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RESEARCH ARTICLE

Unleashing The Potential Of Artificial Reefs Design: 4

A Purpose-Driven Evaluation Of Structural Complexity>

Elisabeth Riera™ | Benjamin Mauroy® | Patrice Francour® | Cédric Hubas’

Artificial reefs (AR) must be built according to their objective and show high complexity to mimic
the characteristic of natural habitats. To enhance the integration of artificial structures into
ecosystems, a new quantitative method has been developed to evaluate their complexity, using
3D computer-aided design (CAD) models of ARs. The method utilizes six metrics: three related to
geometric complexity (C-Convexity, P-Packing, and D-Fractal dimension) and three related to
(R-Orientation Richness, H-Orientation Diversity, J-Orientation
Evenness). This method categorizes artificial reefs based on their complexity and has the
potential to aid in designing more effective artificial reefs in the future while providing a
guantitative way to analyze the correlation between complexity and diversity on the scale of
artificial reefs. Additionally, the method may identify specific complexity thresholds for
attracting certain species or achieving particular goals. This approach fills a gap in the current

lack of quantitative methods for assessing artificial reef complexity, potentially leading to more

effective and ecologically integrated artificial reef designs.
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1| INTRODUCTION

62 regard for the environmental impacts (Pickering et al., 1998;

63 Tessier et al., 2015). During the 1970s and 1980s, specific

Among the artificial structures spread across the ocean,
artificial reefs (AR) can be defined as “submerged structures
placed on the seabed deliberately to mimic some
characteristics of natural habitats” (Jensen et al., 2000). The
use of artificial reefs made of rocks, wood or bamboo by
fishermen dates back at
Mediterranean (Riggio et al., 2000) but also in Japan since
the seventeenth century (Thierry, 1988). Over time, These
handcrafted practices have been developed on a larger
scale using objects from their immediate environment.

Recycled materials, such as shipwrecks, offshore platforms,

construction waste, and used tires, were favoured, with no

64

programs for fisheries management were developed on the

65 impulse of the first International Conference on Artificial
66 Reefs and Related Aquatic Habitats (CARAH) (Jensen et al.,
67  2000).

least 3000 years in the 68 Finally, in the late 2000s, the United Nations Environment
69 Programme published the first guidelines, establishing a
70 precise framework for artificial reef deployment and
71 enlarging their objectives to fish production, habitat
72  protection, habitat restoration and/or regeneration, and
73  recreational opportunities. Nowadays, artificial reefs have
74  to be made from non-polluting inert materials and designed
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with a structural complexity that mimics the natural
habitats of the location (UNEP, 2009; UNEP MAP, 2005).

Despite establishing these guidelines, there is still a lack of
scientific basis to monitor and compare the effectiveness of
such structures (Ramm et al., 2021). To evaluate the quality
and theoretical adequacy of the structure before
immersion, precise information is needed regarding the
material and design of the reefs. Some studies have
investigated the effect of different materials on the primary
communities and macrofouling communities that settle on
the artificial reef to select the most suitable substrates
according to objectives (Liu et al., 2017; Riera et al., 2018;
Salamone et al.,, 2016). As far as three-dimensional
structure is concerned, artificial reefs are mainly designed
empirically on the basis of expert recommendations by
quantifying the number of spaces, voids and crevices to
assess fish preference for different types of shelter
(Bohnsack, 1991). Since the early 90s, most of the
structures used have been simple in shape and have been
aggregated without offering much heterogeneity. Assuming
that habitat complexity strongly influences the diversity and
abundance of species colonizing artificial reefs (Bohnsack,
1989; Charbonnel et al., 2002; Hackradt et al., 2011;
Pickering and Whitmarsh, 1997; Rouanet et al., 2015;
Sherman et al., 2002; Svane and Petersen, 2001; Tessier et
al., 2015), some studies have

practiced post-

complexification of artificial reefs to improve their
effectiveness (Bodilis et al., 2011; Charbonnel et al., 2002;
Tessier et al., 2015). More recently, giant 3D printing has
given rise to a new generation of artificial reefs that more
closely mimic the structural complexity of natural habitats
(Levy et al.,, 2022). A few studies have attempted to use
surface roughness (Ferreira et al., 2001; Wilding et al., 2007)
or fractal dimension (Caddy and Stamatopoulos, 1990; Lan
et al., 2008) as indicators of the structural complexity of
artificial reefs. However, no standardized method is
available for assessing the structure of artificial reefs prior

