1

3/1) ≈ 1.26. Original
images of Koch snowflake available through a Creative Commons license (CC BY-SA 3.0)
and modified by author (G. Young).

(a) R1 = length undraped chain
length draped chain (b) R2 = surface area

planar area

Figure 1.6: Illustration of rugosity calculations. (a) Rugosity via chain-and-tape method
(R1), where R1 = length undraped chain/length draped chain. (b) Rugosity via non-
traditional methodology (R2), where R2 = surface area/planar area. Illustrations by
author (G. Young).

1.4 Methods for Quantifying Coral Reef Topog-
raphy

Table 1.2 reviewed metrics that have been used to quantify coral reef structural

complexity. With the exception of visual scores, each metric requires a mathematical

surface that represents the reef. Metrics can therefore only be as precise and

accurate as the surface representation used to calculate them.

Technological advances in the last decade have enabled several methods that

can create such surface representations. By far, the chain-and-tape method is

most widely employed by marine researchers. It is so ubiquitous that the most

recent (as of Sunday 27th May, 2018) meta-analysis of structural complexity on

coral reefs was only able to compare studies that used either the chain-and-tape

13



1. Introduction 14

method or the value derived from such a measurement because of the "limited

scale and replication" of studies employing alternative methods (Graham and Nash,

2013). The meta-analysis admits, in the first sentence of its abstract, that relying

on this metric alone has "restricted our understanding of the role of complexity

in the ecosystem." Others have made similar warnings, stressing the need for

alternate methods (Friedlander and Parrish, 1998; Merks et al., 2003; Goatley and

Bellwood, 2011; Plaisance et al., 2011).

The following describes methods for quantifying coral reef topography. Methods

are listed in roughly chronological order, based on the publications of them being

applied on reefs. Note that several studies focus on classification of seabed imagery;

e.g., Dartnell and Gardner (2004) used sonar to classify seafloor as either rock,

gravelly-muddy sand, muddy sand, or mud. While classifications can be tied to

concepts of structural complexity, they do not yield point cloud representations

of reef structure and are therefore not included in this list.

Chain-and-Tape Developed by Risk (1972), for this measurement a diver drapes

a chain over the seabed (Fig. 1.6(a)). He then calculates the ratio between

the length that the draped chain reaches and the total length of the chain.

Surfaces where the chain lies flat have a ratio close to 1, whereas surfaces where

the chain dips greatly have higher ratios, indicating complexity. Commonly

chains are 3–10 m in length with link lengths less than 1.5 cm (Graham and

Nash, 2013). While it is a quick and inexpensive means of estimating rugosity,

it can cause damage to the benthos and yield potentially misleading results

(Goatley and Bellwood, 2011).

Profile Gauge A profile gauge contains pins that drop onto a surface (example

in Fig. 1.4 of Section 1.3, page 12). The pins’ positions reveal the contour

of a surface. It does not record surface underhangs (it is as if you draped a

blanket over the surface) and the contour resolution is limited to the spacing

of the pins. It was a popular method in studies >20 years old, including

Carleton and Sammarco (1987) and McCormick (1994). It was also used by

14
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the more recent study by Yanovski et al. (2017) (Fig. 1.4), who call it the

"Point-Intercept Contour" method. Like the chain-and-tape method, it can

damage the benthos and yield potentially misleading results (Goatley and

Bellwood, 2011).

Sonar (SOund, NAvigation and Ranging) Sonar has been widely used to cap-

ture bathymetric data since the technology’s conception in 1912. The invention

was spurred by the Titanic disaster, which forefronted ships’ need to detect and

avoid icebergs and other submerged structures. Pratson and Edwards (1996)

summarize its early history, with hundreds of studies showing its modern

applications (e.g., Huvenne et al. (2002); Wilson et al. (2007a); Zawada et al.

(2010)). The spatial resolution of 3D reconstructions from sonar depends

upon several variables, principally the sonar’s frequency, viewing angle, and

its distance or depth from the structure. Generally sonar’s resolution is lower

than that obtained by optical cameras (Campos et al., 2011). Low frequency

systems such as GLORIA (6.5 kHz) can map spatial resolution on the order

of tens of meters (e.g., Moore and Normark (1994)). High frequency systems

such as the 200 kHz system used by Purkis et al. (2005) can map spatial

resolutions on the order of centimetres. The main drawbacks of sonar in this

context (of creating 3D seafloor maps for scientific study) are (a) cost, which

can be tens of thousands of dollars, depending on equipment and support

vessel or vehicle, (b) minimum depth requirement of about 15 m, although

the exact depth depends on a range of factors as discussed by Costa et al.

(2009), and (c) negative effects upon marine life (Williams et al., 2015).

Structure-From-Motion (SfM) Photogrammetry For this method, a com-

puter vision algorithm determines 3D structure from overlapping 2D images

of a scene. The images must capture the scene from different angles. The

algorithm’s mathematical foundations date back to the 1830s, the same

decade as the invention of the camera (Kraus, 2007). The first instances

of photogrammetry being applied underwater date back to the Cold War
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(Pollio, 1968; Leatherdale and Turner, 1983). Bythell et al. (2001) are one

of the first to apply the method to coral reefs for ecological studies, and its

power has increased substantially with computing power (Beall et al., 2010;

Hu et al., 2012; Campos et al., 2015; Burns et al., 2015; Leon et al., 2015).

Structure-from-Motion (SfM) is a type of photogrammetry; the term implies

that the camera is moving through the environment. A downside of this

method is that it cannot model structural elements that the camera cannot

see, such as the underneath of under-hangs or other occluded features. This

method is used in this thesis and is further discussed in Chapters 2–3.

Raster Satellite Imagery Purkis et al. (2008) successfully combined information

from satellite imagery, vessel-based acoustic bathymetry, acoustic current

profiles, and underwater visual census (derived from 2D photo mosaics and

point-observations from divers) to calculate rugosity and other measures of

structural complexity (or "seabed character and architecture"). In general,

however, satellite imagery cannot provide fine details of underwater structure

because of its limited spatial resolution (Hu et al., 2012).

Stereo Imagery with Underwater Position Estimation Pizarro et al. (2009)

and Johnson-Roberson et al. (2010) developed this method with data from

underwater vehicles. Mahon et al. (2011) showed how the same method could

be used with data from a snorkeller or diver swimming with a stereo camera rig.

In both cases, underwater positions are estimated by simultaneous localization

and mapping (SLAM) algorithms. Previous studies did not state spatial

accuracy of their 3D reconstructions, but Friedman et al. (2012) applied a

similar method and suggest the spatial resolution is on the order of centimetres.

Laser Scanning (including LiDAR) Lasers measure distance by illuminating

a target with a laser and analysing the reflected light. Pittman and Brown

(2011) among others have used this method to map reefs up to 50 m deep

at a resolution of ≈4 m; they explain: "Water depth was calculated by

comparing the return times from a green laser reflected off the substratum
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and an infrared laser reflected off the sea surface to form a height datum,

together with information on aircraft altitude and heading and GPS surface

height data." LiDAR can be an alternative to sonar in shallow water coral

reef ecosystems (<50 m depth); the two methods are compared by Costa et al.

(2009).

Digital Reef Rugosity (DRR) Developed by (Dustan et al., 2013), DRR is

collected with a digital level gauge, an instrument that uses readings from

a ceramic pressure transducer to estimate depth 0–30 m with a resolution

of 0.41 ± 1.5 cm (plus uncertainty from wave height variation). As used by

(Dustan et al., 2013), the DRR recorded depth every second while a diver

(or vehicle, in theory) moved the DRR at about 10 cm/sec; the device could

thereby estimate a point on the reef contour approximately every 10 cm.

Methods have also been combined. For example, Kunz and Singh (2013)

combined footage from single camera with range data from a multibeam sonar from

an underwater vehicle to create 3D models with spatial resolution on the order

of several centimetres. Robert et al. (2017) combined SfM photogrammetry with

multibeam echosounder data from underwater vehicles to create 3D models with

spatial resolution on the order of several millimetres.

All the methods presented above, except chain-and-tape, can return a point

cloud representing the contour of the reef, and those points can be used to calculate

any of the metrics of structural complexity listed in Table 1.2. Researchers will

choose the best method for quantifying reef topography in their given context based

on the resources available to them and the required spatial scale of their model.

1.5 Thesis Aims
Alice: Would you tell me, please, which way I ought to go from here?
The Cheshire Cat: That depends a good deal on where you want to get to.
— Lewis Carroll, Alice in Wonderland
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Considering the existential crisis facing coral reefs, it is natural to wonder

whether academics’ time is better spent on active conservation rather than pursuit

of pure knowledge. While this thesis research will add to our body of knowledge,

it also has a very practical conservation objective. Understanding how and what

structural complexity correlates to the health of dependent marine life will help

determine how best to replicate the most effective structures, either when restoring

degraded reefs or constructing artificial reefs. While such restoration efforts do not

address the root causes of coral reef destruction (e.g., pollution, climate change,

acidification) they do offer a means to preserve reef-dependent marine life until

we can resolve the root problems.

The following chapters (2–5) address previously unanswered questions related

to the role of structural complexity in the marine environment. The research

employs a method, 3D modelling from structure-from-motion photogrammetry,

that is currently used only by a handful of marine researchers. Each chapter

includes a stand-alone publication as the main text, in addition to a context section

highlighting its relationship to other parts of the thesis and an author contributions

section acknowledging the input of others.

Chapter 2 describes a new method for rendering and interpreting 3D models of

small (≈ 2 x 2 m) patches of coral reef using consumer grade electronics. It also

outlines a protocol for routinely determining models’ precision and accuracy, and

establishes the precision and accuracy of the 3D models that are used in subsequent

chapters. Three of the metrics for quantifying reef structural complexity from

Table 1.2 are honed in upon: rugosity, fractal dimension, and vector dispersion.

The rationale for choosing those metrics and the methods for calculating them are

detailed in the chapter. To our knowledge, the method has already been used by

a variety of researchers worldwide (detailed in 2.1). There is therefore potential

for the method to have far-reaching impact, beyond the research described in

subsequent chapters of this thesis.

For Chapter 3, 85 patches of coral reef (2x2 m) in the Caribbean were 3D

modelled by applying the method described in the previous chapter. Data from
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the 3D models is paired with fish survey data that was collected above each

section of 3D modelled reef. The study assesses correlations between the metrics of

structural complexity and the fish survey data. It compares how well the 3D metrics

predict fish survey date compared to the more traditional metrics of rugosity and

Habitat Assessment Scores (HAS). We show why 3D modelling is complementary

or preferable to other methods of quantifying reef topography.

Whereas the preceding chapter describes a correlation study, chapter 4 describes

a controlled experiment. We actively manipulate the structural complexity of

recruitment tiles in terms of one of the metrics, vector dispersion, described in Table

1.2. The experiment attempts to better understand the reasons behind correlations

with structural complexity metrics and the settlement of epibenthic organisms,

including corals, sponges, algae, polychaetes, and bryozoans.

The preceding chapters make several allusions to how increased computing

capacity and/or additional data could yield further ecological insights. Chapter

5 describes one pipeline for processing vastly more 3D models. The pipeline uses

computer vision techniques, so that the whole 3D model feeds into a learning

algorithm that regresses residential fish abundance. It therefore does away with

metrics of structural complexity, replacing them with the whole 3D model. It

uses the data from Chapter 3 to demonstrate the data analysis paradigm. While

the results are inconclusive, it discusses how further data and pipeline refinement

could yield ecological insights.

Finally, the general discussion in chapter 6 highlights overarching trends from the

previous four data chapters and unexpected features and limitations of the methods.

It also presents thoughts for future studies of coral reef structural complexity,

particularly in regards to technologies that may be, or are being, developed for such

assessments. As a whole, the thesis aims to add to the body of scientific knowledge

regarding coral reef structural complexity, particularly on the technologies and

mathematical models for quantifying structure and its associated features.
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The engineer’s first problem in any design situation
is to discover what the problem really is.

— Sir Henry Royce OBE

Engineers like to solve problems. If there are no
problems handily available, they will create their own
problems.

— Scott Adams, Cartoonist

2
Cost and Time-Effective Method for

Multi-Scale Measures of Rugosity, Fractal
dimension, and Vector Dispersion from

Coral Reef 3D Models
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2.5 Supplementary Material: Interactive 3D Models . . . 42

2.1 Context

This chapter, ‘the methods chapter,’ describes a method for rendering and

interpreting 3D models of small (≈2 x 2 m) patches of coral reef using consumer

grade electronics. It also outlines a protocol for routinely determining model

precision and accuracy. The method was developed especially to meet the functional
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requirements of expeditions led by Operation Wallacea, the organisation that

facilitated fieldwork for Chapters 2–4 of this thesis. Ultimately Operation Wallacea

became just one example of an organisation that has made excellent use of the

method. A variety of researchers and enthusiasts can and have also employed the

method. It has several features that distinguish it from the few other published

methods for cost-effectively creating 3D models of reefs, as summarised below.

(a) The method can render 3D models from footage filmed on an uncalibrated

consumer-grade camera. The footage may be shaky, shot in non-ideal

(underwater) lighting conditions, and/or have particulate matter tainting

frames. The paper includes example renderings, but 2D depictions of 3D

scenes are not ideal, so Section 2.5 (Supplementary Material: Interactive 3D

Models) contains instructions for viewing the models in 3D.

(b) The precision and accuracy of the 3D models is suitable for ecological studies.

The method achieved coefficents of variation <2% for all 3D metrics of

structural complexity and root mean square errors <1.5 cm in all dimensions,

as detailed in the paper.

(c) The total computing load required for the method (including filming, rendering,

and analysing) can be divided between students’ laptops (i.e., laptops up to 5

years old with standard capability or ≥8 GB RAM, 600MB free disk space).

This enables students to ‘own’ their data from collection to analysis and be

responsible for backing it up, as it is stored locally on their machines.

(d) All processing can take place offline; this was necessary because Internet is

at best unreliable on many remote research sites, such as where Operation

Wallacea operates.

(e) All steps of the method, including computation of structural complexity

metrics, can be completed with free or low-cost software that students can

download onto their own computers and learn after a 6-hour workshop; this

was accomplished by providing open-source Python scripts that preformed
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the desired computations at the click of a button. The teaching materials

for these workshops are available via Section 2.4 (Supplementary Material:

Teaching Guides) and all Python scripts are available open-source.

(f) Researchers can obtain several data points for a site, and data points can be

spaced apart by arbitrary distances. Each data point is a 3D model of reef at

the quadrat-scale (0.25–4 m2).

(g) The method is fast and automated enough for researchers to fully process

their data on same day that they collected it; in other words, data analysis is

not a bottleneck or time sink.

To our knowledge, researchers in the following locations have already employed

the method: Indonesia, Madagascar, Honduras, and Cuba by Operation Wallacea,

Bonaire by two Oxford Masters students and the Coral Restoration Foundation,

Tobago by Cardiff University researcher Kathryn Ellen Whittey, Chagos by two

Oxford doctoral students, and the Maldives by the Four Seasons Resort coral

restoration team.

2.2 Author Contributions

Author contributions are listed at the end of the manuscript in CRediT Taxonomy

(Contributor Roles Taxonomy) nomenclature (Allen et al., 2014).

2.3 Publication: Young, G. C., et al. "Cost and
time-effective method for multi-scale measures
of rugosity, fractal dimension, and vector dis-
persion from coral reef 3D models." PLOS
ONE 12.4 (2017): e0175341.

Pages 23–40 of this thesis include an offprint of the publication. This formatting

choice is consistent with the University’s Examination Regulations for Research

Degrees in Biological Sciences (Plant Sciences and Zoology).
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Abstract
We present a method to construct and analyse 3D models of underwater scenes using a sin-

gle cost-effective camera on a standard laptop with (a) free or low-cost software, (b) no com-

puter programming ability, and (c) minimal man hours for both filming and analysis. This

study focuses on four key structural complexity metrics: point-to-point distances, linear

rugosity (R), fractal dimension (D), and vector dispersion (1/k). We present the first assess-

ment of accuracy and precision of structure-from-motion (SfM) 3D models from an uncali-

brated GoPro™ camera at a small scale (4 m2) and show that they can provide meaningful,

ecologically relevant results. Models had root mean square errors of 1.48 cm in X-Y and

1.35 in Z, and accuracies of 86.8% (R), 99.6% (D at scales 30–60 cm), 93.6% (D at scales

1–5 cm), and 86.9 (1/k). Values of R were compared to in-situ chain-and-tape measure-

ments, while values of D and 1/k were compared with ground truths from 3D printed objects

modelled underwater. All metrics varied less than 3% between independently rendered

models. We thereby improve and rigorously validate a tool for ecologists to non-invasively

quantify coral reef structural complexity with a variety of multi-scale metrics.

Introduction

Using an array of metrics in studies spanning decades, ecologists have shown that structural

complexity drives biodiversity [1–4]. This is especially true on tropical coral reefs, one of the

planet’s most biodiverse and productive ecosystems [5], where metrics of structural complexity

correlate strongly with indicators of reef health such as fish abundance, coral, and macroalgal

cover [6–8]. Causes and effects are intertwined in these cases: living things create structure,

and structure must pre-exist for those living things to find shelter from predators, scavenge,

avoid turbulence, or perform other actions necessary for them to thrive [9–12]. To more pre-

cisely understand the nature of the correlations between structural complexity and ecological

parameters, for example in a way that could inform the design of artificial reefs, marine
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ecologists require precise tools for assessing 3D structure of underwater habitats. It is impor-

tant and timely to develop and employ such tools because our window-of-opportunity is clos-

ing for studying healthy reef ecosystems: reef complexity has been shown to be in significant

decline, leading to ecosystem collapse [13–16].

Popular methods of assessing underwater structural complexity include chain-and-tape

rugosity and Habitat Assessment Scores (HAS) [17]. The most common of these is chain-and-

tape rugosity, whereby a chain of known length is laid along the contours of the seabed, and

the ratio of its draped to undraped length gives a rugosity value [18, 19]. Alternatively, divers

can visually score a range of structural variables using HAS [17]. Although both methods have

revealed correlations, they result in a cursory understanding of complexity that is inadequate

for addressing fine-scale ecological questions [20] or informing artificial reef designs [21] and,

moreover, may be fundamentally misleading because of factors such as observer bias and

dimensionality reduction [2, 22, 23]. Marine researchers have long called for a modern method

of assessing structural complexity to address these concerns [6, 8, 24]. Such a method could be

incorporated into monitoring programs to improve time and cost efficiency, accuracy, and

detail [25, 26].

Three-dimensional (3D) computer models are a solution for assessing reef structural com-

plexity. 3D models generated from images via structure-from-motion (SfM) algorithms have

successfully been implemented to assess terrestrial complexity (e.g., [27, 28]). A few papers

have presented methodologies for creating coral reef 3D models from cost-effective photo-

grammetry [16, 29–33]. The approach is not novel, but here we take the method further by (1)

increasing its accessibility to a wider audience by reducing hardware and software costs, and

(2) expanding the metrics that can be used by non-programmers to assess structural complex-

ity and the quality of their 3D models. Expanding metrics gives researchers additional tools to

answer ecological questions about 3D surfaces–e.g., At what scales does the structure provide
refuge spots for prey to hide? How does a surface trap particulate matter?We also show how foot-

age from a single uncalibrated GoPro camera can produce 4 m2 3D models with fine resolution

and precision (to 1.5 cm with variations less than 3%).

We chose the SfM-software PhotoScan Standard (Agisoft LLC; $179 commercial, $59 edu-

cational—Mac, Windows, Linux; 30 day free trial) to render models for its ease-of-use and effi-

ciency compared to its competitors and open-source alternatives; see discussion in [34]. We

chose 3D modelling software Rhinoceros 3D (“Rhino”; Robert McNeel & Associates; $695–

995 commercial, $195 educational—Mac, Windows; 90 day free trial) to analyse models for its

easy-of-use, robustness, customizability, and library of built-in functions. Other software

options were less favourable for a variety of reasons, including cost, platform limitations, and

availability of a software development kit allowing us to write analysis scripts suited to our eco-

logical applications.

Several papers emphasize the importance of calibration prior to photogrammetry, especially

for highly distorted lenses such as that on a GoPro camera [35–37]. To date other studies using

underwater photogrammetry have calibrated their cameras either from image meta-data that

PhotoScan reads automatically or manual processing [30, 38, 39]. We show, however, that

PhotoScan’s built-in proprietary algorithm (which uses Brown’s distortion model and no

meta-data from our images), plus setting the camera to a narrow field-of-view, is capable of

rendering accurate models at scales 1.5 cm—2 m. Because it does not assume camera calibra-

tion, this method could be used on historical footage, where camera model or calibration may

be unknown.

We present the method alongside robust quantification of four structural variables: point-

to-point distances, linear rugosity (R), fractal dimension (D), and vector dispersion (1/k). Per 4

m2 of modelled reef area, our method requires three minutes of in water filming time (with a
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single GoPro camera;� $300) and approximately two hours of processing time on a standard

laptop (�8 GB RAM, 600 MB free disk space). Model rendering is largely automated, with

each model requiring only 10 minutes human-computer time. We provide assessments of

accuracy and repeatability using ground truths from known objects, as well as a comparison

with chain-and-tape in-situ measurements of R. Our framework is ready-to-go to for use by

non-programmers, and could be extended to gather any other conceivable structural complex-

ity metric by a user with intermediate Python programming ability.

Materials and methods

Underwater filming

All filming occurred on reefs 5 ± 2 m deep off the Caribbean island of Utila, Honduras

(16.0950˚ N, 86.9274˚ W) under a research permit from the Instituto de Conservación Forestal

(#ICF-DE-MP-080-2016). We used GoPro cameras (Hero 3, 3+ or 4) in GoPro flat port under-

water housings because they were readily available and widely used within contemporary reef

monitoring efforts and recreational dive communities, although any similar camera should

produce similar results. Cameras were in video mode, with all default settings except: resolu-

tion 1080p (for consistency across cameras), field-of-view narrow (to minimize distortion

caused by the fish eye lens), sharpness medium (to minimize prominence of particulate mat-

ter), capture rate 24-30 frames per second, and white balance 6500K (for consistency and to

suppress blue hues). Only ambient light illuminated scenes.

A SCUBA diver filmed over a 2 x 2 m quadrat following a lawnmower pattern (Fig 1). The

camera remained a constant height 0.5–1.0 m above the scene’s highest point. It was aimed

straight down at the substratum, the lens moving in one plane rather than following the con-

tours of the scene. Underwater visibility needed only to be clear in the 0.5–1.0 m vertical dis-

tance between the camera and the reef, so even sites with relatively low visibility could be

rendered. The orientation of the camera did not change between adjacent swim passes (Fig 1),

meaning the diver either back-finned on an adjacent pass or held the camera still as he rotated

his body.

3D model generation

We rendered models in PhotoScan following the standard process well described in the Photo-

Scan user manual and by other papers in the field (e.g., [37]). Raw video footage was converted

into sequences of still images using the free software FFmpeg (www.ffmpeg.org). Sequential

images should contain 60–80% overlap, which in practice meant extracting at 3 frames per sec-

ond. Approximately 300-600 images captured one 2 x 2 m quadrat.

Images loaded into PhotoScan were rendered into a 3D model following the standard pro-

cess of (1) aligning photos, (2) building dense point cloud, (3) building mesh, and (4) building

texture. All processes were set to medium quality with default settings, except meshes’ maxi-

mum face counts were set to 3,000,000 (to increase models’ fine-scale resolution). PhotoScan

performs camera calibration automatically using Brown’s distortion model with assumed focal

information. Photo alignment was successful even though we did not supply calibration infor-

mation nor did the photos have EXIF data. Clarity of the model was then visually assessed.

Any models in which the quadrat was not clear enough to be used as a scale bar would be

rejected. However, no models rendered as part of this study needed to be rejected.

A rendered model was then exported as a wavefront (.OBJ) file and imported into Rhino

for further analysis. Firstly, a model was scaled by setting a quadrat’s corner-to-corner length

to 2 m using the Rhino “Scale” command. Secondly, the model was oriented using the “Rotate”

command. For simplicity, we placed all quadrats flat underwater (i.e.,parallel to the ocean
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surface) and therefore rotated all models such that a quadrat corner rested squarely on the pos-

itive X and Y-axes. If a quadrat was placed at an angle underwater, however, divers could

record the slope of the quadrat (e.g., by tying a float indicating vertical or by recording the

depths of the highest and lowest corners) and then rotate their 3D model accordingly.

Assessment metrics

We analysed our 3D models in Rhino using four metrics: point-to-point distances, rugosity

(R), fractal dimension (D), and vector dispersion (1/k). In addition, we assessed the precision

of the models by repeatedly filming several scenes and quantifying variance between indepen-

dent renderings. Students previously unfamiliar with the software involved learned to inde-

pendently render and analyse models after a three-hour tutorial, so this method is suitable for

rapid uptake.

Fig 1. Method for filming 2 x 2 m underwater quadrat. A diver followed a lawnmower pattern (dotted line)

over the quadrat, making 5–6 passes over each 2 m span of the quadrat and keeping the camera’s height and

orientation consistent.

https://doi.org/10.1371/journal.pone.0175341.g001
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Point-to-Point distances. To demonstrate the proportional accuracy of our 3D models,

we rendered an underwater scene containing ten man-made objects and compared objects’

known dimensions (ground truths) to their dimensions in the model. Objects of muted colors

roughly matching the tones of the surrounding reef were chosen, representing a range of sizes

and shapes (Fig 2). Known dimensions ranged from 0.8–65.0 cm in the X-Y plane and 2.0–

18.0 cm in Z. No key dimensions were taken under an overhang, as an overhang will not ren-

der well using our filming method because we only move the camera in the X-Y plane, an issue

further discussed below.

