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structuring filter- and suspension-feeders. As terrestrial forests, they are consid-
ered biodiversity hotspots, forming canopies, serving as a refuge, nursery, repro-
duction and feeding shelters for many species. Until just recently, these habitats
have represented a challenge in terms of field work and monitoring activities,
especially when approaching medium to large scales. However, thanks to the cou-
pling of emerging techniques, such as machine learning and photogrammetry, the
development of cost-effective approaches to assess MAFs might be closer than

ever.

. The main aim of this study is, therefore, to provide an innovative perspective

to monitor canopy-forming organisms (CFOs). In the first place, Structure from
Motion (SfM) photogrammetry was applied to capture the three-dimensional (3D)
features from the surveyed benthic assemblage. Subsequently, similarly to the
procedures used in airborne LiDAR surveys of terrestrial forests, the resulting
3D point clouds were further processed in a five-step workflow: (i) point cloud
denoising; (ii) classification and filtering of ground points; (iii) Z-value normaliza-
tion to correct substrate irregularity during the height assessment; (iv) individual
CFO detection and height assessment; and (v) canopy volume and occupancy

quantification.

. Theresults obtained with the semi-automated pipeline were compared to manual

quantifications of CFO abundance, density and height frequencies derived from

point clouds produced for five Mediterranean MAFs. Broad comparability was
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1 | INTRODUCTION

The ecological and economic importance of terrestrial forests has
been acknowledged since early human history (Kiister, 2010). These
forests do not only provide economic resources, but they also play
a key role in global biogeochemical cycles, offering a full spectrum
of provisioning, regulating and cultural ecosystem services (Manes
et al., 2016; Sacchelli et al., 2021; Sannigrahi et al., 2019). However,
it was not until the 18th century that systematic inventories and
monitoring programs were established, driven by growing concerns
about wood availability and forests' health (FAO, 1948; Innes, 1993).
Since then, numerous methods for assessing forest composition and
vertical structure have emerged, with recent advancement focusing
on automated approaches mainly based on satellite imagery and air-
borne LiDAR (Borghi et al., 2025; Ferretti, 2013). While these tech-
nologies still face some limitations at single-tree level, they offer a
significant reduction in cost and time, enabling broader coverage,
higher sampling efforts and more robust datasets for long-term
landscape management and planning (Fassnacht et al., 2024), build-
ing fundamental baselines.

History seems to be repeating itself for their marine analogue,
where the development of effective conservation and monitoring
plans is taking place after decades of indiscriminate human-driven
“deforestation” processes. Marine animal forests (MAFs) are animal-
dominated habitats mainly composed of megabenthic long-living
sessile filter- and suspension-feeders (e.g. sponges, cnidarians, bryo-
zoans, ascidians), characterized by prominent vertically structuring
forms, significantly contributing to the overall seafloor complexity
(Cerrano et al., 2010; Orejas et al., 2022; Rossi et al., 2017). When
occurring in moderate to high densities they create the so-called
canopy effect, similarly to trees in terrestrial ecosystems (Guizien &
Ghisalberti, 2017; Lasker et al., 2020, 2025). Their three-dimensional
(3D) structure offers a wide range of ecological niches, acting as ref-
uge and feeding grounds for many organisms, and representing es-
sential shelter, spawning and nursery areas for many species of both
conservation and economic interest (Gori et al., 2017; Rossi, 2013).
Up until today, only emblematic MAFs (i.e., tropical coral reefs) are
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found for CFO detection, with an average F,-score of 0.77 +0.12. However, limi-
tations were identified in the estimation of CFO heights, which showed an aver-
age value R? value of 0.55+0.29. This limitation stemmed from the overall height
overestimation in areas with highly irregular substrates.

4. Despite these limitations, the approach presented here marks the first semi-
automatic quantitative analysis of MAF canopy structure and represents a cru-
cial step forward in monitoring and managing these endangered habitats, shifting
from species/population-level assessment to a more ecologically comprehensive
approach for evaluating MAF's integrity.

3D, canopy, semi-automated segmentation, SfM-photogrammetry, structural complexity

considered in international management plans, leaving “less char-
ismatic” ones (e.g., sponge beds, gorgonian and hydrozoan forests,
bryozoan and tube worm reefs) poorly represented in most marine
policies and conservation plans (Orejas et al., 2022). Furthermore,
the considerable variation in taxonomy, morphology, life history
traits and geographic distribution poses substantial challenges
to conservation and management strategies, which, when imple-
mented, are often limited in their effectiveness (Cerrano et al., 2019;
Orejas et al., 2022). Therefore, a consistent framework encompass-
ing all MAFs types is needed to provide policymakers with a set of
comprehensive tools for their proper conservation, management,
monitoring and restoration (Orejas et al., 2022; Rossi, 2013; Rossi
etal., 2017, 2022).

