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Abstract: Effective management to conserve marine environments requires up-to-date
information on the location, distribution, and extent of major benthic habitats. Remote
sensing is a key tool for such assessments, enabling consistent, repeated measurements over
large areas. There is particular interest in using freely available satellite images such as from
the Copernicus Sentinel-2 series for accessible repeat assessments. In this study, an area of
438 km? of the northern Red Sea coastline, adjacent to the NEOM development was mapped
using Sentinel-2 imagery. A hierarchical Random Forest classification method was used,
where the initial level classified pixels into a geomorphological class, followed by a second
level of benthic cover classification. Uncrewed Aerial Vehicle (UAV) surveys were carried
out in 12 locations in the NEOM area to collect field data on benthic cover for training and
validation. The overall accuracy of the geomorphic and benthic classifications was 84.15%
and 72.97%, respectively. Approximately 12% (26.26 km?) of the shallow Red Sea study area
was classified as coral or dense algae and 16% (36.12 km?) was classified as rubble. These
reef environments offer crucial ecosystem services and are believed to be internationally
important as a global warming refugium. Seagrass meadows, covering an estimated
29.17 km? of the study area, play a regionally significant role in carbon sequestration and
are estimated to store 200 tonnes of carbon annually, emphasising the importance of their
conservation for meeting the environmental goals of the NEOM megaproject. This is the
first map of this region generated using Sentinel-2 data and demonstrates the feasibility
of using an open source and reproducible methodology for monitoring coastal habitats in
the region. The use of training data derived from UAV imagery provides a low-cost and
time-efficient alternative to traditional methods of boat or snorkel surveys for covering
large areas in remote sites.

Keywords: Red Sea; NEOM,; benthic habitat; classification; Sentinel-2; coral reef; seagrass
meadows; mapping
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1. Introduction

The Red Sea is a narrow body of water located between the African and Asian conti-
nental shelves with an area of approximately 438,000 km? and length of over 2000 km [1].
It connects with the Indian Ocean through the Gulf of Aden and the Mediterranean Sea
via the Suez Canal, making the Red Sea one of the most important trade routes globally,
particularly for petroleum products [2]. It is one of the warmest and most saline water
bodies in the world and hosts diverse marine ecosystems, including near-continuous tracts
of mainland- and island-fringing coral reefs along its coast [3]. These marine ecosystems
have high taxonomic diversity and high levels of endemism, and as a result, the Red
Sea is considered a biodiversity hotspot [3-5]. The northern Red Sea (NRS) in particular
has been identified as a conservation priority because of its habitat complexity, endemic
species, and heat-tolerant corals with unique symbiont genotypes, which could serve as a
global warming refugium [3,5-8]. Beyond their biological importance [9], the complex reef
systems and lagoons along Saudi Arabia’s NRS coastline also have considerable social and
economic value [10-13].

However, these coastal ecosystems are expected to encounter increasing pressures in
upcoming decades [14]. Globally, marine ecosystems are under threat from a range of direct
and indirect anthropogenic stressors, including climate change, overfishing, pollution, and
coastal development. While coral reefs in the NRS have historically experienced relatively
low levels of direct human disturbance [15], this area is one of the fastest warming tropical
marine ecosystems worldwide [16-19] and has been subject to a significant increase in
marine heatwaves during the past decades [20]. These heatwave events can cause even heat-
tolerant corals to bleach if their bleaching threshold is exceeded [21,22]. The combination
of increasing water temperatures and frequency of marine heatwave events may impact
organisms’ future resilience and persistence in the NRS. Compounding these environmental
pressures, this area is also witnessing one of the most ambitious development plans in
history [23]. NEOM is a USD 500 bn megaproject to develop a new city in Tabuk Province
in the northwestern region of Saudi Arabia. It is part of the Saudi 2030 vision, which plans
to expand the country’s non-oil economy [24]. Some of the planned projects will extend
directly into marine ecosystems, and the coastline is likely to be a major attraction for
visitors in the future. Despite these challenges, the NEOM development project has made a
commitment to preserve 95% of the land and sea within designated protected areas and
aims to develop world-class approaches to conservation and ecosystem regeneration [25].

Effective management to protect marine environments requires up-to-date information
on the location, distribution, and extent of major benthic habitats [26,27]. Satellite remote
sensing is an effective tool for such assessment, as it enables consistent, repeated measure-
ments over large areas [28]. While remote sensing cannot provide the accuracy and level of
detail that field surveys deliver, it can be used to assess large-scale spatial patterns in habitat
cover [29]. Previous mapping exercises conducted in the region are either relatively old, are
not publicly accessible, focus on smaller areas, lack localised accuracy assessment, or are
not derived from automated methods. These factors collectively present challenges in terms
of repeatability and relevance for regional stakeholders. The first major mapping effort in
this region was undertaken by the Japan International Cooperation Agency (JICA) and the
Saudi National Commission for Wildlife Conservation and Development (NCWCD), who
produced habitat maps for the NRS coast of Saudi Arabia using aerial photography [30].
Images and video collected during 1998-1999 were hand-interpreted with knowledge from
ground surveys used to revise and verify classes. This provided an inventory for the whole
area but is now over two decades old and is resource-intensive to reproduce. More recently,
a large-scale mapping effort classified five individual sites along the Saudi Arabian Red Sea
coast using a combination of Landsat-7 ETM+, QuickBird satellite imagery, and AISA Eagle
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airborne hyperspectral images, as well as in situ observations [1]. The study produced a
high-resolution map with a detailed benthic classification scheme, but it only covered a
small part of the NEOM region (Ras Al-Qasabah) and is not easily replicable due to the data
sources used. There are also several global mapping and modelling projects, such as the
Allen Coral Atlas [31], the Global Distribution of Coral Reefs [32], the Global Distribution of
Seagrasses [33], the modelled global distribution of the seagrass biome [34] and the global
reef probability map [35], that cover the Red Sea. However, due to their nature as global
products, they have limited local validation and accuracy assessment. While the Allen
Coral Atlas offers a recent classification at a high spatial resolution of 5 m, as a global-scale
product, it is likely performance will vary between locations at a site scale [31]. It is also
acquired from commercial imagery, which may limit the temporal resolution available
for managers. Considering these limitations, within the NEOM region, there is a need
for a localised and repeatable mapping approach for effective resource management and
biodiversity preservation.