The accuracy of a measurement was computed with Eq 1:

Accuracy ¼ 1 �
jUW 3DM � Ground Truthj

Ground Truth
%; ð1Þ

where UW 3DM is the dimension measured on the underwater 3D model, and Ground Truth
is the known dimension.

Rugosity. We chose rugosity as a complexity metric because it is standard in traditional

coral reef research—so standard that the most recent (as of March 2017) meta-analysis of

structural complexity on reefs was only able to compare rugosities because of the “limited scale

Fig 2. Objects of known dimensions 3D modelled inside 2 x 2 m quadrat. Two example dimensions, the quadrat length and the length of a standard

SCUBA cylinder, are shown. Inset is a photo of the in-water scene. Objects of muted colors roughly matching the tones of the surrounding reef were

chosen, representing a range of sizes and shapes. The 10 objects were: (1) pyramid-shaped mould, (2) pyramid-shaped tile, (3) natural-shaped mould,

(4) brick, (5) pyramid-shaped tile, (6) transect tape, (7) dive weight (8) dive fin, (9) weight belt, and (10) SCUBA cylinder.

https://doi.org/10.1371/journal.pone.0175341.g002
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and replication” of studies employing alternative methods [8]. Rugosity is typically measured

using the chain-and-tape method and quantified as the length the chain reaches as it falls over

topography divided by the total length of the chain [18, 19]. It is not to be confused with “sur-

face rugosity,” a term describing the ratio of 3D surface area to projected planar area, or with

“roughness,” a term describing qualitative features or referencing the Hausdorff dimension.

To measure linear rugosity on a 3D model in Rhino, we first created a curve that followed

the topography of the model. The curve was created with the Rhino built-in command

“MeshIntersect,” which provides a cross-sectioning tool that allows the user to select a slice of

user-determined linear length of the model by intersecting a mesh plane with the 3D reef

mesh. In practice this can be performed between any two coordinates on the model. Here, in

order to compare our 3D model-derived results with in-situ chain-and-tape measurements,

curves were selectively positioned to match their in-water counterparts. We then ran a custom

Rhino Python script (github.com/gracecalvertyoung/Rhino-Python-3D-Coral-Reefs/tree/mas-

ter/Rugosity) using the “RunPythonScript” command. The script asked the user to select sur-

face contours, and then it laid virtual chains along each contour and returned rugosities.

Rugosity (R) equalled the distance that a virtual chain fell along the curve (RN) divided by the

total length of the chain (RD). The virtual chain comprised of linear segments each the length

of a chain link (2 cm was used), which the script created from the input contour with the

build-in Rhino function “rs.DivideCurveEquidistant.”

The virtual chain was laid via either (1) the extendible-chain method (Fig 3A) or (2) the

fixed-length chain method (Fig 3B). The extendible chain method determined how long a

chain would need to be to cover the input curve, while the fixed-length chain method deter-

mined how far a chain of a set length (1 m was used) would fall along the input curve. This sec-

ond method more closely resembled traditional chain-and-tape measurements, although it is a

less accurate estimate of the overall reef complexity because of the chain’s limited length.

Results from both methods were compared against in-situ chain-and-tape measurements.

For the purposes of this comparison, 3D model-derived rugosity was the average of three adja-

cent virtual chains spaced 4 cm apart to account for an in-situ chain not laying perfectly

straight.

Fractal dimension. We choose fractal dimension (D) as a complexity metric because it is

a sophisticated and accurate means of assessing surface complexity that has been shown to be

well suited to describing coral reefs [40–43]. Developed by [44], D is between 2 and 3 for a sur-

face, with a greater number indicating greater complexity. It allows structural complexity to be

explored within set size categories; e.g., researchers can define a size category based on a partic-

ular species of interest and its unique habitat requirements, or calculate complexity for multi-

ple categories in a particular reef area [45, 46].

Contemporary studies in the field of pattern recognition (machine learning and/or com-

puter vision) have presented alternatives to, or improvements on, traditional fractal dimension

(e.g., [47–49]), as further discussed under Future Study. However, these approaches are better

suited to image analysis programs (e.g.MATLAB, as [50] uses) than within Rhino. Going from

Rhino to an image analysis program for our use-case would introduce additional steps and

software into the method. Therefore, in order to maintain a simplified and streamlined

method while still providing useful ecological metrics, we choose to calculate D at multiple

scales in Rhino.

There are several methods for calculating D, and different methods will yield different

results [45, 50, 51]. While no method is definitively superior to all, [52, 53] suggest an area-

based method is appropriate for calculating D of surfaces. We therefore implemented an area-

based method, following [52], who estimated D of rock surfaces (an application similar to

ours).
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Following [52], D indicates how surface area changes with resolutions. It is the slope of a

model’s resolution (δ) versus surface area (S(δ)) on logarithmic scales (Fig 4). We chose our

resolutions, δ = 0.01, 0.05, 0.15, 0.3, 0.6, and 1.2 m, based on the refuge size categories of [17],

who found holes of those size categories to be key factors influencing fish species abundance

on coral reefs.

To measure D on a 3D model in Rhino, we ran a custom Rhino Python script (https://

github.com/gracecalvertyoung/Rhino-Python-3D-Coral-Reefs/tree/master/Fractal_

Dimension) using the “RunPythonScript” command. The script first re-rendered the model at

Fig 3. Methods for quantifying linar rugosity on 3D model. Six virtual chains with link length 2 cm were laid in a grid pattern over 3D modelled

quadrats. A: The extendible-chain method determines how long a chain would need to be to cover the input curve. RN is the draped length of the

chain. RDn
is the undraped length of chain n. B: The fixed-length chain method determines how far a chain of a set length (1 m was used) would

reach over the curve; this method more closely resembles traditional chain-and-tape measurements, although it can miss details because of the

chain’s limited length. RNn
is the draped length of chain n. RDn

is the undraped length of the chain.

https://doi.org/10.1371/journal.pone.0175341.g003
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resolution δ by projecting a grid of points spaced at δ onto the model, akin to dropping a

blanket of points onto the model. The script then connected adjacent points to form a new, vir-

tual quilt-like surface. The area of that surface was then plotted against δ on logarithmic scales

and the slopes between points, or D, determined. For resolutions 0.05-0.01 m, D0.05–0.01 is

(log(S(δ = 0.01)) − log(S(δ = 0.05)) / (log(0.01) − log(0.05)), and so on.

We compared 3D model-derived measurements of D to ground truths to gauge the accu-

racy and resolution of our 3D models in terms of D. The ground truths were three different

theoretical structures that were 3D printed. The shapes placed underwater, hereafter refered to

as the printed structures, matched the shapes of the 3D prints but were concrete, cast in

moulds created from the 3D printed shapes. The accuracy of a measurement was calculated as

a percentage (Eq 2).

AccuracyD ¼ 1 �
jUW 3DM � Ground Truthj

Ground Truth � 1
%; ð2Þ

where UW 3DM is the value of D derived from the underwater 3D model and Ground Truth
the value of D derived from the ground truth. Unlike Eq 1, one is subtracted from Ground
Truth in the denominator because fractal dimension can only vary between 2 and 3 for a

surface.

Vector dispersion. Vector dispersion (1/k) was determined as an appropriate metric for

measuring benthic structural complexity by [54]. It measures the uniformity in angles of a sur-

face. Mathematically, it estimates vector variance for all normal vectors of individual planar

surfaces. It is a value between 0 and 1, where 0 indicates a flat plane and a number closer to 1

indicates a more complex surface. Like R and D, 1/kmust be calculated for a specified resolu-

tion; we choose 1 cm following [54]. In basic terms, a surface with a high value of 1/k at 1 cm

resolution would trap particulate matter more easily, be less easy to roll a ball of diameter 1 cm

over (or clumps of sediment), and reflect light more variedly than a surface with a lower value

of 1/k.

To measure 1/k in Rhino, we ran a custom Rhino Python script using the “RunPython-

Script” command (https://github.com/gracecalvertyoung/Rhino-Python-3D-Coral-Reefs/tree/

master/Vector_Dispersion). Whereas [54] created the grid of points with a profile gauge over

the physical surface, our script projected a grid of points, spaced 1 cm apart, onto the highest

Z-points of the 3D modelled reef. The script then created triangles between adjacent points

and computed the directional cosines of triangles’ normal vectors (Fig 5). It then computed

Fig 4. Fractal Dimension (D). D describes the relationship between a model’s resolution, or minimum pixel size, (δ) and its surface area S(δ). Above,

the same patch of coral reef is rendered at five resolutions. The grid below each rendering is composed of squares, each of width δ, that are projected

onto the original surface. Surface area always increases with finer resolution. D is 2—the slope logS(δ)/log(δ).

https://doi.org/10.1371/journal.pone.0175341.g004
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Fig 5. Process for computing vector dispersion (1/k). A: The user positions the scaled 3D model such that the quadrat lays flat along the X-Y

plane or, if the quadrat was tilted underwater, tilted at the appropriate angle. The script then performs steps B-D. B: Project grid of points spaced 1

cm apart (as in [54]) onto the model such that each point falls on the highest point of the model. C: Connect adjacent points with triangles, creating

i triangles. D: Compute the directional cosines of each triangle’s normal vector (cosx, cosy, and cosz labelled a, b, and c in the inset), and combine

them as in Eq 3 for 1/k. Diagram D modified from material available through Creative Commons License.

https://doi.org/10.1371/journal.pone.0175341.g005
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1/k using Eqs 3 and 4.

R1 ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
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t ð3Þ

1=k ¼
i � R1

i � 1
; ð4Þ

where i is the number of triangles created between surface points and cosx is the directional

cosine of a triangle’s normal vector in the X direction, cosy in the Y direction, and so on.

We compared 1/kmeasurements from an underwater 3D model to ground truths (the

same three printed structures used to validate measurements of D) in order to gauge the accu-

racy and resolution of our 3D models in terms of 1/k.

Precision. We independently modelled eight 2 x 2 m quadrants three times each to evalu-

ate the repeatability and consistency of our method in terms of the above metrics. R was com-

puted using the extendible-chain method as the average of six virtual chains laid over the

quadrat (as in Fig 3). Dwas computed for the resolutions δ = 0.01, 0.05, 0.15, 0.3, 0.6, and 1.2

m. 1/kwas computed as the average over 1.6 m2) of the quadrat.

Results and discussion

The method took 3 minutes in-water filming per 2 x 2 m quadrant, significantly less time than

did placing quadrats, laying out transect tape, or other activities of the dives. It was important

that the diver keep the camera orientation consistent on adjacent swim passes (Fig 1) because

if the diver instead rotated the camera with his body, the footage was too blurry or disparate

for the SfM algorithm to render the model. We found that filming the perpendicular set of

swim-overs (Fig 1) was necessary for consistently successful photo alignment, even though this

step was not required by other studies that use SfM with diver-held monocular footage (e.g.,
[37]). Our added step could be necessary because of our absence of calibration data, the small-

scale of the quadrat, or non-manual intervention during photo alignment compared to other

studies. The minimal time committed to this step (� 1.5 min dive time) made it worthwhile in

ensuring model quality.

Assessment metrics

Point-to-Point distances. Dimensions on the underwater 3D model matched strongly

with their true dimensions in both the X–Y (n = 48, R2 = 0.99; p< 0.001; Wilcoxon matched

pairs test) and Z planes (n = 25, R2 = 0.83; p< 0.01; Wilcoxon matched pairs test). The root

mean square errors (RMSE) of our models were 1.48 cm in X-Y and 1.35 cm in Z. The slopes

of the regression plots (Fig 6) indicate that models underestimated dimensions in both X-Y

and Z.

Measurements had accuracies of 89 ± 12% (mean ± SD) and 78 ± 13% in X-Y and Z respec-

tively. These results are on-par with those of [30], who found their centimetre-scale underwater

models to underestimate surface area and volume by 18% and 8% respectively. The improved

accuracies of [30] were to be expected because they modelled smooth, bright, multicoloured

objects in a tank of water, which should render better than natural scenes in the ocean.

Our accuracies are lower than what is possible from in-situ underwater SfM 3D models:

[31] report RMSE errors of 0.605 mm from close-range photogrammetry from calibrated con-

sumer-grade stereo-cameras. Our lower accuracy was to be expected, as we did not calibrate

cameras and used a considerably less time-consuming rendering process compared to other
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methods: e.g.,methods that include manually removing outlier points on 3D models, manually

identifying ground control objects, and/or using PhotoScan’s high or ultra-high quality set-

tings. [55] showed that models from calibrated GoPro footage can achieve RMSE errors of

0.40 mm; users requiring models accurate at scales finer than 1.5 cm should consider a method

requiring higher hardware/software effort and cost or at minimum calibrate their cameras.

Our reduced accuracy in Z compared to X-Y was expected because the camera travelled

only in the X-Y plane. Having divers film around objects to capture more Z-plane features

may improve Z-plane accuracies as well as capture structures precluded by overhangs. We per-

formed a few trials filming perpendicular to the surface terrain, or around objects, but it led to

unwanted noise in the models or yielded unsuccessful photo alignment—complications likely

caused by the extended background water column introducing moving particulates and not

containing features for the SfM algorithm to align. A solution could be PhotoScan’s “mask”

feature, but trade-offs with dive time and ease-of-use would need to be considered.

Overall the results indicate that measurements taken from 3D modelled reef in any direc-

tion can be treated with a high degree of confidence. This is further supported by the consis-

tently accurate results obtained from the varying selection of shaped and sized objects, which

gives reassurances when working with the highly variable structure of the natural world. It is

worth noting that some objects rendered better than others. For example, looking closely at

Fig 2, the surface of the SCUBA tank appears to have a texture less smooth than the real life

object; this could be because it is somewhat shiny and therefore not ideal for photogrammetry.

These texture discrepancies are better estimated by the metrics of rugosity, fractal dimension

and vector dispersion rather than point-to-point distances, however, and so are discussed in

more detail later. Importantly at this stage, it had no impact on the accuracy of point-to-point

distance measurements, meaning our models are well suited to the collection of size data.

Rugosity. Models’ rugosities matched strongly with traditional in-situ chain-and-tape

measurements (Fig 7), both via the extendible-chain method (n = 34, R2 = 0.86; p < 0.001;

one-sample t-test) and the fixed-length chain method (n = 18, R2 = 0.83; p< 0.001; one-sam-

ple t-test).

Reported as accuracies using Eq 1, the extendible chain method had an accuracy of

85.7 ± 22.8% and the fixed length chain method had an accuracy of 86.8 ± 7.8%. These

Fig 6. Accuracy of 3D model in terms of point-to-point distances. The root mean square errors (RMSE) of our models were 1.48 cm in

X-Y and 1.35 cm in Z, with models underestimating dimensions in both X-Y and Z.

https://doi.org/10.1371/journal.pone.0175341.g006
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accuracies are on par with the accuracies of 85.3 ± 0.6% [33] and 89% [56], the only other stud-

ies to compare linear rugosity from a SfM 3D model (albeit using different methods) to chain-

and-tape measurements.

Fractal dimension. D values from underwater 3D models matched well with ground

truths. The highest accuracy occurred for measurements at the largest measured resolution,

30–60 cm (99.67 ± 0.11%) and accuracy decreased only to 93.57 ± 2.13% at the finest resolu-

tion, 1–5 cm (Fig 8; Table 1). Reduced accuracy at the finer scale was understandable, as

smaller details are logically more difficult to capture because of complications such as particu-

late matter in the water interfering with image resolution. D values were marginally underesti-

mated at the 1–30 cm resolutions, which is visibly demonstrated by the excessively smooth

appearance of modelled objects (Fig 8).

The higher accuracy of D compared to point-to-point distances, rugosity, and 1/k indicates

that models are well-suited to convey overall complexity, even though some features may not

perfectly match their ground truths.

Vector dispersion. 1/kmatched well with ground truths, with an overall accuracy of

86.94 ± 4.55% (Table 1). There was no consistency in whether the models over- or underesti-

mated 1/k. This level of accuracy can be considered above satisfactory, and further validates

that the underwater 3D models used here accurately represent the structural complexity of

their study areas. While no other study to our knowledge has computed accuracies in terms of

D or 1/k, our accuracies are on the high-end of the wide range reported by other studies com-

puting surface area and volume from photographic models, accuracies which range 1–17%

and 2–9% for surface area and volume, respectively [38].

Precision

The rendering of multiple models of the same reef area demonstrated the high repeatability of

the method. Table 2 shows that coefficient of variation (CV) in measurements were all below

Fig 7. In-situ chain-and-tape measurements compared to those taken with a virtual chain on a 3D model. Method I is the extendible-

chain method and Method II is the fixed-length chain method. The extendible chain method had an accuracy of 85.7 ± 22.8% and the fixed

length chain method had an accuracy of 86.8 ± 7.8%.

https://doi.org/10.1371/journal.pone.0175341.g007
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2.8% (for rugosity) and as low as 0.6% (for D between 1–5 cm). The slight variations could

result from human influences such as inconsistency in filming technique, scaling along the

quadrat, and placement of rugosity lines or point clouds over the model. While no other study

to our knowledge has computed precision in terms of D or 1/k, our results are on the low-end

of the range of 1–10% reported by [38] for surface rugosity from photogrammetric models.

Similar to our method, [38] modelled six scenes 7–10 times to derive their CVs.

Future study

To further refine the filming technique and model rendering process, it would be helpful to

assess the accuracy of measurements along the Z plane for larger objects, as this study only

measured up to 18 cm in Z. It would also be useful to explore how model quality is affected by

water conditions, available lighting (quality/quantity), depth, and other environmental factors

(e.g., [57] look at sun and wind patterns to find the optimum daytime for filming).

Fig 8. Fractal Dimension (D) of underwater 3D-printed objects at five spacial scales compared to ground truths. 3D printed structures were

placed underwater and 3D modelled. Their surface areas were computed at five spatial scales (60, 30, 15, 5, and 1 cm) to compute D, which is the slope

of model’s resolution versus model’s surface area on logarithmic scales. Surface areas at the 60 and 30 cm resolutions matched nearly perfectly between

the ground-truth structures (top row) and the underwater 3D models (UW 3DM), while the 3D models slightly underestimated surface area at finer

resolutions.

https://doi.org/10.1371/journal.pone.0175341.g008
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Computing additional metrics of structural complexity could also assist with long-term reef

monitoring strategies and benthic community assessments. Metrics such as surface area, vol-

ume, slope, and average height could be of interest, as could any of those reviewed by [2] or

[58]. Slope in particular is not addressed in our study, as all our quadrats were placed flat (par-

allel to the ocean surface) for simplicity and consistency. To incorporate slope into 3D models,

the models should be rotated to the appropriate angle prior to obtaining metrics, or rugosity

could be decoupled from slope [56]. We attempted to tie a small fishing float to the corner of a

quadrat to indicate its angle with respect to the surface, but, unsurprisingly, the float moved

too much to render in the 3D model. On future studies, divers might record a quadrat’s angle

by noting the depths of two corners of the quadrat and positioning the 3D model accordingly.

Advanced users may also wish to implement other numerical approaches for estimating fractal

dimension and/or metrics from the field of pattern recognition (machine learning and/or

computer vision) such as lacunarity [47], color texture analysis based on fractal geometry [48],

and/or local fractal dimension [49]. These state-of-the-art methods are presented for image

analysis, but it would be possible to apply them on a coral reef 3D model by converting the 3D

model into a “heat map” or 2D array of the quadrat. Once the heat map is generated, existing

toolboxes in MATLAB (e.g., as [50] uses) would likely be more suited to the calculations than

Rhino-Python scripts. That said, a user would still need to initially process the model in Rhino

to scale, rotate, and identify the quadrat area.

Conclusion

While 3D modelling from underwater photogrammetry is a reasonably established method for

representing and assessing coral reef structures, it remains largely reliant on sophisticated or

Table 1. Accuracies of Underwater 3D Models (UW 3DM) in terms of fractal Dimension (D) and vector dispersion (1/k). Accuracies computed using Eq

2 for D and Eq 1 for 1/k. Sets I, II, and III are pictured in Fig 8.

Measurement Accuracy (%) Set Ground Truth UW 3DM

D0.60−0.30 99.67 ± 0.11 I 2.0032 2.0056

II 2.0026 2.0071

III 2.0003 2.0033

D0.30−0.15 95.26 ± 4.59 I 2.3257 2.2606

II 2.0131 2.0138

III 2.4096 2.54

D0.15−0.05 93.26 ± 2.01 I 2.4148 2.3516

II 2.0952 2.0138

III 2.5085 2.383

D0.05−0.01 93.57 ± 2.13 I 2.1975 2.1044

II 2.131 2.086

III 2.264 2.1687

1/k 86.94 ± 4.55 I 0.249 0.226

II 0.194 0.171

III 0.304 0.359

https://doi.org/10.1371/journal.pone.0175341.t001

Table 2. Precision of 3D models. Models showed low variation in terms of rugosity (R), vector dispersion (1/k) and fractal Dimension (D). Eight quadrats

were each modelled three times. The coefficient of variation (CV) was the average standard deviation of measurements divided by the average measurement.

R D1.20−0.60 D0.60−0.30 D0.30−0.15 D0.15−0.05 D0.05−0.01 1/k

CV 2.8% 0.7% 1.3% 1.0% 2.8% 0.6% 1.9%

https://doi.org/10.1371/journal.pone.0175341.t002
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costly hardware and/or software that can restrict accessibility to the wider research and conser-

vation community. We present a cost-effective and automated technique that demonstrates

how a single uncalibrated GoPro camera can produce accurate and precise models at small

spatial scales (1.5 cm to 2 m), with variations in structural complexity between models below

3% and a high level of accuracy when compared to ground-truth measurements. We also pro-

vide useful tools for non-programmers to quantify reef 3D structures via a suite of ecolog-

ically-relevant metrics. By expanding beyond simple rugosity measurements to include fractal

dimension (D) and vector dispersion (1/k), we provide researchers with a more thorough

approach to exploring the quantity and quality of 3D complexity, including the ability to focus

on complexity ranges that are ecologically relevant to target organisms.
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Correction

The following correction was filed with PLOS ONE on May 12, 2018:

Figure 6 (on page 11/18 of the PLOS ONE print) should be replaced
with the graph below (Fig. 2.3(a)). None of the text changes. The
differences between the original and revised Figure 6 are as follows:
(a) the horizontal axis label on the right graph is corrected from "Real
Distance in X or Y (cm)" to "Real Distance in Z (cm)", (b) three
erroneous points are removed from the horizontal axes, and (c) the
trendlines are corrected to match correct values which are reports in
text.

(a) Corrected Figure (b) Original Figure

Figure 2.3: Same captions as in the publication: "Figure 6: Accuracy of 3D model in
terms of point-to-point distances. The root mean square errors (RMSE) of our models
were 1.48 cm in X-Y and 1.35 cm in Z, with models underestimating dimensions in both
X-Y and Z."

2.4 Supplementary Material: Teaching Guides

Through 2016-2017 I taught several workshops on how to apply the method

presented in this Chapter. After the 3–4 hour workshop, participants were fully

competent with software involved. Several participants then went on to teach it

to others. The materials I developed for the workshop are hosted online because

they are continually updated. They can be found at: https://github.com/

gracecalvertyoung/Underwater-Photogrammetry-Teaching-Material. Addi-

tionally, collaborator Kathryn Whittey and I posted video tutorials on how to

compute R, D, and 1/k as described in this Chapter; those tutorials are online

at www.graceunderthesea.com.
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2.5 Supplementary Material: Interactive 3DMod-
els

The following direct to interactive versions of 3D models from this Chapter that

can be rotated, panned, and made larger/smaller on any web browser, including on

a mobile phone. Models are hosted on SketchFab, an online platform for publishing,

sharing, and discovering 3D, virtual reality, and artificial reality content. Models

are viewable in Google cardboard or other virtual reality headsets as indicated by

the orange glasses icon (Creative Commons licence CC0).

3D model of objects used to measure

accuracy of the 3D models (Fig. 2 from

the publication in this chapter). Available

at https://skfb.ly/6vvou, or scan the

QR code.

3D model created with the method

described in this Chapter. This is a 2 x

2 quadrat of coral reef at the dive site

Black Coral Wall, Utila, Honduras filmed

05 August 2016. Available at https://

skfb.ly/6vvoN, or scan the QR code.

3D model created with the method

described in this Chapter. This is a 2 x

2 quadrat of coral reef at the dive site

Stingray Point, Utila, Honduras filmed 06

August 2016. Available at https://skfb.

ly/6vvoQ, or scan the QR code.
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I know that the place looks like a bit of a mess, but
its actually a very delicate ecosystem.

— The IT Crowd, Season 1, Episode 4

3
Three-Dimensional Models of Coral Reefs
Predict Caribbean Fish Abundance and

Diversity

Contents
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3.3 Publication: Young, G. C., et al. "Three-Dimensional

Models of Coral Reefs Predict Caribbean Fish Abun-
dance and Diversity." In Prep. . . . . . . . . . . . . . . 47

3.1 Context

This chapter ties ecological data to reef 3D models created via the method

described in the previous chapter. We quantify the structural complexity of the 3D

models in terms of the three ecologically relevant metrics described in the previous

chapter: linear rugosity, fractal dimension, and vector dispersion. We link these

metrics to fish survey variables, although the method could be applied to other

correlation studies, such as with urchins, algae, seabed classifications (e.g., rock,

muddy sand, mud as in Dartnell and Gardner (2004)), or other ecological features
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thought to correlate with structural complexity.