to immersion.
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The link between the complexity of the habitat and species
diversity is a pillar of functional ecology. In natural
ecosystems, a myriad of studies has been published since
the studies of MacArthur & MacArthur (MacArthur et al.,
1962; MacArthur and MacArthur, 1961), who proposed that
the structural complexity or heterogeneity of the habitat
influences the diversity of bird species in an area. The idea
that habitat structure can affect species diversity is based
on the notion that different species have different
ecological requirements and may prefer or require different
types of habitats for survival, reproduction, and resource
use. Habitats with greater structural complexity can provide
a wider range of ecological niches or opportunities for
species with different ecological needs, leading to higher
species richness and diversity (Beck, 2000; McCoy and Bell,
1991; Tagliapietra and Sigovini, 2010; Tews et al., 2004;
Tokeshi and Arakaki, 2012), but also functional diversity
(Mocqg et al., 2021), and higher prey-predator dynamics
(Kovalenko et al., 2012; Smith et al., 2019).

Although there is a consensus on the existence of this link,
the definition and methods for evaluating it are, on the
other hand, debated. McCoy and Bell (1991) defined the
habitat structure by three different aspects, namely scale,
complexity, and heterogeneity, which are closely related to
the shape of the structures and the abundance, diversity
and arrangement of the structural elements that compose
the habitat. The metrics used to assess complexity and
heterogeneity can vary according to the scale of the study;
this scale dependency can bring high variability between
studies and must be precisely defined. This definition has
been followed for decades in the literature (Kovalenko et
al., 2012; Lazarus and Belmaker, 2021; Tokeshi and Arakaki,
2012). Therefore, the metrics that evaluate habitat
structure are classified into two categories. To name the
most famous: fractal dimension, rugosity, or vertical relief
fall into the complexity category that evaluates the global
shape; whereas diversity, richness, or standard deviation fall

into the heterogeneity that evaluates the variation of

elements in the shape. More recently, Loke and Chisholm



152
153
154
155
156
157
158
159
160
161
162
163
164
165

166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189

Pre-print | Riera et al.

(2022) proposed to define complexity and heterogeneity by
geometric and informational complexity respectively, and
gave recommendations for choosing the most suitable
metrics and ensuring comparability between studies. This
framework provides a valuable tool to help advance
research in these areas, and we will use their categorization
hereafter to describe complexity. They also expressed
stringent criticisms and limitations on the use of some
geometric complexity metrics, in favor of informational
complexity metrics. However, as Madin et al. (2023), we
agree that well-defined geometric complexity metrics are
relevant to highlight important ecological responses.

Moreover, we believe that no metrics prevail over others if

they assess different parameters of the habitat structure.

Facing these heated debates, we have been cautious in
evaluating both geometric and informational complexity of
the structure of artificial reefs designed by 3D computer-
aided design (CAD). We chose six different measures: fractal
dimension (D), Packing (P) and Convexity (C) (as proxies of
geometric complexity); and richness (R), diversity (H) and
evenness (J) (as proxies of informational complexity). We
then used these metrics to categorize a variety of artificial
reefs that were built for different purposes (protection,
production and bio-mimicry) produced by moulding or 3D
printing. This approach helped us to identify four distinct
categories of artificial reefs, each characterized by different
complexity factors.

This method can potentially enhance the effectiveness of
artificial reef design by providing a clear understanding of
their structural properties that designers can adjust.
Moreover, it can provide a quantitative approach to
examine the relationship between habitat complexity and
diversity of biotic assemblages at the scale of artificial reefs,
potentially identifying specific complexity metric thresholds
for particular species attraction or objectives. This
information could be crucial for developing more efficient

and targeted artificial reef projects in the future.
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2 | MATERIALS AND METHODS
2.1 | Complexity Assessment of 3D CAD Models

2.1.1 | 3D CAD models

Our methodology was developed using 3D computer-aided

design (CAD) models to generate functional virtual
prototypes of three-dimensional artificial reefs. Using STL
files, which describe the geometry of the artificial reefs, we
extracted various parameters such as surface area, volume,
and point clouds with associated normals (refer to Figure 1
for details). We extracted all parameters with a 1 cm
resolution, striking a balance between computation time
and structural definition. We assumed this resolution was
sufficient for most study objectives, ranging from benthic
macrofouling to mobile species. Using the extracted
parameters and elements, we selected relevant metrics
from the literature to evaluate both geometric and

informational complexity (Figure 1).