Since the last decade, MAFs and marine canopy studies were
carried out mainly by scuba diving, mostly applying traditional
in situ approaches (e.g., visual/photo/video-sampling, sample col-
lection, among others) (Cerrano et al., 2019; Tsounis et al., 2018;
Turner et al., 2017). More recently, the rapid technological devel-
opment and the appearance of innovative techniques are opening
up new possibilities (Rossi et al., 2021), with the emergence of op-
tical methods (e.g., Structure from Motion (SfM) photogrammetry)
allowing to obtain accurate 3D reconstructions of benthic eco-
systems (Pulido Mantas, Roveta, Calcinai, di Camillo, et al., 2023).
SfM-photogrammetry has already been shown to be a suitable ap-
proach to investigate the structural complexity both in space and
time, being a well-established method in the monitoring toolbox of
tropical MAFs (Bayley & Mogg, 2020; Burns et al., 2015; Martinez-
Quintana et al., 2023; Palma et al., 2017, 2019; Urbina-Barreto,
Chiroleu, et al.,, 2021; Urbina-Barreto, Garnier, et al., 2021). The
great experience acquired in tropical reefs has, in fact, facilitated:
(i) the development and implementation of cost-effective fully or
semi-automated workflows to reduce post-processing segmenta-
tion times of SfM outputs (Remmers et al., 2024; Rossi et al., 2021;
Sauder et al., 2024); and (ii) the development of new approaches to
measure habitats' functional structural complexity (e.g., shelter ca-
pacity, recruitment niches) (Gonzalez-Rivero et al., 2017; Martinez-
Quintana et al., 2023; Torres-Pulliza et al., 2020; Urbina-Barreto,
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Chiroleu, et al., 2021). While these new approaches are increasingly
being applied to other MAF ecosystems (e.g., soft-coral forests,
sponge beds), helping to bridge the gap between “charismatic” and
“less charismatic” habitats (de Oliveira et al., 2022; Heres et al., 2024;
Marlow et al., 2024; Palma et al., 2018; Prado et al., 2019, 2021;
Pulido Mantas et al., 2024; Pulido Mantas, Roveta, Calcinai, Coppari,
et al., 2023; Rios et al., 2020), much work remains to be done.

This study proposes a novel framework for adapting terrestrial
forest remote sensing-based approaches to monitor marine ecosys-
tems. By leveraging SfM-photogrammetry and LiDAR-inspired point
cloud processing, it bridges methodologies from land-based forestry
to MAFs. To this end, Mediterranean gorgonian forests dominated
by two species, Paramuricea clavata (Risso, 1826) and Eunicella sin-
gularis (Esper, 1791), were surveyed through SfM-photogrammetry.
The height frequencies and densities of canopy-forming organisms
(CFOs, sensu Smith et al., 2022) were manually quantified from the
resulting point clouds. The proposed semi-automatic pipeline was
then applied to replicate these measurements, allowing for a com-
parison between the two methods. Additionally, for the first time,
this approach provided a direct estimate of the total canopy volume
created by the forest, a crucial ecological characteristic of these hab-

itats, previously estimated by geometric models (Lasker et al., 2025)

10°W 5°W 0° 5°E 10°E 15°E

or indirect proxies such as organisms' density and height frequencies
(Bosch et al., 2023; Gambrel & Lasker, 2016).

In summary, despite the limitation faced in directly adapting
land-forest methods to their marine counterparts, the approach
presented here provides a new methodological perspective aimed
at bridging the existing gap in MAFs research. Ultimately, it paves
the way for future studies that leverage 3D point cloud-based tech-
niques, which hold significant potential for cost-effective monitor-
ing of changes in the biological structural complexity of vital marine
habitats, an often overlooked yet essential aspect in marine ecolog-
ical research.

2 | MATERIALS AND METHODS

2.1 | Study sites

The imagery for the 3D digital reconstructions of the gorgonian for-
ests was collected in three Mediterranean locations: (i) Cap de Creus
Natural Park (Catalan Sea, Spain); (ii) Portofino Marine Protected
Area (MPA) (Ligurian Sea, Italy); and (iii) Punta Manara Special Area of
Conservation (Ligurian Sea, Italy) (Figure 1). A single site was assessed
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FIGURE 1 Map with the location of the study sites: (a) Cala Portalo in Cap de Creus Natural Park (Spain); (b) Punta del Faro and Punta
Vessinaro in Portofino Marine Protected Area (Italy), and Sheila Rock and Rampazzo Point in Punta Manara Special Area of Conservation (Italy).
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in Cap de Creus (Cala Portalo) (Figure 1a), while two sites were sur-
veyed in both Portofino MPA (Punta Vessinaro and Punta del Faro)
and Punta Manara (Sheila Rock and Rampazzo Point) (Figure 1b).

All sites were selected based on the presence of MAFs, which
in the locations of Portofino and Punta Manara were dominated
by Paramuricea clavata, and in Cala Portalo, in Cap de Creus, by
Eunicella singularis (Figure 2). Sampling activities were carried
out between 20 and 42m depth (Table S1), in the late summer of
2021 and the spring of 2022 in the framework of two projects: the
Interreg MED MPA Engage (Garrabou, Bensoussan, et al., 2022) and
the Punta Manara Project, a citizen science initiative developed by
Reef Alert Network (https://www.reefalert.org/). Since no invasive

sampling technique was applied, no licence or permit was required.

2.2 | Dominant canopy-forming species

The red gorgonian P. clavata is an azooxanthellate octocoral, with a
colouration varying from purple to yellow (Figure 2a). This species
can grow into large fan-shaped colonies (up to 1m high), usually as
wide as tall, with thick branches generally arranged in a single plane,
and polyps closely packed together (Carpine & Grasshoff, 1975; Pica
et al., 2018). P. clavata is recognized for generating highly dense and
three-dimensional aggregations, often creating forests, thus increas-
ing the overall habitat complexity and supporting high levels of biodi-
versity (Ponti et al., 2018).

The white gorgonian E. singularis is a zooxanthellate octocoral
displaying brownish- or greyish-white colour. The species presents
two main depth-dependent morphotypes. The “candlestick” struc-
ture typical in shallow environments (Figure 2b) could be related to
its symbiosis, reducing self-shading and increasing the photosyn-
thetic surface (Weimbauer & Velimirov, 1998). In deeper waters, E.
singularis shows more variable branching patterns, colony shapes and
a brighter white colouration, due to the lack of the symbiotic algae
(Gori et al., 2012; Weinberg, 1976). Conversely to P. clavata, E. singu-
laris aggregations (< 35m) usually create smaller canopies due to their

different morphology and overall lower densities (Gori et al., 2012).
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Due to a synergy of direct (e.g., fishing activities) and indirect
(e.g., climate change) human-driven pressures, both species pop-
ulations are highly threatened and suffering a steep decrease at
Mediterranean level (Garrabou, Gémez-Gras, et al., 2022), threat-
ening the integrity and many functions by these CFOs (Gémez-Gras
etal., 2021).