Testament to the timeliness and novelty of this study, in late October 2017,

González-Rivero et al. (2017) published a similar study in Nature Communications

titled "Linking fishes to multiple metrics of coral reef structural complexity using

three-dimensional technology." They cite our publication from Chapter 2 of this

thesis. Their paper has many similarities to ours and a few key differences as

discussed in the paper and summarized here with connections to other sections of

this thesis. Like the study we present in this Chapter, they use photogrammetry

to create 3D models of a Caribbean reef (Glover’s Atoll, Belize). Unlike our study,

however, González-Rivero et al. (2017) focus on three damselfish species, whereas

we recorded all fish species above the quadrats. González-Rivero et al. (2017) also

employed different structural complexity metrics. Their metrics (visual exposure,

density of refuges, and substrate availability) correlated more strongly than ours

did to the fish data. Differences in site, species, and several other factors apart from

methodology could explain this difference, as discussed in our paper. An advantage

to their metrics over ours is that theirs have straightforward ecological meaning,

whereas fractal dimension and vector dispersion are abstracted mathematically.

The drawback to their metrics over ours is that theirs cannot currently be fully

automated; theirs require humans to pinpoint refuges and identify algae. While this

is acceptable for small data sets, it is not feasible for large swaths of 3D modelled

reef, especially if they need to be monitored consistently over years. This topic is

further discussed in Chapter 6.3 of this thesis: Limitations and Future Directions.

A next step for technology-minded ecologists could be automating the calculation

of the metrics used by González-Rivero et al. (2017), or ones similar. This avenue

of future research is explored in Chapter 5 and 6.1.4.

This Chapter spawned two follow-up studies that are already underway as

publications in preparation (Appendices A & B). Their relations to this chapter

are briefly described below.

A Ninety 2x2 m quadrats were 3D modelled on a reef off Bonaire in the Caribbean

and tied to fish survey variables — same size quadrats, same 3D modelling
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methods, and same fish variables as this chapter, so the different sites could

be compared. Only rugosity at the 2 cm scale was calculated from the 3D

models to simplify analysis and because this chapter showed that rugosity

alone predicted fish survey variables as well as all the other metrics (or visual

assessment) combined. As described in Appendix A, there were significant

linear relationships between rugosity and species richness (R2 = 0.43), Simpson

diversity index (R2 = 0.31), and Shannon diversity index (R2 = 0.27), with

R2 values higher than reported in the present chapter. The study also shows

that position on the reef profile (either terrace, drop-off, or slope) effected fish

survey variables and rugosity.

B Fifty-six 2x2 m quadrats were 3D modelled on a reef off Utila, Honduras, the

same study site as this chapter. Again, the methodology was the same as this

chapter — same size quadrats, same 3D modelling methods, and same fish

variables — except that fish surveys were conducted by video surveys instead

of diver surveys. Contrary to the findings of the present study and others,

only total fish abundance significantly correlated with complexity metrics

and only with fractal dimension at the scale 5–15 cm (D5−15 cm) and vector

dispersion (1/k). Further contrary to other studies’ findings, the correlations

were negative (ρ=-0.41 and -0.29 with D5−15 cm and 1/k respectively). This

contrasting result could be the result of the video surveys not capturing

as many cryptic fish species as the diver surveys. Moreover, more complex

structures (with higher D5−15 cm and 1/k) may have occluded more cryptic

species in video footage than relatively flat structures did.

3.2 Author Contributions

The authors of this publication, in order, are: G. C. Young, D. A. Exton, S. Burch,

E. Page, E. E. Purdue, B. Van Doren, and A. D. Rogers. Author contributions are

listed in CRediT taxonomy in Table 3.1 on page 46 following Brand et al. (2015).
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Abstract1

Coral reef structural complexity has been shown to positively correlate with2

fish abundance and diversity. Most correlative studies have measured structural3

complexity with two-dimensional or visual metrics, such as chain-and-tape ru-4

gosity or the Habitat Assessment Score (HAS). In this study, we create three-5

dimensional (3D) models of 85 2x2 m quadrats of reefs around the Caribbean6

island of Utila. We show how metrics of structural complexity from the 3D7

models have the same predictive power for fish abundance and diversity as the8

more traditional metrics of chain-and-tape rugosity or HAS. The 3D metrics were9

linear rugosity (R), fractal dimension (D), and vector dispersion (1/k). R was10

the best predictor of fish variables, followed by 1/k, with the highest significant11

Spearman’s rank correlation coefficients with all fish variables. D measured be-12

tween 15–30 cm and 5–15 cm also correlated with fish variables, but D measured13

at other scales 1–120 cm did not. We suggest 3D models become a standard14

approach for measuring reef structural complexity. Not only can they explain15

as much variation as traditional measurements for fish abundance and diversity,16

but also they can non-destructively produce a variety of 3D metrics at numerous17

spatial scales and keep a permanent record of reef structure over time.18

19

Keywords: underwater photogrammetry · coral reefs · fish · damselfish · structural20

complexity · habitat complexity · rugosity · fractal dimension21
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1 Introduction22

Studies spanning decades have identified structural complexity as a key factor23

enabling coral reefs to provide their unique ecosystem functions (Hiatt et al., 1960,24

McCormick, 1994, Knudby & LeDrew, 2007, Graham & Nash, 2013). Broadly25

those ecosystem functions include hosting some of the planet’s highest levels of26

biodiversity (Moberg & Folke, 1999), harbouring a third of all marine species27

(Fisher et al., 2014), and protecting shorelines against storms and erosion (Fer-28

rario et al., 2014). In this context, structural complexity describes reefs’ physical,29

three-dimensional (3D) geometry. The geometry provides essential habitat fea-30

tures associated with ecosystem engineers, such as shelter from predators (Hixon31

& Beets, 1993, Rogers et al., 2014), places to spawn (Bourget et al., 1994, Coker32

et al., 2012), surface areas for grazing (Vergés et al., 2011), and differential re-33

gions of light (Obura, 2005) and turbulence (Hearn et al., 2001, Johansen et al.,34

2008).35

A smorgasbord of metrics can quantify reef structural complexity. The most36

popular metric is chain-and-tape or linear rugosity (R). To measure R, a SCUBA37

diver lays a chain on a reef and measures the end-to-end distance that the chain38

falls. The chain’s full length divided by its draped length equals R, meaning39

that R increases with structural complexity (Risk, 1972, Luckhurst & Luckhurst,40

1978). Other metrics derive from profile gauges (Carleton & Sammarco, 1987,41

McCormick, 1994), digital level gauges (Dustan et al., 2013), visual assessments42

by divers (Gratwicke & Speight, 2005, Wilson, Graham & Polunin, 2007), or43

vectorizations of reef 3D models (also termed ‘surface descriptors’ or ‘terrain44

descriptors;’ e.g., Wilson, O’Connell, Brown, Guinan & Grehan (2007), Friedman45

et al. (2012), Figueira et al. (2015)).46

Most structural complexity metrics correlate with other indicators of reef47

health such as fish abundance, species richness, coral cover, and macroalgal48

cover, although relationships can vary from strong to weak or be inconsistent49
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(McCormick, 1994, Lingo & Szedlmayer, 2006, Komyakova et al., 2013). The50

relationship between structural complexity and fish is of particular interest to51

not only ecologists who want to understand relationships between structure and52

function (Lingo & Szedlmayer, 2006), but also to fisheries managers who want53

to maximise yields (Rogers et al., 2014). While correlations do not imply causa-54

tions, the correlations are particularly useful in the context of reef studies because55

(a) structural complexity may be an easy-to-measure proxy for other indicators56

of reef health and (b) they hint at possible underlying ecological principals that57

could, for example, enhance reef restoration.58

Relying on R alone as the metric of structural complexity, as many studies do,59

leaves much unanswered about correlations’ ecological underpinnings. Although60

relatively easy to calculate, R is a simplistic measure that can mask nuances in61

reef structure (Friedlander & Parrish, 1998, Goatley & Bellwood, 2011, Plaisance62

et al., 2011, Graham & Nash, 2013). Moreover, measuring it with the chain-and-63

tape method can damage the reef and yields R only at the spatial resolution of64

the chain link. This can be problematic because it is often unclear which spatial65

scales are ecologically meaningful for organisms of interest (Knudby & LeDrew,66

2007, Mellin et al., 2009).67

Metrics from reef 3D models are particularly promising for structural com-68

plexity assessments because the 3D models can be preserved over time, analysed69

automatically at several scales, and yield a wide variety of metrics (including, but70

not limited to, R). 3D metrics’ precision and accuracy are limited only by a 3D71

model’s spatial resolution, and 3D reef models can be generated with arbitrarily72

fine or large spacial resolutions (mm to km scales), dependent upon the modelling73

method. Thanks to technological advancements in the last decade, there are sev-74

eral underwater 3D modelling methods, including photogrammetry (Burns et al.,75

2015, Leon et al., 2015), LiDAR (Pittman & Brown, 2011), sonar (Huvenne et al.,76

2002, Wilson, O’Connell, Brown, Guinan & Grehan, 2007, Zawada et al., 2010),77

satellite remote sensing with acoustic depth sounding (Purkis et al., 2008), stereo78
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imagery with underwater vehicle position (Johnson-Roberson et al., 2010), and79

combinations thereof (Costa et al., 2009, Pizarro et al., 2009, Robert et al., 2017).80

Several studies worldwide have demonstrated that structural complexity pos-81

itively correlates with fish abundance and/or diversity through structural com-82

plexity metrics not derived from 3D models: e.g., in the Caribbean (Almany,83

2004, Gratwicke & Speight, 2005, Grober-Dunsmore et al., 2007, Rogers et al.,84

2014), on the Great Barrier Reef (Beukers & Jones, 1997, Komyakova et al., 2013),85

off Western Australia (Vergés et al., 2011), off New Zealand (Willis & Anderson,86

2003), in the Gulf of California (Aburto-Oropeza & Balart, 2001), and in the87

Red Sea (Roberts & Ormond, 1987). Far fewer studies have demonstrated that88

structural complexity correlates with fish assemblages through metrics derived89

from 3D models. Mellin et al. (2009) review the nine studies available at the time90

of publication that used remote sensing data, which can produce a type of 3D91

model, to predict coral reef fish abundances and diversities. The author notes92

that these studies generally did not corroborate each other. In the Caribbean,93

Agudo-Adriani et al. (2016) showed that length, volume, number of peripheral94

branches, and average number of branches from photogrammetry 3D models of95

the coral Acropora cervicornis predicted fish abundance and richness. Bejarano96

et al. (2011) showed that acoustic roughness from ecosounder 3D models predicted97

fish abundance. Pittman & Brown (2011) showed that metrics from LiDAR 3D98

models (scales 5-300 m) could predict fish species distributions. Off the Florida99

coast, Walker et al. (2009) showed that surface and linear R from LiDAR 3D100

models predicted fish populations. González-Rivero et al. (2017) found that met-101

rics from photogrammetric 3D models of reef explained damselfish abundance102

distribution better than the traditional measure of rugosity.103

This study is one of the first to tie ecological data to a suite of structural104

complexity metrics that are only possible to compute from 3D models. It uses a105

suite of 3D metrics from photogrammetric 3D models to attempt to predict fish106

assemblages at the meter scale. Fish surveys and 3D models (accurate to≈1.3 cm)107

3. Three-Dimensional Models of Coral Reefs Predict Caribbean Fish Abundance
and Diversity 52

52



were completed over 2x2 m quadrats on a Caribbean reef. Structural complexity108

was quantified by 3D metrics that could be automatically calculated from the109

3D models by software: rugosity (R), fractal dimension (D) measured at five110

different scales 1–120 cm, and vector dispersion (1/k). Additionally, structural111

complexity was quantified by Habitat Assessment Score (HAS), a metric derived112

from in-water diver surveys. HAS was chosen as a baseline to compare with 3D113

metrics because it is a popular means of capturing a range of habitat features114

that has been shown to correlate significantly and positively with fish abundance115

and species richness (Gratwicke & Speight, 2005).116

This paper addresses several research questions. The first relates to the 3D117

models’ predictive abilities: Are 3D metrics able to predict fish abundance, species118

richness, and diversity as well as or better than HAS? The second research ques-119

tion attempts to better understand: Does the 3D metric fractal dimension cor-120

respond to what divers perceive as refuges (holes or crevices) at the same size121

categories? This would suggest that if fish prefer structures with high fractal122

dimension, it could be because the high fractal dimension indicates the pres-123

ence of refuges, a feature already shown to affect fish (Willis & Anderson, 2003,124

Gratwicke & Speight, 2005). Finally, is damselfish (Pomacentridae family) abun-125

dance greater for fractal dimensions at scales close to their body sizes? Damselfish126

were highlighted because they have demonstrated preferences for high structural127

complexity at the scales measured in this study (Holbrook et al., 2000, Precht128

et al., 2010), although not in terms of 3D metrics.129

2 Materials and methods130

2.1 Study sites131

This study took place at five reef sites on the southern coast of the Caribbean132

island of Utila, Honduras (Fig. 1). Each site was surveyed in both the morning133

and afternoon and over several days to counter potential bias from weather or134
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time of day. Data were collected over 17 days between 18 July 2016 and 9 August135

2016. Eighty-five 2x2 m quadrats were surveyed, at least 15 at each dive site.136

Research commenced under permit from the Instituto de Conservación Forestal137

(#ICF-DE-MP-080-2016).138

Figure 1: Study sites around the Caribbean island of Utila, Honduras. Inset shows Utila (boxed
in red) relative to the rest of Central America and the Caribbean. Reef sites labelled as follows:
(1) Diamond Cay (DC), (2) Stingray Point (SP), (3) Little Bight (LB), (4) Pretty Bush (PB),
and (5) Black Coral Wall (BW). Map generated with permission from the GADM database of
Global Administrative Areas.

2.2 Quadrat placement139

Quadrats were placed in a semi-random fashion. Firstly, SCUBA divers laid140

a 20 m transect tape along the reef, starting near a site’s mooring buoy and141

continuing along a depth contour at 5±2 m. Each time a site was surveyed,142

the transect was placed on a different area of reef at the same depth (5±2 m).143

Secondly, divers placed quadrats equidistantly along the transect (5 m apart).144

Two considerations made quadrat placement not truly random: (1) When plac-145

ing a quadrat, a diver did not include moving structures that would obscure other146

parts of the seabed; this was because moving structures cannot be rendered by147

SfM photogrammetry, as they do not have a static position in 3D space. In prac-148

tice, this meant repositioning some quadrats on nearby suitable reef to avoid sea149

fans and sea whips (most commonly Gorgonia flabellum or Ellisella barbadensis).150
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(2) Quadrats were positioned such that they could lay flat, approximately parallel151

to the ocean surface, to ensure consistency in slope across the data.152

2.3 In-water data collection153

2.3.1 Underwater filming154

Divers filmed each quadrat with a GoPro camera (either Hero 3, 3+ or 4)155

in a GoPro flat port underwater housing. They followed exactly the method156

described in Young et al. (2017); i.e., they swam over the quadrat in a lawnmower157

pattern while pointing the camera directly down at the seabed. The camera was158

in video mode with all default settings except: resolution 1080p, field-of-view159

narrow, sharpness medium, capture rate 24-30 frames per second, and white160

balance 6500K. Only ambient light illuminated scenes. Divers spent 2-5 minutes161

filming each quadrat. Filming was stopped if there were any movements that162

would hinder the quality of the 3D model (e.g., if a school of fish swam between163

the camera and the quadrat), and divers restarted filming once the disturbance164

passed.165

2.3.2 Recording Habitat Assessment Scores (HAS)166

Two divers separately estimated the Habitat Assessment Score (HAS) of a167

quadrat. They followed the method of Gratwicke & Speight (2005), whereby168

divers score the reef from 1 to 5 in six categories: (1) rugosity, (2) variety of169

growth forms, (3) approximate height, (4) number of refuge size categories, (5)170

approximate percentage of live cover, and (6) approximate percentage of hard171

substratum. HAS is the sum of those scores, where a low value indicates low172

habitat complexity while a high value indicates high habitat complexity.173

Divers were not expected to always record the exact same score, as HAS is par-174

tially subjective. Two divers’ scores were therefore averaged as the best estimate175

for the quadrat. Additionally, divers recorded which of the refuge size categories176

they observed for HAS. They recorded “present” if they observed holes or gaps177
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in habitat architecture or substratum at a given size category, or “absent” if they178

did not. The size categories were 1-5, 6-15, 16-30, 31-50 and >50 cm, following179

Gratwicke & Speight (2005).180

2.3.3 Surveying fish181

The method for surveying fish was the same as Gratwicke & Speight (2005),182

the study that devised HAS. For nine minutes divers recorded all fish passing183

within the ∼2x2x2 m space over the quadrat boundaries; they did this while184

hovering at least 1 m away from the quadrat. A final minute was spent looking185

closer at the quadrat, actively searching for fish previously unnoticed because186

they were camouflaged or hiding in the structure.187

From the fish survey data, the following summary metrics were computed188

for each quadrat: total fish abundance, species richness (i.e., number of dis-189

tinct species), Shannon diversity index (Shannon, 1948), Simpson diversity index190

(Simpson, 1949), and damselfish abundance. These metrics were chosen based on191

similarities with other publications of fish survey results, in particular Gratwicke192

& Speight (2005) and Belmaker (2009). Note that total fish abundance was the193

sum of the residential and transient fish abundances.194

2.4 3D model generation195

Video footage of a quadrat was converted into an image sequence at 3 frames196

per second using the open source program FFmpeg (www.ffmpeg.org). Images197

were then loaded into the structure-from-motion software PhotoScan Standard198

(Agisoft LLC, St. Petersburg, Russia), where 3D models rendered with the same199

settings as Young et al. (2017). Models were then imported into the 3D modelling200

software Rhinoceros 3D (“Rhino”; Robert McNeel & Associates, Seattle, WA,201

USA), where each was scaled such that a quadrat’s edge length was 2 m. All202

models were rotated so that the quadrat laid parallel to the X-Y plane, as this is203

how quadrats were placed in-water. Figure 2 shows two example 3D models with204
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(a) (b)

(c) (d)

Figure 2: 3D models from photogrammetry and photos of 2x2 m quadrats with contrasting
structural complexity. Images are shown with true colours, no RGB correction. (a) 3D model
of quadrat with high structural complexity (i.e., all 3D metrics greater than median values);
quadrat highlighted for visual clarity. Corner boxed in red corresponds to corner in (b), a birds-
eye-view photo of the same quadrat. (c) 3D model of quadrat with low structural complexity
(i.e., all 3D metrics lower than median values); quadrat highlighted for visual clarity. Corner
boxed in red corresponds to corner in (d), a birds-eye-view photo of the same quadrat.

different structural complexities. Because the filming and rendering method was205

the same as in Young et al. (2017), it is assumed that these 3D models were also206

precise and accurate to 1.48 cm in X-Y and 1.35 cm in Z.207

Quadrat data were discarded if quadrat edges in the 3D model were not clear208

enough to indicate scale. Seven quadrats (from an original 92 rendered) were209

removed from the dataset for this reason.210

2.5 3D metrics computation211

All 3D models’ structural complexity metrics were computed using the scripts212

available from Young et al. (2017); scripts were written in the Python program-213
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ming language for use within the Rhino 3D modelling software. The structural214

complexity metrics from the 3D models are hereafter referred to as the 3D met-215

rics and should not be confused with HAS, which is a habitat complexity metric216

from in-water diver surveys. The following 3D metrics were chosen for their eco-217

logical relevance, as described in Young et al. (2017): linear rugosity (R), fractal218

dimension (D), and vector dispersion (1/k).219

To compute R, six virtual chains were laid on the 3D model as depicted in Fig.220

3(a). Virtual chains traced the contours of the 3D model, as would a physical221

chain laid upon the sea floor. They were laid via the extendible-chain method of222

Young et al. (2017). Values of R computed this way from 3D models correlate223

positively and tightly with those measured in-situ via the chain-and-tape method224

Young et al. (2017), the most widely used structural complexity metric among225

marine researchers (Graham & Nash, 2013). Equation 1 gives R for a quadrat,226

where R is the average from six virtual chains.227

R =
1

6

(
N=6∑

i=0

undraped length of chaini

draped length of chaini

)
, (1)

where all chains in this study had a draped length 1.75 m and undraped lengths >228

1.75 m. The draped length of 1.75 m was used instead of the theoretical maximum229

of 2 m (the length of the quadrat), because it allowed chains to cover as much230

of the quadrat area as possible while consistently and comfortably avoiding the231

PVC pipes of the quadrat itself.232

Fractal dimension (D) was computed at five scales: 60–120, 30–60, 15–30, 5–233

15, and 1–5 cm. These ranges were chosen to follow the refuge size categories234

chosen for HAS by Gratwicke & Speight (2005), although some modifications235

were needed as the upper bound of D must be divisible by the lower bound, and236

because D requires set boundaries. D is a unitless number between 2 and 3,237

where 2 indicates a flat plane (2D) and 3 indicates a very complex surface (close238

to 3D). Ecologically, if D15−30 cm is high (D15−30 cm >≈ 2.25), then there is likely239
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(a) (b) (c) (d)

Figure 3: Intermediate steps in the calculation of structural complexity metrics from the 3D
models. (a) Six virtual chains (shown in red) laid in a grid pattern over the reef 3D model to
calculate linear rugosity (R). For the same quadrat, a 1.20 x 1.20 m patch of quadrat rendered
at (b) the 15 cm resolution and (c) the finer resolution of 5 cm. Fractal dimension (D) describes
how the surface area changes with resolution. (d) A 1.60 x 1.60 m patch of the quadrat rendered
from a grid of points (spaced 1 cm apart) projected onto the reef 3D model; close-up shows how
triangles connected adjacent points. Vector dispersion (1/k) describes relationships between the
angles of triangle’s normal vectors. For all 3D metrics, higher values indicate higher structural
complexity.

to be many crevices suitable for animals with body sizes 15–30 cm (Tokeshi &240

Arakaki, 2012). Conversely, if D15−30 cm = 2.00, then the surface is a flat plane241

and does not offer shelter to animals of those body sizes. To further develop242

an ecological understanding of D, in this study values of D were compared with243

divers’ perceptions of the refuge size categories for HAS.244

Finally, 1/k was computed by the script available from Young et al. (2017)245

and originally by Carleton & Sammarco (1987). Whereas Carleton & Sammarco246

(1987) calculated 1/k from points they measured with a profile gauge on coral247

samples, in this study a virtual grid of points was projected onto the 3D models.248

The script projected a 1.60 x 1.60 m grid of points within the 3D model quadrat.249

Grid points were evenly spaced apart by 0.01 m. The script then created a surface250

from the points by connecting adjacent points with triangles as depicted in Fig.251

3(d). It then computed 1/k for each 0.20 x 0.20 m area. Values from all areas252

(i.e., the 64 areas, each 0.20 x 0.20 m, which composed the total 1.60 x 1.60 m253

grid) were averaged to estimate 1/k for the quadrat.254

2.6 Statistical analysis255

All statistical analysis was conducted in R 3.3.3 (R Core Team, 2017). Statis-256

tical significance was considered at α = 0.05. The fish variables were considered257
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dependent variables, while the structural complexity metrics were considered in-258

dependent variables.259

Firstly, Spearman rank correlation coefficients (ρ) determined the strength and260

significance of monotonic relationships between variables. ρ was more suitable261

than linear models for assessing trends because the data were heavily skewed. The262

False Discovery Rate correction adjusted P -values to avoid Type I errors from263

multiple testing. Before combining data from the different sites and days, analysis264

of variance (ANOVA) tests determined whether or not site, day, or interactions265

between the two significantly affected any of the fish variables. Post-hoc pairwise266

t-tests probed any differences between individual sites. If two variables signifi-267

cantly correlated with |ρ| > 0.80, then they were considered collinear, and only268

one was carried forward in analysis to avoid redundancy. To elucidate possible269

ecological interpretations of D, it was plotted against the refuge size categories270

that divers observed for HAS so that any patterns that might explain correlations271

between those two variables could be visually inspected. A Principal Component272

Analysis (PCA) also assessed relationships between the 3D metrics and consol-273

idated them into fewer variables or principal components (Jolliffe, 1986). The274

function ‘PCA’ from the ‘FactoMineR’ library (Lê et al., 2008) performed the275

PCA; it automatically scaled values to unit variance prior to PCA.276

Secondly, linear models fit the relationships between fish variables and struc-277

tural complexity metrics and compared the predictive powers of the models with278

HAS and 3D metrics. One set of linear models had HAS as the independent vari-279

able. Another set had 3D metrics (represented by the first principal component,280

PC1) as the independent variable. A final set, created post-hoc, had R as the281

independent variable. The models with R were created post-hoc because R alone282

had highly significant correlations in terms of ρ with all fish variables. The fish283

variables were transformed by either natural logarithm, square, or square root284

to meet model assumptions (diagnostics in Fig. S1-S2). Initial models included285

site as a fixed effect and day as random effects using the ‘lmer’ function of the286
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R library ‘lme4’ (Bates et al., 2015). Site was a fixed rather than random effect287

because (a) we had only five sites, and (b) because the ANOVA revealed sites’288

effects were not random (with one site, PB, had a stronger effect on fish variables289

than the other sites). A random effect was removed if its 95% confidence interval290

contained zero, and a fixed effect was removed from a model if non-significant.291

Vuong tests compared non-nested models (Vuong, 1989). They were implemented292

with the ‘vuongtest’ function in the R library ‘nonnest2’ (Merkle et al., 2015).293

If Vuong’s variance test established that two models were distinguishable, then294

Vuong’s non-nested likelihood ratio test evaluated the null hypothesis that the295

two models fit equally well to the focal population. The null hypothesis could296

be rejected in favour of either model fitting better than the other (Merkle et al.,297

2015). If model fits were equal (null hypothesis accepted), then we concluded that298

the independent variables of the two models have the same predictive power. Dif-299

ferences in models’ Akaike Information Criterion (AIC) corroborated Vuong test300

results.301

3 Results302

3.1 Effects of site and day303

Neither site nor day (nor interactions between the two) significantly affected304

any of the fish variables (P ≥ 0.05; two-way ANOVAs). Data from all sites and305

days were therefore combined in further analysis in terms of ρ.306

3.2 Relationships between fish variables307

Some fish variables correlated very strongly (Fig. S3). The following were308

removed from further statistical analyses because they were colinear with at least309

one other variable (Table 1): (1) species richness in favour of total abundance310

and (2) Simpson diversity index in favour of Shannon diversity index. Therefore311
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the only fish variables carried forward in analysis were: (1) total fish abundance,312

(2) Shannon diversity index, and (3) damselfish abundance.313

Table 1: Summary of variables. Those noted as being very strongly correlated had Spearman’s
rank correlation coefficient of |ρ| ≥ 0.80.