2.1.2 | Geometric complexity

An organism needs a specific volume when mobile or a
surface when sessile. Moreover, its resource intake is
predominantly a surface-dependent activity. To welcome a
rich trophic network, an artificial reef needs to display
microhabitats at different scales. Therefore, to assess
quantitatively these parameters, we got inspired by the
metrics "Packing” (P) and "Convexity" (C) from Zunic and
Rosin (2004) to assess parameters associated with volume
and surface of the 3D CAD model and its convex hull (the
smallest possible convex shape that completely contains the
3D model, with no concave areas). However we adapted the
formulas to our aims. P is based on the surface ratio of the
convex hull to 3D CAD model. For C, instead of using the
volume of the structure that is inaccessible to mobile
organisms, we used the volume available within the convex
hull that is accessible to them. Therefore C is the ratio of

volume available within the convex hull to the volume of its
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convex hull. C and P have been computed on Python (Figure
1). To encompass the multiscale structure of the artificial
reef models, we used the fractal dimension (D), which is a
widely recognised metric in natural environment complexity

analysis that defines how an object occupies space at all

233 counting") using the R statistical framework (version 4.0.3)
234  and “est.boxcount” function of the package “Rdimtools”
235  (You and Shung, 2022). The method involves counting the
236  number of boxes needed to cover an object, with each
237  successive box having a smaller length than the previous

scales. It was computed on the point clouds of the 3D CAD 238 one.

models with the Minkowski-Bouligand method (or "box-

Geometrical complexity/Complexity

Informational complexity/heterogeneity

Metrics & formulas

Parameters

Avrtificial reef

(ar)

Convex Hull

(ch)

Packing - P: measure of the degree of space between
different parts of an object.

Ach

A
p - Zor
ACLT’

Ach

:>Pt:1—

Based on the surface area of the artificial
reef (A, ) and of its convex hull (A )

Resolution: 1 cm?

Convexity - C: measure of the degree of space available
between different parts of an object.

Va v

¢= Ach

Based on the volume available (V, )
within the volume of convex hull of the
artificial reef (V)

Resolution: 1 cm?

Fractal dimension - D: measure the way an object fills the
space, at all scales.

log N
D—1tm VO L p 1 _(3-p)
e—0 logg

Based on the 3D coordinates of the
points in the points cloud that forms the
surface of the artificial reef.

where N(g) is a number of boxes of
diameter at most € required to cover the

object.

Resolution: 1/cm?

Orientation richness - R: measure the proportion of the
different orientation of the normals.

S
k=5

Orientation diversity - H: measure the diversity of the
orientation of the normals.

S

H = —Zpi.log (pi) = Hy =1log (1 + H)
i=1

Orientation evenness - J: measure the evenness of the
orientation of the normals.

Based on the normals to the artificial reef
surface. The normals are defined at each

points of the surface of the 3D CAD model.

with:

iz a normal of the 3D CAD model

S : total of different normal

N: total number of normal

p;: Proportion of one normal i compared to
the total number of normal

FIGURE 1 Summary figure providing an overview of the complexity metrics used in the study, which are classified as geometric
(3 first rows) and informational (3 last rows). The first column describes the definition and formula for each metric, while the second
column lists the parameters used to compute these metrics, including surface, volume, point clouds, and normals. The last columns
of the figure include an example of a 3D CAD artificial reef and its convex hull, which illustrate the application of these parameters.
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2.1.3 | Informational complexity

To welcome a rich and diverse community, artificial reefs
need to display different types of microhabitats. We thus
considered each normal of the 3D CAD model as an anchor
point or a surface that promotes the settlement of certain
species and used it to define the orientation of the surface
in 3D space. The greater the difference between anchor
points, the greater the potential for the artificial reef to host
a diverse range of species. Moreover, greater variability in
surface orientations increases

the likelihood of creating

cavities or shelters for mobile species.

We assess the Informational complexity of the normals
using specific richness (Webb et al., 1967), Shannon, (1948),
and Pielou indexes (Pielou, 1966) to determine respectively
"Orientation Richness" (R), “Orientation diversity” (H) and
"Orientation Evenness" (J). All metrics were computed on
and we used the function from

Python, “entropy”

“scipy.stat” to compute H.

To have an equivalent weight of the variables, P and D, H
has been transformed (named here after Pt, Dt and H,,

Figure 1).

2.1.3 | Artificial reef modules

Our analysis included a range of artificial reef models,
comprising both nine conventional models for moulding and
biomimetic models designed by three 3D printing. We also
created four classical moulded reefs and four biomimetic
3D-printed reefs that we included in the analysis. To ensure
comparability between the reef types, we excluded cases
where different modules were aggregated together (which
is a common practice aimed at increasing habitat
complexity). Constructors directly provided the 3D-printed
reef models, while the classical ones were created on
Tinkercad® using dimensions and shapes collected from the
literature (Tessier et al., 2015). Detailed information about
the artificial including their objectives,

reefs, names,

references, production process and parameters extracted
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(area, volume, normals) is available in the supplementary

materials (S1).