2.3 | Photographic sampling

Photogrammetric surveys were performed using four different cam-
eras: (i) a Sony a7 Il, (ii) a Sony o7 I, (iii) a Nikon D7000 and (iv)
an Olympus TG-5, always equipped with an artificial lighting system
composed by a couple of underwater video lights, allowing for a ho-
mogeneous lighting of the scene. A more detailed description of the
imaging systems and sampling information for each of the surveyed
sites is provided in Table S1.

The sampling protocol implemented for all survey opera-
tions was based on Palma et al. (2018) and consisted of: (i) the
placement of a minimum of three metric references (PVC tubes
of 1m, 0.2mx0.2m quadrats or three-axial references of
0.2mx0.2mx0.2m) in the area of interest; (ii) cameras set to
time-lapse mode recording two images per second, with the cam-
era system oriented obliquely to the substrate (around 70°) and
at an approximate distance of 1-1.5m; (iii) diving operators fol-
lowing a boustrophedonic pattern (e.g., perpendicular double zig-
zag path), aiming to capture the full structural complexity of the
area from all possible perspectives. Diving operators maintained a
moderate speed that could ensure a minimum overlapping of 60%
between each pair of consecutive images.

2.4 | Photogrammetric processing and manually
extracted CFO derived metrics

Before starting the photogrammetric processing, all media col-

lected were inspected to verify both the quality and the sequential

FIGURE 2 Examples of marine animal forests dominated by: (a) Paramuricea clavata and (b) Eunicella singularis. Scale bars=50cm.
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overlapping of the imagery. Consecutively, all selected images
were imported into Agisoft Metashape v.1.8.3 (Agisoft LLC., St.
Petersburg, Russia). Image alignment was carried out using high
accuracy generic pair selection settings to generate the point
clouds, limiting the tie point limit per Mpx to 4,000 common fea-
ture points and the key points identification to 100,000. To scale
up the reconstructions, a minimum of 3 metric references were
manually detected to generate up to 5 scale bars in the reference
settings and specify its dimensions; in addition, to indicate the ac-
curacy of the alignment, root mean square error (RMSE) of the
scale bars and check bars was computed (Pulido Mantas, Roveta,
Calcinai, Coppari, et al., 2023). A first noise-cleaning step was per-
formed in Metashape in which points holding a confidence below
2 were discarded and not considered in the analysis. Moreover, to
standardize the resolution of the study and to reduce the size of
the point clouds and later processing times, all dense point clouds
were resampled at 1 mm resolution and exported in .LAS format
at local coordinate system (m) for further analysis. The overall
photogrammetric process to generate the 3D point clouds took an
average of 6.88 +5.07 h of processing time using a Lenovo Legion
laptop (Beijing, China) with 32 Gb RAM, an Intel Core i7-9750H
2.60-GHz processor (Intel Corporation, Santa Clara, CA, USA) and
a graphic card NVIDIA GeForce RTX 2060 (NVIDIA Corporation,
Santa Clara, CA, USA).

Manual height measurement of each CFO was performed in the
3D point clouds by using the ruler tool in Metashape. The height
was established as the distance between the base of the CFO and
the largest ramification, respecting organism perpendicularity to the
substrate. To ensure the measurement accuracy, the ruler position
was inspected by changing perspective in the 3D environment and
repeating the height assessment up to three times to check mea-
surement consistency (Heres et al., 2024). All CFOs were classified
at the lowest taxonomic level possible by inspecting the imagery in
relation to the dense point cloud colouration. Conversely, the 3D
surface of each study site was estimated in Metashape, which was
then used to calculate the CFOs' densities by dividing the total num-
ber of identified CFOs by the corresponding surveyed area for each
site. To do so, (i) firstly, the mesh was generated by the arbitrary
3D surface type based on the point clouds, medium face count and
interpolation disabled; (ii) secondly, cleaning the mesh from CFOs
and closing the possible holes created by this intermediate step with
the tool close holes in the mesh toolbox; (iii) and lastly, measuring
the surface of the remaining 3D mesh by using the Metashape mea-
sure area and volume tool (Pulido Mantas, Roveta, Calcinai, Coppari,
et al., 2023).

2.5 | Point cloud processing and semi-automated
CFO derived metrics

All point clouds calculated in Metashape were imported and pro-
cessed in R software v.4.3.2. (R Core Team, 2024). A multi-step
workflow (Figure 3) was followed using different functions from

the lidR package (Roussel et al., 2020): (i) point clouds (.LAS format)
were imported using the readLAS function; (ii) secondly, the outliers
present in the point cloud were classified using the function classify_
noise and the SOR noise segmentation algorithm, based on Statistical
Outliers Removal (Rusu & Cousins, 2011) and removed using the fil-
ter_poi function; (i) subsequently, the filtered point cloud was binary
segmented (in ground and CFO points) by using the classify_ground
function and the Cloth Simulation Filtering (CSF) algorithm, which
consists of simulating a piece of cloth draped over the reversed point
cloud and detect ground points based on the distance between the
nodes of the cloth and the inverted point cloud (Zhang et al., 2016);
(iv) the point cloud segmentation was followed by a height normali-
zation process to remove the influence of the seafloor on above sub-
strate measurements, to do so the normalize_height function using
the k-nearest neighbour algorithm with an inverse-distance weight-
ing was applied; (v) finally, CFO's tops were detected by applying
the find_trees function using the Local Maximum Filter (LMF) algo-
rithm, inspired by Popescu and Wynne (2004). The identified CFO
tops were plotted along with the segmented point cloud using the
plot and add_treetops3d functions to visually inspect in a 3D environ-
ment the accuracy of the CFO's tops detection. Number and height
of each of the detected CFOs by this procedure were extracted for
further analysis (e.g. density calculations, height ranges).