The creation of benthic thematic maps typically requires continuous geospatial datasets
that serve as predictor variables, in combination with ‘ground-truthing’ observations, which
are used to train and validate the classification model [36,37]. For the last decade, optical
technologies have been the most utilised approach for obtaining these continuous geospatial
datasets [36], with studies ranging from local-scale studies using high-resolution drone
imagery [38—40] to regional and global efforts mapping and monitoring entire reef systems
using freely-available moderate-resolution satellite imagery and commercial imagery such
as PlanetScope or WorldView-3 [31,41]. While recent studies have demonstrated that
high-resolution imagery such as WorldView can have superior performance in terms of
accuracy in benthic mapping [42], its use in regional-scale studies is often constrained
by cost, temporal resolution, and coverage, making it more suited to smaller sites where
maximising accuracy and identifying boundaries are the priority [42,43]. On the other
hand, medium-resolution, freely available optical imagery has been extensively used for
larger-scale mapping projects, enabling significant progress in mapping vast reef areas [44],
and it is suitable for assessing general patterns of benthic cover. Until 2016, these data were
primarily from the Landsat series of sensors (at 30 m resolution), which have been providing
imagery since 1984. However, in 2015, the first of the Sentinel-2 series of satellites was
launched. This constellation of two satellites provides optical data over coastal waters with
a maximum 10 m spatial resolution, which is a significant improvement over earlier freely
accessible optical satellite datasets [45]. Recent studies have demonstrated the effectiveness
of using Sentinel-2 imagery for mapping tropical reefs and seagrass habitats [26,46,47].
Therefore, Sentinel-2 offers a promising approach for the accurate, large-scale, and cost-
effective mapping of the benthic habitats of the NRS.

One of the key challenges of this study area, as with many other remote reefs, is the
collection of ground-truthing points given the scale and the accessibility of the site. The
most common form of ground-truthing for benthic mapping efforts is underwater imagery
or surveys [36]. However, at the time this study was conceived, boat, snorkel, or diver
surveys were challenging due to the effort needed to cover large areas, the remote desert
location, and restrictions in place due to the NEOM development project. In previous
studies where these data are unavailable or limited, researchers have used other sources of
data for training and validation, including high-quality existing maps [46], and the interpre-
tation of satellite imagery [48] or high-resolution airborne data and drone data [26,49,50] to
ground-truth lower-resolution maps. UAV surveys offer a promising method for generating
training and validation data in regions like the NRS, as they allow surveyors to rapidly
cover large, potentially inaccessible areas and capture high-resolution imagery. As UAV
technology becomes more affordable and widely available, these surveys may provide an
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accessible means to assess benthic cover quickly with minimal disturbance. In this study,
we will utilise UAV surveys as a source of training and validation data and discuss the
associated benefits and challenges of this method.

The primary objective of this work is to create maps of geomorphic and benthic
habitats for the entire NEOM region and establish a reproducible and open-source mapping
approach suitable for monitoring and planning. We explore the feasibility of using Sentinel-
2 imagery in combination with high-resolution UAV imagery for the validation of these
classification maps as a cost-effective and non-intrusive methodology. Using this method,
we create maps of geomorphic and benthic habitats for the entire NEOM region at a 10 m
spatial resolution and assess their accuracy. Accurate and up-to-date maps of this area can
benefit conservation efforts and sustainable development planning. Additionally, this work
will serve as a foundation for further studies on biodiversity hotspots and the continuous
operational monitoring of marine habitats in the NEOM region and the Red Sea.

2. Materials and Methods
2.1. Study Area: NEOM

This study covered the shallow waters of the Saudi Arabian NRS from 27.63°N to
28.60°N (Figure 1). This stretch of coastline is complex, with many small bays and islands.
Much of the coastline is characterised by fringing reefs, but several areas display diverse
reef morphologies, including patch reefs, complex reticulate reefs, and offshore atolls [3,51].
Other shallow marine habitats reported in this area include seagrass beds, algal mats,
subtidal sand flats, and coastal sand or mud flats [1,52]. The climate is arid with non-
perennial rivers, and offshore sea surface temperatures typically range between 23 °C
(winter) and 29 °C (summer), and salinities are typically around 40.5 ppt [1,9,53].
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Figure 1. Map of Uncrewed Aerial Vehicle sampling stations in NEOM. Sites 2, 4, 6,7, 9, and 11
were used for training, while sites 1, 3, 5, 8, 10, and 12 were used for validation. Satellite image ESRI
basemap is from Earthstar Geographics.

2.2. UAV Field Data Collection

UAV surveys were undertaken to collect data on benthic cover for model training
and validation purposes. UAV surveys were chosen because they enabled the coverage of
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large areas and because organising boat, snorkel, or diver surveys was not possible due to
the remote location and restrictions in place due to the NEOM development project. UAV
surveys were carried out at 12 locations along the NEOM coast covering a diverse range
of benthic habitats (Figure 1) during November 2021. A DJI Matrice 300 RTK was used
along with a mounted DJI Zenmuse P1 42 MP RGB camera. The UAV was equipped with
a Real-Time Kinetic system, which included a Global Navigation Satellite System rover
that provided a spatial accuracy of ~2 cm. The surveys were conducted at an altitude of
80 m and captured RGB images with a resolution of ~2 cm every 13 m, with 75% side
and 80% frontal overlap. Survey times with a high sun zenith angle and low wind speed
were selected to reduce the impact of sun glint and waves. All the collected images were
quality-assessed to ensure accurate geo-referencing and merged into orthomosaic images
with ~3 cm resolution. Images without any reference points such as coral or large rocks
(i.e., consisting only of deep waters) were not included in the process, as it was not feasible
to overlap and accurately georeference them.