2.2 | Data analyses

2.2.1 | Categorisation of artificial reefs

Statistical analyses were conducted using the open-source
software R (version 4.0.3). To classify the artificial reefs
based on their structure and verify if it was consistent with
their intended usage, we performed a Multiple Factor
Analysis (MFA) on the indices using the “FactoMineR”
package. We grouped the two types of indices (geometric
and informational) into separate categorical groups. To
identify different groups based on the MFA results, we
conducted hierarchical clustering on principal components
using the “HCPC” function of “FactoMineR”. The optimal
number of groups was determined using the K-means
cascading method with the “cascadeKM” function of the
“vegan” package, which creates several partitions from 2 to
5 groups. The Calinski-Harabasz (CH) criterion was used to
select the best partition, with the maximum value of CH
indicating the correct number of groups. Finally, the
“Catdes” function of “FactoMineR” was used on the
Euclidean distance matrix of the scaled complexity variables
to describe the clusters. More details about the statistical

analyses are provided in Supplementary Materials (S2).

Data and scripts are available respectively on zenodo and
github:
https://github.com/ELI-RIERA/ArtificialReef Complexity

(DOI:10.5281/zen0d0.8091788)

3 | RESULTS

3.1 | Evaluation of the structure of the AR

modules

The computed complexity indices for the 3D CAD models of
the artificial reefs did not show consistent rankings across
all  structures.

Regarding geometric complexity, the

5
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Convexity (C) values ranged from 0.145 (PROD1) to 0.924
(PROT1), Packing (P:) values ranged from -0.031 (PROT5) to
0.765 (BIOM®6), and Fractal dimension (D.) values ranged
from 0.026 (PROT2) to 0.529 (BIOM®6). In terms of indices
related to informational complexity, the Orientation
TABLE 1 | indexes computed on the artificial reef’s models
C- Convexity Pt - Packing 3%2;2?;?
BIOM1 6.33E-01 3.62E-01 2.10E-01
BIOM2 3.10E-01 3.69E-01 2.46E-01
BIOM3 3.82E-01 2.70E-01 2.03E-01
BIOM4 3.11E-01 3.88E-01 2.46E-01
BIOM5 6.46E-01 5.78E-01 3.90E-01
BIOM®6 8.28E-01 7.65E-01 4.82E-01
BIOM7 6.24E-01 4.51E-01 3.04E-01
PROD1 1.45E-01 3.69E-01 2.49E-01
PROD2 1.93E-01 3.94E-01 2.60E-01
PROD3 4.30E-01 7.21E-01 5.29E-01
PROD4 2.21E-01 5.20E-01 3.57E-01
PROD5 5.64E-01 6.11E-01 4.97E-01
PROD6 6.76E-01 6.08E-01 3.59E-01
PROD7 8.15E-01 6.48E-01 3.52E-01
PROT1 9.24E-01 9.00E-03 8.10E-02
PROT2 9.22E-01 -2.60E-02 2.60E-02
PROT3 6.49E-01 1.08E-01 1.29E-01
PROT4 7.61E-01 3.98E-01 2.13E-01
PROTS5 6.33E-01 -3.10E-02 1.24E-01
PROT6 2.62E-01 1.03E-01 1.16E-01
The two first dimensions represented 68.97% of total inertia
and mainly structured the factor map (Dim.1: 43.34% &
Dim.2: 25.63%). These dimensions displayed a good
projection of the data, as evidenced by the proximity of all
variables to the correlation circle. According to the Karlis-
Saporta-Spinakis (KSP) rule (Karlis et al., 2003) for selecting
the number of principal components to retain for the

325
326
327
328
329

340
341
342
343

344
345
346

Richness (R) values ranged from 1.16.10° (PROT1) to 0.905
(BIOM®), Orientation diversity (H:) values ranged from 0.527
(PROT1) to 2.603 (BIOM®6), and Orientation Evenness (J)
values ranged from 0.414 (PROD7) to 1 (for PROT1, PROTS3,

PRODS) (Table 1).

R -Orientation

Ht - Orientation

J -Orientation

Richness Diversity Eveness
6.72E-01 2.44E+00 8.89E-01
6.94E-01 2.47E+00 9.04E-01
6.58E-01 2.43E+00 8.81E-01
7.00E-01 2.48E+00 9.07E-01
8.39E-01 2.59E+00 9.95E-01
9.05E-01 2.60E+00 9.97E-01
5.39E-01 2.50E+00 9.88E-01
1.10E-02 1.56E+00 4.50E-01
1.20E-02 1.62E+00 4.78E-01
6.40E-02 2.20E+00 7.36E-01
6.60E-02 1.97E+00 5.93E-01
0.00E+00 5.27E-01 1.00E+00
0.00E+00 1.76E+00 9.94E-01
0.00E+00 1.22E+00 4.12E-01
0.00E+00 5.27E-01 1.00E+00
2.00E-03 1.78E+00 8.15E-01
0.00E+00 5.27E-01 1.00E+00
1.00E-03 1.55E+00 6.65E-01
0.00E+00 1.20E+00 5.23E-01
1.00E-03 1.48E+00 6.75E-01

analysis, the third dimension displayed a cumulative (of the
two groups of variables) eigenvalue of 0.18 which was
below the KSP threshold (2.03). Thus only the first two

dimensions were retained for the analysis.