Structural Complexity Metrics Fish Variables
From 3D models: Total abundance

R Very strongly correlated with:
D60−120 cm Species richness
D30−60 cm Shannon index
D15−30 cm Very strongly correlated with:
D5−15 cm Simpson index
D1−5 cm Species richness
1/k Damselfish abundance

From diver surveys:
HAS

A total of 1645 fish were observed across the 85 quadrats. The six most ob-314

served species (encompassing 52% of observations) were Stegastes partitus, Tha-315

lassoma bifasciatum, Scarus iserti, Halichoeres garnoti, Stegastes adustus, and316

Scarus taeniopterus, and 54 other distinct species were recorded. Thirty-five per-317

cent of fish recorded were damselfish (Pomacentridae family). The majority of318

damselfish were Stegastes partitus and S. adustus, which comprised 32% and 20%319

of damselfish respectively, followed by S. planifrons (17%) and Chromis cyanea320

(12%). Table S1 lists each species and its observed frequency. The average321

quadrat had 19 ± 10 individual fish (mean ± standard deviation), a Shannon322

index of 0.78± 0.18, and 7± 4 damselfish (Fig. S3).323

3.3 Relationships between structural complexity metrics324

All 3D metrics significantly correlated with each other and with HAS (Fig.325

S4), but none were collinear and therefore all were included in further statistical326

analysis (Table 1).327

3.3.1 Relationships between D and HAS refuge size categories328

Divers reported observing refuge size categories 1-5, 5-15, 15-30, 30-60, and329

60-120 cm in 97%, 86%, 40%, 9%, and 1% of quadrats, respectively. Their per-330
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Figure 4: Relationships between fish variables and structural complexity metrics. LOESS
smoothing lines in red. All correlations are weak (0.20 ≤ |ρ| ≤ 0.39), except the moderately
strong relationship between R and total abundance (0.40 ≤ |ρ| ≤ 0.59). N = 85 for all
correlations. P -values adjusted by the False Discovery Rate correction. (***) ρ significant with
P -adjusted ≤ 0.05. (NS) ρ non-significant.

ceptions showed no relation to D at any scale (Fig. S5), except that for categories331

30-60 and 60-120 cm, where divers almost never observed refuges, D was heavily332

skewed towards low values (Fig. S4).333

3.3.2 3D metrics in Principal Component Analysis (PCA)334

The PCA consolidated the 3D metrics into one variable. The first principal335

component (PC1) captured the majority of variation in the 3D metrics (62.5%).336

Other principal components only marginally increased the proportion of variance337

captured (Fig. S6). PC1 strongly correlated with HAS, but not strongly enough338

to be considered collinear (ρ = 0.64, P � 0.05).339

3.4 Relationships between structural complexity metrics and fish vari-340

ables341

R and 1/k were the only 3D metrics that significantly correlated with all fish342

variables (Table 2; Fig. 4). HAS also significantly correlated with all fish vari-343

ables (Table 2; Fig. 4). D15−30 cm and D5−15 cm significantly correlated with fish344

variables except damselfish abundance (Table 2; Fig. 4). D30−60 cm and D1−5 cm345

significantly correlated with total abundance, but not any of the other fish vari-346
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Table 2: Spearman’s rank correlation coefficients (ρ) between structural complexity metrics and
fish survey variables. D60−120 cm is not listed because none of its correlations were significant,
but it was included in the P -value correction. P -values adjusted by the False Discovery Rate
correction to avoid errors from multiple testing (adjusted for 32 tests). Significant P -values
bolded.

N ρ P -adjusted
Rugosity
Total abundance 85 0.42 < 0.001
Shannon index 85 0.38 < 0.001
Damselfish abundance 85 0.24 0.042

Fractal Dimension 30-60 cm
Total abundance 85 0.25 0.040
Shannon index 85 0.20 0.097
Damselfish abundance 85 -0.03 0.819

Fractal Dimension 15-30 cm
Total abundance 85 0.32 0.011
Shannon index 85 0.39 < 0.001
Damselfish abundance 85 0.01 0.950

Fractal Dimension 5-15 cm
Total abundance 85 0.25 0.040
Shannon index 85 0.29 0.017
Damselfish abundance 85 0.20 0.097

Fractal Dimension 1-5 cm
Total abundance 85 0.24 0.040
Shannon index 85 0.17 0.160
Damselfish abundance 85 0.16 0.164

Vector Dispersion
Total abundance 85 0.28 0.027
Shannon index 85 0.34 0.006
Damselfish abundance 85 0.27 0.028

HAS
Total abundance 85 0.43 < 0.001tbf
Shannon index 85 0.32 0.011
Damselfish abundance 85 0.29 0.017
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ables (Table 2). D60−120 cm did not significantly correlate with any fish variables.347

All relationships between structural complexity metrics and fish variables were348

weak (0.20 ≤ |ρ| ≤ 0.39; Table 2), except for the moderately strong relationship349

between R and total abundance (0.40 ≤ |ρ| ≤ 0.59; Table 2).350

Although D did not correlate with damselfish abundance at any scale, plots351

of the data revealed a notable outlier (Fig. S7). The outlier quadrat had D 2–4352

standard deviations (SD) above mean values in four of the five size categories and353

hosted damselfish abundance more than five SD above the mean (Fig. S7–S8).354

3.5 Did 3D models predict fish survey results as well as or better355

than HAS?356

The 3D metrics (represented by PC1) predicted fish survey results no better357

and no worse than HAS (Table 3; full Vuong results in Table S2). R alone also358

predicted fish survey results with the same predictive power as PC1 (full Vuong359

results in Table S2; linear model in Table S3). In all linear models, the variance360

explained by day as a random effect did not significantly differ from zero. Day was361

therefore removed as a random effect in all linear models. Similarly, the variance362

explained by site did not significantly differ from zero for total fish abundance or363

Shannon index. Site was therefore removed as a random effect from those two364

linear models.365

4 Discussion366

The automated 3D modelling method had the same predictive power as HAS367

(Table 3). R alone from the 3D models, which is collinear with chain-and-tape368

measurements(Young et al., 2017), also had the same predictive power as HAS.369

This study recommends that future studies employ 3D metrics over HAS or other370

traditional methods for a number of reasons: (1) 3D metrics are purely quantita-371

tive and therefore can be more objectively compared across sites, times, and data372
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Table 3: Linear models for the fish survey metrics: natural logarithm of total abundance
(log(t. abundance)) and Shannon diversity index squared (Shannon2). Linear models contained
only fixed effects, listed as coefficients. Abbreviations as follows: dependent variable (Dependent
Var.), coefficients (Coeff.), estimate of coefficient (Est.) standard error of coefficient (SE),
Akaike Information Criterion (AIC), first principal component (PC1), and Habitat Assessment
Score (HAS). Significant P -values bolded.

Model Summary Goodness of Fit Vuong Test Result
Dependent Var. Coeff. Est. SE t-value Pr(> |t|) AIC R2 F P
log(t. abundance) (Inter.) 0.64 0.03 24.22 2E-16 125 0.15 F1,83 2E-04 Model fits equal

PC1 0.04 0.01 3.35 0.001 = 15.11 P � 0.05

(Inter.) 1.90 0.22 8.78 2E-13 120 0.20 F1,83 2E-05
HAS 0.06 0.01 4.50 2E-05 = 20.25

Shannon2 (Inter.) 3.37 0.14 24.17 2E-16 289 0.12 F1,83 0.001 Model fits equal
PC1 0.22 0.07 3.35 0.001 = 11.25 P � 0.05

(Inter.) 1.47 0.58 2.55 0.013 288 0.12 F1,83 0.001
HAS 0.12 0.04 3.39 0.001 = 11.44

collectors; (2) unlike HAS and other in-situ measurements, 3D metrics can be re-373

lied upon on sites where it is not possible for divers to visit; (3) as it is becoming374

increasingly feasible to repeatedly 3D model large swaths of reef (km scale), an375

automated data analysis method can keep up with the data much better than a376

labour-intensive method; (4) the 3D models are a permanent record of the reef’s377

3D structure that can be analysed with several metrics across spatial scales.378

The equal predictive abilities of PC1 and HAS could be explained in part by379

the strong correlations between them (ρ = 0.64, P � 0.05). This was surprising380

because PC1 and HAS derived from different measurement techniques: one purely381

quantitative and one partially subjective. Moreover, HAS contained an estimate382

of live cover, which does not necessarily correlate with structural complexity383

(Alvarez-Filip et al., 2011) let alone any of the 3D metrics. The correlation384

between PC1 and HAS could stem from them both containing R, even though R385

was precisely measured from the 3D models and “eyeballed” by divers for HAS.386

While R is only one-sixth of a HAS score, it is likely doubly weighted in HAS387

because Gratwicke & Speight (2005) found it to be colinear with another of the six388

variables in HAS: percentage hard substratum. It was therefore unsurprising that389

R strongly correlated with HAS (ρ = 0.72; Fig. S4). It would also be ecologically390
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feasible to assume that D related to the refuge size categories in HAS; however,391

this study found no evidence of such a relationship (Fig. S5).392

R alone predicted fish variables as well as the suite of 3D metrics represented393

by PC1. Studies wishing to save time or simplify analysis might therefore choose394

to measure only R from the models. After all, R is generally highly correlated395

with other metrics (Fig. S4 and Wilson, O’Connell, Brown, Guinan & Grehan396

(2007)) and the easiest to understand conceptually. That said, once a 3D model397

is generated, it is not much extra computational time to compute all the 3D398

metrics, and they may yield greater ecological understanding. In this study R399

may have been the best predictor because it covered close to the full width of400

the quadrat (1.75/2.00 m), whereas D and 1/k covered less (1.20/2.00 m and401

1.60/2.00 m, respectively); further study would be needed to confirm patterns.402

It is still unclear how to interpret D ecologically in the context of reef fishes.403

D did not correspond to the presence or absence of refuge size categories divers404

observed for HAS (Fig. S5), nor did it relate significantly to damselfish abundance405

(Fig. S7). It was expected that damselfish would prefer habitats with high fractal406

dimension at the scales near their body sizes, but this study did not observe407

significant trends. There was a notable outlier quadrat (Fig. S7; Fig.S8), and408

future studies might probe this effect by sampling surfaces with a wider range409

of D, rather than randomly placing quadrats. All fish were smaller than the410

body sizes in the category 60–120 cm, which might explain why no correlations411

with D60−120 cm were significant. However, this explanation is not likely given412

that there is still not evidence that fish prefer D near their body size. D1−5 cm413

significantly correlated with total abundance but not the other fish variables414

(Table 2), even though many fish were in this body size category. Curiously, this415

was true even though D1−5 cm strongly correlated with D5−15 cm and 1/k (ρ = 0.71416

and 0.73, respectively; Fig. S4), which each significantly correlated with all or417

most fish variables.418
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There are a few possible explanations for why PC1 or HAS explained a low419

proportion of variance compared to other studies (less than one-third; Table 3).420

Firstly, it is difficult to benchmark this study against others from different re-421

gions and time periods. Possibly the only other comparable baseline is from422

Gratwicke & Speight (2005), the paper that devised HAS. Like the present study,423

Gratwicke & Speight (2005) took place on a Caribbean reef (British Virgin Is-424

lands) and over similarly sized quadrats (2.5x2.5 m quadrats vs this study, which425

used 2x2 m). Their study was over a decade ago, however, when Caribbean reefs426

may have been more structurally complex (Alvarez-Filip et al., 2009) and had427

more fish (Paddack et al., 2009). In their study, HAS correlated with the square428

root of total fish abundance with R2 = 0.17 and with number of species with429

R2 = 0.55. While the data could not be directly compared, the present study430

found correlations with similar R2 values for total fish abundance (R2=0.20; Ta-431

ble 3), but not for number of species (which was collinear with total abundance432

in this study, so R2=0.20 again). Our relationship is also less strong than that433

measured by Agudo-Adriani et al. (2016) from their photogrammetry 3D mod-434

els of a Caribbean reef off the central coast of Venezuela. They found that the435

length, volume, number of peripheral branches, and average number of branches436

of the coral Acropora cervicornis colonies explained 61% and 69% of abundance437

and richness of fish assemblage, respectively. Differences in region and metrics438

may account for these differences. Secondly, the relatively small observed ranges439

in abundance (4–44 fish over 4m2) and 3D may have muted trends in the data.440

Thirdly, including singleton fish species may also have biased the diversity indices,441

but this bias would have been consistent in the comparison between the 3D met-442

rics and HAS predictive abilities. Future studies might modify the fish observing443

method by collecting data over larger periods of time to create species accumula-444

tion curves before choosing the idea amount of time to watch fish. Fourthly and445

finally, habitat structural complexity, however it is measured, cannot explain all446

or even most variations in fish populations. There are several other ecological and447

3. Three-Dimensional Models of Coral Reefs Predict Caribbean Fish Abundance
and Diversity 68

68



random effects at play not captured by 3D metrics, such as latitude, temperature,448

interspecies interactions, and stability of the environment (Newman et al., 2015).449

Corroborating support for photogrammetric 3D modelling as a tool for struc-450

tural complexity analysis, González-Rivero et al. (2017) found that their measures451

of structural complexity from 3D models of reefs around Belize predicted dam-452

selfish abundance better than surface rugosity (ratio of the surface area of the453

convoluted terrain to the surface area of the projected flat plane). González-454

Rivero et al. (2017) used 3D metrics different from those in this study, namely455

visual exposure to predators and competitors, density of predation refuges, and456

substrate-related food availability. Their metrics correlated more strongly than457

ours did to damselfish abundance. Differences in site, species, and several other458

factors apart from methodology could explain this difference. Their metrics have459

more straightforward ecological meanings than R, D, or 1/k, which are more ab-460

stracted mathematically. The only drawback to their metrics is that they are461

not yet fully automated; they require a human to count crevices and outline turf462

algae. It would be worthwhile to develop means of fully automating their mea-463

surements so that they can be quantified repeatedly across large swaths of reef464

with minimal effort.465

Structural complexity, measured by HAS or PC1, explained more variation in466

residential fish abundance than it did in total fish abundance or transient abun-467

dance (Table 3). This could have a number of ecological explanations, although468

further study is needed to imply causation. Residential fish may have included469

a higher proportion of juveniles than did transient fish, and juvenile fish tend to470

depend upon structural complexity more strongly than do adult fish: Beukers &471

Jones (1997) found juvenile fish survivorship to be significantly higher on com-472

plex corals compared to open-structures. Similarly, Almany (2004) found that473

damselfish recruitment was greater on highly complex reefs compared to lower474

complexity reefs. It could also be possible that residential fish included more475

prey to piscivorous predators than did transient fish. As Almany (2004) dis-476
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cuss, predation risk is often lower in complex habitats for a wide range of taxa.477

Moreover, prey often increase their use of high complexity habitats as refugia in478

the presence of predators, and predators may be less efficient foragers in high479

complexity habitats.480

5 Conclusion481

This study adds to a growing body of evidence showing how 3D models can482

be an effective tool for monitoring marine ecosystems. Not only do metrics from483

3D models correlate with more traditional metrics of complexity such as chain-484

and-tape rugosity and HAS, but they also have the same ability to predict fish485

abundance and diversity. Unlike more traditional means of measuring structural486

complexity, the 3D models can be analysed automatically and infinitely for many487

metrics at a range of spatial scales. We therefore suggest other studies use 3D488

modelling as a tool for measuring underwater structural complexity.489
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Figure S1: Diagnostic plots for the linear models of the natural logarithm of total abundance as
predicted by (a) the 3D models and (b) Habitat Assessment Scores (HAS). Full model details
in Table 3. The Q-Q plot shows in grey 2000 replicate data sets simulated over one quantile of
the residual distribution; the Q-Q plot was generated by the “qq.gam” function of the R library
“mgcv” (R Core Team, 2017).
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Figure S2: Diagnostic plots for the linear models of the Shannon diversity index squared as
predicted by (a) the 3D models and (b) Habitat Assessment Scores (HAS). Full model details
in Table 3. The Q-Q plot shows in grey 2000 replicate data sets simulated over one quantile of
the residual distribution; the Q-Q plot was generated by the “qq.gam” function of the R library
“mgcv” (R Core Team, 2017).

Table S1: Fish species abundances (N ) observed across all 85 quadrats. Note that species were
visually identified (following the method of (Gratwicke & Speight, 2005)), and so there may be
instances where taxonomically similar species were recorded as the same species. In particular,
some gobies recorded as Coryphopterus personatus may have been C. hyalinus, an equally
common species in the region that is nearly identical taxonomically but distinct genetically
(Baldwin et al., 2009).

Family Species N
Acanthuridae Acanthurus chirurgus 9

Acanthurus coeruleus 13
Acanthurus tractus 2

Aulostomidae Aulostomus maculatus 6
Carangidae Caranx crysos 3

Caranx ruber 29
Chaetodontidae Chaetodon capistratus 39

Chaetodon ocellatus 9
Chaetodon striatus 3

Gobiidae Coryphopterus glaucofraenum 4
Coryphopterus personatus 63
Elacatinus lobeli 10

Grammatidae Gramma loreto 9
Haemulidae Haemulon flavolineatum 2

Haemulon scriurus 1
Holocentridae Sargocentron coruscum 2
Labridae Bodianus rufus 9

Clepticus parrae 1
Halichoeres bivittatus 30
Halichoeres garnoti 131
Halichoeres radiatus 1
Thalassoma bifasciatum 156

Lutjanidae Lutjanus mahogoni 6
Continued on next page
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Table S1 – Continued from previous page
Family Species N

Ocyurus chrysurus 5
Megalopidae Megalops atlanticus 1
Monacanthidae Cantherhines pullus 1
Mullidae Pseudupeneus maculatus 2
Ostraciidae Acanthostracion polygonius 1

Lactophrys triqueter 9
Pomacanthidae Holacanthus ciliaris 2

Holacanthus tricolor 1
Pomacanthus arcuatus 11

Pomacentridae Abudefduf saxatilis 8
Chromis cyanea 71
Chromis multilineata 8
Microspathodon chrysurus 17
Stegastes adustus 115
Stegastes diencaeus 15
Stegastes leucostictus 22
Stegastes partitus 198
Stegastes planifrons 97
Stegastes variabilis 31

Scaridae Scarus iserti 143
Scarus taeniopterus 111
Scarus vetula 8
Sparisoma aurofrenatum 43
Sparisoma chrysopterum 16
Sparisoma radians 1
Sparisoma rubripinne 8
Sparisoma viride 35

Serranidae Cephalopholis cruentata 7
Hypoplectrus indigo 10
Hypoplectrus nigricans 2
Hypoplectrus puella 2
Serranus tabcarius 1
Serranus tigrinus 7

Sparidae Calamus calamus 1
Synodontidae Synodus intermedius 1

Synodus saurus 23
Tetraodontidae Canthigaster rostrata 73

TOTAL 1645

695
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Figure S3: Correlations between fish survey variables. From top to bottom along the diagonal,
abbreviations include: total fish abundance (n.ind), species richness (n.spp), Simpson diversity
index (Simpson), Shannon diversity index (Shannon), and damselfish abundance (n.damsel).
Lower diagonal contains scatter plots with Loess curves. Diagonal contains histograms of data
with probability density curves. Upper diagonal contains Spearman’s rank correlation coef-
ficients (ρ) and significances (P ≤ 0.002***). With a Bonferroni correction, the significance
threshold was 0.050/21 = 0.002. Those highlighted in red were removed from further analysis
because of collinearities with other variables (|ρ| > 0.80).
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Figure S4: Correlations between structural complexity metrics: linear rugosity (R), fractal di-
mension (D) at varying resolutions (e.g., between 1.20-0.60 m), vector dispersion (1/k), and
Habitat Assessment Score (HAS ). Lower diagonal contains scatter plots with Loess curves. Di-
agonal contains histograms of data with probability density curves. Upper diagonal contains
Spearman’s rank correlations coefficients. All correlations were significant. Text size in up-
per diagonal corresponds to significance level. With a Bonferroni correction, the significance
threshold was 0.050/28 = 0.002. All variables were carried forward in analysis.
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(a) Refuge size category 16-30 cm; D between 15-30 cm
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(b) Refuge size category 6-15 cm; D between 5-15 cm

Quadrat ID

D
0.

05
−

0.
01

 m

1 5 9 13 18 23 28 33 38 43 48 53 58 63 68 73 78 83

1.
9

2
2.

1
2.

2
2.

3
2.

4

(c) Refuge size category 1-5 cm; D between 1-5 cm

Figure S5: Comparison between fractal dimension (D) and diver’s judgement of whether or
not refuges existed at given size categories. Bars show diver’s judgment: D > 2.4 if the diver
observed a refuge at the given size category, and D = 2.0 if the diver did not. Absent bars
indicate missing data (n=77 for diver’s judgments and n=85 for D). On the X-axis, quadrats are
ordered from lowest to highest fractal dimension, and therefore quadrat identification numbers
do not correspond between plots (a)-(c). The size categories of 50-30 or>50cm are not presented
because divers observed them too infrequently (on<5 quadrats). There appears to be no pattern
relating D to diver’s judgement.
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(c) Individuals factor map

Figure S6: Principal Component Analysis (PCA) of the 3D metrics. (a) Scree plot showing
variance explained by principal components. The first principal component (PC1) captured
the majority of the variance (62.54%), and other components only marginally increased the
proportion of variance. (b) Variables factor map with labelled structural complexity metrics;
all vectors point in similar directions with similar strengths along Dim 1 (PC1). (c) Individual
factors map showing a fairly even spread over Dim 1 among the 85 data points.

Table S2: Vuong test results. MPC1, MHAS and MR respectively refer to the linear model with
PC1, HAS, and R as their independent variable. Dependent variable abbreviations include:
natural logarithm of total abundance (log(t. abundance)) and Shannon diversity index squared
(Shannon2). The test statistic ω2 characterizes population variance in the likelihood ratios of
the two models being compared (Merkle et al., 2015). The test statistic z (fully z1−α/2) is
the variate at which the cumulative distribution function of the standard normal distribution
equals 1− α/2. The significance threshold was α = 0.05. Significant P -values bolded.

Dependent Variable Vuong Test Results
Variance tests
H0: MPC1 and MHAS are indistinguishable
H1: MPC1 and MHAS are distinguishable

log(t. abundance) ω2 = 0.149, P = 5e-05
Shannon2 ω2 = 0.158, P = 0.421

H0: MPC1 and MR are indistinguishable
H1: MPC1 and MR are distinguishable

log(t. abundance) ω2 = 0.046, P = 7e-05
Shannon2 ω2 = 0.058, P = 0.348

Non-nested likelihood ratio tests
H0: MPC1 and MHAS fit equally to the focal population
H1A: MPC1 fits better than MHAS

log(t. abundance) z = -0.610, P = 0.729
Shannon2 NA (models indistinguishable)

H1B: MHAS fits better than MPC1

log(t. abundance) z = -0.610, P = 0.271
Shannon2 NA (models indistinguishable)

H0: MPC1 and MR fit equally to the focal population
H1A: MPC1 fits better than MR

log(t. abundance) z = -0.255, P = 0.601
Shannon2 NA (models indistinguishable)

H1B: MR fits better than MPC1

log(t. abundance) z = -0.255, P = 0.399
Shannon2 NA (models indistinguishable)

Full linear model details in Table 3 (MPC1 and MHAS) and Table S3 (MR).
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Table S3: Linear models for fish survey metrics with linear rugosity (R) as the dependent
variable. Abbreviations as in Table 3. Significant P -values bolded.

Model Summary Goodness of Fit
Dependent Var. Coeff. Est. SE t-value Pr(> |t|) AIC R2 F P
log(t. abundance) (Inter.) 1.662 0.3194 5.203 1E-06 125.544 0.1439 F1,83 3E-04

R 0.8333 0.2231 3.735 3E-04 = 13.95

Shannon2 (Inter.) 0.30 0.82 0.38 0.707 285 0.15 F1,83 3E-04
R 2.16 0.57 3.81 3E-04 = 14.48
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Figure S7: Damselfish (Pomacentridae family) abundance plotted against fractal dimension
(D) at five scales. Plots include a Loess smoothing line (2nd degree local polynomial with
smoothness parameter at 2/3). Top row contains histograms of the values of D. Outlier point
highlighted in red; it is 2–4 standard deviations above mean values of D60−120 cm, D30−60 cm,
D5−15 cm, and D1−5 cm and contained a damselfish abundance more than five standard devia-
tions above the mean. Figure S8 depicts this unique quadrat.
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(a) Quadrat 3D model (b) Quadrat photograph

(c) 576 squares (d) 64 squares (e) 16 squares (f) 4 squares (g) 1 square

Figure S8: Outlier quadrat in terms of its high fractal dimension (D) at all scales 1–120 cm,
except 15-30 cm (Fig. S7). (a) 3D model of the quadrat with the 2 x 2 m outline of the quadrat
highlighted for clarity. (b) Photo of the quadrat. Boxed in red is a reference point corresponding
indicating the same area in the 3D model and photo. (c-g) Surfaces used to compute the fractal
dimensions of the quadrat. Squares of edge length δ are projected onto the 3D model of the
reef to generate these surfaces. Surface area increases with finer resolution. Renderings shown
at five resolutions: (c) δ = 5 cm, (d) δ = 15 cm, (e) δ = 30 cm, (f) δ = 60 cm, (f) δ = 120 cm.
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The older I get, the more I’m conscious of ways very
small things can make a change in the world. Tiny
little things, but the world is made up of tiny matters,
isn’t it?

