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Classification of benthic habitats in the deep sea is instrumental in managing and 
monitoring marine ecosystems as it provides distinct units for which changes can 
be quantified over time. These applications require automatic classification 
approaches with reasonable accuracy to ensure efficiency and robustness. 
The use of 3D point clouds is currently emerging in deep-sea benthic 
classification as it allows for high-resolution representation of the 3D 
structure (i.e., geometry), texture, and composition of complex benthic 
habitats such as those created by structure-forming cold-water corals. Point 
clouds were derived from remotely operated vehicle video surveys of three 
vertical walls (depth range 1400–1900 m) along the Charlie-Gibbs Fracture 
Zone, North Atlantic. In addition to RGB values, this research incorporated 
nine geometric features derived from structure-from-motion 3D point clouds 
to classify coral and sponge colonies. Three unsupervised (k-means (KM), fuzzy 
c-means (FCM), and Gaussian mixture model (GMM)) and three supervised 
(decision tree (DT), random forest (RF), and linear discriminant analysis (LDA)) 
machine learning (ML) algorithms were compared and assessed for accuracy and 
reliability. The ML classifiers were used to build full-coverage seafloor predictions 
for three classes, namely, seabed, sponges, and corals. The KM, GMM, and FCM 
achieved an average overall accuracy of 74.87%, 71.94%, and 70.77%, respectively, 
while the RF, LDA, and DT achieved 84.50%, 84.01%, and 79.90%, respectively. 
Overall, the supervised ML classifiers outperformed the unsupervised ML 
classifiers. In particular, the RF classifier demonstrated the highest overall 
classification accuracy and F1-score for individual classes, with an average of 
89.09%, 67.12%, and 41.60% for the seabed, sponges, and corals, respectively. In 
addition, the spatial coherence of the point clouds was considered and improved 
the results’ overall accuracy and F1-score by up to 9% and 12%, respectively. 
Results showed that incorporating geometric features, traditionally employed in 
terrestrial and shallow-water LiDAR surveys, in combination with RGB values is 
suitable for high-resolution deep-sea benthic 3D point clouds classification.
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1 Introduction

Seafloor classification has gained the interest of scientists for its 
importance in supporting activities such as resource management, 
ecological protection, and monitoring of environmental change 
(Brown et al., 2012). With the significant changes currently 
predicted to our oceans, many species are expected to be affected 
(Talukder et al., 2022). Cold-water corals and sponges are important 
components of marine benthic ecosystems, as they play critical roles 
in maintaining high levels of biodiversity (Henry and Roberts, 2017), 
as well as in carbon cycling and sequestration (Cathalot et al., 2015; 
Soetaert et al., 2016; Titschack et al., 2016). Moreover, they provide 
habitat for a range of other organisms, increasing habitat complexity 
and biodiversity (Henry and Roberts, 2017), yet they are predicted to 
undergo a significant decrease in extent in the North Atlantic 
(Morato et al., 2020). This is due to climate change, including 
ocean acidification, rising temperature, and food supply change 
(Morato et al., 2020), as well as anthropogenic activities such as 
bottom trawling, oil exploration and production, and submarine 
cables (Ragnarsson et al., 2017). Monitoring these habitats at high 
resolution and in three dimensions (3D) to quantify habitat change 
is needed, but particularly challenging in the deep sea.

High resolution seafloor classification in coastal zones and 
shallow waters (i.e., water depth ranges from 1 to 30 m) can be 
achieved from airborne LiDAR bathymetry data (Zavalas et al., 2014; 
Parrish et al., 2016; Letard et al., 2021). Many studies have converted 
the 3D LiDAR point clouds into 2D raster images and then applied 
classification techniques, similarly to underwater mapping from 
bathymetric data (Zavalas et al., 2014; Parrish et al., 2016; Letard 
et al., 2021). However, these studies lose the advantage of 
considering the 3D geometry of underwater habitats in the 
classification process. 3D point clouds can provide additional 
spatial information, especially for complex habitats such as cold- 
water coral reefs and sponge gardens, producing the more detailed 
and accurate representations needed for robust monitoring.

Unfortunately, bathymetric LiDAR is not widely available for 
deep-water habitats, and alternate approaches need to be considered 
to obtain 3D point clouds. Underwater videos recorded using high- 
definition (HD) cameras mounted on remotely operated vehicles 
(ROVs) are valuable remote sensing tools for monitoring changes 
and distribution of benthic habitats with high spatial and temporal 
resolution (Piazza et al., 2019; Price et al., 2019; McGeady et al., 
2023). These videos can, in turn, be converted from 2D images to 3D 
point clouds using photogrammetric reconstruction methods such 
as structure-from-motion (SfM) (Robert et al., 2017; Pierce et al., 
2021; De Oliveira et al., 2021; Ventura et al., 2023). SfM is a 
photogrammetric technique utilized for generating 3D models 
from sequences of overlapping 2D images, which can deal with 
sets of unordered and heterogeneous images without prior 
knowledge of the camera parameters (Westoby et al., 2012). 
Similar to bathymetric LiDAR, geometric features (e.g., linearity, 
planarity, scattering) based on eigenvalues and eigenvectors of 
neighborhood points can be derived (Weinmann et al., 2015; 
Hackel et al., 2016; Thomas et al., 2018; Morsy and Shaker, 
2022), but one advantage over LiDAR is that RGB (Red, Green, 
and Blue) values of points are also available.