Hi, R, P. and D contributed equally to building the first
dimension (respectively, 22.41%, 21.80%, 26.38 %, and

23.64 %), while J and C mainly contributed to building the

6
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second one (respectively, 38.04 % and 25.32 %) (Figure 2.A).
Our method utilizing the cascade K-means algorithm to cut
the dendrogram resulted in four distinct clusters (Figure 2.B
& Table S2). The first cluster includes all artificial reefs
models designed for protection purposes (except PROT4),
which is characterized negatively by dimension 1 and
metrics H,, D;, and Py; and positively by the dimension 2 and
metric C (Table S2). The second cluster comprises three
artificial reefs designed for production purposes (PROD1,

PROD2, PROD4) and one artificial reef designed for

0.5+

0.0

Dim2 (25.6%)

1 —> Informational Complexity
—> Geometric Complexity
v

T
-0.5

357
358
359
360
361
362
363
364
365
366

Dim2 (25.6%)

protection (PROT6), which are described negatively by
dimension 2 and metrics C and J (Table S2). The third cluster
consists of all other artificial reefs designed for production
purposes and one for protection (PROT4), characterized
positively by P, and D, metrics (Table 2). The fourth cluster
comprises biomimetic structures described positively by
both dimension and the metrics R, H;and J (Table S2). The
score of clusters increases gradually along the first

dimension that summarizes the Multiscale Complexity Index

(MCI) of artificial reef structure (Figure 1.C)
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FIGURE 2 | Multiple factor analysis. A: correlation circle of the variable of complexity coloured according to the type of

complexity measurement (i.e. geometric vs informational) B: the score map of the artificial reef models, coloured according to their
construction objectives and ordinated according to the optimal clustering computed by K-means cascades with Calinski criterion). C:
boxplot representing the average score of each cluster along the axes of dimension 1, determined as Multiscale Complexity Index.
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4 | DISCUSSION

The selection of appropriate metrics is paramount for
evaluating the 3D characteristics of artificial reef structures
in the context of ecological processes. To assess all aspects
of the structure of the artificial reef models, we based our
method on 3 metrics related to geometric complexity (D, P:
and C) and 3 metrics related to informational complexity (R,
H: and J). Our methodology aimed to quantitatively assess
the geometric and informational complexity of artificial
reefs using 3D computer-aided design (CAD) models.
Because the habitat structure cannot be summarised by one
metric or parameter (Loke and Chisholm, 2022; Tokeshi and
Arakaki, 2012), we extracted parameters such as surface
area, volume, and point clouds with associated normals to
evaluate both geometric and informational complexity and
proposed a framework that evaluated the global complexity
of the structure based on a wide range of artificial reef
models, comprising both conventional models for moulding

and biomimetic models designed for 3D printing.

4.1 | Surface and Volume Metrics as Basic

Indicators for Assessing Ecological Suitability of

Artificial Reefs

The surface is crucial for marine organisms as it provides a
physical substrate to attach, grow, move and spread. It also
plays a vital role in facilitating the exchange of nutrients, or
other vital substances between the organism and its
surrounding environment. Additionally, the surface area
available determines the number of resources that the
organisms can obtain, making it a significant factor in their
survival and growth. In habitat complexity literature,
surface-derived metrics are frequently employed, the most
famous being rugosity. The concept of rugosity refers to the
refolding aspect of the surface in relation to an orthogonal
plan. This parameter is often evaluated through the chain

and tape method (Luckhurst and Luckhurst, 1978), which

provides a linear measurement of rugosity. However, with
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the advancements in 3D modelling and reconstruction
techniques, it has progressed to encompass 3D surface
rugosity (Friedman et al.,, 2012) and, more recently, the
concept of Packing (Zunic and Rosin, 2004) has been
introduced and successfully used to compare the refolding
surface of the coral structure in relation to its convex hull

(Zawada et al., 2019).

The available volume within the habitat structure provides
the necessary physical space for organisms to move and
carry out their life processes. It provides shelter to survive,
reproduce, or maintain their ecological roles. Volume
metrics are less commonly used in habitat complexity
studies, likely due to the challenges in evaluating it in a
natural environment. More recently, thanks to tomography
or scanner technology, volume driven metrics can be
computed on fragments of habitat, such as coral, that can
be reproduced (Hennige et al., 2020; Reichert et al., 2017;
Zawada et al.,, 2019). with 3D CAD models, volume
parameters become easily accessible. We got inspired by
the metrics Convexity introduced with Packing by Zunic and

Rosin (2004).