Training and validation points were generated using a stratified random sampling
approach based on an initial geomorphic classification of the sites trained using points
interpreted from a high-resolution Google basemap to obtain a random sample with
representative coverage across the different environments found in this area. A 10 x 10 m
grid was created to reflect the footprint of the Sentinel-2 composite pixels and overlaid
over the UAV imagery. Each point was assigned a class based on the majority cover of
the grid square. If there was uncertainty in the class due to water depth or clarity, or an
equal cover of two classes, the point was marked as ‘unclassified” and discarded from the
training/validation dataset. The sample points were assigned a class manually using the
QGIS Class Accuracy plugin. UAV image interpretation was split between two people,
with the first site being interpreted together and one site assessed by both people, which
enabled the calculation of an agreement score of 94%. Once completed, the dataset was
split by site, with half of the survey sites used for training and the other half for validation.
The decision to split the training and validation data by site, rather than randomly, was
taken to try to more robustly assess the accuracy of applying the classifier in locations away
from the training sites. Additional training points were added from visual interpretation of
the UAV imagery in the training sites to balance the classes.

2.3. Sentinel-2 Imagery Pre-Processing

The adopted methodology for image pre-processing and the classification of benthic
habitats is outlined in Figure 2. An annual median composite image of the study area was
created using Sentinel-2 imagery from 2021. The area of interest covers four Sentinel-2
tiles (36RXR, 36RXS, 36RYR, 36RYS). The 20 m and 60 m bands were resampled to 10 m
resolution, and the images were merged and atmospherically corrected using ACOLITE
version 20220222.0, an atmospheric correction processor developed for aquatic applications,
which has been shown to provide robust and consistent results for Sentinel-2 scenes over
coastal waters [54-56]. In total, 590 scenes were processed. Land and clouds were masked
using ACOLITE flags, while deep waters were masked using a band 3 (560 nm) surface
reflectance threshold value of 0.033. Pixels with fewer than 12 observations in the year,
primarily residual unmasked land, were excluded from the analysis. In some previous
studies, applying water column correction has been shown to improve the accuracy of
benthic habitat mapping by removing the confounding influence of variable water depth
(e.g., [57,58]). In this work, the ‘depth-invariant bottom index” approach [59] was used
to calculate three depth-invariant index (DII) bands from the blue—green, blue-red, and
green—red band pairs.



Remote Sens. 2025, 17, 485

6 of 23

Sentinel-2 data

Image pre-processing

Geomorphic classification

P’

Vs

Y

masking & resampling to 10

I 'a N\

Geomorphic random forest Training points derived from

classifier trained on median dm':: :;igferz;&?ort:argﬁgﬁon
bands 1-5 & 3 DIl bands i
J \ y, imagery.

Atmospheric Correction,

m (ACOLITE)

.‘_
‘_.

.

Mask deep water (Band 3 <

Accuracy assessment (confusion
matrix)

Geomorphic habitat map

7

.

0.033)
¢ J
Calculate depth-invariant A4
indinnan ININ far thean hand ( \ Danthin Alasaifinatinm
WIVILTO (Wi Ul uniTco vanu . DTIHIunG vigadomnmivauvn
pairs Extract geomorphic class

) masks

v

Benthic random forest
classifier trained on median
bands 1-5 & 3 DIl bands for

each geomorphic class

v

4 N
Post-classification editing
(collapse classifications,

sieve filter)

N .

Benthic habitat map

Training points derived from
drone imagery

A4

Accuracy assessment (confusion
matrix)

Figure 2. Flowchart diagram summarising the methodology adopted for the supervised classification
of Red Sea benthic habitats in the NEOM area.

2.4. Classification

A hierarchical classification approach with two levels was adopted for classifying
marine habitats in the study area. The first level is a geomorphological classification, sep-
arating distinct reef zones caused by physical parameters such as the depth, slope, and
exposure of the reef [60,61]. Geomorphological classes can provide useful ecological infor-
mation because specific communities are found in these different zones. The second level
is a benthic cover classification, which contains classes based on the species composition of
an area, which is of direct interest for conservation and monitoring but more challenging
to interpret from medium-resolution imagery, as this can be highly heterogeneous over
smaller spatial scales [60,61]. The geomorphic classification scheme for this work is based
on the Reef Cover Classification from [60], with some amendments for the study area and
the resolution of Sentinel-2 imagery. For example, sheltered walls, walls, reef slopes, and
sheltered slopes are not included as separate classes due to the shallow maximum depth of
observation and the spatial resolution of Sentinel-2 imagery. Furthermore, an additional
class has been added for sand/mud flat areas, which are found in several bays in this
region. A complete description of each class can be found in Tables 1 and 2.
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Table 1. Descriptions of the six geomorphic classes selected for classifying shallow waters in the
NEOM region. Each class represents a different underwater environment shaped by their geology
and dominant processes.

Class

Description

Reef crest

The reef crest is the shallow zone that separates the reef flat and the reef slope. It is generally
shallow with high wave energy absorbance [60]. In some locations, reef crests may be
emergent. They are usually dominated by coralline algae in the breaker zone with live coral in
deeper areas [60]. In the central-northern Red Sea, exposed coral crests are associated with
species of Acropora, Pocillopora, Stylophora, Merulinidae, and Favia [1,3,62]. Live coral cover is
typically high [1,62]. In this classification, the reef front or reef slope, the submerged, sloping
area extending seaward from the reef crest towards the shelf break, is also included in
this class.

Outer reef flat

The outer reef flat is at the seaward edge of the reef behind the reef crest and is a broad and
shallow platform with zonation caused by wave exposure [60]. It is typically shallower, flatter,
and more exposed compared to the inner reef flat. The outer reef flat is often dominated by
hard substrate, and benthos are often harder with more coral and coralline algae [60].

Inner reef flat

The inner reef flat is a flat or gently sloping platform behind the outer reef flat [60]. It is
typically sediment-dominated, with lower exposure than the outer reef flat. There is generally
less living coral compared to the outer reef flat, and internal zonation is less pronounced [60].

Shallow lagoon

A shallow lagoon is any sheltered shallow water area, which is sediment-dominated and
enclosed or semi-enclosed by a reef. Shallow lagoon areas are often dominated by bare
sediment, likely to be coarse sand and coralline rubble; live coral cover is typically low [1].

Deep water

Deep water covers any body of water where the bottom is beyond remote sensing depth
detection limits and where water is too deep for a class to be interpreted from UAV imagery.
This class may still contain deep coral and seagrass beds but should be investigated with
alternative methods.