Several attempts have been carried out to automate the 
classification process of underwater images, with recent advances 

in computer vision suggesting various ML algorithms for benthic 
classification (e.g., Pierce et al., 2021; Mohamed et al., 2022; Ternon 
et al., 2022) and 3D point cloud classification for shallow-water 
applications (e.g., Parrish et al., 2016; Pierce et al., 2021; Letard et al., 
2022). ML classifiers can be categorized into unsupervised or 
supervised. Unsupervised ML classifiers first cluster points based 
on spectral and/or geometric properties using algorithms, such as 
k-means, and fuzzy c-means, among others (Lucieer and Lamarche, 
2011; Mohamed et al., 2022). The obtained clusters are then assigned 
to predefined classes. Unsupervised ML classifiers do not require 
prior knowledge of the area of interest, as no training samples are 
used. In addition, the analyst has only control over selecting the 
number of clusters, number of iterations, and convergence 
thresholds. Unsupervised methods may result in unrepresentative 
classes and are time-consuming to interpret and assign clusters to 
their associated classes (Mather and Tso, 2016). On the other hand, 
supervised ML classifiers (e.g., decision tree, support vector 
machines, and random forests, among others) create models that 
have learned based on a representative training dataset and are 
therefore able to generalize unseen data (Mahmood et al., 2018; 
Mahmood et al., 2020; De Oliveira et al., 2021). However, in order to 
derive ecologically meaningful information, manual annotations of 
a large number of underwater images are required, a process which 
is tedious, error-prone, and time-consuming (Mahmood et al., 2020; 
Mather and Tso, 2016). For instance, 10–30 min can be required for 
a marine expert to produce fully annotated pixel-level labels for a 
single image (Mahmood et al., 2018). Currently, manual annotations 
are required for result assessment of both supervised and 
unsupervised ML classifiers, and remains a major bottleneck for 
benthic studies using imagery, highlighting the pressing need to 
automate this process (Yuval et al., 2021).

The application of ML classifiers for deep-sea benthic 
classification has not been explored extensively. However, De 
Oliveira et al. (2021), De Oliveira et al. (2022) evaluated several 
3D point-based ML classification methods for cold-water coral reefs 
identification, while Price et al. (2021) classified 3D point clouds of 
deep-sea habitats into corals and non-corals. In this research, we 
consider three unsupervised and three supervised ML classifiers for 
deep-sea benthic classification of corals and sponges. The ML 
classifiers incorporate geometric features along with RGB values 
and are evaluated against expert manual annotations for multi-class 
benthic classification of deep-sea vertical cliffs inhabited by cold- 
water coral and sponges.

2 Materials and methods

2.1 Study area and data acquisition

The Charlie-Gibbs Fracture Zone (CGFZ), located at 53° 

15′49″N and 35° 31′12″W (Figure 1), consists of two parallel 
fractures which offset the Mid-Atlantic Ridge by about 370 km. 
The highly variable seafloor bathymetry (700–4,500 m) causes a 
heterogeneous environment characterized by nutrient-rich water 
mass exchanges, creating diverse and biologically productive deep- 
sea ecosystems (Calvert and Whitmarsh, 1986; Alt et al., 2019; 
Skolotnev et al., 2021). This makes the CGFZ a recognized highly 
biodiverse area of ecological importance (Mortensen et al., 2008). 
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FIGURE 1 
Upper: Location of the Charlie-Gibbs Fracture Zone (CGFZ) with the Tectonic Ocean Spreading at the Charlie-Gibbs Fracture Zone (TOSCA) survey 
marked by a red box. Bathymetry background is a World Ocean Basemap obtained from ArcGIS Pro. Lower: Detailed bathymetry of the TOSCA survey, 
transect locations of Dive 7 and Dive 9, and locations of vertical walls (VWs) along survey tracks.
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Hence, the CGFZ’s seafloor and water column in the south (OSPAR, 
2010) and the water column in the north were declared High Seas 
Marine Protected Areas (OSPAR, 2012). However, the presence of 
ecosystem engineers, such as cold-water corals and sponges, in the 
northern area highlights the need for detailed surveys and high- 
resolution mapping to help support decisions on its protection 
status (Keogh et al., 2022).

In summer 2018, the CGFZ was surveyed during the Tectonic 
Ocean Spreading of the Charlie-Gibbs Fracture Zone’s (TOSCA) 
expedition onboard the research vessel Celtic Explorer (CE18008) 
(Figure 1). A HD oblique-facing camera, Kongsberg Maritime 
OE14-502a HDTV, was mounted on the ROV Holland I to video 
record (1080i resolution at 25 frames per second) benthic habitats. 
The position of the ROV was continuously recorded using Ultra 
Short Baseline (USBL) systems (IXSEA GAPS USBL and Sonardyne 
Ranger 2 USBL). One image per second extracted from the video 
sections of two dives: Dive 7 and Dive 9, (Figure 1), were used to 
produce dense point clouds of three vertical walls (VWs): VW1 from 
Dive 7; VW2 and VW3 from Dive 9. Dive 7 exhibited a high density 
of Scleractinian corals, while Dive 9 exhibited a high abundance of 
Demospongiae and Hexactinellid sponges. Both vertical walls also 
exhibited a scatter of corals order Scleralcyonacea.