— Sandra Cisneros, Novelist

4
How Centimetre-Scale Structural

Complexity Affects Sessile Epibenthic
Organism Settlement on a Caribbean

Reef
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4.1 Context

This chapter describes a controlled experiment testing the role of structural

complexity on sessile epibenthic organism settlement after one year. Structural

complexity is measured in terms of vector dispersion (1/k), the metric described in

Chapter 2 and mentioned in Chapters 1 and 3. The work has broad applications

in artificial reef (AR) design. There is some debate as to whether an AR needs

to appear natural (i.e., mimicking the appearance of a natural reef; Fig. 4.1)
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(a) (b) (c)

Figure 4.1: Examples of reef restoration modules with "natural shapes," i.e., shapes
designed to be structurally as similar as possible to natural reefs. (a) Dr. Harold Hudson
by reef restoration module designed to replicate reef topography and create habitat for
cryptic biota. Module fabricated in 2002 by Florida Keys National Marine Sanctuary
from poured concrete, fibreglass-reinforced rod, and oolitic-limestone (Hopley, 2011).
Source: Jeff Anderson with permission. (b) Module on Molasses Reef, Key Largo four
years after deployment. Source: Jeff Anderson with permission. (c) 3D printed surface
for reef restoration and organism settlement. Source: Jessica Gregory at Fabien Cousteau
Ocean Learning Center with permission.

or if it can appear artificial (i.e., composed of man-made shapes; Fig. 4.2) for

effective reef restoration (Carr and Hixon, 1997; Perkol-Finkel et al., 2006). This

chapter measures effectiveness specifically in terms of how the surface recruits

sessile epibenthic organisms after one year. Scleractinian coral spats are the main

organism of interest, as they are key ecosystem engineers (Chapter 1). Sponges,

algae, polychaetes, and bryozoans are also included in the study, as they settled with

coral spats. Descriptions of surface appearances as "natural" or "artificial-shaped"

are re-interpreted in terms of the structural complexity metric 1/k.

Our conclusion that the availability of sheltered area affected coral spat set-

tlement locations more than 1/k or other variables was not surprising based on

other studies’ results (e.g., Edmunds et al. (2014); Whalan et al. (2015)). Instead,

the takeaway message is that metrics like 1/k alone are inadequate to predict

coral spat settlement (or other epibenthic organism settlement apart from algae).

Rather than persevering with 1/k, a modern approach should be applied to identify

surface characteristics that influence settlement patterns. That modern approach

is likely machine learning. For example, a 3D model of a coral reef could feed

into a machine learning algorithm along with associated ecosystem information

such as settlement densities, fish abundance, or coral cover. The algorithm could
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(a) (b) (c)

Figure 4.2: Examples of artificial reefs with "artificial shapes," i.e., shapes not designed
to resemble natural reef structure. Could adding holes or slightly modifying their texture
(1/k) improve coral spat settlement rates onto these structures? (a) Diver constructs
artificial reef from cinder blocks. Source: United States Department of Commerce, public
domain (CC-0 1.0). (b) Sunken aircraft serves as artificial reef off Norman’s Cay, Bahamas.
Source: Daniel Piraino, public domain (CC-0 1.0). (c) Retired subway cars on a barge
before being sunk to form an artificial reef. Source: South Carolina Department of Natural
Resource, available through Creative Commons licence (CC BY-SA 3.0).

test all possible permutations of angles, scales, and complexity measures from the

3D models and learn the patterns that tie those features to the ecosystem data.

Once able to predict ecosystem variables, the algorithm could yield insight into the

precision role of 3D structure in shaping a marine ecosystem and thereby inform

AR designs. The following chapter (Chapter 5) takes this idea further by presenting

a preliminary assessment of a machine learning approach.

4.2 Author Contributions

The authors of this publication, in order, are: G. C. Young, D. A. Exton,

D. Andradi-Browna, K. Shepherd, J. van der Grient, A. D. Rogers. Author

contributions are listed in CRediT taxonomy in Table 4.1 on page 91 following

Brand et al. (2015).

Table 4.1: Author contributions for Chapter 4 listed in CRediT taxonomy (Brand et al.,
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Exton, D. Andradi-Browna, K. Shepherd, J. van der Grient, A. D. Rogers.
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Abstract1

With coral reefs facing global decline, conservationists are increasingly con-2

structing artificial reefs (ARs) to aid reef recovery. Many studies have found cor-3

relations between reef health and metrics of three-dimensional (3D) reef structural4

complexity, such as vector dispersion (1/k). Fewer studies have experimentally5

tested the role of structural complexity in promoting early organism recruitment.6

For this study, approximately 200 recruitment tiles were produced from 3D prints7

and placed for one year on a shallow Caribbean reef around Utila, Bay Islands,8

Honduras. Recruitment tiles had two contrasting designs; one based on a 3D9

modelled natural reef and the other based on artificial shapes. Despite differ-10

ing shapes, both designs had identical structural complexity at the 1 cm scale11

(1/k = 0.25). Additionally, flat control surfaces had 1/k = 0.00. Contrary to ex-12

pectation, 1/k affected algae, but not corals, sponges, polychaetes, or bryozoans.13

While there were no differences in recruitment densities between the natural and14

artificial-shaped tile designs, algae and coral spat densities were higher on horizon-15

tal tiles (parallel to the ocean surface) compared to vertical tiles. All organisms,16

except algae, settled in higher densities on sheltered, reef-facing regions than on17

exposed regions. It was surprising was that cryptic textured surfaces did not18

increase organism densities compared to flat cryptic surfaces. This is likely a19

result of the release agent applied to tiles’ textured and edge faces. This pilot20

study highlighted the promise of controlling algae settlement with 1 cm surfaces,21

but also highlights methodological improvements for future studies that create22

3D settlement tiles.23

24

Keywords: structural complexity - habitat complexity - substratum heterogeneity25

- coral spat - coral recruitment - coral settlement - coral reefs - algae - sponge -26

polychaete - bryozoans - 3D modelling - artificial reefs27
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1 Introduction28

Global coral reef health is rapidly declining (Hughes et al., 2017), with the29

combined effects of climate change, overfishing, pollution and disease putting up30

to 90% of the world’s reefs in danger of total collapse by 2030 (Burke et al., 2011).31

Reef loss negatively impacts fish biomass (Paddack et al., 2009), shoreline pro-32

tection (Cambers, 1997), tourism (Burke & Maidens, 2004), and other ecosystem33

services of high economic and intrinsic value (Conservation International, 2008,34

Burke et al., 2011).35

There are significant efforts worldwide to create artificial reefs (ARs) that36

mitigate the effects of reef loss and/or enhance fisheries yield (Baine, 2001). An37

AR is defined as any submerged structure placed deliberately on the seabed to38

mimic some characteristics of a natural reef (Baine, 2001). ARs deployed for reef39

restoration have ranged from concrete replicas of existing corals (Hopley, 2011),40

to breeze-blocks (Gratwicke & Speight, 2005) and other concrete shapes (Sherman41

et al., 2002, Al-Horani & Khalaf, 2013), to shipwrecks (Walker & Schlacher, 2014),42

to piles of tires (Baine, 2001). While some ARs have higher coral cover and43

fish abundance than adjacent natural reefs (Burt et al., 2009), most are not44

so successful and/or have not existed long enough to realise significant benefits45

(Walker & Schlacher, 2014).46

The structural complexity (or “shape”) of substratum creates refuges and47

niches for organisms that colonise a natural reef (Graham & Nash, 2013) or AR48

(Al-Horani & Khalaf, 2013, Edmunds et al., 2014). In this context, the term struc-49

tural complexity can be used interchangeably with other descriptors of geometry,50

including texture, roughness, rugosity, or substratum heterogeneity. There is no51

consensus as to what type or scale of structural complexity optimally increases52

organism settlement onto an AR. Several studies conclude that natural shapes53

improve an AR’s ability to mimic ecosystems on adjacent reefs (Perkol-Finkel54

et al., 2006) or mitigate further reef degradation (Carr & Hixon, 1997), where55
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natural shapes are defined as those that are structurally as similar as possible to56

a natural reef (Carr & Hixon, 1997). This qualitative description of shape is not57

readily captured by quantitative metrics for mathematical models or cross-site58

comparisons, however.59

Structural complexity requires a suite of metrics for it to be fully evaluated60

and understood. Different structural complexity metrics have correlated with a61

range of ecosystem features (coral spat settlement (Carleton & Sammarco, 1987,62

Petersen et al., 2005), live coral cover (Graham & Nash, 2013), algae cover (John-63

son, 1994, Graham & Nash, 2013), invertebrate density and diversity (Beck, 1998,64

Idjadi & Edmunds, 2006, Graham & Nash, 2013, Martins et al., 2016), and fish65

density and biomass (Graham & Nash, 2013). Conventionally, structural com-66

plexity is measured as linear or chain-and-tape rugosity (Graham & Nash, 2013),67

which is the ratio of the draped length of a chain to its straight-line length. Ru-68

gosity is therefore often used by ecologists as a synonym for structural complexity69

(Beck, 1998). Rugosity has its limitations, as it can be misleading because it re-70

duces a 3D structure to 2D (Goatley & Bellwood, 2011). Several other metrics71

exist that capture 3D surface characteristics, such as: surface rugosity (the ratio72

of surface area to planar area, not to be confused with linear rugosity) (Ferrari73

et al., 2016), fractal dimension (Beck, 1998), vector properties (Carleton & Sam-74

marco, 1987, Beck, 1998), or less computationally intense measures such as the75

count and sizes of pits and crevasses (Petersen et al., 2005, Martins et al., 2016)76

or whether a surface is flat or textured (Johnson, 1994).77

From the broad suite of structural complexity metrics, we have chosen to in-78

vestigate vector dispersion (1/k), a unitless value between 0 and 1 that is greater79

with the variety of angles on a surface. We choose 1/k over other metrics because80

(i) it generally correlates with other metrics of structural complexity (Carleton &81

Sammarco, 1987, McCormick, 1994, Beck, 2000); (ii) it can be measured computa-82

tionally on a continuous scale; and (iii) because there is already evidence suggest-83

ing that it strongly correlates with coral spat settlement (Carleton & Sammarco,84
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1987). In their 1979-1980 study in the Great Barrier Reef, Australia, Carleton &85

Sammarco (1987) found that 1/k measured at the 1 cm scale correlated positively86

and linearly with coral spat density after four months; they specifically recorded87

scleractinian corals (several genera).88

This paper reports a controlled experiment that tests the effect of natural89

versus artificial structural complexity upon epibenthic organism settlement on a90

Caribbean reef. We precisely control the structural complexity of settlement sur-91

faces in terms of 1/k through structure-from-motion 3D modelling and 3D print-92

ing. Scleractinian coral spat (juvenile, newly recruited corals) were the primary93

organism of focus, although other organisms on the surface were also recorded94

(algae, sponges, polychaetes, and bryozoans). Our primary hypothesis was: The95

natural-shaped surface will harbour higher densities of sessile epibenthic organ-96

isms after one year compared to an artificial-shaped surface, even with structural97

complexity controlled in terms of 1/k. If true, the hypothesis would suggest that98

the qualitative descriptions of a surface as either natural and artificial capture99

an important feature that 1/k misses. As a control we also compared settlement100

densities between the surfaces with 1/k = 0.25 and 1/k = 0.00.101

2 Methods102

2.1 Study site103

Tiles were placed at Coral View (16.09◦’N, −86.91◦’W; GPS coordinates in104

WGS84 format), on the south shore of Utila, Honduras, a Caribbean island at105

the southern end of the Mesoamerican Barrier Reef (Fig. 1). We conducted106

research under a permit from the Instituto de Conservación Forestal (#ICF-DE-107

MP-080-2016). At Coral View, the reef exists as a spur and groove system that108

transitions into a gentle reef slope down to approximately 40 m depth (Andradi-109

Brown et al., 2016). Tiles were placed at 15 m depth at Coral View, where there110

is an average hard coral cover of 15-20 % (Andradi-Brown et al., 2016). The west111
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end of Coral View is adjacent to a boat channel opening into a mangrove lagoon,112

which can cause sediment levels greater than those on the east end of the dive113

site [personal observation].114

Figure 1: Map shows the dive site Coral View (marked “CV”), where 192 tiles were placed 15±2
m deep on the reef. Inset map shows Utila’s location relative to the rest of the Caribbean. Map
sourced from GADM database of Global Administrative Areas under a CC BY licence.

2.2 Tile designs115

Vector dispersion was calculated following Young et al. (2017): i.e., a grid of116

points spaced 1 cm apart was projected onto the 3D model, and adjacent points117

were connected by triangles to form a surface with 1/k defined as:118

R =

√√√√
(

i∑

1

cosx

)2

+

(
i∑

1

cosy

)2

+

(
i∑

1

cosz

)2

(1)

1/k = (i−R)/(i− 1), (2)

where i is the number of triangles forming the surface; cosx is the directional119

cosine of a triangle’s normal vector with respect to the X-axis; cosy is the direc-120

tional cosine with respect to the Y-axis, and cosz is the directional cosine with121

respect to the Z-axis (Fig. 2(a)).122

The surface areas of the natural and artificial-shaped differed, as detailed in123
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(a) Natural-shaped tile (b) Artificial-shaped tile

Figure 2: Designs for (a) natural-shaped tile and (b) artificial-shaped tile. Each tile is 18 x 20
cm at its base with a maximum height of 8 cm (natural-shaped) or 6 cm (artificial-shaped).
Despite different appearances, both designs’ textured faces (720 triangles) have the same vector
dispersion (1/k). Their opposite faces are flat (1/k = 0). Inset on (a) shows the normal vectors
used to compute 1/k for a surface triangle.

Fig. 3. This was accounted for during analysis by comparing densities rather124

than counts of settled organisms.125

2.2.1 Natural-shaped tile126

The textured face of the natural-shaped tile (Fig. 2(a) & 3) was designed by127

cropping a 3D model of the reef 10 m deep at Coral View to an 18 x 20 cm128

patch. The 3D model was generated from structure-from-motion photogramme-129

try following (Young et al., 2017). The section was chosen for its relatively high130

vector dispersion, 1/k = 0.25 (Carleton & Sammarco (1987) measured 1/k from131

0.04–0.26). Because 1/k was calculated at the 1 cm resolution, the resolution of132

the tile was normalized to 1 cm by keeping the surface as the set of triangles used133

to compute 1/k (Fig. 2(a)). The tile’s textured face was therefore composed of134

720 triangles covering a 18 x 20 cm grid.135

2.2.2 Artificial-shaped tile136

The textured face of the artificial-shaped tile (Fig. 2(b) & Fig. 3) was de-137

signed from four pyramids to have the same 1/k as the natural-shaped tile. Pyra-138

mids were chosen as the artificial shape for ease of calculation of 1/k using the139

triangle-based method of Carleton & Sammarco (1987). The tips of the pyramids140
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Natural-Shaped Tile Artificial-Shaped Tile

Tile Face Depiction Area (cm2) 1/k Depiction Area (cm2) 1/k

Textured (T) 500 0.25 490 0.25

Edge (E) 216 NA 152 NA

Flat (F) 360 0.00 360 0.00

Total 1076 0.25 1002 0.25

Figure 3: Surface areas of decomposed natural and artificial-shaped tiles. Both tile design had
three faces, labelled Textured (T), Edge (E), and Flat (F). The structural complexity metric
vector dispersion (1/k) is compared between the T and F faces because they diametrically
opposed each other.

were dulled to avoid sharp points that may chip during manufacturing. Like the141

natural-shaped tile, the textured face was composed of 720 triangles covering a142

18 x 20 cm grid (Fig. 2(b)).143

2.3 Tile manufacturing144

Tile designs were 3D printed on a MakerBot Replicator 2 (MakerBot, Brook-145

lyn, NY). Moulds were then formed around the 3D prints from VytaFlex 30146

(Smooth-On, Inc.; Macungie, PA). Moulds were then used to cast concrete repli-147

cas of the 3D prints (Fig. 4). Moulds were coated in a release agent, AquaCon148

(Smooth-On, Inc.), to allow for easy removal of the concrete tiles. The release149

agent’s effect on organisms is unknown, but it was applied equally over all tex-150

tured and edge faces, so its effect was assumed to be constant.151

Concrete was chosen as the tile material because it was inexpensive, available152

at the study site, and a recommended material for an AR (Fitzhardinge, 1989).153
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(a) (b)

Figure 4: Manufactured tiles prior to underwater deployment. Each tile is cast concrete, 20×18
cm at its base. (a) Overhead view of two natural-shaped tiles and two artificial-shaped tiles.
(b) Angled view of tiles.

Concrete can host ecological community development similar to natural coral154

reefs, and is durable in seawater (Fitzhardinge, 1989). Each batch of concrete was155

made with the same 4:3:8 ratio of cement, water, and fine aggregate by volume.156

Chicken wire was embedded within each tile to ensure structural soundness. A157

mark embedded in the underside face of each tile indicated which orientation it158

would have underwater. This mark and other irregularities in the concrete meant159

that tiles’ flat “faces” were not perfectly flat, but still 1/k ≈ 0. Importantly,160

any shape variations from the original 3D prints were consistent between tile161

designs (natural or artificial) because imperfections came from the same batches162

of concrete. The concrete tiles were unconditioned before they were placed on163

the reef.164

2.4 Tile placement and retrieval165

The natural and artificial-shaped tiles were placed in equal proportions on the166

reef and retrieved after one year. All tiles were placed between late-July and167

early-August 2015 along a 160 m transect 15±2 m deep. To control for effects of168

placement angles, tiles were placed in three different orientations (down (D), up169

(U), and side (S)) such that tile’s textured face either touched the reef or faced170

away from the reef (Fig. 5 & A1). To control for effects of placement along the171
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reef, six tiles were grouped close together in a block. Each block contained a172

representative of each shape in each orientation. Tiles rested on the reef, held in173

place by their own weight.174

Tile Orientation

Down (D) Up (U) Side (S)

T
il

e
F

a
ce Textured (T) D-T (Reef-Facing) U-T (Exposed) S-T (Reef-Facing)

Flat (F) D-F (Exposed) U-F (Reef-Facing) S-F (Exposed)

Figure 5: How tile faces touched the reef. In any orientation, one tile face touched the reef
(reef-facing) and an opposite face pointed away from the reef (exposed). Reef-facing regions
were in shade, while exposed regions were in light. Edges fell into neither classification, as
they partially touched the reef and partially were exposed. Orientation-face combinations are
referred to as Down-Textured (D-T), Up-Textured (U-T), etc.

Tiles were retrieved from the reef exactly one year after placement. To check175

if a tile had shifted orientation during placement, its orientation was compared to176

the mark embedded into the tile indicating its original orientation To ensure that177

no organisms detached during retrieval, divers wrapped each tile in a labelled178

plastic bag before it was brought to the surface.179

All tiles were scored on-land within 24 hours of retrieval. Organisms were vi-180

sually classified and counted without the aid of microscopes, which limited iden-181

tification. Surface areas were estimated by placing a transparent sheet marked182

with 1 cm2 grid squares over the tile and counting the number of squares filled183

more than half by the organism. The sheet was pressed flat over the algae and184

sponge.185
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2.5 Statistical analysis186

Organisms were assessed in terms of density so they could be compared across187

tile shapes and faces.188

Permutational analysis of variance (PERMANOVA) was well suited to the189

multi-factor, zero-inflated nature of the data and it benefited from the experi-190

ment’s balanced design (Anderson et al., 2008). Models were stratified by block191

to control for any spatial variation in recruitment rates along the fore-reef slope.192

All PERMANOVAs ran for 99,999 permutations based on Euclidean distances193

using the “adonis” function from the “vegan” package (Oksanen et al., 2016) of194

R (R Development Core Team, 2017). Initial models included all possible inter-195

action terms, and non-significant (P ≥ 0.05) interaction terms were removed in a196

hierarchical manner to simplify the models. Each taxonomic group was analysed197

in a separate PERMANOVA because groups did not have the same degrees of198

freedom: While coral spat were counted on all retrieved tiles, other organisms199

were counted on most, but not all, tiles because of time constraints (see degrees200

of freedom in Table 1). The “betadisper” function, also from the “vegan” package201

of R, checked that data satisfied the PERMANOVA assumption that groups had202

the same multivariate homogeneity in their dispersions (Anderson et al., 2008);203

this assumption is hereafter refereed to as “the PERMANOVA assumption” or204

“same multivariate spread.”205

To study the effects of tile shape (natural vs artificial) and orientation (D vs U206

vs S) on organism settlement through PERMANOVA, settlement densities were207

computed over total tile areas in order to satisfy the PERMANOVA assumption.208

Testing over individual tile faces (D-T vs U-F vs S-T etc.) did not satisfy the209

assumption for all combinations. A pairwise PERMANOVA tested differences210

between the three orientations (D vs U vs S), with P values adjusted by the211

False Discovery Rate correction to avoid Type I errors from multiple testing.212

To study the effect of vector dispersion on organism settlement, tiles’ textured213

faces (where 1/k = 0.25) were compared to flat faces (where 1/k ≈ 0) for orien-214
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tations where the PERMANOVA assumption was met. For coral spat, sponges,215

polychaetes, and bryozoans, reef-facing textured faces (D-T) could be compared216

to the reef-facing flat (U-F), but other combinations of orientation-faces violated217

the PERMANOVA assumption. For algae, the effect of vector dispersion on ex-218

posed faces could also be tested because groupings satisfied the assumption. Data219

from S-oriented tiles were not included in comparisons of 1/k because data from220

these tiles had different multivariate spread than data from D-T or U-F. Tile221

shape (natural vs artificial) was retained in models, regardless of its significance222

previous PERMANOVAs, because it was the main focus of this study.223

To identify significant differences between the reef-facing, exposed, and edge224

tile regions, Mann-Whitney-Wilcoxon tests compared organism densities. Tiles’225

unique identification numbers were included in an initial PERMANOVA, where226

they were non-significant; this confirmed the assumption of Mann-Whitney-Wilcoxon227

that samples be independent.228

Finally, to assess correlations between organisms, Spearman’s rank correlation229

coefficients (ρ) described significant relationships between organism densities.230

3 Results231

Of the 192 tiles placed, 173 (90%) were retrieved and analysed. All retrieved232

tiles maintained their orientations during placement. In total, there were 1,130233

coral spat that settled on the 7.924 m2 of reef-facing tile areas (142.6 spat/m2 over234

reef-facing area). Only 10% of all recorded coral spat settled on non-reef-facing235

tile areas (12.96 spat/m2 over exposed and edge areas).236

There was a significant linear trend with coral spat density increasing by 6.9237

coral spat per m2 every 5 m from east to west along the 160 m transect at Coral238

View (Fig. A3). This effect was accounted for in the statistical analysis by239

stratifying PERMANOVAs by block numbers.240
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Table 1: PERMANOVA results testing the effects of tile shape (natural (N) or artificial (A))
and orientation (down (D), up (U), or side (S)) upon organism settlement. Organism densities
were computed over total tile areas, which met the PERMANOVA assumption. Significant
P -values bolded (P ≤ 0.050). PERMANOVAs based on Euclidean distances and stratified by
tiles’ block numbers.

Organism ∼
Source of Variation df MeanSqs Pseudo-F P

Coral spat/m2 over total tile area ∼
Shape (N vs A) 1 2144.0 0.2 0.660
Orientation (D vs U vs S ) 2 31460.0 2.9 0.054*
Residuals 169 10680.0

Algae % cover over total tile area ∼
Shape (N vs A) 1 55.9 0.3 0.575
Orientation (D vs U vs S ) 2 851.5 4.1 0.009
Residuals 147 207.0

Sponges % cover over total tile area ∼
Shape (N vs A) 1 0.3 0.3 0.584
Orientation (D vs U vs S ) 2 0.6 0.6 0.510
Residuals 156 1.0

Polychaetes/m2 over total tile area ∼
Shape (N vs A) 1 289.5 0.1 0.800
Orientation (D vs U vs S ) 2 2770.7 0.6 0.553
Residuals 156 4703.0

Bryozoans/m2 over whole tile area ∼
Shape (N vs A) 1 7075.7 1.8 0.070
Orientation (D vs U vs S ) 2 7219.6 1.8 0.227
Residuals 152 3960.9

* Borderline significance.
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Figure 6: Mean settlement densities on each orientation-face ± one standard error for (a)
coral spat, (b) algae, (c) sponges, (d) polychaetes, and (e) bryozoans. All differences between
reef-facing and exposed regions were highly significant (Mann-Whitney-Wilcoxon tests; Table
A1). Down-Textured (D-T), Up-Flat (U-F), Side-Textured (S-T), etc. refer to orientation-face
combinations.

