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Abstract

Publicly available Sentinel-2 satellite imagery was used to map the coral reef systems of Toli-
ara in Madagascar, to standardize methods for monitoring reef health and guiding manage-
ment decisions. Fieldwork conducted between March and December 2021 used georeferenced
photoquadrats to assess benthic structure. The satellite image classification was based on the
Object-Based Image Analysis (OBIA) and machine learning algorithms, with k-NN achieving
the highest overall accuracy at 83 %, followed by the Bayes classifier (79 %), DT (68 %), RT (67 %)
and SVM (42 %). The analysis identified distinct surface areas occupied by seagrass (21 km?),
sand (73 km?), rubble (21 km?), coral (10 km?) and algae (6 km?). Comparative assessment with
the Allen Coral Atlas underscored the importance of aligning satellite image analysis with in-situ
data. The study emphasized the role of selecting appropriate classifier algorithms for precise
mapping and stressed the importance of local data collection for accurate habitat mapping.
It also showcased the successful application of OBIA with satellite imagery and field data for
coral reef mapping, providing insights into habitat health and spatial changes essential for effec-
tive conservation.

Keywords: remote sensing, coral reef, Madagascar, Sentinel-2, OBIA, Machine learning
algorithms

Introduction

Effective management and conservation efforts

Coral reefs protect shorelines against storms, serve as
fish nurseries, and provide socio-economic benefits
when associated with tourism and recreation, shore-
line protection, fisheries, and biodiversity services
(Eakin et al, 2010). However, these ecosystems face
significant threats on both global and local scales, pri-
marily due to climate change and anthropogenic pres-
sures (Xu and Zhao, 2014). Nearly half of the world
coral reefs have been destroyed or badly damaged in
the last 30 years (Wilkinson, 2008). Current trends
suggest that between 70 % to 90 % of global coral reefs
are at risk of extinction within the foreseeable future
(Foo and Asner, 2019), a fate that extends to the reefs
of Madagascar as well (van Hooidonk et al, 2016).

requires comprehensive monitoring strategies that
encompass both spatial and temporal dimensions,
focusing on the distribution of species on the ben-
thos as well as their associated substrates (Nurlidiasari
and Budiman, 2010). Such measures require a reliable
method that can efficiently process continuous data
into manageable spatial units (Kennedy et al., 2021).
The European Space Agency (ESA) has made Senti-
nel-2 images freely available since 2015 (ESA’s Sen-
tinel-2 team, 2015) offering a 10 m spatial resolution
(pixel size), which significantly enhances the utility of
these images for coral reef mapping. Remote sensed
mapping of coral reefs is particularly important for
developing countries, where 80 % of the world’s coral
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reefs occur (UNEP-WCMC, WorldFish Centre, WRI,
TNC, 2021). Therefore, it is critical to determine the
efficacy of mapping using freely available satellite
images from Sentinel-2 (Hedley et al., 2012, 2018;
Wouthuyzen et al., 2019; Yunus et al., 2019).

To achieve comprehensive mapping of coral reefs, it
is crucial to derive maps of geomorphic zones and
benthic communities at various scales (Phinn, et al.,
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provided valuable insights, further studies are neces-
sary to fully comprehend these ecosystems and their
changing habitats.

Efficient and cost-effective methods using remote
sensing data are needed to delineate comprehen-
sive reef coverage, geomorphic zoning, and benthic
composition in Madagascar. Despite numerous stud-
ies on mapping coral reefs, variations in processing

Figure 1. Study area with the placement of the transect lines.