2.2 Methodology

The seafloor classification workflow, Figure 2, started with 3D 
point cloud reconstruction from underwater images using the SfM 
technique, followed by manual annotation into three classes: seabed, 
sponges, and corals (details provided in Section 3.1). Nine geometric 
features were subsequently derived from the 3D point clouds and 
utilized as input for the ML classifiers (three unsupervised and three 
supervised ML algorithms) in addition to the RGB values of the 
point clouds. The unsupervised ML algorithms were k-means (KM), 
fuzzy c-means (FCM), and Gaussian mixture model (GMM), while 
the supervised ML algorithms were decision tree (DT), random 
forest (RF), and quadratic discriminant analysis (QDA). As both, the 
unsupervised and supervised ML classifiers employed are point- 

based classification methods, which can suffer from salt and pepper 
artefacts (Liang et al., 2021), the spatial coherence of the point clouds 
was considered to improve classification accuracy. The six classifiers 
were then evaluated in terms of overall accuracy as well as recall, 
precision, and F1-score for individual classes.

2.2.1 Point clouds reconstruction and reference 
points annotation

Underwater images were extracted from the HD videos as a 
frame per second using Blender software (version 2.92) (Blender 
Foundation, 2021). The coordinates of each frame were obtained 
from the USBL data and exported as CSV files. The images and 
coordinates files were then imported to Agisoft Metashape software 
(version 1.6.1) (Agisoft, 2020), where the coordinates of the images 
were projected to UTM zone 25N. The 3D point clouds were 
reconstructed by applying the following steps in Agisoft 
Metashape software: 1) creating a sparse point cloud, 2) masking 
of ROV parts from images, 3) scaling the reconstruction based on 
two lasers separated by 10 cm, 4) optimizing camera alignment 5) 
creating a dense point cloud, 6) cleaning, and 7) exporting the dense 
point clouds as XYZ files (more details on the reconstructions are 
available in Yánez-Suárez et al. (2025)). Figure 3 shows the 3D point 
clouds of the three vertical walls, and their specifications are 
provided in Table 1. Corals and sponges (>4 cm) were manually 
annotated within the dense point clouds using the free-form 
selection tool in Agisoft Metashape software and assigned classes 
(Marcillat et al., 2024). Approximately 7% (600,192 points), 15% 
(2,648,414 points), and 10% (1,066,139 points) of the total number 
of points of VW1, VW2, and VW3, respectively were labeled as 
reference data (i.e., ground truth), with the seabed class accounting 
for 51%–72% of the annotations (Table 1).

2.2.2 Geometric features computation
Nine geometric features were derived from SfM-generated point 

clouds. The features included eight eigenvalues-based features 
(Weinmann et al., 2015), namely, linearity (L), planarity (P), 
Sphericity or Scattering (S), omni-variance (O), anisotropy (A), 
Eigen entropy (E), surface variation (SV), and sum (􏽐), in addition 

FIGURE 2 
Seafloor classification workflow.
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to verticality (V) (Demantké et al., 2012) (Table 2). These features 
rely on surrounding neighborhood points, and a neighborhood 
selection method must be specified. Previously, studies have 

investigated three standard neighborhood selection methods, 
namely, K-nearest neighbor, spherical, and cylindrical 
(Weinmann et al., 2014; Thomas et al., 2018; Mohamed et al., 

FIGURE 3 
3D point cloud reconstructions of (A) vertical wall 1 (VW1), (B) vertical wall 2 (VW2), and (C) vertical wall 3 (VW3); with examples of the three classes 
annotated: (D) seabed, (E) sponges, and (F) corals. Scale is in meter. A portion of the data in the red box is displayed in Figures 4, 6, while the black box is 
displayed in Figure 5.

TABLE 1 Dataset specifications.

Dive 7 Dive 9

Vertical wall 1 (VW1) Vertical wall 2 (VW2) Vertical wall 3 (VW3)

Collection date 31/05/2018 02–03/06/2018

Number of images 259 229

Water depth (m) ~ 1400 ~ 1900

Avg. Length (m) x Avg. Width (m) 32 × 4.5 34.5 × 4 22 × 4

Number of points 8,463,490 17,264,337 10,383,956

Reference points breakdown Seabed 428,106 (71%) 1,446,955 (55%) 552,512 (52%)

Sponges 43,832 (7%) 1,005,060 (38%) 504,921 (47%)

Corals 128,254 (22%) 176,399 (7%) 8,706 (1%)
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2021). In this research, the spherical neighborhood method was 
applied as it is suitable for a dataset with uniform point density. 
Thus, for query point x, all neighbor points within a sphere with a 
predefined radius r were considered. After testing various values, a 
5 cm radius was chosen to maintain a balance between including 
sufficient neighboring points for statistical robustness and avoiding 
outliers that could skew the results. This choice ensured that the 
analysis effectively captured relevant geometric features without 
introducing excessive noise from distant points. A covariance 
matrix (Cov) was then derived as defined in Equation 1 (Jutzi 
and Gross, 2009). The eigenvalues (λ1, λ2, λ3) and eigenvectors 
(ν1, ν2, ν3) were then calculated and used for geometric features 
computation. 

Cov �
1
N
􏽘

N

i�1
xi − x̄( ) xi − x̄( )

T (1)

where:
N = number of points within the neighborhood
xi = coordinates array of point i.
x̄ = mean coordinates array
The point clouds of the three vertical walls were imported to the 

CloudCompare software (v2.12.0) (CloudCompare, 2022), and the 
nine geometric features were computed based on a spherical 
neighborhood (5 cm radius) (Figure 4). Combined with each 
point’s RGB values, twelve features (R, G, B, L, P, S, O, A, E, SV, 
Σ, and V) were subsequently used in the classification process.