Sand and mud flats

Sand and mud flats are sand- or mud-dominated areas where sediment may be exposed at low
tide. Substrate may be covered by filamentous or calcareous macroalgae or
cyanobacteria [1,30].

The Random Forest machine learning classifier from scikit learn within the RSG-
ISLib library was used for classification [63,64]. This algorithm is widely used in ben-
thoscape mapping [36,65], and previous studies have shown it compares favourably to
other algorithms [26,66,67]. Different supervised learning models, such as support vector
machines and neural networks, were also evaluated in the initial stages of the project, but
Random Forest returned results with a higher overall accuracy and was, therefore, chosen
for this study. Sentinel-2 MSI reflectance bands 1 to 5 and three DII bands were used for
both classification levels. The geomorphic classifier was trained with both training points
from the UAV imagery training sites, and points were interpreted from a high-resolution
Google basemap. The image was then segmented based on its geomorphic class, and for
each zone, a benthic classifier was trained for the corresponding benthic classes (Table 2).
Due to the scale and complexity of interpreting benthic cover, only points interpreted from
the high-resolution UAV imagery were used to train the benthic classifier. The Jeffries—
Matusita distances for both the benthic and geomorphic classes were calculated using the
method described by Richards (2013) [68] from the Sentinel-2 reflectance bands.
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Table 2. Descriptions for the six benthic habitat classes used for classifying shallow waters in the
NEOM region. The locations indicate the geomorphic classes each benthic class is associated with.
Example images are taken from the Uncrewed Aerial Vehicle survey areas.

Class UAV Image Description

Areas of hard underlying framework with coral or dense macroalgae

Coral/algae patches. Includes areas of small or patch reefs.
dominated
Location: reef crest, outer reef flat, inner reef flat, and shallow lagoon.
Areas of soft substrate with single or mixed seagrass species
assemblages. Generally found in shallow sheltered areas, but dense
Seagrass monospecific assemblages also occur in deep sandy environments in

the Red Sea [1].

Location: inner reef flat, sand and mud flats, and shallow lagoon.

Areas of soft substrate where bright sand dominates.

Lagoon sand

Location: inner reef flat, sand and mud flats, and shallow lagoon.

This class is broad and covers areas with a mix of rubble (loose
fragments of broken reef material), sparse corals, and sand.

Rubble
Location: reef crest, outer reef flat, inner reef flat, and shallow lagoon.
Shallow sand- or mud-dominated areas. Substrates may be covered by
Shallow sandflats filamentous or calcareous macroalgae or cyanobacteria [1,30].

and mudflats
Location: inner reef flat, sand and mud flats, and shallow lagoon.

Rock describes areas dominated by exposed areas of hard bare
substratum, beach rock, or pavement. This is often associated with
areas of high wave energy.

Location: reef crest, outer reef flat, and inner reef flat.

Rock

2.5. Validation

The classification was validated using 944 points extracted from six UAV survey areas
using the method described above in Section 2.2. The results of the validation are reported
as an error matrix in terms of the proportion of the area, and this was used to derive
the overall accuracy of the map (the proportion of the area classified correctly), user’s
accuracies (the proportion of the area classified as class i that is also class i in the reference
data), and producer’s accuracies (the proportion of the area that is reference class j and is
also class j in the map), based on the method described by Olofsson et al., 2014 [69]. The
area estimate of each class was adjusted based on the reference data to account for map
biases and provide uncertainty estimates [69,70].
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3. Results
3.1. Earth Observation Data Processing

The output from the earth observation data pre-processing was a composite Sentinel-2
image for 2021, with cloud and glint removed and with three additional bands derived
from water column correction (Figure 3). Visual interpretation of the imagery highlights the
varied nature of the Saudi Arabian coastline of the NRS, which includes rocky shores, small
bays, and sandy and muddy beaches. The imagery also allows for the identification of
various coral reef types, such as reticulated reef structures, fringing reefs, and patch reefs.

Figure 3. (a) True colour composite image of Tiran Island, northern Red Sea, after atmospheric
correction and compositing scenes. (b) False colour image of the same area using depth invariant
indices. The red channel of the image is the green—red DII, the green channel is the blue-red DII, and
the blue channel is the green-blue DII. Land and deep water are masked in black.

3.2. Habitat Classification Scheme

The Jeffries—-Matusita (JM) distances were examined to estimate the spectral separabil-
ity of the classes. The JM distance ranges from 0 to 2, where 0 indicates identical classes and
2 indicates completely different classes [67]. Over half of the class pairs had a JM distance
of >1.9, indicating good separability, while all class pairs had a JM distance of at least
1.3 (Table 3). The lowest separability values for the benthic classification were for rubble
and coral (1.33) and rubble and seagrass (1.34), indicating that rubble in particular will
be potentially challenging to accurately map. The lowest separability for the geomorphic
classes was between the inner and outer reef flat (1.5).
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Table 3. Jeffries—Matusita separability measured between the geomorphic and benthic classes in
the NEOM region, northern Red Sea. Values can range between 0 and 2, with 0 being identical and
2 completely different. Asterisk indicates pairs with poor separability (<1.9).

Level 1: Geomorphic

Jeffries—Matusita

Class 1

Class 2

Separability
Inner reef flat Outer reef flat 1.50 *
Crest Inner reef flat 1.62*
Crest Outer reef flat 1.69 *
Inner reef flat Sand and mud flats 1.79 *
Inner reef flat Shallow lagoon 1.82*
Water Crest 1.86 *
Water Shallow lagoon 191
Crest Shallow lagoon 1.94
Crest Sand and mud flats 1.97
Outer reef flat Sand and mud flats 1.97
Water Inner reef flat 1.98
Outer reef flat Shallow lagoon 1.99
Sand and mud flats Shallow lagoon 1.99
Water Sand and mud flats 1.99
Water Outer reef flat 2.00
Level 2: Benthic
Jeffries—Matusita
Class 1 Class 2 Separability
Coral/algae dominated Rubble 1.33 %
Rubble Seagrass 1.34%
Seagrass Lagoon sand 1.66 *
Rubble Lagoon sand 1.66 *
Coral/algae dominated Seagrass 1.70 %
Coral/algae dominated Lagoon sand 1.81*
Coral/algae dominated Rock 1.88 %
Shallow sandflats and mudflats Rubble 1.94
Shallow sandflats and mudflats Seagrass 1.95
Rock Rubble 1.98
Shallow sandflats and mudflats Lagoon sand 1.99
Coral/algae dominated Shallow sandflats and mudflats 2.00
Shallow sandflats and mudflats Rock 2.00
Rock Lagoon sand 2.00
Rock Seagrass 2.00