3.1 Did tile shape and/or orientation influence settlement?241

Tile shape (natural vs artificial) did not significantly influence the settlement242

of any of the organisms studied (Table 1; Fig. A4). Tile orientation (D vs U243

vs S) also did not significantly influence the settlement of any organism except244

algae (Table 1). Orientation’s effect on coral spat was only slightly above the245

significance threshold (P = 0.054; Table 1). The difference between S and the246

other orientations in terms of coral spat settlement appears stark in Fig. 6. Al-247

though the difference is not statistically significant (P -adjusted ≥ 0.110; pairwise248

PERMANOVA), on S tiles coral spat densities (computed over total tile area)249

were 1.9x lower in terms of mean and 5.3x lower in terms of median than on D250

tiles. Tile orientation affected algae in that S tiles had significantly higher algae251

cover than D tiles (Fig. 6). S tiles had 26.14 ± 2.06 % algae cover (mean ± one252

standard error), while D tiles had 18.03 ± 1.85 % algae cover (computed over253

total tile area).254
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Table 2: PERMANOVA results testing the effect of tile shape (natural (N) or artificial (A)) and
vector dispersion (1/k) upon organism settlement over reef-facing areas. Tile faces were never
compared between the same tile, preserving samples’ independence. Only down (D) and up (U)
tiles were included, because data from side (S) tiles violated the PERMANOVA assumption.
Algae was the only organism that settlement sufficiently on exposed tile regions for the data to
meet the PERMANOVA assumption. Significant P -values bolded (P ≤ 0.05). PERMANOVAs
based on Euclidean distances and stratified by tiles’ block numbers.

Organism ∼
Source of Variation df MeanSqs Pseudo-F P

Coral spat/m2 over reef-facing area ∼
Shape (N vs A) 1 37196.0 0.6 0.421
1/k=0.25 vs 0.00 1 3805.0 0.1 0.785
Residuals 105 61686.0

Algae % cover over reef-facing areas ∼
Shape (N vs A) 1 16.2 0.2 0.705
1/k=0.25 vs 0.00 1 346.0 3.7 0.021
Residuals 93 93.4

Algae % cover over exposed area ∼
Shape (N vs A) 1 20.0 0.0 0.838
1/k=0.25 vs 0.00 1 1925.0 3.2 0.057*
Residuals 93 593.0

Sponge % cover over reef-facing area ∼
Shape (N vs A) 1 15.0 2.5 0.107
1/k=0.25 vs 0.00 1 3.7 0.6 0.472
Residuals 97 6.1

Polychaetes/m2 over reef-facing area ∼
Shape (N vs A) 1 5582.7 0.2 0.695
1/k=0.25 vs 0.00 1 6.6 0.0 0.988
Residuals 97 25672.9

Bryozoans/m2 over reef-facing area ∼
Shape (N vs A) 1 13222.0 0.5 0.301
1/k=0.25 vs 0.00 1 29961.0 1.0 0.360
Residuals 96 29365.0

* Borderline significance.

3.2 Did vector dispersion influence settlement?255

There is no evidence that 1/k influenced any of the organisms except algae256

(Table 2; Fig. 6). 1/k influenced algae, with 1/k = 0.25 attracting 10.43 ± 1.36257

% algae cover on reef-facing areas (median 7.96 %) and 1/k = 0.00 attracting258

6.62± 1.42 % algae cover on reef-facing areas (median 3.61 %). The effect of 1/k259

on algae on exposed areas was borderline significant (P = 0.057; Table 2), with260

again 1/k = 0.25 attracting higher algae cover than 1/k = 0.00 (Fig. 6).261

4. How Centimetre-Scale Structural Complexity Affects Sessile Epibenthic
Organism Settlement on a Caribbean Reef 108

108



3.3 Did organisms settle on the reef-facing, edge, or exposed tile re-262

gions?263

All organisms except algae settled almost exclusively on reef-facing regions264

(Fig. 6). Conversely, algae cover was greatest on edge regions (Fig. 6). Dif-265

ferences between reef-facing, edge, and exposed regions were highly significant,266

except the difference for bryozoans between edge and exposed regions (Mann-267

Whitney-Wilcoxon tests; Table A1).268

Notably the reef-facing region of S -oriented tiles differed in its multivariate269

spread compared to the reef-facing regions of D and U tiles. This difference can270

be seen in Fig 6, where the reef-facing regions of S tiles attracted 80.85 ± 20.47271

coral spat per m2 (median 20.41 coral spat per m2) and the reef-facing regions of272

D and U tiles attracted 183 ± 23.75 coral spat per m2 (median 83.33 coral spat273

per m2)—more than double the density.274

3.4 Did coral spat settlement differ with settlement of other taxa?275

All relationships between organisms were positive. Spearman’s ranks correla-276

tion coefficients (ρ) revealed significant relationships between coral spat and all277

other all organisms that varied in strength from weak (0.20 ≤ |ρ| ≤ 0.39; Table278

3) to moderate (0.40 ≤ |ρ| ≤ 0.59; Table 3). Sponges and polychaetes correlated279

very strongly (ρ = 0.87; Table 3). Bryozoans correlated significantly with both280

algae and sponges, although the relationships were weak (0.20 ≤ |ρ| ≤ 0.39) to281

very weak (0.00 ≤ |ρ| ≤ 0.19). Algae’s correlations with organisms besides bry-282

ozoans were non-significant, perhaps because algae settled on edge and exposed283

tile regions, while the other organisms almost exclusively settled upon reef-facing284

tile regions (Fig. 6).285
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Table 3: Spearman’s rank correlation coefficients (ρ) between recorded organisms. Only den-
sities over reef-facing regions are compared; data on coral and algae were only compared for
D and U tiles because of difference with S tiles observed in PERMANOVA and in Fig. 6.
P -values adjusted by the False Discovery Rate correction. Significant P -adjusted values bolded
(P -adjusted ≤ 0.050).

Coral Algae Sponges Polychaets Bryozoans
Coral spat/m2 1.00 0.36 0.49 0.47 0.44
Algae (% cover) 1.00 0.11 0.09 0.21
Sponges (% cover) 1.00 0.87 0.17
Polychaetes/m2 1.00 0.15
Bryozoans/m2 1.00

4 Discussion286

There was no evidence that any of the organism densities differed between287

the natural and artificial-shaped surfaces. Additionally, for organisms except288

algae, there was no evidence that densities differed between the textured and289

flat surfaces, where 1/k = 0.25 and 1/k ≈ 0.00, respectively. Algae had a higher290

percent cover on textured surfaces compared to flat surfaces. This study therefore291

suggests that ARs with similar 1/k to natural reefs at the 1 cm scale will not292

be more effective for organism recruitment after one year compared to artificial293

shapes.294

While results show that building an artificial reef with 1/k > 0 may not en-295

hance the density of settling coral spat, increasing 1/k also increases surface area,296

and in this study resulted in a higher total number of living organisms. Artificial297

reefs with higher surface area (perhaps as a result of 1/k) should therefore be298

expected to have higher settlement and survivorship rates.299

This was a pilot study that pioneered a method for using 3D printed designs300

in recruitment tile designs. We suggest several improvements to the method for301

future studies.302

1. Scoring method. The method for identifying organisms should be more303

rigid to allow genus and species-level classifications. With 200 tiles, such an304

effort would be likely require ≥30 minutes per tile. It could be condensed305

by only searching reef-facing tile areas. Finally, using a microscope to iden-306
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tify organisms would detail species identification, including distinguishing307

between algal functional groups, and allow detection of smaller organisms.308

Bleaching tiles prior to counts of polychaetes, bryozoans, or coral would309

likely have made counts more accurate. Identification of images is tempting,310

but many creatures were under layers of algae so counting by-hand does seem311

to be the best route forward. Researchers commonly soak the tiles in bleach312

for 24-48 hours. The bleach removes organic material but the skeletons of313

individual corals and bryozoans remain and can be counted.314

2. Tile elevation. Elevating the tiles would reduce sedimentation. By block-315

ing tiles we were able to assume that sedimentation rates were the same316

between tiles of the same block. That said, controlling for sedimentation317

would better facilitate cross-site comparisons.318

3. Tile conditioning. Conditioning the tiles by leaving them in seawater for319

more than two weeks and eliminating the release agent, or using a different320

release agent, will likely lower the tile’s acidity and allow more organisms to321

settle on the tiles (Fitzhardinge, 1989, Goh & Lee, 2008).322

With only one study site, this experiment was unable to piece apart influence323

of environmental conditions specific to the study site, such as sedimentation,324

eutrophication, and local biota. It did, however, account for any changes in325

environmental conditions at the site by placing tiles in blocks equally spaced326

along 180 m at the study site and controlling for the blocks in the statistical327

analysis.328

4.1 Effects of tile shape329

The natural and artificial-shaped tiles did not differ in terms of organism330

settlement. This conclusion fits with that of Carleton & Sammarco (1987), who331

found that coral spat density correlated positively and tightly with 1/k (with332

Pearson’s correlation coefficient of 0.688, P < 0.05), because 1/k was the same333
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on both tile shapes. However, contrary to Carleton & Sammarco (1987), there334

were no differences between reef-facing tile areas that were flat, where 1/k ≈335

0, and textured, where 1/k = 0.25, in terms of any of the organisms except336

algae. These findings suggest that substratum shape, as measured in this study,337

did not influence settlement. The contrast with Carleton & Sammarco (1987)338

likely results from time difference between our studies and the Great Barrier Reef339

having higher coral cover and spat settlement than the Caribbean. In general data340

acquired on an AR at one site may not be suitable for extrapolation to another341

(Sherman et al., 2001). Additionally, Carleton & Sammarco (1987) used natural342

substrate (pieces of platy coral), where every plate had 1/k > 0. While they343

found that 1/k on the 1 cm scale was a powerful predictor of coral settlement,344

their tiles would naturally have possessed structural complexity on smaller scales345

as well, which must be intertwined with the larger scale models and may have346

enhanced settlement rates (Edmunds et al., 2014).347

These results were likely affected by the release agent, which may have left348

residue on textured and edge faces. For all organisms but algae, cryptic, textured349

faces had significantly higher organism densities than edge, flat faces. This would350

suggest that habitat suitability of the textured surfaces was marred by the release351

agent.352

Algae were the only organism that settled significantly differently on either353

the textured or flat faces. Algae settlement was greater on textured faces (where354

1/k = 0.25) than on flat faces (where 1/k≈ 0) (Fig. 6). This finding goes against355

the suggestion of Loke et al. (2016) that algae tend to be affected by topological356

differences only at scales less than 10 µm (whereas the tiles in the present study357

showed topological differences at the 1 cm scale). Perhaps the textured faces of358

the tiles created turbulence that reduced benthic boundary layers leading to high359

nutrient supply, or was less easy for grazers to cover compared to the flat faces.360

Curiously, the reduction in algae cover on flat faces did not result in increased361

densities of coral spat or other sessile organisms.362
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The question therefore remains, what aspects of a settlement surface shape in-363

fluences organism settlement? Several studies concluded that substratum shape364

influences the settlement density of coral spat and other marine organisms (John-365

son, 1994, Petersen et al., 2005, Idjadi & Edmunds, 2006, Mumby & Steneck, 2008,366

Chapman & Underwood, 2011, Graham & Nash, 2013, Davies et al., 2013, Martins367

et al., 2016, Hata et al., 2017), where shape in this context is used interchangeably368

with the terms roughness, texture, rugosity, complexity, or heterogeneity. Tex-369

tured cryptic surfaces did not enhance organism settlement densities compared to370

flat cryptic surfaces. This could be because flat surfaces were closer to the reef,371

including closer reef chemical cues, whereas textured surfaces had fewer touch372

points.373

Modifications to 1/k may change its explanatory power. For example, 1/k374

could be supplemented with indicators of (a) how graze-able a surface is by375

herbivores—a factor discussed by Sammarco & Carleton (1981) among others;376

(b) hydrodynamic effects (such as those discussed by Bourget et al. (1994)); (c)377

other measures of structural complexity such as rugosity; or, (d) measurements378

at scales smaller than 1 cm (such as those discussed by Roth & Knowlton (2009),379

Nozawa (2012), Edmunds et al. (2014)).380

4.2 Effects of tile orientation381

Some studies have found that tile orientation (or “substrate angle”) strongly382

influences coral settlement (Carleton & Sammarco, 1987, Tomascik, 1991, Glasby383

& Connell, 2001); but also see (Mundy, 2000). The relationship between coral384

settlement and substrate angle likely depends upon light intensity and/or depth385

(Birkeland et al., 1981, Maida et al., 1994, Babcock & Mundy, 1996). Although386

these factors were held constant in this study, D, U and S -oriented tiles would387

have received different amounts of light on the textures of their reef-facing, ex-388

posed, and edge regions. Therefore differences in settlement between orientations389

could not be predicted by the results of previous studies.390
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No significant differences were detected between D, U, and S tiles in terms391

of the settlement of any organism except algae when settlement densities were392

computed over total tile areas (Table 1). When settlement densities were com-393

puted exclusively over reef-facing areas, however, S tiles exhibited lower mean394

densities than the other orientations (Fig. 6). That said, the significances of395

these difference could not be assessed in PERMANOVAs because the reef-facing396

regions of S -oriented tiles differed in multivariate spread compared to the reef-397

facing regions of the other orientations (Fig. 6). Contrastingly, other studies398

have observed greater coral settlement on steeper (or vertical) surfaces compared399

to horizontal ones (Carleton & Sammarco, 1987, Tomascik, 1991, Davies et al.,400

2013), but these have either assessed only one site (Carleton & Sammarco, 1987,401

Davies et al., 2013) or found that the trend only held true at four of their six sites402

(Tomascik, 1991). Moreover, while Sammarco (1991) suggest that 37-45 degrees403

is the optimal plate angle for coral settlement, Mundy (2000) found no evidence404

for such an optimal angle in their study of coral settlement on numerous plate405

angles 0–90 degrees. Together, these results highlight an unclear or inconsis-406

tent relationship between orientation and organism settlement, or a relationship407

masked by other environmental factors influencing settlement.408

Algae were the only organisms that orientation significantly affected: S tiles409

attracted 1.5x higher algae cover than D tiles. This was somewhat surprising410

because both D and S tiles had the same reef-facing and exposed surface areas.411

If algae cover had been greater on vertical surfaces compared to horizontal ones412

(as Virgilio et al. (2006) showed in their study of turf-forming seaweeds), then U413

and S should also have significantly differed, but they did not. One explanation414

may be that U, despite being horizontal and therefore less attractive to algae415

according to Virgilio et al. (2006), had a greater proportion of its surface area416

exposed (where algae cover was greater than reef-facing regions; Fig. 6), thereby417

masking orientation’s effect.418

Coral spats dominance on the reef-facing regions (undersides) of tiles was ex-419
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pected based on the results of several studies (Carleton & Sammarco, 1987, Bab-420

cock & Davies, 1991, Maida et al., 1994, Roth & Knowlton, 2009, Arnold &421

Steneck, 2011, Brandl et al., 2014). This pattern is likely tied to factors including422

light intensity, grazing, sedimentation, and hydrodynamics (Maida et al., 1994).423

Likewise other organisms’ proclivities for the reef-facing regions of tiles was pre-424

dicted by other studies (e.g., sponges (Vermeij, 2006, Arnold & Steneck, 2011);425

polychaetes (Schwindt & Iribarne, 2000); or bryozoans (Keough & Downes, 1982,426

Baird & Hughes, 1999)). Vermeij (2006) found on a Caribbean reef that macroal-427

gae dominated the topsides (exposed) regions of their panels. Conversely, Arnold428

et al. (2010) found that on a Caribbean reef crustose coralline algae (CCA) cover429

was greatest on the undersides of settlement places.430

Oriented D, the artificial and natural-shaped tiles had different number of431

contact points on a flat surface. Natural undulations of the reef meant that432

the number of contact points varied even more. All tiles were approximately433

horizontal with the surface, however, and as there were no observed difference434

between the tile shapes, it is assumed that this had a minor effect. Because the435

tiles had steep angles built into them, tile orientation did not necessarily indicate436

the angles of the substrates where organisms settled. Settlement is probably437

more influenced by the angle of the specific surface of settlement than the angle438

of the plate as a whole. This could it be a confounding factor in the results.439

Future studies could also include a sideways tile with the textured surface facing440

outwards. This may lead to clearer conclusions regarding algal settlement.441

4.3 Correlations between organisms442

Coral spat settlement correlated positively with all other organisms, with weak443

to moderate relationship strengths (Table 3). Coral spat may have favoured the444

same environmental conditions as the other organisms, and competition may not445

have sufficiently affected the populations yet. If the tiles were left in-situ longer446

than the one year, it is likely that the macroalgae and/or sponges would have447
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killed many of the coral spat.448

4.4 Artificial reef applications449

Our results suggest that it may be possible to control algae settlement on an450

AR by adjusting texture or 1/k. Ideally, a design could encourage positive ecolog-451

ical interactions and optimise organism settlement and survivorship, in part by452

thwarting mortality from sponge and macroalgae overgrowth. Our findings also453

suggest that the availability of sheltered, reef-facing area is likely more important454

than cm-scale complexity in enhancing settlement. This conclusion aligns with455

the finding that larval-size crevices, which offer complete shelter, can increase456

settlement even on exposed surfaces (Edmunds et al., 2014, Whalan et al., 2015).457

Finally, an AR’s resemblance to a natural reef at the 1 cm scale did not affect458

organism recruitment in this study. This result implies that a structure precisely459

crafted to match a natural reef should not be expected to have greater settle-460

ment rates than a collection of pyramids or other artificial shapes with the same461

structural complexity.462

5 Conclusion463

This study has piloted a method for using 3D printed moulds to test differ-464

ent shapes of settlement surfaces underwater. Future studies could improve the465

method by, for example, conditioning tiles and changing the release agent used466

on the concrete moulds. Contrary to expectation, we found that 1/k affected467

only algae settlement, and not coral spat, sponge, polychaete, or bryozoan set-468

tlement. This finding went against the trend reported by Carleton & Sammarco469

(1987) in their 1986 study on the Great Barrier Reef, Australia. Surprisingly,470

textured cryptic surfaces (with high 1/k) did not enhance organism settlement471

densities compared to flat cryptic surfaces. One possible explanation is that the472

flat surfaces had more touch points with the reef, and were therefore closer to473
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reef chemical cues. Another possible explanation is that the textured surfaces had474

more residue from the release agent, which may have inhibited organism growth.475

Methodological improvements are needed to better study nuances in structural476

complexity’s role in early organism settlement and moreover, ways to design ARs477

for maximizing or minimizing certain organisms growth.478
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A Electronic Supplementary Material669

(a) Down orientation (b) Up orientation

(c) Side orientation

Figure A1: Tile orientations. Photographs are of an artificial-shaped tile after a year of place-
ment on the reef. (a) Overhead photo of down (D) tile: the tile’s textured face touched the
reef, approximately parallel with the ocean surface. (b) Overhead photo of up (U) tile: the
tile’s textured face faced away from the reef, approximately parallel with the ocean surface.
(c) Angled photo of side (S) tile: the tile was propped against the reef with its textured face
touching the reef, approximately perpendicular to the ocean surface.

Figure A2: Coral spat (circled in red) on retrieved tiles. Algae and polycheats also in photos.
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Figure A3: There was a significant linear increase in coral spat density from east to west
along the 160 m transect at Coral View. The trend is modelled by y = 58.5 + 6.9x (P=0.006,
R2 = 0.07). Density are computed over tiles’ reef-facing area, where 90% of coral spat settled.
Tiles of all orientations and shapes are included, as these factors did not significantly affect
recruitment.

Table A1: Comparing reef-facing, edge, and exposed tile regions in terms of organism settlement.
Reef-facing and exposed regions included both textured and flat faces, dependent upon tiles’
orientations. Orientation is ignored except in the case of algae, because it was non-significant
in the PERMANOVAs. P -values are from Mann-Whitney-Wilcoxon tests. Significant P -values
are bolded (P ≤ 0.016̄ with Bonferroni correction).

Reef-Facing vs Edge Reef-Facing vs Exposed Edge vs Exposed
Organism df W P df W P df W P
Coral spat/m2 347 22,964 � 0.0001 348 24,597 � 0.0001 347 13,517 0.0049
Algae (% cover)* 192 1,086 � 0.0001 192 2,294 � 0.0001 192 3,170 0.0002
Sponge (% cover) 320 19,169 � 0.0001 320 20,824 � 0.0001 320 11,048 0.0069
Polychaetes/m2 320 19,446 � 0.0001 320 21,748 � 0.0001 320 10,652 0.0008
Bryozoans/m2 313 16,307 � 0.0001 314 16,963 � 0.0001 313 11,770 0.0512

*Only algae over D and U tiles included because of the differences between D and S observed in Table 1.
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Figure A4: Densities of recruited organisms on the tiles by shape. Histogram bars are left
edge-aligned over labels. There is no evidence that tile shape influenced recruitment in terms
of any of the organisms studied (Tables 1-2).

4. How Centimetre-Scale Structural Complexity Affects Sessile Epibenthic
Organism Settlement on a Caribbean Reef 128

128



Ecology is not, and should not be, the sole preserve
of biologists.

— Professor Michael Risk quoted in Hopley et al.
(2007)
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Abstract1

Coral reefs are among the most biodiverse ecosystems on Earth in large part2

owing to their unique three-dimensional (3D) structure, which provides niches for3

a variety of species. Metrics of structural complexity have been shown to correlate4

with the abundance and diversity of fish and other marine organisms, but they5

are imperfect representations of a surface that can oversimplify key structural ele-6

ments and bias discoveries. Moreover, they require researchers to make relatively7

uninformed guesses about the features and spatial scales relevant to species of8

interest. This paper introduces a machine-learning method for automating infer-9

ences about fish abundance from reef 3D models. It demonstrates the capacity10

of a convolutional neural network (ConvNet) to learn ecological patterns that11

are extremely subtle, if not invisible, to the human eye. It is the first time in12

the literature that no a priori assumptions are made about the bathymetry–fish13

relationship.14

15

Keywords: neural networks, structural complexity, habitat complexity, habitat16

heterogeneity, fish, coral reef, machine learning, artificial intelligence, ecology17
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1 Introduction18

Like forests, coral reefs have high structural complexity enabling them to main-19

tain some of the greatest levels of biodiversity on Earth [1]. Reefs’ unique three-20

dimensional (3D) structure provides organisms refuges from predators [2], places21

to spawn [3], surface areas for grazing [4], and niches with optimal light [5], sound22

[6], or hydrodynamic conditions [7]. Hard corals are the principal architect, but23

even dead corals or concrete blocks can harbour reef communities [8, 9].24

Structural complexity can be measured with a variety of metrics [10], the25

majority of which significantly correlate with indicators of ecosystem health on26

land and sea [11, 12]. The most common metric in marine ecology is rugosity,27

the ratio of a chain’s draped length to its fully extended length [13]. It is slowly28

being replaced with more sophisticated metrics from 3D models, however [14]. 3D29

models of reef can be created from sonar or LiDAR data [15], areal drone footage30

if the water is clear enough [16], or structure-from-motion (SfM) photogrammetry31

[17]. The relationship between fish and structure is of particular interest to not32

only marine ecologists, but also fisheries managers and conservationists trying33

to optimise yield or resilience [2, 18]. Terrain descriptors extracted from 3D34

models have been shown to correlate with fish abundance [19–23], as have more35

traditional structural complexity metrics [19, 24, 25].36

While the basic ecological rationale for these correlations is clear, nuances in37

the relationship between structure and function are not so clear, and metrics38

leave much unanswered. They can oversimplify key structural elements [26], bias39

discoveries [27], and require researchers to make relatively uninformed guessed40

about which structural features and spatial scales will be relevant to species of41

interest [10, 19, 28]. Ideally the 3D model is not summarized into a metric, and42

instead is fed directly into the data analysis pipeline.43

Machine-learning (ML) algorithms are a promising approach for this task be-44

cause they can learn patterns from raw data without a priori information and are45
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not constrained by the assumptions of parametric statistics. Boosted regression46

trees (BRTs) from ML have successfully modelled bathymetry–fish relationships47

from variables derived from 3D models at spatial scales 2–300 m [29–31]. The48

BRTs can reveal variables’ relative importance and are robust to extraneous vari-49

ables, missing values, and interactions, but they still require a researcher to make50

decisions about which variables to extract from the data; e.g., Costa et al. [31]51

choose six terrain variables (depth, depth standard deviation, curvature, distance52

to shelf edge, rugosity, and slope of slope) from their 3D models and measured53

each at five scales (2, 25, 50, 100, and 300 m). Convolutional neural networks54

(ConvNets), also known as deep networks, do not require any pre-existing as-55

sumptions about which descriptions of the data determine relationships. They56

can learn patterns (if present) from raw data through layers of linear and non-57

linear operations. The result is that the network can discover relationships more58

intricate than what even hundreds of multi-scale variables could predict. Already59

ConvNets have proven to be a powerful tool in marine ecology for automating60

image-identification tasks that otherwise require human experts, including anno-61

tating coral [32] and identifying polyp activity [33].62

This papers introduces a method for learning ecological patterns that are ex-63

tremely subtle, if not invisible, to the human eye. Our aim is not just to auto-64

mate inference, but also to let artificial intelligence reveal ecological patterns. We65

demonstrate the capacity of a neural network to learn fish aggregation patterns66

from just 85 3D models of the reef. It is the first time in the literature that no a67

priori assumptions are made about the bathymetry–fish relationship.68

2 Methods69

2.1 Study Area and Data Collection70

Data were collected from the south-west coast of the Caribbean island of Utila,71

Honduras (16.09◦N, -86.91◦W; GPS coordinates in WGS84 format) under a re-72
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search permit from the Instituto de Conservación Forestal (#ICF-DE-MP-080-73

2016). SCUBA divers 3D modelled 85 2 x 2 m patches (“quadrats”) of reef 5± 274

m deep using underwater photogrammetry (following Young et al. [34]). Addi-75

tionally, divers recorded the number of fish over each quadrat during a 10-minute76

fish survey, including 9 minutes spent observing at a distance of ∼1 m and 177

minute spent searching up-close for cryptobenthic fish (following Gratwicke and78

Speight [24]).79

For analysis, fish data were binned into 2–8 classes of roughly equal proportions80

(Fig. 1). We started with the simplest division, low or high amounts of fish, and81

increased the granularity of classes to test how well the network could cope.82

We stopped at 8 classes because divisions started to loose ecological meaning83

(e.g., 12–14 versus 14–16 fish). We formulated our problem as a classification84

rather than regression problem because ConvNets are generally more robust to85

classification problems [35].86
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Figure 1: Fish abundance data. (a) Distribution of fish data (N = 85, minimum = 4 fish,
maximum = 44 fish) with Gaussian smoothing kernel density curve. (b) Division of data into
classes of roughly equal proportions.