4.2 | Incorporating Surface Orientation and

Fractal Metrics in Habitat Evaluation: Addressing
Multiscale Complexity

Habitats are inherently multiscale in nature and provide a
diverse range of microhabitats that meet the needs of
different life stages and ecological roles of organisms. From
primary producers to predators, it supports a wider range of
species and ecological interactions, providing a rich food
web for biodiversity and resilience to environmental
stressors. To support a diverse and abundant ecosystem, an
artificial reef must provide various microhabitats at
different scales. Therefore, we used the fractal dimension to
measure how an object fills space at different scales. It has

been widely used in marine ecology to describe the

relationship between species diversity and the structure of

8
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different marine habitats, such as coral reefs, seagrass beds,
and rocky intertidal zones (Tokeshi and Arakaki, 2012).
Nowadays, it is even easier to compute it on habitat
reconstruction with 3D CAD modelling by photogrammetry
or 3D scanning (Reichert et al., 2017; Young et al., 2017).
We have been cautious in choosing a resolution to compute
the fractal dimension relevant for our study case (1
point/cm?). We have attempted to achieve a balance
between computation time and structural clarity, thereby
excluding finer details. We assumed this resolution will

satisfy our objectives, including benthic macrofouling and

mobile species.

We also based our evaluation of the informational
complexity of the artificial reef models on the distribution
of normals which was the only parameter whose variability
could be quantified without relying on subjective
observation. Although cavities or access to structures could
have been potential candidates, counting them on
biomimetic 3D-printed reefs is challenging due to complex
interconnected shapes. Determining thresholds for shape
differences related to microhabitats can be subjective.
Moreover, normal distribution gives information on the
surface orientation of the structure, which is critical for
both fixed and mobile marine species as it determines the
availability and accessibility of resources and the suitability
of the habitat. For fixed species, such as corals, sponges,
and algae, surface orientation affects their ability to capture
light, nutrients, and planktonic prey (for coral and sponge),
essential for their survival and growth (Connell, 1999; Irving
and Connell, 2002; Relini et al., 1994; Ushiama et al., 2016).
The orientation can also influence their ability to resist
physical disturbances such as strong water currents or
waves (Sokotowski et al., 2016). For mobile species, surface
orientation provides shelter and plays a crucial role in the
ability of species to navigate, detect prey, and avoid
2009). surface

predators (Langhamer et al, Overall,

orientation is an important factor that affects the

distribution, abundance, and diversity of marine species and
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their interactions with each other and their environment.
Therefore, we support using normal as a parameter in our
study. Existing metrics use the normal parameters (Beck,
2000, 1998; Carleton and Sammarco, 1987; Grohmann et
al., 2009; Kovalenko et al.,, 2012; Young et al., 2017),
offering diverse values to identify surface topography:
strength vector, vector dispersion, several standard
deviations to the plane. We preferred using commonly used
metrics to determine habitat informational complexity that
we named orientation Richness (R), Orientation diversity
(Hy), and Orientation evenness (J), derived respectively from
Webb et al. (1967), Shannon (1948) Pielou (1966) indexes.
These metrics provide information on the proportion of the
different types of surface orientations, their diversity in

relation to their relative abundance and their distribution.

43 | Scaling up: Proposing a Multiscale

Framework to Assess the Ecological Potential of

Artificial Reefs

It is important to consider that no clear-cut values exist for

these metrics, which might change according to
environmental factors, such as the depth, the type of
habitat and its connectivity to surrounding adjacent
habitats. However, irrespective of these external factors,
these metrics have to be considered altogether to better
understand the nature of the habitat structure and be able
to give relevant interpretations regarding ecological
responses. In the case of artificial reef structure, we can
assume that if the Multiscale Complexity Index (MCI) of a
model is high, it might imply a structure with refolded
surfaces with various surface orientations, providing shaded
or exposed shelters and crevices at all scales for all
organism sizes. Such a structure might welcome a healthy
and diverse community, supporting the growth and survival
of a range of species from primary producers to predators,

and promoting resilience to environmental stressors.