3.3. Image Classification

In total, an area of 438 km? was mapped along 566 km of the northern Saudi Arabian
coastline. Figures 4-7 show maps of selected sites in the study area. Sand and mudflats
dominated the near-shore environments, with long stretches of fringing reef flats along the
coast and around islands and a seaward reef crest dominated by coral or rubble. The error
matrices expressed in terms of proportion of area are presented in Tables 4 and 5, and the
accuracy statistics and predicted areas for all classes are presented in Table 6.

The geomorphic classification’s (Figures 4 and 6) overall accuracy was 84.15%
(Table 6). All geomorphic classes had producer’s accuracies >70%, with the highest values
observed for the deep water, reef crest, and inner reef flat classes (>77% Table 6). The outer
reef flat class had the lowest producer’s accuracy, with reference points most frequently
misclassified as inner reef flats (Table 4 and Table S2). The classes with the highest user’s
accuracies were sand and mud flats, shallow lagoons, and deep water. The reef crest and
outer reef flat classes had the lowest user’s accuracies. Excluding deep water areas, the
most abundant geomorphic class was the shallow lagoon class (103.6 km?2), followed by the



Remote Sens. 2025, 17, 485 11 of 23

inner reef flat (56.1 km?), the sand /mud flat (46.6 km?), the outer reef flat (15.6 km?), and
the reef crest (13.9 km?) classes.

B Land

Reef crest
I Inner reef flat
I ovuter reef flat

and/mud fla
I shallow lagoon
Deep water

28°5'N

28°N

w.u 3

27°55'N |

34°30'E ' 34°35'E 34°40'E 34°45E ‘ 34°50'E

Figure 4. Geomorphic classification map in Sindalah/Strait of Tiran in the NEOM region, Red Sea.
The six classes mapped are reef crest, inner and outer reef flat, sand /mud flat, shallow lagoon, and
deep water.

Bl Land
Coral/algae

I Rubble

B seagrass

- Lagoon sand
Sand/mud flat

B Rock

34°30'E 34°35'E 34°40'E 34°45'E 34°50'E

Figure 5. Benthic habitat classification map in Sindalah/Strait of Tiran in the NEOM region, Red
Sea. The six benthic classes mapped are coral and dense algae, rubble, seagrass, lagoonal sands,
sand /mud flats, and rock (or other hard substrates).
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28°5'N
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I 1nner reef flat
I outer reef flat
I sand/mud flat
I shallow lagoon

Deep water

28°N

17°55'N

P

34°55'E 35°E 35°5'E 35°10°E

Figure 6. Geomorphic classification map in Sharma, a semi-enclosed tropical lagoon in the NEOM
region, Red Sea. The six mapped classes are reef crest, inner and outer reef flat, sand/mud flat,
shallow lagoon, and deep water.

- Land
Coral/algae

I Rubble

B seagrass

I Lag00n sand
Sand/mud flat

I Rock

34°55'E 35°E 35°5'E 35°10'E

Figure 7. Benthic habitat classification map in Sharma, a semi-enclosed tropical lagoon in the NEOM
region, Red Sea. The six benthic classes mapped are coral and dense algae, rubble, seagrass, lagoonal
sands, sand/mud flats, and rock (or other hard substrates).

The benthic habitat classification’s (Figures 5 and 7) overall accuracy was 73%. The
lagoon sand class had the highest producer’s accuracy (80% Table 6) and highest user’s
accuracy (91%). The coral/algae class also performed well, achieving over 70% in both
producer’s and user’s accuracy. The seagrass and rock classes had the lowest producer’s
accuracies. Seagrass, rubble, and rock reference points were most frequently misclassified
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as sand /mud flats (Table 5 and Table S3). The rock and rubble classes had the lowest user’s
accuracies (51% and 52%, respectively). The class most frequently misclassified as rubble
was lagoon sand, and the classes most frequently misclassified as rock were rubble and
sand/mud flats (Table 5 and Table S3). The lagoon sand class had the greatest predicted
coverage (93.8 km?), followed by rubble (36.1 km?), sand /mud flats (34.6 km?), seagrass
(29.2 km?), and coral/algae (26.3 km?), while the rock class had the lowest predicted
coverage (5.0 km?).

Table 4. Error matrix populated by proportions of the area for the geomorphic classification in the
NEOM region, northern Red Sea (Orf: outer reef flat; Irf: inner reef flat; Rc: reef front and crest; Ls:
shallow lagoon; Flt: sand and mud flats; Witr: deep water). For an error matrix of sample counts, see
Supplementary Materials Table S2.