2012). Numerous initiatives have been undertaken
globally to map coral reefs and understand their
distribution, including coral reefs from Madagascar.
However, existing datasets, such as those from the
United Nations Environment Program-World Con-
servation Monitoring Centre (UNEP-WCMC) and
the Allen Coral Reef Atlas, have limitations such as
irregular updates, and unstable accuracy, hindering
their applicability in dynamic monitoring. Although
efforts to study coral reefs from Madagascar have
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schemes, data characterization, and classification
methods pose challenges, emphasizing the necessity
for a tailored methodology. Therefore, there is a need
for a comprehensive methodology tailored to coral
reefs from Madagascar, encompassing standardized
fieldwork data collection and image processing work-
flows. This study focuses on the barrier reef in Toli-
ara, commonly known as the ‘Grand Récif de Toliara’
(GRT), and the reefs of Ankilibe and Sarodrano, where
local coral reef geomorphology has been conducted
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(Pichon, 1972; Battistini et al., 1975; Andréfouét et al.,
2018), and several studies focusing on the bio-ecology
of coral reefs have been realized (Todinanahary, 2016;
Razakandrainy, 2018; Botosoamananto et al., 2021).
Undertaking a comprehensive study at the scale of
the Toliara region is essential for coral reefs of Mada-
gascar, necessitating standardized methodologies for
future data collection and processing. The primary
aim of this research was to develop a methodology for
coral reef mapping in Madagascar, using freely acces-
sible satellite imagery and advanced remote sensing
techniques. Specifically, the study aimed to assess
geomorphic zonation and benthic coverage along
the barrier reef and fringing reefs of Toliara, using
Object-Based Image Analysis (OBIA) applied to Sen-
tinel-2 satellite data, alongside fieldwork data acqui-
sition. This study seeks to establish a foundational
understanding of nearshore benthic communities
in Madagascar, serving as a vital resource for marine
scientists to effectively track ecosystem changes. Fur-
thermore, it aims to furnish policymakers with essen-
tial data for monitoring the health of these reefs and
formulating sustainable management strategies over
the long term.

Materials and methods

Study area, field data collection and processing
The study was carried out within the Bay of Toli-
ara, and was focused on the fringing reef of Sar-
odrano, the fringing reef of Ankilibe, and the barrier
reef of Toliara (Fig. 1). The selection of these sites
was based on several factors: (1) accessibility, (2)
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ecological variability, encompassing both degraded
and healthy areas to facilitate the discernment of
local stressors, and (3) ecological complexity, given
the co-existence of a barrier reef, a fringing reef,
and patch reefs within the same coral reef sys-
tem. Fieldwork was conducted between March and
December 2021, during low spring tides to optimize
the time available for in-water surveying. It con-
sisted of collecting georeferenced photoquadrats
(in-water images) along transect lines (Fig. 1). Due to
the limitation of GPS signal penetration underwa-
ter, the GPS device was secured in a floating airtight
bag at the surface. This device was programmed to
record new geographic positions every second. Spe-
cifically, one diver captured benthic images every
3-5 meters, guided by a compass to maintain course,
while a second diver at the surface maneuvered the
GPS-containing bag, moving in synchronization
with the diver below (Fig. 2). Each dive averaged
80 minutes, covering approximately 500 meters of
transect where current conditions allowed; however,
in instances of stronger currents, transects were
shortened accordingly. Initial and final GPS coor-
dinates of each transect were logged on a diving
slate to facilitate subsequent GPS data integration.
Approximately 250 photos were collected per tran-
sect, totaling 4187 photos across the 30 transects.
Ground-truthing data collection was confined to
depths shallower than 20 meters. Subsequently, the
photos were linked to GPS data to assign specific
geographic positions to each photoquadrat using
the software GPS Photo Manager (Roelfsema e¢ al.,

Figure 2. Method of photoquadrat data collection.
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Figure 3. 49 stratified points (7 points per lines) on CPCE.

2019). This integration facilitated the visualization
of photos and associated benthic attributes within
a Geographic Information System (GIS) interface.
All the GIS operations in this study were performed
using the QGIS software, version 3.34.

Assessment of benthic cover from

geotagged photos

Benthic cover within the transect lines was obtained
from each geotagged photo by analyzing photoquad-
rats using the Coral Point Count with Excel extension
(CPCe) software (Kohler and Gill, 2006). A total of 49
stratified points were distributed on each photo and
the substrates corresponding to these points were
identified using a predefined code name “CPCe ben-
thic codes 41 Madagascar” provided with the software
(Fig. 8). Based on their knowledge and the 41 CPCe
benthic codes, the users attributed specific classes to
each of the 49 stratified points. This number of strati-
fied points per photoquadrat was sufficient to identify
down to the level of benthic habitat classes. The ben-
thic cover of the photoquadrat was then automatically
estimated by the software as a function of the num-
ber of points occupied by each category of substrate.
Once the analysis was finished, the software exported
the data in an Excel file.