In addition, in order to obtain an estimation of the canopy
volume created by the ensemble of CFOs, a voxelization process
of the classified point cloud was performed, similarly to the ap-
proach currently used in terrestrial forests (Hess et al., 2018; Li
et al., 2024; Smeds et al., 2025; Weiser et al., 2021). To do so, the
points classified as ground were filtered out using the filter_poi
function, and a voxelization of the remaining point cloud (repre-
senting CFOs) was carried out using the voxelize_points function.
A voxel size of 0.1 mx0.1x0.1m was chosen as a trade-off value,
found to be an optimal value for canopy and visibility analysis in
terrestrial forests (Rossi et al., 2022; Zong et al., 2021). Calculating
the volume contained by the voxels, it was possible to estimate
the “canopy occupation volume” produced by the MAF and after
divided by each study site assessed surface was expressed as m®/
m?2. All R code corresponding to the point cloud processing and

analysis can be found in Pulido Mantas et al. (2026).

2.6 |
analysis

Point cloud processing pipeline sensitivity

All three main processing steps of the proposed point cloud pipe-
line require parametrization, with key attributes likely to be dif-
ferent for the processing of point clouds derived from airborne
laser scanning of terrestrial forests and the ones deriving from
underwater photogrammetry of MAFs. To optimize the overall
pipeline performance, a sensitivity analysis was performed by
running many iterations of the main processing steps. Considering
the strong influence of slope on ground classification and tree-
top detection (Graham et al., 2019; Khosravipour et al., 2015; Li
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FIGURE 3 Schematic diagram summarizing the different steps of the workflow of the study: Imagery collection and photogrammetric
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et al.,

2025; Meng et al., 2010), four study sites presenting dif-

ferent roughness and slope were selected for this analysis (Punta

del Faro, Punta Vessinaro, Shila Rocks and Rampazzo Point). The

three processing steps considered for the sensitivity analysis were

as follows:

(i)

(ii)

Noise detection, performed by the SOR algorithm (Rusu &
Cousins, 2011), which required 2 attributes: k, representing the
number of points used to calculate the mean distance between
k-neighbouring points, and m, representing the multiplier used
to define the maximum distance at which the points would not
be considered noise by the algorithm. Three different parame-
ter combinations were explored (Table 1), and each combination
parameter combination was assessed by visually inspecting the
segmentation output along with the percentage calculation of
outlier points (Table S2).

Ground classification, carried out using the CSF algorithm
(Zhang et al.,

smooth, a post-processing step to reduce errors and the impact

2016), which required three attributes: sloop_

of noise when assessing areas with sharp or steep slope, set
as TRUE following authors' instructions; cloth_resolution, the
distance between the particles in the simulated cloth, usually
set as the average distance of the points in the point cloud;
and class_threshold, defining the distance from the simulated
cloth to classify a point as ground or CFO. Three parameter
combinations were explored (Table 1), and for each itera-

tion, the segmentation of the ground and CFO's points was

TABLE 1 Parameter combination values used for the sensitivity
analysis of the three main processing steps of the proposed point
cloud pipeline.

Noise CFO top
detection Ground classification detection
sor (k, m) csf (class threshold, Imf (ws, hmin)
cloth resolution)
(m=3, k=50) (class threshold=0.1) (ws=0.3,
(cloth resolution=0.05) hmin=0.2)
(m=3, k=100) (class threshold=0.2) (ws=0.4,
hmin=0.2)
(cloth resolution=0.05)
(m=5, k=50) (class threshold =0.2) (ws=0.5,
hmin=0.2)

(iii)

(cloth resolution=0.10)

visually inspected as well as the % calculations of CFO points
(Table S2).

Individual CFO detection, for which the LMF algorithm was ap-
plied (Popescu & Wynne, 2004), which required 3 attributes:
ws, representing the diameter of the moving window used to
detect the local height maxima; shape, defining the moving win-
dow shape, fixed as “circular” since it suited the best the mor-
photype of our CFOs; hmin, defining the height below which
the point cannot be considered a local maxima. Three different

values of ws were tried, and CFO detection was evaluated by
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the number of CFO identified by the Imf function and the % of
deviation from the number of CFO manually detected in each

study site.

2.7 | Evaluation metrics on CFOs detection and
height estimation

The accuracy of the proposed approach was evaluated using differ-
ent performance metrics. On the one hand, CFO detection accuracy
was assessed by calculating Precision (P), Recall (R) and F-score (F,):

TP TP

_ . R= . _ 2xXRxP
T TP+FP’ T TP+FN’

P Fi="R%p

where TP represents true positives, or CFO's tops that were detected,
FP represents false positives or detected CFOs in the point cloud not
corresponding to true CFOs, and FN represents false negatives, which
refers to the number of CFOs that were not detected by the proposed
method.

On the other hand, the quality of the height predictions was as-
sessed with the coefficient of determination (Rz) and RMSE calcula-
tion (Chai & Draxler, 2014).

P
N
-
|
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:Zl()’i—f’ﬂz
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where n represents the number of comparisons, y; is the true value
measured manually and y; denotes the value predicted by the pro-
posed pipeline. The R? and RMSE were calculated per each site with
the free software R version 4.2.0 by using the functions Im and rmse of
the stats and Metrics packages, respectively (Hamner & Frasco, 2018;
R Core Team, 2024).