Reference
Orf Rc Ls Flt Witr Irf Pixel Count
Orf 0.035 0.000 0.014 0.001 0.000 0.013 200,688
Rc 0.000 0.031 0.012 0.000 0.002 0.005 176,667
Classified Ls 0.000 0.001 0.148 0.000 0.015 0.001 839,001
asstie Flt 0.001 0.000 0.000 0.107 0.000 0.019 400,130
Wir 0.001 0.003 0.021 0.001 0.282 0.000 2,120,360
Irf 0.015 0.001 0.023 0.053 0.000 0.195 642,832
Table 5. Error matrix populated by proportions of the area for the benthic habitat classification in the
NEOM region, northern Red Sea. For an error matrix of sample counts, see Supplementary Materials
Table S3.
Reference
Sand Flats Rubble Seagrass Coral/ Rock Pixel Count
Algae
Sand 0.170 0.003 0.003 0.006 0.005 0.000 823,850
Flats 0.000 0.137 0.021 0.045 0.000 0.008 379,562
Classified Rubble 0.067 0.032 0.139 0.011 0.013 0.003 515,898
assine Seagrass 0.021 0.002 0.002 0.119 0.013 0.000 199,438
Coral/Algae 0.014 0.005 0.011 0.003 0.083 0.000 273,592
Rock 0.000 0.011 0.013 0.002 0.006 0.033 57,407
Table 6. Accuracy statistics and estimated areas covered by each class with a £95% confidence
interval (PA = producer’s accuracy; UA = user’s accuracy).
Geomorphic Classification Overall Accuracy 842 +22
Classes Reef Crest Outer Reef Flat Inner Reef Flat Sand/Mud Flat  Shallow Lagoon =~ Deep Water
Area (km?) 139 +£3.7 156 £3.5 56.1 +5.2 46.6 +4.3 103.6 £ 8.2 2021£79
PA (%) 78.6 £15.9 719 £11.6 777 £55 723 +55 72.7 £5.2 959 +19
UA (%) 61.7 +14.0 55.9 +12.8 679 5.6 842+ 6.6 89.7 £ 4.8 914132
Benthic Habitat Classification Overall Accuracy 73.0 £ 3.3
Classes Coral/algae Sand/mud flat Rock Rubble Lagoon sand Seagrass
Area (km?) 263 +42 34.6+47 50+18 36.1+52 93.8+6.1 292+ 4.6
PA (%) 742 +9.3 714+77 58.8 +19.2 749 +7.6 79.7 £3.7 523 +8.1
UA (%) 712 +105 652+ 8.2 51.2+15.5 52476 90.7 £ 5.3 76.5 + 8.4

The benthic maps and class area estimates (Table 6) were compared to previous
mapping exercises in the area, the Allen Coral Atlas (version downloaded 20 December
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2022 [71]), and JICA and NCWCD 2000. Comparisons of selected areas are shown in
Figures 8 and 9, with further examples in Figures S1 and S2 in the Supplementary Materials.
In the Allen Coral Atlas, the sand class had the greatest mapped extent calculated in QGIS
(148 km?), followed by rubble (71 km?), coral/algae (63 km?), rock (62 km?), seagrass
(23 km?), and microalgal mats (2 km?). The total area covered is larger than this study
(370 versus 225 km?), primarily because it extended into deeper water, which is also visible
in Figures 8 and 9. The dominant classes from the JICA and NCWCD 2000 classification
were as follows: sand with reef patches (106 km?), and (61 km?), coral (coverage 11-30%)
(59 km?), turf/small algae (43 km?), tidal flats (32 km?2), seagrass (31 km?), coral (coverage
76-100%) (24 km?), Cyanophycea (11 km?), coral (coverage 31-50%) (6 km?), coral (coverage
51-75%) (5 km?2), Sabkah (4 km?2), and macroalgae (0.01 km?).

This study
- Coral/Algae
Seagrass
Lagoon sand
- Sand and mudflats
Rock
Rubble

Allen Coral Atlas (2022)
- Coral/Algae
- Microalgal Mats

Rock

Rubble
Sand

Seagrass

JICA and NCWCD (2000)
Cyanophycea
Seagrass

Macroalgae

Turf/small algae

Coral (coverage 76-100%)

il

Coral (coverage 51-75%)
Coral (coverage 31-50%)
Coral (coverage 11-30%)
(cora ess shan 10%) | oo
Sand

Sabkah
Emerged rock
Mud

B Tidal flat

Figure 8. Comparison of three different benthic classification maps covering Sanafir Island, in the
northern Red Sea: (a) this study, (b) Allen Coral Atlas, and (c) JICA and NCWCD 2000.
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JICA and NCWCD (2000)
Cyanophycea
Seagrass

Macroalgae
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Coral (coverage 76-100%)

Coral (coverage 51-75%)
Coral (coverage 31-50%)

Coral (coverage 11-30%)

Sand with reef patches
(coral less than 10%)
Sand

Sabkah

Emerged rock
Mud
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Figure 9. Comparison of three different benthic classification maps for a coastal stretch near Gayal in
the NEOM region, Red Sea, showing sills and depressions of reticulated reef structures: (a) this study,
(b) Allen Coral Atlas, and (c) JICA and NCWCD 2000.

4. Discussion

Coastal resource management requires reliable and up-to-date spatial data on the
distribution of major habitats. Such information is useful in decision-making regarding
marine space usage, monitoring the impact of anthropogenic activities, and developing
conservation interventions. Despite the global importance of reef systems in the NRS,
the region remains relatively understudied. In the context of rapidly increasing tempera-
tures [17,19], extended heat waves [20], and coastal development in the NEOM region, a
baseline understanding of the marine environment is crucial. Although there have been
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considerable efforts to map coastal habitats in the NRS, these efforts have been limited
in their spatial scope, challenging to replicate, or lacking in local validation. Here, we
employed remote sensing methods, including UAV and satellite observations, to produce
a characterisation of this important region with an associated accuracy assessment and
habitat extent estimates. This work contributes to the rapidly increasing body of research
focusing on the spatial assessment of marine biodiversity, health status, and environmental
pressures in the NEOM area [9,20].

An estimated area of 26.3 km? of the study region was covered by coral or dense
algae, and 36.1 km? was rubble or sparse coral. In total, up to 28% of the shallow coastal
environment in the NEOM region were covered by these coral-containing classes, which
provide important ecosystem services and biological niches. Corals in the NRS are of global
importance due to their high biodiversity and endemism, as well as their high thermal
tolerance, making them a potential refuge from global warming [3,5-7,21,22]. They also
potentially have significant economic value as they are likely to attract visitors who wish to
explore healthy marine ecosystems [10-13]. It is hoped mapping efforts like the one pro-
vided in this study will aid conservation managers’ decisions to safeguard coral hotspots
from the possible impacts of increased maritime traffic, coastal development projects, and
unsustainable tourism. The extent of seagrass meadows, an important carbon-capturing
habitat in the NRS, was estimated to cover 29.2 km? of the study area. Seagrass meadows
provide habitats for many organisms, including threatened and endangered species such as
dugongs and green turtles. Seagrass meadows are also capable of sequestering significant
amounts of carbon and storing it for centuries, even in a low-nutrient, high-respiration
environment such as the Red Sea, making them an efficient and cost-effective tool to help
the kingdom meet its net-zero emissions target by 2060. Using the extent reported in this
study and the average carbon content (3.4 + 0.3kg Corg m~2) in 1 m thick soil deposits and
carbon accumulation rates (6.8 + 1.7 g Corg m?2 yr’l) measured in Serrano et al., 2018 [72],
we estimate seagrass beds in the NEOM region currently store around 100,000 tonnes of
Corg and accumulate around 200 tonnes of Corg annually. This carbon storage is particu-
larly significant because the terrestrial environment is characterised by arid desert with
low Corg storage potential [72]. The loss of these habitats not only reduces their carbon
sequestration potential but also releases a significant amount of the stored carbon back into
the atmosphere [73-75]. Therefore, their conservation should be a priority for the NEOM
project in order to meet its environmental goals.