Our method proved valuable in evaluating and classifying 20
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artificial reef structures into four categories based on their
complexity metrics. According to the results of the multiple
factor analysis (MFA), the P,, D, R, and H; metrics mainly
explain the complexity of the structures, while C and J do
not follow the same increasing order of complexity as the
other metrics. For J, indeed, it does not necessarily assess
complexity, as it measures the equitability of the
distribution of normals, so a simple structure such as a cube
may have a value of J = 1, which does not reflect its
simplicity. Concerning C, it should be noted that it is the
only volume-based metric, while all others are surface-
derivative. As for J, values of C are not so easy to interpret.
Indeed, C = 1 reflects an empty structure, while C = 0
reflects a structure without space, values in between would
be preferable. The surface-derived metrics that describe
the first axis are easier to interpret and may be sufficient to
determine the overall complexity of the structure. Indeed,
the four categories are perfectly distributed along the first
dimension of the MFA that was mainly constructed by these
four metrics. The score of the structures on this first
dimension can be considered as the Multiscale Complexity
Index for artificial reefs. However, we consider that the
evaluation of the C and J metrics can be retained because
they provide additional information about the structure
that can be useful for artificial reef design. For example, the
two first clusters, which gathered the simplest structures
and displayed the lowest Multiscale Complexity Index
scores, were defined by opposite values of C. High and low
C values opposing “voided simple designs” (cluster 1) to
“solid simple designs” (cluster 2). The first cluster consisted
of protection structures, while the second included
structures designed for production. While it is expected that
structures designed solely to protect habitats may exhibit
low complexity, those designed to produce biomass should
aim to achieve high geometric complexity (as measured by
P. and D) with a refolded surface at multiple scales. This will
ensure that such structures fall into the third cluster, which

is better suited for attracting a diverse range of species.

Thus, the third cluster could be defined as "complex

559
560
561
562

The fourth cluster consisted of

defined by high

geometric designs".

biomimetic structures values of
informational complexity (R, H, and J), that we defined as

"complex informational designs".
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Using this method and the framework provided in this
study, designers can evaluate new artificial reef structures
prior to their deployment and categorize them accordingly.
This process can help designers identify areas for
improvement and optimize design characteristics to
enhance ecological performances of the reef. For instance,
new structures falling in the second cluster could be
improved by increasing the available volume, expanding the
surface, and introducing greater variability in surface
orientation to promote the coexistence of a diverse and
abundant community, resulting in improved ecological
performance and increased species diversity. Interestingly,
the biomimetic designs, that emulate the natural reef
structures, displayed the highest Multiscale Complexity
Index (MCI). Comparing these MCI values with those
obtained from natural reefs reconstructed using
photogrammetry would be interesting. However, if our
method could be applied on any reconstruction of natural
habitat by 3D CAD model, there is some limitation in
comparing a created ex-nihilo object with an in situ
reconstruction of a marine landscape. Indeed, the
limitations of in situ reconstruction method, such as the
inability to access all the cavities hidden by biocenosis or
within the structure itself (Loke and Chisholm, 2022), make
them less accurate in comparison with 3D CAD models of
artificial reefs. The latter are constructed before their
immersion and therefore provide a complete understanding
of their geometric and informational metrics. However,
despite the limitations of in situ reconstruction, laboratory
reconstruction using tomography or surface scanner on
fragments of the habitat studied, such as corals or
coralligenous algae (Reichert et al., 2017; Zawada et al.,
2019) can provide a more complete understanding of the
3D structure of natural reefs and could be implemented in

our framework.

5 | CONCLUSION

We argue that our approach, which focuses on the
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structural aspects of artificial reefs, has the potential to
contribute to the development of global artificial reef
design and support ecological reconciliation and restoration
efforts by enhancing landscape complexity in face of
growing marine artificialization and habitat degradation

(Morris et al., 2019; Perricone et al., 2023; Solé and Levin,

2022). In conjunction with the methodology developed by
(Carral et al., 2022), which considers other extrinsic
parameters such as stakeholder engagement and
immersion site selection, the effectiveness of artificial reef
deployment projects may be, nowadays, enhanced by a

more rigorous scientific framework.
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SUPPLEMENTS

TABLE S1 | Names, references and parameters (number of normals, number of different normals, mesh area, convex hull area,
mesh volume, convex hull volume) of the 3D CAD artificial reef’s modules.