3 | RESULTS

3.1 | Photogrammetric analysis & manually
extracted CFOs related metrics

A total of 7,295 images were collected for this study. An average
of 1,459 +545 pictures was processed for the 3D analysis con-
sidering all five study sites, with a minimum of 771 pictures for
Sheila Rock and a maximum of 2,142 pictures for Cala Portald
(Table S1). The five surveyed areas varied between 85 and 140 m?,
with an average of 107+0.5 m?, mapping a total of 535 m? of sea-
bed. Using SfM-photogrammetry, dense point clouds with a 0.1cm
resolution were generated for each site, yielding an average of
117,793,135+ 105,339,513 points per cloud. The 3D reconstructions
exhibited an average RMSE of 0.18 +0.20 cm, which did not exceed
0.4cm in any case. To optimize processing time, while maintaining
accuracy, all point clouds were resampled to a 0.5cm resolution
for the analysis. This resampling produced average point counts of
7,222,607 +2,983,657 across all study sites. Regarding point clouds'
density, all sites were inspected at 10cm x 10 cm patch size obtaining
average values ranging between 55,<630¢54,288points/dm2 and
122,426 + 159,445 points/dm? (Figure S1). Additional details such as
number of images, total points count, RMSE and point densities at
different classification stages (ground or CFO classified points) of
each surveyed site are provided in Tables S1, S3 and Figure S1.
Manually inspecting the 3D digital reconstructions, each CFO
was identified at the lowest taxonomic level possible. Overall, the
dominant CFOs in all sites were gorgonian species, with an average
density of 1.77+0.99 (0.96-3.12) individuals/m? for Paramuricea
clavata in Portofino and Punta Manara sites and 0.58 individuals/
m? for Eunicella singularis in Cap de Creus (Table 2; Figure 4). The
occasional occurrence of other CFOs was also recorded, in partic-

ular of the sponges Sarcotragus foetidus (4 individuals at Rampazzo

TABLE 2 Summary of abundances, densities, average heights (+ standard deviation, SD) and height ranges per canopy-forming organism

(CFO) and site obtained from the SfM-manual approach.

Site CFO category n
Punta del Faro Paramuricea clavata 96
Dead P. clavata 1
Punta Vessinaro P. clavata 152
Dead P. clavata 68
Sheila Rock P. clavata 191
Dead P. clavata 2
Savalia savaglia 29
Rampazzo Point Axinella polypoides 1
Sarcotragus foetidus 4
P. clavata 265
Dead P. clavata 1
S. savaglia 15
Cala Portalo A. polypoides 2
Eunicella singularis 64

Density (n/m?) Average height (cm) Height range (cm)
0.96 38.71+12.08 20.40-79.00
0.01 54.10 -

1.09 45.46+19.03 20.10-103.00
0.49 35.79+14.94 20.20-84.30
191 49.00+17.48 20.00-116.00
0.02 29.05+0.49 28.70-29.40
0.29 46.82+16.48 26.40-86.50
0.01 23.00 =

0.05 26.82+6.84 21.10-34.70
3.12 4717 +13.77 20.00-87.60
0.01 24.30 =

0.18 51.27 +16.85 32.50-93.60
0.02 20.18+0.88 18.70-21.80
0.58 23.43+2.90 20.00-31.50
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FIGURE 4

Point) and Axinella polypoides (1 and 2 individuals at Rampazzo
Point and Cala Portalo, respectively), as well as of the zoanthid
Savalia savaglia (0.18-0.29 individuals/m? at Rampazzo Point and
Sheila Rock) (Table 2; Figure 4). Additionally, the manual inspection
of the 3D reconstruction allowed the identification of dead CFOs,
especially of the 68 dead gorgonians at Punta Vessinaro (Table 2).
For more details regarding each typology of identified CFO (i.e.,
abundances, densities, average/maximum/minimum height), please
see Table 2.

3.2 | Sensitivity analysis of the proposed pipeline
We performed a total of 27 pipeline iterations for each site (Table 1),
resulting in 108 iterations (Table S2). With the sensitivity analysis,
we selected a combination of parameters that maximized the agree-
ment between manual and semi-automated results considering the
following processing steps:

(i) For the noise detection, the SOR algorithm was implemented
using 50 neighbouring points to calculate the mean average dis-
tance between points (k), and a multiplier (m) of 3 to establish
the threshold for identifying noise. These values were selected

(ii)

(iii)

Image composite illustrating the vertically structuring organisms individualized during manual segmentation of the marine
animal forests (MAFs) assessed during this study: (a) Paramuricea clavata, (b) Eunicella singularis, (c) Savalia savaglia; (d) Axinella polypoides; (e)
Sarcotragus foetidus; (f) forests presenting both P. clavata and S. savaglia. Scale bars=20cm.

because lower values of k or higher values of m resulted in many
noise points being incorrectly classified, while higher values of
k led to significantly longer processing times and often caused
apical CFO ramifications to be classified as noise (Table S2).

For the ground classification, the CSF algorithm was applied
with a particle distance of 0.05m (cloth_resolution) between
the simulated cloth particles, based on the average distance of
points in the point cloud. This allowed to better adapt the cloth
to the rugosity of the substrate. A class_threshold of 0.2m was
also set to prevent the misclassification of small terrain irreg-
ularities or small organisms. From this point onward, the mini-
mum height for an organism to be considered as contributing to
the canopy and, therefore, classified as a CFO by this approach
is defined by this threshold value (Table S2).