Conversion of the CPCE data into calibration and
validation sample points

The data points produced by the CPCe software spans
a 1x1 meter area, whereas the pixel size of a Sentinel-2
image measures 10 meters by 10 meters. To ensure
comparability between CPCe data points and Sen-
tinel pixels, the 41 benthic CPCe codes were refined
into five classes: Coral (i.e., live corals), Algae, Rubbles,
Sand, and Seagrass. These data points were then over-
laid onto the Sentinel-2 image layer. A new sample was
then manually created and assigned a pixel category
based on the predominant benthic cover depicted in
the CPCe data pie chart (Fig. 4). From the 4187 pho-
tos, 12438 control points were derived, where 75 % were
used for calibrating the machine learning algorithms
to classify the satellite image, while the remaining 25 %
served as validation points to assess their accuracy.

Satellite image processing

Pre-processing

Sentinel-2A data were accessed from the Copernicus
server  (https:/scihub.copernicus.eu/dhus/#/home).
The Sentinel-2A image collected on 21-08-2021 was
used in this study (Table 1). The Sentinel-2 satellite
was launched in 2015 and offers 10 m spatial reso-
lution for the visible and the Near Infra-Red (NIR)
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Figure 4. Calibration and validation sample points.

bands (ESA’s Sentinel-2 team, 2015). The most appro-
priate images for coral reef habitat mapping are those
that contain the least cloud cover and sun glint and are
acquired during the spring low tide period. This last
requirement is crucial in the analyses as the character-
ization of the benthos is complicated especially when
they are submerged in the water column. The raw
downloaded Sentinel-2 image was first corrected for
the effect of the atmosphere. For this correction, the
sen2cor atmospheric Correction Processor algorithm

Table 1. Sentinel-2 image specification used in this study.

was used from the SNAP software or Sentinel Appli-
cation Platform (Louis et al., 2016). This approach
consisted of transforming the Level-1C image (surface
reflectance measured at the top of the atmosphere)
into Level-2A (bottom-of-atmosphere reflectance).
Next, as the benthos was submerged underwater, the
water column effect needed to be corrected. The water
column correction algorithm of Lyzenga (1981) was
used for this purpose. This was processed using the
sen2coral module of the SNAP software. As a result,
three bands of the depth invariant index (DII) were
generated, each composed of different combina-
tions of spectral bands (Table 1): blue and green (DII_
B2B3), blue and red (DII_B2B4), and green and red
(DII_B3B4). Additionally, the Normalized Difference
Vegetation Index (NDVI) was computed (Zoffoli et al.,
2020). These newly generated layers were added to
the atmospheric corrected image for the geomorphic
and benthic image classification.

Image classification

Coral reef habitat classification serves as an important
tool for surveying and understanding these marine
ecosystems. The process involves leveraging raw input
data—such as videos or images—captured from coral
sites (Nguyen et al., 2021). Through this data, distinc-
tive features of the seabed, referred to as classes, are
extracted and categorized, including corals, sands,
rubbles, seagrass, etc. To undertake this mapping,

Name Sentinel-2A

Correction level Level 1A

Date of acquisition 21-08-2021

Radiometric resolution 12 bit/pixel

Swath width 290 km at nadir
ol e
1 Coastal Aerosol 442.7 60
2 Blue 492.7 10
3 Green 559.8 10
4 Red 664.6 10
5 Vegetation Red Edge 704.1 20

Multispectral Bands 6 Vegetation Red-Edge 740.5 20
7 Vegetation Red-Edge 782.8 20
8 Near Infra-Red (NIR) 832.8 10
8A Narrow NIR 864.7 20
9 ‘Water vapor 945.1 60
10 Short Wave Infra-Red (SWIR)-Cirrus 1873.5 60
11 Short Wave Infra-Red (SWIR) 1613.7 20
12 Short Wave Infra-Red (SWIR) 2202.4 20
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Figure 5. Object based image analysis (OBIA)process. a) Acquired image, b) Image segmentation, c) Image classification.