Names

BIOM1

BIOM2

BIOM3

BIOM4

BIOMS5

BIOM6

BIOM7

PROD1

PROD2

PROD3

PROD4

PRODS

PROD6

PROD7

PROT1

PROT2

PROT3

PROT4

PROTS

PROT6

References

Designed by the authors
for project EBSM

Designed by the authors
for project EBSM

Designed by the authors
for project EBSM

Designed by the authors
for project EBSM

Designed by Boskalis©

Designed by Seaboost©

Designed by D-shape®©

Designed by the authors
for project EBSM

Designed by the authors
for project EBSM

Designed by the authors
for project EBSM

Designed by the authors
for project EBSM

From Tessier et al. 2015

From Tessier et al. 2015

From Tessier et al. 2015

From Tessier et al. 2015

From Tessier et al. 2015

From Tessier et al. 2015

From Tessier et al. 2015

From Tessier et al. 2015

From Tessier et al. 2015

Nb of normals

1.07E+07

1.11E+07

9.55E+06

1.14E+07

5.43E+06

6.18E+06

3.18E+06

1.90E+07

1.98E+07

4.30E+07

2.50E+07

2.10E+06

1.05E+07

4 .99E+07

3.45E+07

3.80E+06

5.29E+06

5.04E+06

4.32E+06

2.41E+06

Nb of different

normals

2.27E+05

2.37E+05

2.06E+05

2.49E+05

2.60E+05

3.08E+05

9.69E+04

9.40E+01

9.50E+01

2.43E+02

2.72E+04

2.00E+00

1.80E+01

4.60E+01

2.00E+00

4.20E+01

2.00E+00

5.20E+01

1.80E+01

2.30E+01

Mesh area
(cm2)

2.10E+05

2.23E+05

1.91E+05

2.29E+05

2.69E+05

3.09E+05

1.59E+05

3.80E+05

3.96E+05

8.59E+05

5.00E+05

1.05E+05

5.24E+05

2.50E+06

1.72E+06

1.90E+05

2.64E+05

2.52E+05

2.16E+05

1.20E+05

Convex hull area Mesh volume

(cm2)

1.44E+05

1.64E+05

1.59E+05

1.65E+05

1.14E+05

7.25E+04

8.72E+04

2.40E+05

2.40E+05

2.40E+05

2.40E+05

4.08E+04

2.05E+05

8.79E+05

1.71E+06

1.95E+05

2.36E+05

1.52E+05

2.23E+05

1.08E+05

(cm3)

1.48E+06

3.11E+06

2.48E+06

3.11E+06

1.04E+06

2.38E+05

6.37E+05

6.84E+06

6.45E+06

4 .56E+06

6.23E+06

2.35E+05

2.28E+06

1.04E+07

1.19E+07

5.90E+05

2.70E+06

1.17E+06

2.63E+06

1.36E+06

Convex hull
volume (cm3)

3.96E+06

5.03E+06

4.73E+06

5.13E+06

2.93E+06

1.38E+06

1.69E+06

8.00E+06

8.00E+06

8.00E+06

8.00E+06

5.39E+05

7.05E+06

5.66E+07

1.55E+08

7.54E+06

7.69E+06

4 .88E+06

7.17E+06

1.84E+06

Available
volume (cm3)

2.49E+06

1.92E+06

2.25E+06

2.02E+06

1.90E+06

1.14E+06

1.06E+06

1.16E+06

1.55E+06

3.44E+06

1.77E+06

3.04E+05

4.77E+06

4.61E+07

1.44E+08

6.95E+06

4.99E+06

3.72E+06

4.54E+06

4.81E+05
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TABLE S2 | description of the clusters of the Hierarchical Clustering on Principal Components (HCPC) by variables and

dimensions
dimension and
variables
Dim.2
Dim.1
Cluster 1: C
PROT1, PROT3, PROT2,
PROT5 Ht
Dt
Pt
Dim.2
Cluster 2:
PROD2, PROD1, PROD4, J
PROT6
C
Dim.3
Cluster 3:
PROD6, PROT4, PROD3, Pt
PROD7, PROD5
Dt
Dim.1
Cluster 4: Dim.2
BIOM4, BIOM2, BIOM3, R
BIOM1, BIOM7, BIOMS5,
BIOM®6 Ht

v.test

1.983
-3.168
2.128
-2.420
-2.845
-3.338
-2.860
-2.616
-3.082
3.088
2.281
2.232
3.056
2.193
4.270
3.395
2.218

Mean in
category

0.799
-1.660
0.782
1.008
0.090
0.015
-1.153
0.549
0.205
0.956
0.597
0.390
1.091
0.602
0.715
2.501
0.937

Overall
mean

0.000
0.000
0.546
1.771
0.269
0.381
0.000
0.795
0.546
0.000
0.381
0.269
0.000
0.000
0.258
1.771
0.795

sd in
category

0.550
0.139
0.141
0.522
0.041
0.056
0.448
0.090
0.043
0.428
0.108
0.114
0.590
0.181
0.112
0.063
0.049

Overall sd

0.878
1.142
0.241
0.687
0.137
0.239
0.878
0.205
0.241
0.779
0.239
0.137
1.142
0.878
0.342
0.687
0.205

p.value

0.047
0.002
0.033
0.016
0.004
0.001
0.004
0.009
0.002
0.002
0.023
0.026
0.002
0.028
0.000
0.001
0.027
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