2.2.3 Training and testing datasets
The annotated data were divided into two parts: training and 

testing. The training part was used to train a supervised model, and 
the model was then evaluated with the testing portion of the dataset. 
Previous studies have randomly selected ML classifiers’ training/ 
testing datasets (Zavalas et al., 2014; Mohamed et al., 2018; 
Mohamed et al., 2020; Letard et al., 2021). However, this 
introduced bias because of the high spatial correlation between 

training and testing datasets. Therefore, in this research, the 
annotated data were divided into four spatially continuous parts, 
each of which was used in turn as the testing dataset (25%), while the 
remaining parts were used as the training dataset (75%). In addition, 
all training points within a sphere of a 5 cm radius around the testing 
points were removed to limit the effect of spatial autocorrelation 
(Letard et al., 2022). The data division, point cloud classification 
using unsupervised and supervised ML, and accuracy assessment 
were implemented using the Python programming language, mainly 
utilizing the scikit-learn library (Pedregosa et al., 2011).

2.2.4 Unsupervised ML algorithms
As aforementioned, three unsupervised algorithms were applied 

in this research. KM works by partitioning a dataset into a set 
number of clusters, k, predefined by the analyst (MacQueen, 1967). 
FCM is a soft clustering algorithm where each data point is assigned 
a likelihood or probability score of belonging to that cluster (Bezdek 
et al., 1984). GMM is a probabilistic clustering algorithm that 
separates the data points into a finite number of Gaussian 
distributions (i.e., components) (Maugis et al., 2009). GMM, 
unlike KM, considers the variances of clusters. In addition, it is a 
soft clustering algorithm since it provides the probability that a given 
data point belongs to each possible cluster (He et al., 2010). The 
three algorithms are described in detail in the 
Supplementary Section 1.

Scaling of the input features is always required as a 
preprocessing step for unsupervised ML algorithms (Coates and 
Ng, 2012). This is essential when comparing measurements with 
different units because features measured at different scales do not 
contribute equally to the analysis and might create a bias. Therefore, 
the twelve features were first standardized by removing the mean 
(i.e., mean = 0) and scaled to unit variance (i.e., standard deviation = 
1). As, the output clusters of the unsupervised ML do not always 
correspond to informational classes, one or more clusters were 
manually assigned to one of the predefined classes (e.g., seabed, 
sponges, or corals) based on three criteria: 1) the visual 

TABLE 2 Geometric features description. λ1, λ2 and λ3 are the eigenvalues, and ν3 is the third eigenvector.

Feature Description Mathematical 
expression

Linearity (L) Describes whether a neighborhood of points can be modeled by a 3D line (Waldhauser et al., 2014; Weinmann 
et al., 2014).

L � λ1 − λ2
λ1

Planarity (P) Describes whether a neighborhood of points can be modeled by a planar surface (Waldhauser et al., 2014; 
Weinmann et al., 2014).

P � λ2 − λ3
λ1

Sphericity or 
Scattering (S)

Describes whether a neighborhood of points can be modeled by a sphere (Weinmann et al., 2014). S � λ3
λ1

Omni variance (O) Describes how a neighborhood of points is spread homogeneously across a 3D volume (Waldhauser et al., 
2014).

O �
������
λ1λ2λ3

3
􏽰

Anisotropy (A) Describes whether a neighborhood of points is directional or non-directional (Elberink and Maas, 2000). A � λ1 − λ3
λ1

Eigen entropy (E) Provides a measure of the order or disorder of 3D points within the covariance ellipsoid (Weinmann et al., 
2014). E � −􏽘

3

i�1
λi ln (λi)

Surface Variation (SV) Describes the change of curvature in a neighborhood of points (Pauly et al., 2003) C � λ3
λ1+λ2+λ3

Sum (􏽐) Describes the total variation of a neighborhood of points (Rovers et al., 2015). 􏽐 � λ1 + λ2 + λ3

Verticality (V) Describes whether a neighborhood of points belong to vertical or horizontal surfaces (Demantké et al., 2012). V � 1 − 〈(0, 0, 1), v3〉
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FIGURE 4 
A portion of the original point cloud from vertical wall 2 (VW2) with all geometric features. Feature descriptions are provided in Table 2. Geometric 
features were computed from neighbor points within a sphere of 0.05 m radius. Scale is in meter.
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interpretation of the results, 2) the highest OA, and 3) the number of 
points of each class was proportional to the reference data. We 
estimated the optimal number of clusters (k = 6) using the elbow 
method (Marutho et al., 2018).

2.2.5 Supervised ML algorithms
Three supervised algorithms, based on different principles, 

were employed in this research. DT is a rule-based learning that 
conducts a series of hierarchically organized nodes and branches 
(Quinlan, 1986). RF is an ensemble algorithm consisting of 
multiple decision trees, in which each decision tree provides a 
vote to assign each class to an input point (Breiman, 2001). 
Ultimately, each point is assigned to the most frequent class 
among all trees. LDA is a statistical model that fits a Gaussian 
density function to each class and detects a linear boundary 
between them (Ye and Yu, 2005). It is easily computed and has 
no hyperparameters to tune. The three algorithms are described in 
detail in the Supplementary Section 2.