This study is the first to use freely available Sentinel-2 satellite imagery to map coastal
habitats on the Saudi Arabian NRS coast. Sentinel-2 MSI has a regular revisit period of
~5 days in a sun-synchronous orbit, which offers consistency over time and therefore has
great potential for monitoring. The overall accuracy of both the geomorphic and benthic
classifications fall within the range of accuracies reported in other studies that have used
Sentinel-2 imagery to map benthic habitats. For example, Poursanidis et al. (2021) [26]
classified the Quirimbas National Park in Mozambique into four benthic habitats and
obtained an accuracy of 82%. Hamuna et al. (2023) mapped benthic habitats in Kapota Atoll,
Wakatobi National Park, Indonesia, using nine classes with 65.3% overall accuracy [76].
Pottier et al. (2021) [77] identified ten benthic habitat classes in the National Park of
Banc d’Arguin, Mauritania, with 71.6% overall accuracy when distinguishing between
seagrass species and 86.7% without the distinction. However, it is important to note that
accuracies reported in different studies could be influenced by the local complexity of
the environment, the classification scheme, the validation procedure, and the method of
accuracy assessment [36]. Here, we observed a slightly higher accuracy for the geomorphic
classification than for the benthic classification, which was anticipated from the results
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of the Jeffries-Matusita separability analysis and has been found previously in other reef
mapping studies [31,41,78].

The spatial resolution of the Sentinel-2 imagery is sufficient to get an overview of the
seabed character; however, benthic habitats exhibit complex and heterogeneous patterns at
finer spatial scales. A single 10 x 10 m pixel from Sentinel-2 is often composed of multiple
benthic classes, resulting in a mixed spectral signal. In addition, some benthic classes
have similar spectral properties, particularly considering relatively few spectral bands are
available from multispectral sensors due to attenuation by the water column. These factors
make it challenging to separate classes accurately. Here, the overlap between training
populations of different classes indicated by JM values < 1.9 suggested that separating
these classes without some confusion is unavoidable [67]. As a result, detecting shifts from
one class to another is also challenging. The rubble class in particular had low separability
scores, which could be due to variations in the proportions of sand, rubble, sparse coral
patches, and algae within a single pixel contributing to the signal, and previous studies have
suggested the high heterogeneity of this class makes it challenging to map accurately [76].

The habitat maps produced in this study are generally consistent with previous
mapping exercises on a large scale (listed in Supplementary Table S1). The use of Sentinel-2
imagery provided a significant improvement in spatial resolution compared to the UNEP-
WCMC global distribution of coral reefs [32], which is lower-resolution in this region
and excludes some smaller reef areas and reticulated reef networks. Figures 8 and 9
show comparisons between the benthic classification in this study and the two other
classifications that cover the entirety of this area: the Allen Coral Atlas [71] and JICA and
NCWCD, 2000 [30]. Some features are clearly identifiable in all three products (e.g., a high
coral cover reef edge, sand-dominated lagoon areas), but there are notable differences, too.
One notable difference is that the Allen Coral Atlas has considerably larger areas of rock
compared to this study. The presence of few clear examples of rock substrate compared to
the other classes in our training sites limited the available sites for reference points for this
class, and it is possible the classification does not capture the diversity of rock areas that
may be present in the unseen test sites. However, many of the areas classified as rock along
the coast in the Allen Coral Atlas are classified as sand or mud flat in this classification, a
class that does not exist in the Allen Coral Atlas, so this may partially explain the difference
in rock areas between the two classifications. The total estimated area of seagrass in all
three studies is similar (29 km? in this study, 23 km? in Allen Coral Atlas 2022, 31 km?
in JICA & NCWCD, 2000); however, as demonstrated in Figures 8 and 9, the distribution
can be spatially inconsistent between maps. The study area hosts a number of species
of seagrass at varying densities and depths, which makes their classification challenging.
The lagoon sand class in particular is widespread and exhibits relatively high levels of
confusion with other classes (rubble, seagrass, coral/algae), and we anticipate these areas
may also include sparse seagrass and corals in some locations. Seagrass reference points
were most frequently misclassified as sand /mud flats, which may be due to similar spectral
properties where seagrass was sparse and shallow. The total area of the coral/algae class is
significantly lower in this study compared to the Allen Coral Atlas classification (26 km?
and 63 km?, respectively), but the percentage of the class compared to the total mapped
benthic area is more similar (12% and 17%, respectively). This is explained by the difference
in thresholds for deep water, which translates into a significantly larger benthic habitat
extent mapped in the Allen Coral Atlas (370 versus 225 km?). Consequently, deeper coral
shelves are excluded in this study but included in Allen Coral Atlas figures. Additionally,
the spatial resolution of the input satellite data (10 x 10 m) of this study is likely to
result in more ‘mixed’ pixels that contain coral but that are spectrally dominated by other
benthic covers, so they would not be classified as coral, leading to an underestimation of
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coral/algae cover. This is particularly apparent in complex areas such as reticulated reef
structures, which are found in several locations along the NRS coastline. These structures
usually consist of coral filaments 1-10 m across in a honeycomb pattern built on a Porites
framework, surrounded by sand and rubble [1,3], and they are only partially captured
in the current classification because of their narrow width compared to a pixel footprint
(Figure 9). This demonstrates that while Sentinel-2 is appropriate for characterising the
benthic environment at the regional level, it is important to acknowledge the trade-offs
with resolution, and as such, different techniques may be needed for users wishing to refine
maps of specific sites of interest.