there are two approaches used: manual extraction
of features, which offers high accuracy but is labori-
ous and time-intensive, or the use of machine-learn-
ing algorithms for rapid processing and replicabil-
ity, albeit with a potential risk of misclassification.
While manual methods ensure precision, the advent
of machine learning presents an efficient alternative,
albeit with a need for careful validation and refine-
ment to minimize errors in classification. For this,
the OBIA method (Object-Based Image Analysis) was
applied using eCognition Developer Software version
10.3 (Trimble Germany GmbH, 2022). This approach
consists of grouping similar pixels (form, colour, tex-
ture, etc.) into segments (Fig.5), and then attributing
classes to those segments (Hedley et al., 2016).

Geomorphic zonation

The concept of geomorphic zonation in coral reefs
involves identifying features that are relatively stable
over time. In this study, the extraction of several key
geomorphic features was focused on, including Inter-
nal Reefs, Lagoon, Reef Flat, Enclosed Basins, Reef
Crest, Reef Front, and Reef Slope, following the defi-
nitions provided by Battistini et al. (1975). A lagoon is
a naturally occurring depression with varying depths
and sizes, typically found either behind a barrier reef
or completely enclosed by reef structures. Enclosed
basins, on the other hand, are smaller, shallower
depressions or pools nestled within the reef structure
on the reef flat. The reef slope constitutes the sub-
merged front portion of a reef, sloping seaward with
differing inclinations. It comprises coral formations
and sedimentary deposits primarily of biogenic ori-
gin. The reef front delineates the outer edge of the reef
flat at low tide, particularly during spring tides. Mean-
while, the reef flat is a horizontally oriented platform
atop a reef structure, often reaching or surpassing sea
level. It may exhibit material accumulations and sur-
face incisions. The reef crest is primarily composed
of coarse elements and is situated on the anterior part

of the reef flat, manifesting in various shapes such as
domes, ramparts, or scattered accumulations. Internal
reefs are positioned within a lagoon, frequently sep-
arated from the open ocean by a barrier reef. They
exhibit diverse sizes and shapes and are typically
surrounded by shallow lagoon waters. These internal
reefs consist of lagoonal coral patches, some of which
extend to the surface and larger lagoon reefs, which
are substantial coral formations within the lagoon,
either partially exposed or submerged. These larger
formations often display distinctive zoning patterns
akin to those observed on reef flats.

After the image segmentation, these features were
extracted by the visual photo-interpretation method
using the built-in manual classification tools within
the Ecognition Developer software.

Benthic image classification

For this purpose, the processed satellite image com-
prised: (i) the 10-meter resolution spectral bands from
Sentinel-2 images (Table 1) which were atmospheri-
cally corrected, (ii) the calculated depth invariant bot-
tom indexes (DII_B2B3, DII_B2B4, DII_B3B4), and
(iii) the NDVI layer. Several satellite imageries, classi-
fication techniques, typologies and machine learning
algorithms have been globally adopted to gather data
on benthic coverage of coral reefs (Burns et al., 2022).
However, determining the most effective approach
presents challenges due to inconsistencies in various
factors, including the spectral and spatial resolutions
of satellite images, methodologies for in situ reference
data collection, the diversity and quantity of benthic
classes mapped, and protocols for accuracy assess-
ment. In this study, five prominent machine learning
classifiers commonly employed in mapping coral reef
benthic habitats were assessed with the goal of iden-
tifying the best performer tailored to environmen-
tal conditions, fieldwork data characteristics, and the
particular benthic classes under study. These findings
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FIELD WORK

SATELLITE IMAGE
PROCESSING

Taking picture of the benthos along
transect lines of about 500m each

GPS-Photo matching

Generating the benthic coverage
using the CPCE (Coral Point Count
with Excel)

Conversion of the CPCE output into
georeferenced data points

TRAINING SAMPLES
(75%)

VALIDATION SAMPLES
(25%)

Figure 6. Image processing workflow.

will inform future investigations, guiding parame-
ter choices, and streamlining classification processes,
minimizing trial-and-error efforts. The five machine
learning classifiers were:

Support Vector Machine (SVM). This assigns class
labels to segmented objects by determining an optimal
hyperplane, guided by feature vectors extracted from
objects’ attributes such as spectral values, texture, and
spatial relationships. This hyperplane maximizes the
margin between classes while minimizing misclassifi-
cations, with a focus on support vectors to define the
boundary effectively (Mountrakis ez al., 2011).