The first step in supervised ML classification was to define 
different parameters for each classifier. For DT and RF 
parameters settings, the function to measure the quality of a 
split was set to “Gini impurity,” and the class weight was set to 
“balanced” to consider the percentage of classes in the training 
dataset while creating the model. The “balanced” mode adjusts 
the importance (weights) of different classes based on their 
frequency in the training dataset. This adjustment is crucial in 
scenarios where some classes have significantly more samples 
than others (class imbalance). The weights are determined in 
such a way that classes with fewer samples receive higher 
weights, while classes with many samples receive lower 
weights. This helps the model pay more attention to 
underrepresented classes during training. For 
hyperparameters estimation, a grid search was conducted to 
estimate the number of features to be used in splitting a node 
and the maximum depth of the tree for both the DT and RF 
classifiers, in addition to the number of trees in the forest for 
the RF classifier. As a result of the grid search, the number of 
features was set to the square root “sqrt” of the input features. 
The maximum depth of the tree was set to “None,” meaning 
that the nodes were expanded until all leaves were pure or until 
all leaves contained less than the minimum split samples 
(i.e., 2). The number of trees in RF was set to 300. On the 
other hand, the parameters of the LDA classifier were set to the 
default settings.

2.2.6 Spatial coherence
Generally, point-based classification methods produced noisy 

results, known as salt and pepper artefacts (Liang et al., 2021). This is 
attributed to the fact that they do not consider the spatial coherence 
of points’ neighborhoods. Each point was classified according to its 
RGB values and position in the feature space. Thus, the probability 
of a data point belonging to a particular class was affected 
significantly by its neighbors. Therefore, spatial coherence was 
considered by applying a max voting 3D filter. This filter 
assigned each point to the class that occurred most frequently in 
its neighborhood within a sphere of 2 cm radius. This value was 
specified because any object with a dimension less than 4 cm was not 
labeled during reference data annotation.

2.2.7 Accuracy assessment
The accuracy assessment for benthic habitat classification was 

conducted using the retained portion of the annotated reference data 
(i.e., the testing dataset). The confusion matrix was constructed, and 
accuracy metrics were computed, including overall accuracy (OA), 
precision, recall, and F1-score as given in Equations 2–5, 
respectively. 

OA �
TP + TN

TP + TN + FP + FN
(2)

Precision �
TP

TP + FP
(3)

Recall �
TP

TP + FN
(4)

F1 − score �
2*Precision*Recall
Precision + Recall

(5)

Where true positive (TP), false positive (FP), true negative (TN), and 
false negative (FN) represent the number of points of correctly 
identified class, incorrectly identified class, correctly rejected class, 
and incorrectly rejected class, respectively. The OA denotes the ratio 
of correctly predicted data to the total observations (Congalton, 
1991), precision refers to the ratio of correctly predicted positive 
data to the total predicted positive data, recall refers to the ratio of 
correctly predicted positive data to all observations in the actual 
class, and F1-Score is the weighted average of precision and recall 
(Goutte and Gaussier, 2005).

3 Results

3.1 Unsupervised ML classification

For the unsupervised ML classifiers (KM, FCM, or GMM), six 
clusters were identified as optimal (see Supplementary Figure S1), 
and assigned to the three classes. The KM classifier demonstrated the 
highest average OA across all walls with 74.87%, followed by GMM 
with 71.94%, and then FCM with 70.77% (Table 3; Supplementary 
Table S1). Regarding the individual classes, KM obtained the highest 
average F1-score, 83.08% and 52.94%, for seabed and sponges, 
respectively, while GMM revealed the highest average F1-score of 
25.22% for corals. For all classifiers, corals (orange ellipses in 
Figure 5) were partially classified, with only a portion of the 
points correctly assigned and many points incorrectly identified 
as sponges (Figure 5; Supplementary Figure S2). On the other hand, 
sponges (black ellipses in Figure 5) were correctly classified in most 
locations using KM and FCM, while GMM misclassified some as 
seabed reducing its performance. FCM produced the noisiest results 
among the three classifiers.

3.2 Supervised ML classification

The RF classifier demonstrated the highest average OA of all 
walls with 84.50%, followed by LDA with 84.01%, and then DT with 
79.90% (Table 4; Supplementary Table S2). Regarding the individual 
classes, LDA revealed the highest average F1-score, with 89.62%, 
70.08%, and 43.79% for seabed, sponges, and corals, respectively. DT 
and RF correctly labeled most sponges and some corals (Figure 6; 
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Supplementary Figure S3). However, DT produced noisy results, 
which reduced its overall performance. LDA misclassified some 
sponges as corals or seabed (black ellipses 2 and 3, respectively in 
Figure 6) and misclassified corals as sponges (Figure 6, orange ellipse 
a). The three classifiers failed in labeling some corals (Figure 6, 
orange ellipse b).

3.3 The impact of spatial coherence 
(3D filter)

The application of spatial coherence (3D filter) improved 
the accuracy and appearance of the results (Columns to the 
right of Figures 5, 6; Supplementary Figures S4, S5). The 
average overall classification accuracies increased by 0.6%– 
6.8%. For the unsupervised ML classification, the OA 
improved by less than 2%, except for the FCM classifier of 
VW2, which showed an improvement of about 4% (Table 3; 
Supplementary Table S3). However, this did not affect the 
ranking of the best-performing ML classifier overall or for 
individual classes. An improvement of the OA and F1-score 
was achieved for supervised ML classification, ranging from 1% 
to 4% from the RF and LDA classifiers (Table 4; Supplementary 
Table S4). LDA remained with the highest average F1-score for 
sponges and corals, but RF demonstrated the highest average 
F1-score for seabed with 90.98%. The most significant 
improvement following spatial filtering was observed with 
the DT classifier, particularly for VW2, which showed a 9% 
increase in OA and a 15% increase in F1-score for corals. This 
brought the performance of DT on par with the other two 
approaches. Increasing the search radius to 5 cm improved 
further the accuracy, but classes with low proportions, and 
smaller colonies, started to disappear.