Recommendations

A key objective of this study was to develop a methodology that would be accessi-
ble and repeatable for large areas, using freely-available software and satellite imagery.
One of the challenges in many mapping exercises, particularly those in remote and/or
understudied areas, is the availability of ground-truth data. Therefore, UAV surveys were
used as an alternative to traditional boat-based or snorkel surveys to collect data above
water over large areas. This proved to be an efficient method for collecting information
over a range of sites, covering a much larger area than would have been possible with
underwater surveys in the available time. However, in some instances, the ripples caused
by wind on the water’s surface prevented the accurate determination of the bottom type,
leading to the exclusion of affected validation points. Even when wind was not a factor,
it was sometimes challenging to assign a class to the bottom cover, even in the very-high
resolution imagery. To address this issue, we recommend conducting UAV surveys in
conjunction with underwater surveys to provide more detailed information on benthic
cover and establish a direct link between remotely-observed images and the seabed. The
training and validation sites for this study were limited to selected areas off the mainland
coast, chosen based on an initial classification to represent a diversity of habitats. While
the accuracy is reported for the entire area, it is important to note that differences in reef
structure, communities, and water quality may cause the accuracy to vary when applied to
offshore reef areas. Previous research has shown that classification accuracy can decrease
when applied away from training sites [66]. Therefore, we recommend ongoing investment
in collecting and sharing in situ data in these environments to ensure the representativeness
of this work and enable testing future classifiers across reef types.

In addition to underwater in situ data, the habitat maps in this area potentially could
be improved with the addition of environmental data, such as high-resolution bathymetry
and wave exposure, and higher-resolution optical imagery [65]. For example, high-quality
bathymetry data collected or derived from satellites can enable the calculation of slope and
rugosity, which may help distinguish benthic composition based on their environmental
niches [65,79]. Additionally, bathymetry can assist in masking areas outside of reasonable
detection limits. Radiative transfer modelling has demonstrated that even in clear coral
reef waters, dark substrates such as corals have a depth-of-detection limit on the order
of 10-20 m [80]. The use of commercial high-resolution imagery, such as Planet Scope or
WorldView-3, is increasingly popular for benthic mapping, particularly over small study
areas [29,79,81,82]. Recent studies have shown higher-resolution imagery can provide more
detailed maps and potentially improve the accuracy of benthic classification, particularly
in fragmented areas [42,83]. Therefore, future work could explore using high-resolution
imagery in complex areas such as reticulated reef structures or consider data fusion to take
advantage of the spatial resolution of high-resolution imagery with the spectral resolution
of Sentinel-2 [84].



Remote Sens. 2025, 17, 485

19 of 23

5. Conclusions

This study demonstrated the ability to use training data derived from UAV imagery,
in combination with freely-available satellite data from Sentinel-2, to classify benthic cover
in a diverse tropical sea using the Random Forest machine learning algorithm. This was the
first study to generate a map of the NEOM area using Sentinel-2 data, mapping 225 km?
of underwater habitats visible from space. Two levels of classification were conducted,
one based on geomorphic characteristics and the other on benthic habitat type, each
comprising six distinct classes. The classification outputs provide information about the
coastal benthic habitats of the NEOM region, valuable for marine conservation at a pivotal
time when several coastal projects are commencing and climate pressures from rising ocean
temperatures and more frequent heatwave events are mounting. In particular, coral or
dense algae, a globally important habitat that supports reef species diversity, endemic
species, and biomass, was estimated to cover an area of 26.3 km?. Seagrass beds were
estimated to cover approximately 29.2 km? and may sequester around 200 tonnes of Corg
annually, highlighting their importance in climate regulation as well as their role as a crucial
habitat for marine life. Information on the location and extent of these benthic habitats
is expected to help guide effective management strategies and associated protection and
restoration efforts.

Anthropogenic activities, particularly coastal development, can have a significant
impact on marine habitats and potentially lead to changes in ecosystem dynamics, the
consequences of which are not fully understood. To avoid potential ecological damage,
stakeholders should consider the distribution of marine habitats when planning coastal
projects. Monitoring the distribution and health of marine habitats before, during, and after
the construction of these projects should also be prioritised. The authors recommend con-
tinued investment in the collection and sharing of in situ data such as UAV and underwater
surveys in key locations along the Red Sea coastline. Such data enable the monitoring of
local ecosystem health and can further improve the development and validation of habitat
maps based on remote sensing approaches.

This study demonstrated an accessible, replicable workflow for coastal habitat map-
ping in challenging environments such as the NRS. While the methods used in this study
are well established, the maps provide a foundation for ongoing work in this region by
providing a baseline classification for comparison and targeting future studies. The results
highlight the persistent challenge of mixed pixels and spectral similarity between classes at
different depths in benthic classification using moderate-resolution imagery, while helping
to identify which classes and locations are most affected. These findings motivate future
work on spectral unmixing techniques and sub-pixel classification approaches, which use
the spectral signatures of each class to estimate their proportion within a pixel. The use
of additional datasets, such as high-resolution bathymetry, and further investigation of
the theoretical relationships between water depth, substrate type, and remote sensing
reflectance will further help define detection limits and improve map accuracy. This study
also identified areas of development specific for the NRS, such as the need to improve
the characterisation of narrow reticulated reef networks, potentially through the use of
higher-resolution imagery or data fusion between Sentinel-2 and higher-resolution plat-
forms. Addressing these theoretical and methodological challenges will contribute to
the refinement of coastal habitat mapping techniques, enabling more accurate mapping
to support conservation and management efforts in complex benthic environments, like
the NRS.
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Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/rs17030485/s1, Table S1: A brief description and visualisation
of existing global and regional benthic cover and coral and seagrass extent datasets available in
the northern Red Sea; Table S2: Error matrix and classification accuracy from sample counts for
the geomorphic classification in the NEOM region, northern Red Sea; Table S3: Error matrix and
classification accuracy from sample counts for the benthic habitat classification in the NEOM region,
northern Red Sea; Figure S1: Comparison maps of benthic habitat classifications covering a stretch of
the northwest coast of Ras Alsheikh Hamid, Gulf of Aqaba; Figure S2: Comparison maps of benthic
habitat classifications covering Tiran Island, northern Red Sea.
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