2.2 Conversion of 3D Models into 2D Images87

We converted the 3D models into 2D images because ConvNets are presently88

better at dealing with images than 3D objects. To do so, a grid of points was89

projected downward onto the 3D model along the Z-axis (Fig. 2(a)–(b)). The90

grid was 189 x 189 cm rather than the theoretical maximum of 200 x 200 cm,91
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the size of the quadrat, so that it could consistently avoid the PVC-pipe that92

demarcated the edges of the quadrat. Grid points were spaced 1.50 cm apart93

in X and Y (Fig. 2(b)) because the original 3D models had root mean squared94

spatial accuracy to 1.48 cm in X and Y [34]. X and Y positions corresponded95

to pixel indexes in the 2D image, while Z positions corresponded to pixel values96

(Fig. 2(c)). A model’s minimum Z-position was assigned a pixel value of 0, and97

an integer increment in pixel value represented a 1 cm increase in Z-position.98

Z-positions did not exceed 255 cm, meaning pixel values did not exceed 255 (Fig.99

2(c)). The Python script that performed these steps worked with Rhinoceros100

3D software (“Rhino”; Robert McNeel & Associates, Seattle, WA, USA) and is101

available open-source.1102
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Figure 2: Process for converting a 3D model into an image. The X-Y plane is parallel with the
ocean surface and the Z-axis points upwards. (a) Points (in red) are projected along the Z-axis
onto the uppermost points of the reef 3D model (in grey). (b) Points are extracted from the 3D
model. Points cover a 189 x 189 cm grid and each is spaced 1.5 cm from its nearest neighbour.
(c) The grid of points is represented as a 126 x 126 pixel greyscale image. Pixel values 0–255
represent Z-positions, each integer representing 1 cm.

The difference between 3D models that hosted high or low fish abundances is103

extremely subtle to the human eye, and even more so in the image representations104

(Fig. 3).105

2.3 Neural Network Architecture106

The 85 images were randomly sorted into a training set containing 60 images107

and a test set containing 25 images. Three image transformations augmented the108

1www.github.com/gracecalvertyoung/Rhino-Python-Scripts-for-3D-to-2.5D-Conversion
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(a) Low fish abundance (b) High fish abundance

Figure 3: Six randomly selected images from (a) the class with the lowest fish abundance (4–8
fish), and (b) the class with the highest fish abundance (33-44 fish).

training dataset: (1) random cropping to 124 x 124 pixels, (2) center cropping to109

124 x 124 pixels, and (3) random horizontal flips. These are standard practice in110

deep learning to increase models’ robustness [36, 37]. The image reductions do111

not affect the validity of the associated fish data, as fish would have moved beyond112

the 3 x 189 cm cm cropped slivers of the quadrat during surveys. Moreover, this113

data augmentation is a common practice that improves model accuracy for small114

training sets [38].115

We started with standard network architecture including AlexNet [37] and116

VGG-16 [39], but these were vastly over parametrised for our limited data set.117

We therefore implemented our own shallow neural network.118

The network contained two layers (Fig. 4). Layer 1 composed of a 2D con-119

volution with 8 channels and a 6x6 pixel kernel. Layer 2 also composed of a 2D120

convolution, but with 16 channels and a 4x4 pixel kernel. In both layers, the 2D121

convolution had 2 pixel padding and preceded a rectified linear unit (ReLU) and122

2D max pooling with a kernel size of 2 pixels. The network trained using Cross-123

entropy loss [38] and optimized using the Adam algorithm [40]. The learning124
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rate was held constant at 0.001. An epoch is an iteration through the network125

of data that the network has already seen. For each epoch, a random mini-batch126

of 50 images from the training data fed through the network. The ConvNet was127

implemented in PyTorch [41].2128

Input Image!

Low fish abundance!

High fish abundance!

124x124x1! 119x119x8! 116x116x16!

…

Convolutional Layers + MaxPooling! Fully Connected Layers + Output!

6x6 pixel kernel!

4x4 pixel kernel!

Figure 4: Convolutional neural network (ConvNet) architecture.

We also tested adding a third layer and batch normalization to the network,129

but they over-fit too quickly to the training set so the more lightweight network130

was best. We tried dividing the data 50/25/10 into training, validation, and test131

sets so that we could optimise hyper-parameters such as kernel size, but this only132

worsened over-fitting.133

2.4 Assessment134

The accuracy of the ConvNet (AConvNet) was the number of correctly classed135

images from the training set divided by the total number of images in the training136

set:137

AConvNet =
#Correctly classified images

#Total test images
(1)

It was compared to the accuracy of a “dumb classifier” (Awg) that classified138

the test set by making random, weighted guesses based on the proportion of each139

class in the training set:140

2www.github.com/gracecalvertyoung/ConvNet-for-Ecology
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Awg =
1

#Total test images

# classes∑

i=1

(
#Training images from class i

#Total training images

)2

(2)

For each number of classes, the data was re-shuffled three times into the train-141

ing and test sets. The ConvNet was then evaluated once on each shuffling, so142

AConvNet was computed three times for each number of class. This helped ensure143

that results were not determined by a “lucky” division of the data where patterns144

in the test set closely matched the training set. No parameters changed between145

evaluations.146

2.5 Data & Code Availability147

Data and code available on an open GitHub repository upon paper acceptance.148

3 Results & Discussion149

The ConvNet predicted the correct class of fish with a maximum accuracy of150

68% (Table 1), and AConvNet was consistently greater than Awg for 2–7 classes151

(Fig. 5 shows AConvNet − Awg). The discrepancy at 8 classes (Fig. 5) likely152

results from there being insufficient data to generalize trends, as there were only153

5–10 images in the training set for each classification at the 8 class granularity.154

Alternatively, it could be an ecological threshold; e.g., the difference between reef155

texture for two bins in the 8 class granularity is truly random. In this problem the156

upper threshold for attainable accuracy is likely considerably lower than 100%157

because numerous stochastic factors affect fish abundance [42].158

Hundreds to thousands more training datum should improve network accuracy.159

In the coming years, it is indeed expected that there will be vastly more data160

available, as techniques for creating 3D reef models become evermore time and161

cost-effective and are adopted by researchers and citizen scientists alike [43]. The162

underwater 3D models could be generated from any method (e.g., photogram-163
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Table 1: Accuracy of random weighted guess (Awg) compared to the accuracy of the ConvNet
(AConvNet). Averages are from three random shufflings of the data into the training and test
sets. Results are reported from the 100-epoch mark, after which the network tended to overfit
to the training set.

Number of Classes
2 3 4 5 6 7 8

Average Awg 47% 30% 23% 19% 15% 13% 11%
Average AConvNet 63% 40% 36% 28% 25% 17% 8%
Top Awg 50% 34% 25% 20% 16% 15% 12%
Top AConvNet 68% 44% 44% 32% 28% 20% 12%
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Figure 5: Increase in accuracy of the convolutional nural network (ConvNet) compared to the
accuracy of a “dumb classifyer” that makes a random guess about each image in the test set
based on the distribution of data in training set. For each number of classes, the ConvNet was
tested on three random sortings of the data into the training and test sets.

metry, sonar, LiDAR) and still be applied to the ConvNet framework as long as164

they are in a standardized format. Additional descriptors could also augment the165

data, such as site information (if different between inputs) or scaling factors (if166

quadrats are different sizes); these could be incorporated following what Huang167

et al. [44] developed for adding text descriptors into their image classification168

problem. The caveat is that any extra parameters require even more training169

data [45]. Including the colours of points may also improve accuracy, especially170

if colour reliably corresponded to algae, coral cover, or other ecological features171

that help predict fish abundance. To do so, colour fidelity should be consistent172

across the data, which can be accomplished through modifications to the pho-173

togrammetry method [46].174

Another way to improve accuracy may be to train the network on 3D rep-175
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resentations rather than images. A 3D model would contain features that are176

collapsed in the image representation, such as the canopy structures and crevices177

that provide creatures refuge. The irregular format of point clouds traditionally178

poses challenges for deep learning networks, but this hurdle can be overcome by179

voxel transformations or with more advanced networks [47, 48]. Again, however,180

training more network parameters requires more data. Additionally, benchmark-181

ing the neural network’s accuracy against traditional metrics of reef structural182

complexity, such as rugosity, rather than weighted guesses may be more revealing.183

Once it achieves considerable accuracy, this network could be used to validate184

artificial reef designs aiming to maximize fish abundance, predict hotspots that185

should be conservation priorities, or conduct a range of other science, conserva-186

tion, and management tasks. The framework is versatile and could also learn187

other ecological patterns, from land or sea, that are not obvious to the human188

eye.189

4 Conclusion190

This paper has demonstrated that a neural network has the capacity to learn191

fish abundance patterns from raw representations of the underlying coral reef192

topography. The results are encouraging considering the small amount of samples193

used to train the network. The ConvNet achieved an accuracy of 68% from just194

85 images, and this accuracy should improve with more data. Once extended with195

hundreds more data points, this method of learning patterns could reveal insights196

into how fish use structure and be a tool for making automated predictions of197

where fish will aggregate. Additionally, the versatile framework could learn other198

complex ecological patterns, from land or sea.199
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We shape our buildings; thereafter they shape us.

— Winston Churchill
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6.1 Key Findings & Implications

This thesis has touched four lines of inquiry regarding the role of 3D structural

complexity in a coral reef ecosystem. It designed a new technique for creating

and analysing 3D models of underwater scenes (Chapter 2), showed how the 3D
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models predicted fish populations in the Caribbean (Chapter 3), tested whether the

structural complexity of 3D printed tiles affected epibenthic organism settlement

after one year (Chapter 4), and, finally, applied methods from computer vision

and machine learning to assess relationships between the 3D models and fish

(Chapter 5). These four data chapters and their key findings are summarized in

the following sections (6.1.1–6.1.4).

6.1.1 Method for 3D Modelling Coral Reefs

Chapter 2 presented a rigorously validated method for ecologists to non-invasively

quantify coral reef 3D structural complexity with a variety of multi-scale metrics.

The method is time and cost-effective; it requires only a single, uncalibrated

consumer-grade camera and standard laptop. Resultant 3D models of 2 x 2 m

patches of shallow reef were accurate to 1.48 cm in X-Y and 1.35 in Z (root mean

square errors). The chapter also outlined the theory and rationale behind the multi-

scale metrics of 3D structural complexity that are used in subsequent chapters,

namely rugosity (R), fractal dimension (D), and vector dispersion (1/k). In terms of

these metrics, the 3D models had accuracies of 86.8% (R), 99.6% (D at scales 30–60

cm), 93.6% (D at scales 1–5 cm), and 86.9 (1/k). 3D model-derived values of R were

compared to in-situ chain-and-tape measurements of R, while 3D model-derived

values of D and 1/k were compared to ground truths from 3D printed objects. All

metrics varied less than 3% between independently rendered models. The chapter

therefore quantified the precision and accuracy of the 3D modelling method.

All subsequent data chapters of this thesis (Chapters 3–5) used the method

presented in Chapter 2 to create and analyse reef 3D models. Since summer 2017,

researchers in Indonesia, Madagascar, Cuba, Honduras, Bonaire, and the Maldives

have also used the method to create and analyse 3D models of coral reefs.

6.1.2 3D Models Tied to Ecological Data

Chapter 3 described an application of the method presented in Chapter 2. It was

essentially a replication of Gratwicke and Speight (2005b), the seminal study that
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showed how Habitat Assessment Score (HAS) could predict fish species richness

and abundance in the Caribbean, except that we measured habitat complexity

automatically from the 3D models, rather than from divers’ recorded HAS. We

conducted the fish surveys the same way as Gratwicke and Speight (2005b) over

2.0 x 2.0 m quadrats (whereas Gratwicke and Speight (2005b) used 2.5 x 2.5 m

quadrats). For each quadrat, divers recorded the species of fish within the 2.0

x 2.0 x 2.0 m space over the quadrat. The 3D models automatically returned

rugosity (from 1.75 m long virtual chains of link length 2 cm), fractal dimension

(at fives scales 1–120 cm), and vector dispersion (at 1 cm scale). Of the seven 3D

metrics, we wanted to establish the best predictor or best combination of predictors,

much like how Gratwicke and Speight (2005b) combined several features into one

easy-to-regress variable (HAS). R was the best predictor of fish variables, followed

by 1/k. D measured between 15–30 cm and 5–15 cm also correlated with fish

variables, but D measured at other scales 1–120 cm did not. The 3D metrics had the

same predictive power for fish abundance and Shannon diversity as chain-and-tape

rugosity or HAS. Although their predictive powers are the same, we recommend

researchers employ 3D modelling instead of chain-and-tape measurements or HAS

because they can non-destructively produce a variety of 3D metrics at numerous

spatial scales and keep a permanent record of reef structure over time.

6.1.3 Controlled Experiment

Chapter 4 described a controlled experiment that tested the role of structural

complexity measured in terms of vector dispersion (1/k; Chapter 2) upon sessile

epibenthic organism settlement after one year. Contrary to expectation, we found

that 1/k affected only algae settlement, and not coral spat, sponge, polychaete, or

bryozoan settlement. This finding went against the trend reported by Carleton

and Sammarco (1987) in their 1986 study on the Great Barrier Reef, Australia.

Chapter 4 highlighted nuances to structural complexity’s role in early organism

settlement that are not well captured by 1/k. It also added quantitative evidence

to the debate over whether an artificial reef (AR) should resemble a natural reef
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or an artificial shape to effectively promote coral spat settlement: e.g., should

an AR be sculpted or 3D printed to match the undulations of a natural reef, or

could it be made from breeze blocks or other existing concrete shapes and produce

similar ecological outcomes? Older studies on ARs decisively concluded that the

best way for an AR to cultivate a marine community mimicking a natural reef or

to mitigate natural reef degradation is for the AR to possesses structural features

similar to those of the natural surroundings (Perkol-Finkel et al., 2006), or for the

AR to be as structurally similar as possible to natural reefs (Carr and Hixon, 1997).

These qualitative descriptions of structural complexity are difficult to quantify, in

part because quantitative metrics, such as the plethora reviewed in Chapter 1, are

mathematics-based and therefore slightly abstracted from the underlying ecological

theory. 3D metrics are now easier to compute and control, however, thanks to

advances in 3D modelling technology and 3D printing in the last decade. The broad

applications of this research in AR design are further discussed in section 6.2.3.

6.1.4 Machine Learning Trends

Chapter 5 forwent the 3D metrics used in previous chapters. Instead, the whole

3D model, or rather an image representation of the 3D model, was fed into a machine

learning algorithm. The algorithm learned a pattern between the 85 3D models

(represented as images) and fish abundance data from Chapter 3. The algorithm

predicted how many fish would be on the reef represented by an input image

consistently better than random. This is a promising result given the extremely

limited data set. With hundreds to thousands of more data points, the prediction

is expected to vastly improve. The improved algorithm could be used to compare

proposed designs for an artificial reef. Additionally, given a large series of quadrats,

it could predict which quadrats would have the highest fish abundance and thereby

inform decisions about which representative areas should be conservation priorities.
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6.2 Broad Applications

The research presented in this thesis has broad applications in marine ecology,

reef monitoring (restoration and management), artificial reef design, and marine

archaeology. The following sections (6.2.1–6.2.4) discuss how the research relates

to broader themes.

6.2.1 Further Ecological Study

The photogrammetric 3D modelling methods presented in this thesis have

enabled researchers to answer new questions about how marine organisms live with

and rely on structural complexity. For example, one study is looking at how 3D

complexity might be responsible for urchins (Diadema antillarum) recovering from

disease in some parts of the Caribbean, but not others (M. Bodmer et al., in prep.).

Another study is testing how 3D complexity might be a driver behind lionfish

(Pterois) aggregations in the Caribbean (C. Hunt et al., in prep.). These lines of

study would have been very difficult without the 3D modelling methods.

6.2.2 Reef Monitoring

3D models of coral reefs can improve or augment reef monitoring programs

in a number of ways. Firstly, unlike some monitoring tools, the 3D models are

non-destructive, relativity inexpensive, able to preserve structure over time, able

to produce a range of metrics automatically (Chapter 2), and unbiased between

observers (Raoult et al., 2017). Moreover, chapter 3 showed how the 3D models were

as good predictors of fish metrics as the more traditional measures of chain-and-tape

rugosity or the Habitat Assessment Score (HAS). Secondly, the 3D models can

produce a range of measurements beyond structural complexity. They can be used,

for example, to calculate the proportional surface area or volume of live coral cover

(Fig. 6.1(a)), specific colonies (Fig. 6.1(b)), or disease. Because the software and

tools are versatile and user-friendly, managers can customise them to their needs

(Appendix C). Thirdly, the methods are time and cost effective; researchers can

gain more data on a single 1 hour dive than from traditional survey techniques (e.g.,
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chain-and-tape rugosity or visual surveys). This keeps costs down for researchers

and/or allows more data to be collected with in a limited time frame.

2.4.5.1 Measuring Mortality with Colour 
Existing monitoring applications for Acropora corals often distinguish between measures of 

areas with recent mortality and old mortality (Williams, Miller and Kramer, 2006). Recent 

mortality refers to areas that are recently affected by mortality and appear chalky-white, 

through exposure of the underlying calcium carbonate skeleton. Old mortality refers to 

those areas of the coral that are overgrown by various types of algae and appear blue-

green. Through exposure of their symbiotic zooxanthellae, living coral tissue of Acropora 

corals appears orange-to-brown. These diverging colour palettes are visible and 

distinguishable within 3D reconstructions.  

 Given divergence in colour, it was hypothesised that measures of mortality could be 

obtained by extracting areas with diverging colour palettes. It was therefore investigated 

whether colours - through their associated Red Green Blue (RGB) values - could be 

manipulated in order to extract areas of live coral tissue, recent mortality and old mortality. 

This approach was investigated through the use of the dense point cloud - a set of data 

points in a 3D coordinate system - which is build with the Agisoft Photoscan software. An 

individual point in a dense point cloud is defined by X, Y and Z coordinates and R, G, and 

B values. To extract colour information, the dense point cloud in Agisoft Photoscan was 

exported as a Polygon File Format (.ply), a file format that supports among them the 

storage of property information on colour and coordinates. Rhino reads the .ply file as a 

point cloud, representing the external surface of the object through points, as illustrated in 

�15

Figure 6. Percentage of live coral tissue can be precisely calculated by manually applying 

curves (left) and extracting the meshes with the command “SplitMeshWithCurve” (right). 
(a)

2.4.5. Mortality/Live Coral 
Mortality, bleaching, disease and sponge overgrowth are important ecological metrics for 

determining the vitality of a coral. Alternatively, one could calculate the live coral tissue. 

Previous monitoring strategies for Acropora palmata rely on crude visual estimates 

(Williams, Miller and Kramer, 2006), which may be highly imprecise due to human-error.  

 Quantifying any of these ecological metrics was accomplished by manually applying 

a curve around dead, bleached, overgrown areas of coral tissue, and extracting the 

meshes of these areas with the command “SplitMeshWithCurve”, based on the same 

methodology applied for extracting the coral mesh from the substratum. This process is 

illustrated in Figure 6. Total area of dead, bleached, overgrown or live coral tissue was 

calculated with the command “Area”. Although this method may produce very precise 

measures of mortality and/or live coral tissue, this method was time consuming and 

laborious, in particular when analysing larger and more complex corals. This method for 

quantifying percentage of live coral tissue and/or mortality may therefore be unsuitable for 

a widespread monitoring approach. Hence, a quicker and less laborious methodology was 

explored through the use of RGB values (colour) and is discussed in the final paragraph of 

this section.   
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Figure 5. The command “BoundingBox” creates a rectilinear box object that encloses the 

selected object. Measures of maximum height, length and width can be extracted from the 

box. 

(b)

Figure 6.1: Examples of reef monitoring applications. (a) Percentage of live coral tissue
calculated by manually outlining areas and extracting the meshes with the build-in the
command "SplitMeshWithCurve" in Rhinoceros 3D, the software used in Chapter 2. (b)
The built-in command "BoundingBox" in Rhinoceros 3D automatically creates a rectilinear
box around the selected object. Measures of maximum height, length and width can
be extracted from the box. The 3D models in (a)–(b) were rendered from underwater
footage of elkhorn coral from Bonaire National Marine Park following Chapter 2; they
have millimetre precision and accuracy in terms of surface area and volume. Each coral’s
maximum dimensions are approximately 10 x 20 x 20 cm. Source: Julia Huisman with
permission/Appendix C.

Additionally, the 3D models can be a way for people to engage with the reef

even if they never dive. Conservation institutions can 3D print miniature versions

of the 3D models of their reef to show to visitors. They can also show 3D models

through virtual reality headsets. These means of engagement have the potential

to affect the minds and decisions of managers, donors, and others who use the

reef directly or indirectly.

Incorporating 3D modelling and analysis into monitoring programs could help,

for example, (a) gauge the effectiveness of a marine protected area by showing

visual and quantitative changes over time or with protection (e.g., Burns et al.

(2016)), (b) identify priority conservation regions by identifying regions of high or

low complexity (e.g., Agudo-Adriani et al. (2016)), or (c) track chronological growth

of transplanted coral in response to independent variables (Appendix C).
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6.2.3 Artificial Reef Design

An artificial reef (AR) is a submerged structure placed on the seabed deliberately

to mimic some characteristics of a natural reef (Baine, 2001). Humans have created

ARs for centuries, primarily to enhance fisheries yield and, more recently to help

restore reefs, enhance recreational diving, prevent trawling, and/or avoid coastal

erosion. They are becoming evermore important as we try to compensate for

the worldwide degradation of reefs and their ecosystem services (Rogers et al.,

2015; Agudo-Adriani et al., 2016).

All chapters of this thesis have possible implications for AR design in that

they discuss reef structural complexity, a key feature of a healthy reef ecosystem

(Chapter 1). If we understand how and why natural reefs are able to provide the

ecosystem functions they do, then we can design better artificial reefs. In Chapter 3,

we measured the structural complexity of randomly selected patches of reef around

the Caribbean island of Utila. We found that in general the higher the 3D metrics,

the higher the fish abundance and diversity. Correlations do not imply causations,

however, and so Chapter 3 could answer the follow-on question that pertains to AR

design: If a surface hit the extremes of one or all of the structural complexity metrics

of Chapter 3, would it necessarily have higher fish abundance and/or diversity? This

question must be answered through controlled experimentation. Several studies

have run experiments along these lines (e.g., Gratwicke and Speight (2005a)),

although not using the structural complexity metrics of Chapter 3. We precisely

controlled one of the metrics (1/k) in Chapter 4 by designing surfaces that could

be 3D printed. Instead of fish we focused on a much smaller animal, juvenile corals

or coral spat. Coral spat are thought to be affected by centimetre-scale surface

complexity (Carleton and Sammarco, 1987; Edmunds et al., 2014; Whalan et al.,

2015). While Chapter 4 did not find that coral spat settled differently upon surfaces

with contrasting values of 1/k at the 1 cm scale after one year, it did find that 1/k

at the 1 cm scale affected algae settlement after one year. This finding suggests that

an AR wanting to minimise algae settlement should choose surfaces with lower 1/k.
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It also reiterates that availability of sheltered area increases coral spat settlement,

a discovery made by Edmunds et al. (2014) among others.

Chapter 4 discussed applications of the research towards AR design, specifically

regarding how to use structural complexity to optimise coral spat settlement after

one year. We suggest future studies that further probe the cause-and-effect nature

of structural complexity on coral reefs employ a similar structural complexity metric.

That metric might not be 1/k, but it should be one that satisfies our rationale

for choosing to control 1/k, namely:

(a) It is quantitative. Several studies use qualitative metrics that cannot be

controlled in an experiment or compared across sites or times. Chapter 4

specifically addresses how several studies vaguely conclude that "natural"

shapes best enable an AR to mimic an adjacent natural reef, but cannot

precisely define "natural." Describing shapes quantitatively is more challenging

because there is not a standard metric and mathematics can abstract metrics’

ecological meanings (Chapter 1.3). There are nonetheless several multi-scale

metrics available for describing shapes (Chapter 1.3).

(b) It has demonstrated ecological meaning to the organism of interest; e.g., 1/k

had been shown to correlate positively and tightly (more so than other metrics)

with coral spat settlement after several months.

(c) It is measured on continuous scale (not just "high" or "low"), and therefore it

is possible for artificial surfaces to reach the extremes.

The metrics presented in Chapter 1.3 and 2 offer a starting point for fur-

ther studies using quantitative metrics of structural complexity. These will help

standardize comparisons between AR studies and develop means of predicting

and optimising AR effects.
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6.2.4 Marine Archaeology

The technologies involved in 3D modelling underwater scenes are largely the same

for applications in coral reef ecology or marine archaeology. That said, a marine

archaeologist likely has different size, resolution, time, and budget requirements

for their 3D modelling endeavours than a coral reef ecologist. For example, a

marine archaeologist may be willing to spend hundreds of hours diving the site to

capture high-quality footage and wait for optimal lighting and visibility conditions

so that their 3D model of a shipwreck has near millimetre accuracy, enough to

read engravings on plaques. The archaeology team may then be willing to spend

hours artistically reconstructing portions of the 3D model shipwreck based on

historical information. As the shipwreck would only be 3D modelled once, the team

may choose to rent a week on a supercomputer to render the model. A marine

ecologist, on the other hand, may wish to capture month-by-month changes in

underwater structures, and is willing to trade up to centimetre resolution because

most of the fish and other organisms of interest are well above the centimetre

scale. The marine ecologist may wish to sample several, small portions of a reef

spanning great distance underwater. At a remote location, they may not rely upon

cloud-based supercomputing services and instead choose to distribute computing

between volunteers’ laptops. Meeting the functional requirements of these scenarios

for the marine archaeologist and ecologist would require different customizations

of the 3D modelling pipeline presented in Chapter 2, but the solutions could rely

upon the same underlying technology (namely PhotoScan and/or Rhinoceros 3D).