3.4 Importance of color and 
geometric features

To investigate the impact of geometric features on classification 
performance, we compared the use of RGB features alone with nine 
geometric features using RF classifier for VW1 (from Dive 7) and 
VW2 (from Dive 9). The OA for VW2 was similar for both feature 
sets, with values of 70.26% for RGB features and 73.02% for the nine 
geometric features. In contrast, VW1 exhibited a substantial 
improvement, with an OA of 40.62% for RGB features and 
77.40% for the nine geometric features. This disparity is further 
illustrated in the feature importance figure (Figure 7), which 
indicates that geometric features play a more significant role in 
the classification process for VW1 compared to VW2 and VW3.

The contribution of the twelve features to the classification 
process was computed based on the RF classifier (Figure 7). The 
classifier identified colors, as captured by RGB, to be most 
informative in assigning points to classes, particularly for 
VW2 and VW3. This is likely due to varying illumination of 
those walls compared to VW1 (see Figure 3). Following the RGB 
features, the most significant contributions came from verticality (V), 
surface variation (SV), sphericity (S), planarity (P), and linearity (L).

Planarity (P) was particularly successful at separating the seabed 
class, which was mainly considered a planar surface (Nanson et al., 
2023) as opposed to coral and sponges, which showed higher surface 
variation (SV) (Díaz et al., 2023). Sphericity (S) helped detect 
sponges as many taxa (e.g., Geodia) exhibited spherical shapes 
(Santavy et al., 2013), while the verticality (V) feature mainly 
detected sponges (e.g., cup like and Hexactinellids) and corals 
(e.g., Plexauridae), which were naturally growing away from the 
wall (Kenchington et al., 2015). The linearity (L) feature detected 
other corals with branched shapes such as various species of the 
orders Antipatharia and Scleralcyonacea (Santavy et al., 2013).

TABLE 3 Accuracy metrics (overall accuracy (OA) and F1-score) of the three vertical walls (VWs) from the three unsupervised classifiers (KM: K-Means, FCM: 
Fuzzy C-Means, and GMM: Gaussian Mixture Model).

Class KM FCM GMM

F1-score (%) OA (%) F1-score (%) OA (%) F1-score (%) OA (%)

VW1 Seabed 85.51 (85.53) 74.29 (74.17) 84.49 (84.32) 70.52 (70.25) 88.8 (88.52) 77.37 (76.93)

Sponges 16.76 (15.74) 13.26 (14.72) 7.81 (8.22)

Corals 44.48 (44.61) 39.89 (40.47) 51.37 (50.52)

VW2 Seabed 84.33 (83.66) 74.79 (73.96) 79.84 (76.05) 71.48 (67.55) 80.75 (80.62) 69.66 (69.17)

Sponges 66.94 (65.85) 70.66 (66.79) 56.86 (55.96)

Corals 11.13 (11.56) 13.00 (13.73) 17.07 (17.90)

VW3 Seabed 80.94 (80.05) 77.76 (76.49) 84.50 (83.65) 75.63 (74.51) 79.82 (79.27) 70.60 (69.72)

Sponges 78.56 (77.23) 74.95 (73.69) 61.68 (60.68)

Corals 14.05 (12.95) 11.47 (10.73) 7.24 (7.25)

Average Seabed 83.59 (83.08) 75.61 (74.87) 82.94 (81.34) 72.54 (70.77) 83.14 (82.80) 72.54 (71.94)

Sponges 54.09 (52.94) 52.96 (51.73) 42.12 (41.62)

Corals 23.22 (23.04) 21.45 (21.64) 25.23 (25.22)

Values in parenthesis are without the application of the 3D filter for spatial coherence. Highest values are bolded.
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FIGURE 5 
Portion of the classified point clouds from vertical wall 2 (VW2) based on the unsupervised classifiers before (left) and after (right) the application of 
the 3D filter. First row: Point cloud (left) and with annotated reference data (right). Examples of coral and sponge colonies are shown as orange and black 
ellipses, respectively.
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4 Discussion

The 3D point clouds generated from underwater images 
provided a precise 3D representation of the seafloor habitat 
created by corals and sponges. These point clouds were analyzed 
based on their geometry using ML algorithms to categorize the 
seabed into ecologically meaningful classes representing taxa. We 
considered a wide range of ML algorithms with various clustering 
principles, including hard clustering (KM), soft clustering (FCM), 
and probabilistic clustering (GMM), as well as learning principles, 
including rule-based (DT), ensemble-based (RF), and probabilistic- 
based (LDA), to classify the underwater environment into three 
categories; seabed, sponges, and corals. The supervised ML 
classifiers achieved an average overall accuracy of 86.74%, 
86.65%, and 85.42% from DT, RF, and LDA, respectively; while 
the unsupervised ML classifiers achieved an average overall accuracy 
of 75.61%, 72.54%, and 72.54% from KM, FCM, and GMM, 
respectively.