For the individual CFO detection, the LMF algorithm (Popescu &
Wynne, 2004) was applied with a diameter of 0.35m (ws), which
represents the diameter of the moving window used to detect
the CFO tops. A minimum height of 0.2m (hmin) was also estab-
lished, below which the point will not be considered as a part
of a CFO, in accordance with the previously defined threshold.
The window size was chosen as a compromise: using smaller ws
values often led to the algorithm overestimating the number of
detected CFO by counting wider organisms as multiple CFO,
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while larger values of ws caused close organisms to be clustered -(% >
together and classified as a single CFO (Table S2). E § .
D g ? P o o 9
3.3 | Semantic segmentation results and o gmé E § f g O'i
comparison with manually extracted metrics ;% € 1 &1 & 1 RS R
©
Considering all sites, average CFO's density values of 1.72+1.10 % .
CFOs/m? and 1.96 +0.63 CFOs/m? were obtained with the manual '-qc: tE,
and semi-automated methods, respectively. The highest densi- E g
ties and average CFOs heights were recorded in Rampazzo Point ‘E T;
(3.35 CFOs/m? 47.17+13.77cm) and Sheila Rock (2.20 CFOs/ .qu § &
m?% 49.00+17.48cm) with the manual approach. Conversely, é 5 | i | § | (E | 5 | 5
with the proposed pipeline, the highest densities were recorded g
in Rampazzo Point (2.73 CFOs/m?) and Punta Vessinaro (2 CFOs/ §
m?), while the highest height averages were found in Sheila § ’g
Rock (65.36+27.57cm) and Rampazzo Point (61.03 +24.67cm) % E:; o N o 8 8 o“of o ©° 23
(Table 3). 2 E eSS 858¢d38
To assess the accuracy of the proposed point cloud processing 8 _:E; er gl E gl 8| g 8| gl 8| gl
pipeline, a pool of quantitative metrics was applied to evaluate é :f|‘:’ 8' g 8' 8' 8' 9 8' 8" IS 2
CFOs detection and height estimation. For point cloud segmenta- %
tion and CFOs detection, precision, recall and F,-score were calcu- % _
lated. The pipeline performed well in detecting CFOs across 4 out % E
of 5 sites (F,-scores ranging from 0.79 to 0.85), while Cala Portalo 5 ED L9 gL en Ny o X
clearly represented an outlier (F;-score=0.55) (Table 4; Figures 5 %J % g oo é N 5 S o g
and 6). E E‘P g §-"I 5 a4 éi H i él H
To assess the ability of the proposed approach to estimate CFOs .%D :% 8 w9 ;’ g 9 E % 2 g
heights, results of the semi-automated pipeline and the manually ob- f
tained heights were compared, linear regression analysis was carried 91 _
out, and R? coefficient and RMSE were calculated. An average R? of § NE
0.55+0.29 was obtained, with Punta Vessinaro and Punta del Faro § ‘:;
holding the highest coefficient values (0.81 and 0.68, respectively), § 'g N Y Y e Rg
while Cala Portald presented the lowest R? (0.06). In terms of RMSE _‘§ 0 S < o & 4 o o o -
value, an average of 17.97 +6.93cm was obtained, with the lowest ;_,%
values calculated for Punta del Faro (10.43cm) and Punta Vessinaro :1/“’,' -~ - - e ©
(10.53 cm), and the highest present in Sheila Rock (24.64 cm) (Table 4; ﬁ e X I 83393 QI 3
Figure 7). The heights derived from the proposed approach showed éﬂ
a general overestimation of CFOs heights, especially evident for o .
those sites with lower R? and higher RMSE (Sheila Rock, Rampazzo g % w ool - I - -
Point and Cala Portalo) (Figure 7c-e), being also the ones presenting z E I 8 2 S ? 8 ; 8 3 8
highly irregular substrates (e.g. frequent changes in slope inclination; 305"
Figures 5c and 6). §
o ° ° ° ° °
S 8 8 8 8 8
3.4 | MAF canopy estimation 2 8 TFTFTFIT T F
In addition to the CFOs detection and height estimation, the pipeline E
allowed to estimate also the overall canopy volume provided by the é
MAF at each study site, as well as the canopy occupancy by means § ° g ic
of the voxelization of the segmented point clouds (Figure 8). An av- < E" § % § %
erage canopy volume of 5.95+3.84 m® and canopy occupancy of : S > % § E
(60+48)x 103 m3/m? were provided among all study sites. Overall, c_nl S 2 Lg g E g =
apart from Cala Portalo, the sites presenting the greater CFO |<—'< 5 . & < « ©
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TABLE 4 Summary of metrics calculated to quantitatively evaluate canopy forming organisms (CFOs) detection and height estimation.

CFO detection CFO height estimation
False False
Site True positives  positives negatives Precision (P) Recall (R) F,-score R? RMSE (cm)
Punta del Faro 89 25 11 0.78 0.89 0.83 0.68 10.43
Punta Vessinaro 202 62 8 0.77 0.96 0.85 0.81 10.53
Sheila Rock 161 25 59 0.87 0.73 0.79 0.56 24.64
Rampazzo Point 205 16 80 0.93 0.72 0.81 0.62 22.75
Cala Portalo 92 48 101 0.66 0.48 0.55 0.06 21.52

FIGURE 5 Image composite illustrating
the 3D reconstructions of Punta del

Faro (a), Punta Vessinaro (b) and Sheila
Rock (c), along with the results after the
ground classification and single canopy
forming organism (CFO) detection steps
during the point cloud processing. Please
note all figures subscripted “1” represent
the RGB coloured point clouds, while

all subscripted “2” represent the binary
segmented point clouds where ground
points are represented in grey and CFQO's
points in purple. Green bullet points
depict the true positive detections of
CFOs tops, while red bullet points depict
the false-positive detections.

densities and average heights displayed the highest canopy volumes
and occupancies, represented by Rampazzo Point (11.72 m® and
137.82x107°m*/m? and Sheila Rock (7.35m® and 73.5x107°m?/
m?) (Tables 2 and 3; Figure 8).