Archaeologists could use their 3D models, derived via the method described

in Chapter 2 or any other method, for applications beyond those presented and

discussed in Chapters 3–5. Drap (2012) and Drap et al. (2015) discuss these and

other applications in more detail, including:

(a) artistically reconstructing buried or fragmented artifacts as in Fig. 6.2 (Drap

et al., 2015),
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(b) arranging displaced cargo to help inform hull shape as in Fig. 6.3 (Beltrame

et al., 2016)),

(c) showing submerged sites to researchers, museum guests, and donors through

virtual-tours or 3D printed models (Scopigno et al., 2011),

(d) preserving site information without removing objects (Drap et al., 2015),

(e) printing fragments to fix artifacts (Arbace et al., 2013),

(f) measuring precisely dimensions, volumes, and surface areas of artifacts without

removing them from the water or requiring excessive dive time (Drap et al.,

2015),

(g) identifying shipwrecks as anomalous structures over large-area (e.g., kilometer-

wide swaths) of seabed (Ballard et al., 2002), or

(h) printing reconstructed artifacts (Scopigno et al., 2011).

Figure 6.2: Example of photogrammetric 3D modelling used to reconstruct partially
buried amphora on a shipwreck. The 3D model was rendered in Agisoft PhotoScan, similar
to the method in Chapters 2–3 except that the cameras were mounted on a submarine
and artificial lights illuminated the scene, which was 110 m deep. Source: Drap et al.
(2015) available through Creative Commons Attribution License (CC BY 4.0).

Synergy between marine ecology and archaeology researchers in regards to

underwater 3D modelling technology and practices could yield fruitful discoveries.

It is also possible to consider a shipwreck as an artificial reef and compare it

to neighbouring artificial reefs, as did Perkol-Finkel et al. (2006). 3D models in

such a study could assess how the shipwreck/artificial reef shape affected marine

community structures.
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(a) (b) (c)

Figure 6.3: Examples of photogrammetric 3D modelling used to reconstruct cargo
arrangment and hull shape from a shipwreck. (a) 3D model of shipwreck remains (marble
cargo) rendered with Agisoft PhotoScan under ambient light at a site 6.5–7.0 m deep,
very similar to the conditions in Chapters 2–3. From this 3D model, archaeologists can
estimate dimensions and weights of the cargo. (b) The 3D modelled cargo manually
re-arranged as it may have been inside the original ship hull, a cumbersome task without
the 3D model. (c) Tentative reconstruction of the ship hull based on the 3D configuration
of marble cargo. Source: Beltrame et al. (2016) with permission.

6.3 Limitations and Future Directions

3D modelling has proven to be a useful tool in coral reef ecology for structural

complexity analysis (Chapters 1–5 & 6.2.1). It is also a useful tool for reef monitoring

(6.2.2), restoration (6.2.3), and marine archaeology (6.2.4). That said, there are

several limitations to the method that warrant further discussion. These limitations

and their possible remedies are discussed below, along with future research directions.

6.3.1 Sizes and Resolutions of Underwater 3D Models

The 3D models created and analysed for this thesis were 2 x 2 m. While

this is a relativity small size on the scale of reefs (which can be kilometres by

kilometres), it means that each quadrat can be rendered and analysed discreetly

on a standard laptop (Chapter 2). Many quadrats can be modelled on a dive site,

so in total a sizeable amount of reef can be sampled (e.g., 340 m2 for Chapter

3). The "lawnmower" filming pattern presented in Chapter 2 does not scale well

to larger reef areas, however (Pizarro et al., 2017).

To 3D model larger areas underwater (up to ≈113 m2), Pizarro et al. (2017)

suggest a very similar method to Chapter 2, except that divers film in a spiral

pattern by winding a taught string around a central post. Pizarro et al. (2017)

showed how this spiral swimming patten could produce 3D models with 12 m
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diameter. Such models could straightforwardly be input into the analysis programs

for R, 1/k, and D presented in Chapter 3 by changing the grid of points from a

square to circular; no other modifications to the code or protocol would be needed.

Another approach for creating models on a similar scale is for divers to lay down a

"topographical net" underwater as described by Beltrame and Costa (2017) for 3D

modelling marine archaeological sites. In Agisoft PhotoScan, a user can manually

align the points on the net. Alternatively, if coded targets are present (Fig. 6.4),

PhotoScan can automatically identify the points (Agisoft LLC, 2017, p. 51). In

order to work reliably underwater, the targets must have a matte finish and be

firmly secured so they that they do not move during filming (Yamafune et al.,

2017). Our research team from the University of Oxford placed laminated targets

underwater on quadrat corners in the Chagos Archipelago, but they did not render

well because the laminations were too shiny and moved too much with the currents

(limitations discussed in Chapter 2 and 6.3).

56
57

58

59
60

Figure 6.4: Example of five coded targets. If present in the imagery used for
photogrammetry, PhotoScan can automatically identify the center of the target. Source:
Agisoft PhotoScan.

To 3D model even larger areas underwater (hundreds of m2 to km2) with pho-

togrammetry, the imagery should be co-registered with other position information, so

the method becomes more technologically complex than that presented in Chapter

2. Sonar, LiDAR, or satellite data, perhaps augmented with photogrammetry,

are likely better suited to the task of 3D modelling reefs at this scale (Chapter

1.4). Several papers propose methodologies that combine photogrammetry with
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navigation and altitude information from underwater vehicles or diver-held stereo-

vision cameras (e.g., Pizarro et al. (2009); Johnson-Roberson et al. (2010); González-

Rivero et al. (2017)). These all require a means of acquiring the camera’s geo-

referenced pose estimates underwater (e.g., through Simultaneous Localisation and

Mapping (SLAM)), which requires extensive computing power.

(a) Photo of underwater scene (b) Photogrammetric 3D model

(c) Photogrammetric 3D model

Figure 6.5: Examples of the limitations in capturing 3D structure underneath canopy
structures. (a) SCUBA tank 3D modelled underwater (Chapter 2). (b) The neck of the
tank appears connected to the seabed. Note that the tank did not render particularly well
because it is reflective. Matte features rendered more realistically (e.g., the the black band
on the tank and the fin in the lower-left). (c) Photogrammetric 3D model of Hawaiian
coral reef. Zoomed portion shows the ill-defined underneath of the tabular coral. Source
(a)–(b): Author G. Young. Source (c): The Hydrous with permission.

6.3.2 Overhangs, Underhangs, and Occluded Features

Terrain reconstructions from downward-looking cameras (bird’s eye view) do

not generally capture the structure of occluded features, such as the underside of

a tabular coral or canopy structure (Fig. 6.5; Friedman et al. (2012)). Moving

the camera around the structure so that it captures more angles can help render
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otherwise occluded features (Fig. 6.6; Appendix C and Friedman et al. (2012)). In

practice this does not consistently work well underwater, however, unless the water

is ultra-clear (personal observation). This is likely because the side-view images

include an extended view of the water column and the moving particulate matter

that it contains, which interfere with the photogrammetry algorithm (Chapter

2). Placing a mono-coloured background that blocked the extended view of the

water column might help remedy the problem, although this has yet to be been

tested. It is possible to mask the water column out of photos, but this is a

manually intensive process (Agisoft LLC, 2017, p. 60–64). Future iterations of the

PhotoScan or other photogrammetry software may be better able to automatically

mask underwater images.

 As the aim of the method was to produce accurate and high-quality 3D 

reconstructions of individual elkhorn corals, representing morphology and texture with 

precision, a large number of images were required from a variety of orthogonal views in 

relation to the coral. Constructing models based on a large number of images is shown to 

increase accuracy and reliability (Harvey et al., 1995). In order to achieve this, the coral 

was filmed from various orthogonal views, that is, from a planar, 45-degrees, and top-down 

perspective. For consistency, a standardised in water recording process was used during 

sampling, adapted from Raoult et al. (2017) and Gutierrez-Heredia et al. (2016). This 

process is depicted in Figure 1. A diver began recording the coral from a planar angle, 

whilst spiralling in a clockwise or counterclockwise direction around the coral. This was 

repeated with the camera pointed to the coral in a 45° angle and finally, from a top-down 

perspective. The camera remained at a constant distance of 30 - 50 cm from the coral, 

whilst the orientation of the camera generally remained in a planar orientation. While 

recording the coral from a top-down perspective, changing the camera’s orientation was 

found to be convenient in certain situations and did not seem to affect 3D reconstruction. 

 Depending on the size, an elkhorn coral required 1.5 to 3 minutes of continuous in 

water recording. The build-in timer of the GoProTM Hero 5 made it possible to replicate 

recordings within approximately the same period of time.  

�7

Figure 1. In water recording method of Acropora palmata. 

start

45°

90°

0°

Figure 6.6: In-water filming method for the elkhorn coral Acropora palmata with GoPro
camera. Source: Julia Huisman with permission/Appendix C.

For similar reasons, complex branching structures do not render well from

photogrammetry, even in air (Fig. 6.7). This problem cannot be solved by masking

images, however, and is more likely a fundamental limitation of photogrammetry

(personal observation). Branches cast shadows on each other even in diffuse light and

occlude features as the camera moves, which interferes with the photogrammetry

algorithm (Chapter 2). The effect is that individual branches are ill-defined in the

3D model, and instead the dense branches meld together in a cauliflower-like shape

(Fig. 6.7). In practice, for example, Elkhorn corals (Acropora palmata; Fig. 6.8(a))

will model well, but Staghorn coral (Acropora cervicornis; Fig. 6.8(b)) will not

(Appendix C). The photo overlay can be misleading on models with dense branches

because photo texture may show the branches photorealistically, but the underlying
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3D mesh will not contain defined branches (Fig. 6.7(a)–(b)). If a study needs 3D

representations of dense branching structures, light scanning (e.g., as in Reichert

et al. (2017)) is a more appropriate method than photogrammetry (Teza et al., 2016).

(a) 3D model with photo texture (b) 3D model without photo texture

(c) Photogrammetric 3D model

Figure 6.7: Examples of how photogrammetry cannot well capture complex 3D branching
structures (the "cauliflower effect"). (a) Photogrammetric 3D model of branching coral
with photo-texture overlay. (b) 3D model without the photo-texture overlay, showing how
the underlying 3D shape does not capture spatial of definition individual coral branches.
(c) Photogrammetric 3D model of Hawaiian coral reef. Zoomed portion shows how coral
branches are ill-defined individually. Sources (a)–(c): The Hydrous with permission.

These occluded features can have significant ecological importance by increasing

surface area and providing shelter or refuge to organisms of different sizes (Halford

et al., 2004; Goatley and Bellwood, 2011). Additionally, the occluded features could

be important in algorithms that aim to automatically identify corals by their 3D

structure. Further research is needed to engineer solutions to this problem and/or

know how to correct for errors. The method presented in Chapter 2 avoided errors

resulting from canopy effects because all analysis metrics were computed from

a grid of points draped onto the uppermost points of the 3D model (replicating
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a profile gauge), so canopy structures never factored into measurements. If our

survey was to focus on parts of the 3D model under canopy structures, then the

measurement errors should not only be quantified in terms of X, Y, and Z, but

also in terms of Z-under canopy and Z-over canopy. It would be expected that

accuracy of Z-under canopy would be less than Z-over canopy.

(a) Acropora palmata (b) Acropora cervicornis

Figure 6.8: Corals shapes that illustrate the borderline cases in photogrammetry’s ability
to 3D model branching structures. Elkhorn corals (Acropora palmata) will model well,
but Staghorn coral (Acropora cervicornis) will not; individual branches will appear
joined together (Appendix C). Source (a): Florida Fish and Wildlife Conservation
Commission/Creative Commons licence (CC BY-NC-ND 2.0). Source (b): Albert Kok at
Dutch Wikipedia/public domain.

6.3.3 Quantification of Errors in Underwater 3D Models

In Chapter 3 we knew that the errors of the 3D models were the same as

those in Chapter 2 because the method, study site, and depth were exactly the

same. If any part of the method, study site, or depth (and therefore lighting

conditions) had changed, however, then we should have determined the spatial

resolution of the 3D models by comparing them to ground truths (as in Chapter

2). Changes in environmental conditions (lighting and water quality) can bias

model quality. Bryson et al. (2017) found that changes in environmental conditions

caused up to 7.5% variation in model surface rugosity. Casella et al. (2016) noted

that conditions of calm water, low winds, and minimal sun glint were ideal for

using photogrammetry to 3D model a shallow coral reef from consumer-grade

aerial drone footage. Measurement errors also tend to increase with structural

complexity (Bryson et al., 2017), so these effects should be quantified for the range
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of complexities a study is expected to encounter. For example, Figueira et al.

(2015) found that the coefficient of variation between measurements of surface

rugosity jumped from 1% to 10% between massive corals (low complexity) and

bottlebrush corals (high complexity).

There should be a streamlined approach for routinely determining the precision

and accuracy of measurements from underwater photogrammetric 3D models. For

example, this could be a 3D version of a printer test sheet for underwater models.

The "test shape" should include canopy structures, low complexity structures (e.g.,

massive coral-like), and high complexity structures (e.g., mimicking bottlebrush

coral-like) to account for the effects observed by Friedman et al. (2012); Figueira

et al. (2015); Bryson et al. (2017).

6.3.4 Controlling or Quantifying Slope

The slope of a reef significantly affects marine communities, as it controls how

regions face the light and how sediment and other particulate matter roll or settle

on the surface (Wilson et al., 2007a). The slope also affects measurements of all

of the 3D metrics, including R, D, and 1/k (Chapter 2). It should therefore be

accounted for in the 3D model of a reef. In Chapter 3 we did not need to adjust

the slopes of our 3D models because our dive sites were fairly flat, and we placed

quadrats such that they were approximately parallel to the ocean surface. We were

therefore justified in placing three corners of a quadrat flat on the X-Y-plane. That

said, for future studies wishing to incorporate slope, there are two options:

1. When post-processing the photogrammetric 3D model in Rhinoceros 3D,

instead of placing three corners of a quadrat on flat on the X-Y-plane, place

the corners at the angles they were underwater. Divers could record these

angles underwater by recording the depths of three corners or by estimating

quadrat angle on a protractor with a float towards the surface serving as the

vertical reference. For Chapter 2, we tried 3D modelling a quadrat with a float

tied in the corner indicating vertical. The float did not consistently render
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well in the 3D model, however, because it moved with the current and the

photogrammetry can only render static objects (Chapter 2).

2. Use metrics of 3D structural complexity that are decoupled from slope.

Friedman et al. (2012), for example, describe a means of calculating a variant of

rugosity based on projections onto the plane of best fit (rather than flat-plane

area).

Mapping steep slopes creates additional problems with photogrammetry because

lighting can change dramatically over the scale of a few meters (personal observation).

Other underwater 3D mapping techniques, besides photogrammetry, also often

cannot adequately replicate the 3D structure of vertical surfaces because they are

restricted to down-looking sensors (Robert et al., 2017). As a result, ecologists have

missed valuable information on vertical surfaces, which can harbour high biodiversity

and provide natural protection from bottom-trawling activities (Robert et al., 2017).

Robert et al. (2017) successfully created 3D models of vertical walls by combining

sideways and forward-looking multibeam echosounder data (mentioned in Chapter

1) with videos from underwater vehicles. To my knowledge, there is no method

for 3D mapping steep vertical surfaces underwater with diver-held cameras or in

situations where echosounders and underwater vehicles are not an option (because of

budget, depth, location constraints, etc.). It may be possible by applying a similar

method as in Chapter 2, but with artificial, diffuse lighting to correct for natural

lighting variations along the depth gradient. At present, this is another limitation of

underwater photogrammetry that warrants an engineered solution and at the very

least should be accounted for when analysing sites with steep verticals underwater.

6.3.5 Colour Consistency

Colour in the 3D models may be another possible means of assessing reef health.

Visual inspection of several 3D models revealed that quadrats varied greatly in color,

mostly in blues and greens, unrelated to what they contained (personal observation).

The water column imposes several effects on images that are negligible in air, such
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as colour-dependent attenuation and lighting patterns (Bryson et al., 2013). If

color is to be used in measurements on a 3D model, a ground-truth color scale

should be included in each 3D model for referencing measurements. Alternatively,

colour could be automatically corrected by an algorithm (e.g., Bryson et al. (2013);

Apollonio et al. (2014); Gaiani et al. (2017)). If colour was standardized, the

information for each point could be included in a machine learning approach (e.g.,

with modifications to the algorithm presented in Chapter 5).

6.4 Concluding Remarks

Imagine placing a luxury apartment building in a vast empty field. People will

not necessarily move there. They may reside in nearby housing blocks, even if lesser

quality, because they are tied to family and community traditions there and rely

upon nearby grocery stores, salons, and other urban conveniences. However, over

time people may move into the new apartment building, and in doing so they will

establish an ecosystem similar to that in the older neighbourhood.

A reef with high structural complexity is like a luxury apartment building for

reef organisms. Even so, structural complexity cannot explain all or even most

variation in fish populations or other ecological variables. There are a multitude

of other ecological and random effects at play, including latitude, temperature,

interspecies interactions, stability of the environment, and nutrient flow. That

said, structural complexity is a reasonable tool for predicting fish populations

and other ecological variables. It is an especially powerful tool considering how

relativity straightforward it is to measure compared to other environmental factors.

Additionally, structural complexity is important to study because it is the only

ecosystem feature most artificial reefs contribute to an ecosystem, unless organisms

are also actively transplanted onto the artificial reef. An understanding of how

structural complexity shapes reef communities not only contributes to our scientific

knowledge about marine ecosystems, but also can inform designs for reef restoration

and monitoring programmes.
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The photogrammetric methods presented in this thesis for creating and analysing

3D models of underwater scenes have broad applications for ecology research, reef

monitoring, artificial reef design, and marine archaeology. The 3D models are a

uniquely non-destructive means of recording reef structure in such a way that the

models can be analysed and compared against each other over time with a vast array

of multi-scale metrics. The models can also be 3D printed. The work presented in

this thesis has improved and rigorously validated a tool for ecologists to cost and

time-effectively 3D model coral reefs. It has showed how the 3D models can predict

trends in fish abundance and diversity, and how they can be 3D printed to test

for effects upon organism settlement in a controlled experiment. Additionally, we

showed how a machine learning algorithm can learn patterns that tie the 3D models

to ecological data. Together the research helps build a framework for interpreting

and analysing 3D models of underwater scenes and their associated ecological data.
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A
Description of Data: 3D Models and Fish

Data from Bonaire, Summer 2017
(Summer Following Chapter 3)

Publication: Denise Swanborn, Julia Huisman, Grace C. Young, Alex D. Rogers.
"Three-dimensional coral reef models predict fish diversity in Bonaire, Caribbean."
In prep.

Summary: This study repeated Chapter 3 on the Caribbean island of Bonaire
with 90 quadrats. One difference was that it only assessed 3D models in terms of
rugosity (R); this was done not only to simplify analysis, but also because R can be
as powerful a predictor as Habitat Assessment Scores or combinations of R, D, and
1/k (Chapter 3). All correlations between R and fish variables were significant and
moderately strong, with Pearson’s correlation coefficients of 0.66 (95% confidence
interval (CI): 0.52-0.76), 0.56 (CI: 0.40-0.69), and 0.52 (CI: 0.35-0.66) respectively
with species richness, Simpson index, and Shannon index. Additionally, the study
found that location on the reef profile (either terrace, drop off, or slope) explained
23% of the variability in R (P < 0.0001), with the reef drop off having the highest
R. The correlations were stronger than those in data from the Caribbean island of
Utila (Chapter 3), possibly because Bonaire’s reefs are healthier. Bonaire is known
to have some of the healthiest Caribbean reefs in part because they have been
protected in the National Marine Park since 1979 (Newman et al., 2015; Bozec et al.,
2016). Alternatively, the differences in correlations strengths could be evidence of
a plateau effect; e.g., fish diversity and abundance may increase with structural
complexity, but only up to a threshold (Hoey et al., 2014).

The research was conducted with permission from the National Park Authority STI-
NAPA (Stichting Nationale Parken) through Coral Restoration Foundation, Bonaire.
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B
Description of Data: 3D Models and Fish

Data from Honduras, Summer 2017
(Summer Following Chapter 3)

Publication: Duncan O’Brien, Grace C. Young, Dan Exton. “The relationship
between three-dimensional complexity and coral reef fish abundance from video
surveys, Caribbean Bay Island.” In prep.

Summary: This study repeated Chapter 3 at the same study site (south-east
coast of Utila, Honduras) with 48 quadrats exactly one year later. The only
methodological difference was that fish were recorded from 10-minute video surveys
instead of 10-minute diver surveys. In many cases videos surveys are preferable to
diver surveys because (a) they enable more data to be collected during limited dive
time, (b) experts who need not be present on the dive can identify fish from the
videos, and (c) emerging technologies may be able to automatically identify fish from
video using cutting-edge applications of machine-learning (Siddiqui et al., 2017).
Curiously, however, this study found a negative significant relationship between
D5−15 cm and species richness (Spearman’s rank correlation coefficient ρ = −0.41;
P -adjusted < 0.05). No other 3D metrics correlated with either fish abundance,
richness, or Shannon diversity. One explanation for this anomaly with the literature
could be that as complexity increased more fish were obstructed from the view
of camera conducting the video survey. Additionally, the data may also have not
been sufficiently distinct in terms of the independent variables (R, D, and 1/k)
to generalize trends. These effects warrant further investigation as to how video
surveys affected the data.

The research was conducted under a research permit from the Instituto de Con-
servación Forestal through Operation Wallacea.
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C
3D Reconstruction as a Monitoring

Strategy for Restoration of Acropora
palmata on Coral Reefs in Bonaire

Publication: Julia Huisman, Denise Swanborn, Grace C. Young, Alex D. Rogers.
"Three-dimensional reconstruction as a monitoring strategy for coral reef restoration
of Acropora palmate." In prep.

Summary: With thousands of Acropora corals out-planted on Caribbean reefs
annually, reef restoration practitioners need tools to help monitor and optimise
their approaches. This study adapted the methods presented in Chapter 2 to model
individual elkhorn corals on Bonaire and demonstrated how the 3D models could
provide reliable measurements for restoration. 3D models provided measurements
of coral volume, surface area, dimensions (height x width x length), and proportion
of live cover or mortality. User-end differences in manually editing and analysing
the 3D models - even by analysts with minimal prior training and guidance (∼2
hours total) - did not significantly affect measurement reliability (quantified by
Krippendorff’s α). Direct sunlight was found to have a slight but significant adverse
effect on model reconstruction, with measurement mean coefficient of variance
rising from 2.06 to 3.67% with direct sunlight (Two-paired sample T-test, t(6)=7.59,
P <0.001). This is likely because the sun can cause caustics and dramatic changes
in light in the water, which interfere with the photogrammetry algorithm (Chapter
6.3.3).

The research was conducted with permission from the National Park Authority STI-
NAPA (Stichting Nationale Parken) through Coral Restoration Foundation, Bonaire.

184


	Acknowledgements
	Thesis Abstract
	Declaration of Authorship
	Formatting Notes
	Introduction
	The Economic and Ecological Value of Coral Reefs
	The Importance of Coral Reef Structural Complexity 
	Metrics for Structural Complexity  
	Methods for Quantifying Coral Reef Topography 
	Thesis Aims

	Cost and Time-Effective Method for Multi-Scale Measures of Rugosity, Fractal dimension, and Vector Dispersion from Coral Reef 3D Models 
	Context 
	Author Contributions
	Publication: Young, G. C., et al. "Cost and time-effective method for multi-scale measures of rugosity, fractal dimension, and vector dispersion from coral reef 3D models." PLOS ONE 12.4 (2017): e0175341.
	Supplementary Material: Teaching Guides 
	Supplementary Material: Interactive 3D Models 

	Three-Dimensional Models of Coral Reefs Predict Caribbean Fish Abundance and Diversity 
	Context 
	Author Contributions
	Publication: Young, G. C., et al. "Three-Dimensional Models of Coral Reefs Predict Caribbean Fish Abundance and Diversity." In Prep. 

	How Centimetre-Scale Structural Complexity Affects Sessile Epibenthic Organism Settlement on a Caribbean Reef 
	Context 
	Author Contributions
	Publication: Young, G. C., et al. "How centimetre-scale structural complexity affects sessile epibenthic organism settlement on a Caribbean reef." In Prep.

	Convolutional Neural Networks Predict Fish Abundance from Underlying Coral Reef Texture 
	Context
	Author Contributions
	Publication: Young, G. C., et al. "Convolutional Neural Networks Predict Fish Abundance from Underlying Coral Reef Texture." In prep.

	General Discussion 
	Key Findings & Implications 
	Broad Applications 
	Limitations and Future Directions 
	Concluding Remarks

	References
	Description of Data: 3D Models and Fish Data from Bonaire, Summer 2017 (Summer Following Chapter 3)
	Description of Data: 3D Models and Fish Data from Honduras, Summer 2017 (Summer Following Chapter 3) 
	3D Reconstruction as a Monitoring Strategy for Restoration of Acropora palmata on Coral Reefs in Bonaire 