The supervised ML classifiers generally demonstrated higher 
accuracy metrics than the unsupervised classifiers. This is because 
the supervised ML classifiers rely on annotated points (i.e., training 
datasets) representing the actual classes to learn (Calvert et al., 2015). 
This is comparable with other studies which applied supervised ML 
classifiers (e.g., Mohamed et al., 2020; De Oliveira et al., 2021; De 
Oliveira et al., 2022). Of the unsupervised classifiers considered, KM 
demonstrated the highest OA for VW2 and VW3, while the GMM 
classifier revealed the highest OA for VW1. A higher percentage of 
sponges and corals were identified in VW2 and VW3, at 45% and 
48%, respectively (see Table 1) leading to spherical clusters based on 
geometric features and RGB values. The KM algorithm is known to 
be particularly effective for identifying these types of clusters (Patel 
and Kushwaha, 2020; Mohamed et al., 2022; An et al., 2023), as also 
exemplified with our results. Conversely, GMM utilizes a 

probabilistic framework, which facilitates the handling of 
uncertainty and overlapping data points. This is relevant for 
VW1, where the seabed class dominated (~71% of the data 
points), making GMM suitable for scenarios where data points 
may belong to multiple clusters (Patel and Kushwaha, 2020; An 
et al., 2023). In general, the KM classifier was fast and easy to 
implement and achieved good results compared to other 
unsupervised classifiers, especially FCM (Rong, 2011; Cebeci and 
Yildiz, 2015; Mohamed et al., 2022).

For the supervised classification, DT creates biased tree if some 
classes dominated (i.e., seabed in our case). This is attributed to DT’s 
aim to maximize node purity, leading to prioritization of the 
majority class. As a consequence, the tree may over-fit to the 
majority class, compromising its ability to effectively learn the 
decision boundaries for the minority classes, which in our case 
would be the ecologically important coral and sponge classes 
(Cieslak and Chawla, 2008; De Ville, 2013). On the other hand, 
RF fits several decision trees on various sub-samples of the dataset 
and uses averaging to improve the predictive accuracy and control 
over-fitting. LDA revealed the highest OA for VW3, but RF achieved 
highest OA for VW1 and VW2 and either close or higher F1-scores 
for individual classes. This suggests that RF might be more suitable 
for benthic classification than LDA or DT (Conti et al., 2019; Letard 
et al., 2021; De Oliveira et al., 2022). This may be because LDA 
assumes Gaussian distributions in the feature space, which cannot 
be guaranteed for the acquired data (Weinmann et al., 2015). In 
addition, the same covariance matrix is assumed for each class, and 
therefore only the means vary. Consequently, the LDA classifier has 
a conceptual limitation that may limit its application to 
benthic studies.

Incorporating geometric features in the classification process 
helped detect the 3D shapes of different corals and sponges (e.g., 
orange and black ellipses in Figure 8) and predict their distribution 

TABLE 4 Accuracy metrics (overall accuracy (OA) and F1-score) of the three vertical walls (VWs) from the three supervised classifiers (DT: Decision Tree, RF: 
Random Forest, and LDA: Linear Discriminant Analysis).

Class DT RF LDA

F1-score (%) OA (%) F1-score (%) OA (%) F1-score (%) OA (%)

VW1 Seabed 93.19 (89.67) 86.49 (79.86) 93.56 (92.53) 86.79 (85.05) 92.82 (92.42) 86.09 (85.21)

Sponges 37.87 (31.14) 36.12 (35.26) 49.36 (47.60)

Corals 74.77 (62.48) 75.65 (71.73) 72.92 (71.06)

VW2 Seabed 92.39 (86.06) 86.50 (77.45) 92.25 (89.84) 86.71 (83.43) 90.34 (88.74) 82.48 (80.45)

Sponges 83.51 (73.08) 84.05 (80.30) 78.17 (76.00)

Corals 47.56 (32.54) 47.16 (41.37) 42.60 (39.34)

VW3 Seabed 87.37 (82.52) 87.23 (82.38) 86.18 (84.89) 86.27 (85.03) 88.84 (87.71) 87.70 (86.37)

Sponges 87.75 (82.93) 87.00 (85.79) 87.88 (86.64)

Corals 5.09 (15.15) 2.81 (11.79) 23.91 (20.98)

Average Seabed 90.98 (86.08) 86.74 (79.90) 90.66 (89.09) 86.65 (84.50) 90.67 (89.62) 85.42 (84.01)

Sponges 69.71 (62.38) 69.06 (67.12) 71.80 (70.08)

Corals 42.47 (36.72) 41.87 (41.06) 46.48 (43.79)

Values in parenthesis are without the application of the 3D filter for spatial coherence. Highest values are bolded.
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FIGURE 6 
Portion of the classified point clouds from vertical wall 2 (VW2) based on the supervised classifiers before (left) and after (right) the application of the 
3D filter. First row: Point cloud (left) and with annotated reference data (right). Examples of coral and sponge colonies are shown as orange ellipses (a, b) 
and black ellipses (1, 2 and 3), respectively. The point cloud in the orange ellipse “a” was correctly classified as corals using decision tree and random forest 
classifiers but misclassified as sponges using linear discriminant analysis. The point cloud in the orange ellipse “b” was misclassified as sponges by all 
classifiers. The point cloud in the black ellipse “1” was correctly classified as sponges by all classifiers. The point cloud in the black ellipses “2” and “3” were 
correctly classified as sponges using decision tree and random forest classifiers but misclassified as corals using linear discriminant analysis.
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across the walls. Verticality (V), in specific, provides valuable 
insights into the structural characteristics of the seabed. For 
instance, corals typically exhibit a more vertical orientation due 
to their growth patterns, which is significantly different from the 
more horizontal or flat surfaces of the seabed (Kenchington et al., 
2015). This distinction is crucial for accurate classification, as it 
allows for the identification of coral reefs, which are vital ecosystems. 
Additionally, sponges may display varying degrees of verticality 
depending on their species and growth conditions (Santavy et al., 
2013). By using verticality, ML models can better classify these 
organisms based on their structural features, thus enhancing the 
overall accuracy of seabed classification efforts.