4 | DISCUSSION

As terrestrial forests, MAFs are characterized by a complex 3D
framework, a feature often neglected or not fully assessed in

monitoring programs due to the lack of cost-effective methods to

properly approach it (Orejas et al., 2022; Rossi et al., 2021). In this
context, we advocate for leveraging the theoretical and methodolog-
ical knowledge from terrestrial forestry when assessing vegetation
canopies and encourage its application to the marine environment.
Even though the direct transfer of land-based approaches can
be challenging due to the change of medium and habitat (Pulido
Mantas, Roveta, Calcinai, di Camillo, et al., 2023), testing pipelines
commonly used in forest inventories to 3D data derived from opti-
cal and/or acoustic sources in marine studies represents a promising
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research direction. Therefore, with this study we aim establishing a
novel framework by proposing the application of standard forestry
segmentation procedures for the classification and characterization
of marine habitat formers (Figure 3), a path that remained untrodden
until now.

The results obtained from the application of the lidR R pack-
age (Roussel et al., 2020) to process and analyse SfM-derived point
clouds demonstrated the huge potential of this method for the cre-
ation of MAF inventories. In fact, the proposed semi-automated ap-
proach achieved a good detection accuracy comparable with tree
detection ones (Saeed et al., 2024; Zhang et al., 2025), obtaining,
except for Cala Portalo, high precision, recall and F;-score values
(over 0.76, 0.71 and 0.79, respectively) (Table 4; Figures 5 and 6).
Considering the recorded misclassifications, they generally resulted
from the use of a fixed circular search-window of 0.35m @, caus-
ing: (i) the undersegmentation of CFOs by clustering nearby organ-
isms when closely located; or (ii) the oversegmentation of CFOs by
double-counting very wide single organisms (Figures 5 and 6).

While CFOs detection was generally successful, the accuracy of

height estimation was limited, with R? values ranging between 0.06

(aq)

and 0.81, and an average RMSE of 17.97 + 6.93cm (Table 4; Figure 7).
The higher RMSE values coincided with the lower R? coefficients
in those sites characterized by highly irregular substrates and fre-
quent slope changes (namely, Sheila Rock, Rampazzo Point and Cala
Portald) (Table 4). In fact, after inspecting the spatial distribution of
the CFOs contributing the most to the overall error (represented as
outliers in Figure 7 scatterplots), it was clear how the proposed pipe-
line highly overestimated the height of CFOs growing on steep slope
changes (e.g., rock outcrops, walls, crevices), while it could not de-
tect organisms with height values close to the estimation error (i.e.,
RMSE; Table 4). The strong influence of topography on tree detec-
tion and height assessment in terrestrial forests is well documented
(Graham et al., 2019; Khosravipour et al., 2015; Q. Li et al., 2025;
Meng et al., 2010; Mielcarek et al., 2018); however, in the case of
MAFs, beside the effects of terrain slope and orientation on point
cloud ground classification and height normalization, an additional
confounding factor is in play. CFOs, here represented by sessile fil-
ter- and suspension-feeders, typically do not exhibit plant-like tro-
pisms (e.g., gravitropism, phototropism), resulting in irregular growth

orientations and non-spatially homogeneous growth patterns in the

FIGURE 6 Image composite
illustrating the 3D reconstructions of
Rampazzo Point (a) and Cala Portalo (b),
along with the results after the ground
classification and single canopy forming
organism (CFO) detection steps during
the point cloud processing. Please note
all figures subscripted “1” represent

the RGB coloured point clouds, while

all subscripted “2" represent the binary
segmented point clouds where ground
points are represented in grey and CFO's
points in purple. Green bullet points
depict the true positive detections of
CFOs tops, while red bullet points depict
the false-positive detections.

FIGURE 7 Comparison of manually measured canopy forming organisms (CFOs) height and height calculated by the proposed approach
for each site. On the left, the linear regressions (blue lines) with 95% confidence intervals (greyish area), and 1:1 relationship (dashed red
lines); on the right, frequency plots of the high values comparison depicting manually extracted measurements (yellow bars) and height

calculated by the proposed approach (purple bars).
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FIGURE 8 Examples of the results
after the voxelization (0.1mx0.1mx0.1m
voxel size) of the point clouds classified

as canopy forming organisms (CFOs) at
Rampazzo Point (a) and Sheila Rock (b), the
two sites displaying the highest canopy
values. Please note all subscripted “1”
subfigures represent the RGB coloured
point clouds, while all subscripted “2”
represent the voxelized “canopy espace”
of the assessed marine animal forests.

search for current exposure (Rees, 1972; Ried| & Forstner, 1968). The
synergy of all previously mentioned factors introduces substantial
uncertainty in CFOs height estimation between the proposed au-
tomated pipeline and manual measurements. More specifically, the
displacement of the detected highest point of the CFOs after normal-
ization, or the misidentification of the substrate immediately beneath
the detected CFOs top as the base (mainly on vertical or steeply in-
clined surfaces), resulted in a systematic overestimation of heights.

In this study, Cala Portalo represents the perfect example of
the conditions under which the pipeline fails to characterize a
MAF (Figures 6b and 7). The low vertical development and unique
candelabra-like morphotype (Gori et al., 2012) of the dominant CFO
of the site (Eunicella singularis) and the highly irregular topography
(Figure 6b) resulted in poor classification results, often identifying
substrate irregularities as CFOs and largely overestimating CFOs
heights, ultimately ending up in an overall inaccurate CFOs detec-
tion and height estimation (Table 4). Apart from this specific case,
the proposed pipeline showed promising results when applied to the
other sites here considered. However, being Paramuricea clavata the
other dominant CFO, further research should include MAFs formed
by CFOs representing other species or morphotypes, thus allowing
for more general conclusions in the search for a one-size-fits-all tool
to assess canopy-forming MAFs.