The full coverage predictions showed variation across space, 
with corals tending to be distributed in the northern and southeren 

portions of VW1. On the other hand, dense sponges’ aggregations 
were located in the northern and western areas of VW2 and VW3, 
respectively. Sparse areas of sponges and corals were observed in 
VW1 and VW2/VW3, respectively (Figure 9). The highest 
proportion class (i.e., seabed) represented in the reference data 
generally had the highest classification scores, except for VW3, 
where the recall and F1-score of sponges were also high. 
VW3 was the wall with the highest representation of sponges in 
the annotation data. The F1-score for corals, on the other hand, was 
the lowest, which may be partly due to their more variable 
morphology and size, as well as lower coverage compared to 
sponges and seabed classes.

Although relatively high OAs were achieved for all walls, the 
presented work suffers from the limitations of underwater imagery 

FIGURE 7 
Features importance plots of the twelve features based on the random forest classifier for the three vertical walls (VWs). These features are Red (R), 
Green (G), Blue (B), linearity (L), planarity (P), sphericity (S), omni-variance (O), anisotropy (A), Eigen entropy (E), surface variation (SV), verticality (V), 
and sum.

FIGURE 8 
Examples of classified point clouds using random forest with the 3D filter. Examples of 3D corals and sponges are shown in orange and black ellipses, 
respectively. The point cloud in the white box shows correctly classified corals over sponges.
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(O’Byrne et al., 2018). Inadequate illumination and variable water 
turbidity caused poor image quality in certain areas. This is obvious 
from the 3D point reconstruction of different walls, where 
VW1 exhibited a colder color, and VW3 exhibited a warmer 
color (Figure 3). VW2 showed the lowest OA using unsupervised 
or supervised ML classifiers among the three tested walls. This is 
most likely the results of varying illumination along the wall, with 
the southern section being significantly darker than the northern 
section. The variable water properties also caused low contrast and 
color distortion, leading to occasional blurred images (Lu et al., 
2015). Currents may also cause benthic habitats to appear differently 
from various camera angles (Lim et al., 2020). This can be 
particularly problematic when studying cold-water corals on 
vertical walls as these corals tend to prefer high-current areas 
where the complex topography is likely to interact with local 
currents (Robert et al., 2020). Thus, future studies should 
consider RGB values correction and/or image enhancement to 
improve the contrast of underwater habitats (Han et al., 2018). 
Promising avenues include enhancing underwater images by 
removing the attenuation effects (Akkaynak and Treibitz, 2019; 
Zhang et al., 2022), color restoration by estimating of both light 
conditions and the optical properties of the medium (water) in real- 
time (Nakath et al., 2021), and combining a physical imaging 
formation model with a multiscale deep neural network to 
enhance underwater image quality (Li et al., 2022).

Several studies have evaluated deep learning models for seabed 
classification of 2D imagery (Jackett et al., 2023; Prado et al., 2023; Lowe 
et al., 2025) or shallow-water coral data (Hopkinson et al., 2020). These 
models have demonstrated superior generalization capabilities 
(Schürholz and Chennu, 2023). However, their application in seabed 
classification presents significant challenges, primarily due to the need 
for extensive labeled datasets (Wan et al., 2022). While powerful in 
capturing complex patterns, these models require a substantial 
investment of time and resources in the labeling process, which is 
often labor-intensive and demands expert knowledge to ensure accuracy 
(Garone et al., 2023). This barrier can limit the feasibility of 
implementing deep learning techniques in deep-sea settings where 
such comprehensive datasets are not readily available (Wan et al., 2022).

In our research, we focused on evaluating the effectiveness of using 
geometric features with RGB based on existing supervised and 
unsupervised classification models before considering the adoption 
of more complex architectures, such as convolutional neural networks 
(Hopkinson et al., 2020; Loureiro et al., 2024). Future studies may 

benefit from exploring the integration of deep learning models to 
leverage geometric features for enhanced classification accuracy.

5 Conclusion

The recent development of SfM significantly increases our ability to 
map at very high-resolution deep-sea environments using simple 
cameras mounted on ROVs, yet its application for seafloor and taxa 
classification has remained limited. One of the advantages of using 3D 
point clouds for seafloor classification is that they provide a more 
detailed and accurate representation of complex structures, from which 
quantitative measures such as volume–and with the addition of samples, 
eventually biomass–can be derived. In addition, the use of SfM point 
clouds can also be achieved from archival imagery (Bennecke et al., 
2016) while the use of ML algorithms considerably lowered the 
exhaustive manual annotation process of underwater imagery. 
Generally, the supervised ML classifiers outperformed the 
unsupervised ML classifiers, with RF demonstrating more consistent 
results than all other classifiers except for LDA for certain individual 
classes. As such, future investigations could investigate combining two or 
more classifiers to maximize their usefulness.

3D point clouds created highly detailed visualizations of the 
seafloor that can help understand the geology and ecology of the 
ocean floor and assess the health of marine ecosystems by enabling 
quantitative measurements over time. This information is crucial for 
understanding the response of ecosystems to climate change and 
sustainably managing our oceans. The presented classification 
methods could help track the spatial distribution of corals and 
sponges more efficiently in the future, aiding in conservation efforts 
and monitoring of Marine Protected Areas.
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