Although canopy occlusion was not identified as one of the main
limitations in this study, the application of optical-based methods to

tightly packed MAFs could still present methodological constraints.
Such occlusion may lead to data voids that hinder accurate ground
detection and subsequent height estimations (Cao et al., 2023;
Gassilloud et al., 2025). To minimize this issue, it is essential to con-
sider point cloud density through the workflow, ensuring a mini-
mum density across the various point cloud levels (Figure S1) (LaRue
et al.,, 2022). Adapting sampling strategies to MAFs features (e.g.,
distance to the substrate, increasing sampling effort, use of different
lenses) could further reduce occlusion effects. Among the emerging
approaches to mitigate the issue in terrestrial studies, there are the
fusion of multi-source data through the integration of techniques
such as LiDAR and multispectral imagery (Chen et al., 2017), and the
use of deep learning algorithms (Bornand et al., 2024). Considering
the rapid advancements in underwater LiDAR-detection systems
(Collings et al., 2020; Filisetti et al., 2018; Lin et al., 2023), coupling
SfM with LiDAR could represent a promising alternative, potentially
ensuring a greater penetration through the MAFs canopy and the
generation of denser point clouds (Puliti et al., 2020).

In recent years, 3D point cloud representation and classification
have become major research hotspots in computer vision, with ap-
plications across diverse fields such as robotics, virtual reality and
autonomous driving (Fernandes et al., 2021; Hackel et al., 2017; Li
et al., 2024; Zhang et al., 2023). Each year, new algorithms and hy-
brid techniques are developed to classify and extract information
from 3D forestry data, often combining photogrammetry, LiDAR,
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multispectral imagery and/or artificial intelligence (Burmeister
et al., 2025; Carbonell-Rivera et al., 2024; Coops et al., 2021; Kuang
etal.,2024; Liuetal.,2024; Maetal.,2023; Wu et al., 2025). Following
examples in the literature that promote the exchange of concepts,
methods and technologies between marine and terrestrial ecolo-
gists (D'Urban Jackson et al., 2020; Munguia & Ojanguren, 2015;
Torres-Pulliza et al., 2020; Webb, 2012), our proposed pipeline aims
to establish a common framework for the assessment of marine
and terrestrial forests. This framework is intended to facilitate the
transfer and testing of emerging approaches to overcome the cur-
rent methodological challenges identified in this study, and to define
a set of suitable CFOs for which this methodology could support
the implementation of medium to large-scale systematic monitoring
programs.

For a long time, MAFs assessment has relied on manual in situ
two-dimensional measurements (i.e., CFO's height, width and/or
density), which are time consuming, expensive and limited in spatio-
temporal scales (i.e., Figuerola-Ferrando et al., 2024; Jacobsen
et al., 2024; Ponti et al., 2018; Zentner et al., 2023). However,
canopy-forming MAFs represent a dynamic 3D interface between
CFOs and the water column, influencing local physico-chemical pa-
rameters, generating ecological gradients within the canopy (Guizien
& Ghisalberti, 2017) and supporting a wide range of ecosystem ser-
vices (Gémez-Gras et al., 2021). Even if the ecological importance of
the canopy is widely recognized, most studies have addressed this
feature qualitatively or indirectly, with only a few examples adopting
atruly 3D perspective (Cerpovicz & Lasker, 2021; Palma et al., 2018;
Smith et al., 2022). Although not without limitations, the proposed
pipeline enables, for the first time, a standardized semi-automatic
3D quantification of the MAF canopy volume, a key metric that ex-
pands the suite of tools available to characterize soft-bodied CFOs,
organisms historically overlooked due to the lack of suitable tech-
niques (Rossi et al.,, 2021; Smith et al., 2022). By estimating the
canopy volume, it becomes possible to evaluate the actual space
that MAFs offer to the associated communities, which can serve as
a proxy for habitat capacity and integrity (Rossi et al., 2017). This
opens new opportunities to investigate these habitats from a mul-
tidisciplinary perspective, integrating hydrodynamic, physical and
biogeochemical approaches. Consequently, the ability to numeri-
cally quantify this feature represents a significant step forward in
the monitoring and management of these habitats, promoting a shift
from species- or population-level analyses towards a community-
level understanding.

To conclude, this study represents a pioneering step in applying
3D optical-based mapping combined with a semi-automatic point
cloud classification pipeline to enable scalable surveys of vulnerable
marine ecosystems. While certain limitations remain, the proposed
approach offers a cost-effective and innovative framework for the
assessment of MAFs, providing new opportunities to character-
ize soft-bodied CFOs as well as MAFs canopy volumes and occu-
pancies. Furthermore, integrating this framework with unmanned
or remotely operated underwater vehicles and Al could unlock its
full potential, optimizing large-scale applications and classification
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workflows (Alexandris et al., 2024; Marlow et al., 2024; Remmers
et al., 2024). In this context, the proposed approach constitutes an
essential contribution towards the sustainable management of ma-
rine ecosystems, as established by the Marine Strategy Framework
Directive, while supporting the Sustainable Development Goal 14
and the global objectives outlined in the UN 2030 Agenda.
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File S1. R Markdown containing the commented R code to implement
the proposed pipeline to process Marine Animal Forest's point
clouds.
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Table S1. Summary of site information (depth, assessed surface,
sampling date), camera systems used, imagery.

Table S2. Sensitivity analysis results for main processing steps of the
proposed point cloud classification pipeline. Please note: Parameter
combinations yielding results most consistent with visual inspection
and/or manual methods are highlighted in green.

Table S3. Summary of point density calculation results at
10cmx 10cm patch for all study sites.

Figure S1. Image composite of point density maps calculated at
10cmx 10 cm patch: (a) Punta del Faro, (b).
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