Decision Tree (DT). The DT algorithm recursively
partitions the dataset into subsets based on feature
conditions, constructing a tree where each internal
node represents a feature test and each leaf node
denotes a class label. It employs a divide-and-conquer
approach to classify instances, following a path from
the root to a leaf node determined by feature condi-
tions (Dietterich, 2000).

Random Trees (RT). This is a combination of multi-
ple tree-based classifiers to produce a single classi-
fication, an ensemble of decision trees, where each
single tree contributes a vote for the assignment of
the most popular class to the input data (Xie and
Niculescu, 2021).

Sentinel-2A image acquisition: cloud
free scene, low tide spring tide

Atmospheric correction
(MuellerWilm et al., 2017)
Water column correction (Lyzenga
1981)

Image segmentation
Geomorphic zonation

Benthic image classification: using SVM, k-
NN, Decision Trees, Bayes, Random Trees

Accuracy assessment

Final benthic habitat map

k-Nearest Neighbour (k-NN). The k-NN algorithm
classifies segmented objects based on the class most
represented by their k nearest neighbours. K is a
user-defined parameter that is the number of nearest
neighbouring objects that are included in the majority
voting process (Burns ez al., 2022) Bayes.

The Bayesian algorithm assigns classes to segmented
objects by calculating the probability of each class given
the object’s features. It uses Bayes’ theorem to compute
the conditional probability of each class, incorporating
prior knowledge and assuming feature independence
to make informed decisions (Lewis, 1998). The flow
chart of the image processing is provided in Fig. 6.

Benthic class description

The coral class (Fig. 7a) refers to a category with a hard
underlying framework that is typically composed
of coral-derived limestone, although non-carbonate
materials can also be present. This class includes liv-
ing corals. The rubble class (Fig. 7b) pertains to any
area featuring loose, cylindrical to irregularly shaped
fragments of bedrock or clasts of corals, bivalves, and
coralline algae. This category encompasses lime-
stone reef matrix and underlying areas of coral sand
cemented together. The macroalgae class (Fig. 7c) is
composed of large, multicellular marine plants that
typically thrive in shallow waters surrounding coral
reefs. Macroalgae are often observed on top of dead
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Figure 7. Benthic Classes Across Multiple Scales: 300 m (Sentinel-2 image), 100 m (Sentinel-2 image), and 1 m scale (photoquadrat). (a) Coral,

(b) Rubbles, (c) Algae, (d) Seagrass, (e) Sand.

corals, in areas with clear water and abundant sun-
light. The seagrass class (Fig. 7d) pertains to a soft-bot-
tomed environment that is mainly characterized by
the prevalence of a single or a combination of differ-
ent species of seagrass. This classification also encom-
passes sparser or spatially confined seagrass as long as
it forms the dominant benthic class. The sand class
(Fig. 7e) pertains to soft-bottomed reef regions where
fine unconsolidated granular material prevails. This
granular material is finer than coral rubble but coarser
than mud and thickly overlays any underlying bed-
rock. Sparse algae, scattered rocks, or small, isolated
coral heads may also occur in the sand class. This class
also encapsulates areas that are covered by a layer of
fine-grained sediment that is mostly composed of
organic matter and inorganic particles.

Accuracy assessment of the benthic habitat
mapping

The validity, or usefulness, of any interpretation or
classification map may be determined with an accu-
racy assessment that compares the created map with
the field work data (Yamano, 2018). Accuracy assess-
ment is commonly derived using an error matrix (also
called confusion matrix), which tabulates the level of
agreement between the thematic class at a location in
the image-based map and the same location in the
reference data (Yamano, 2018). The accuracy of each
mapping category is described by the individual class
accuracies, or according to the user’s accuracy (UA)
and producer’s accuracies (PA) and Overall accuracy
(OA), which are all derived from the error matrix. This
is generated by using the built-in accuracy assessment



A. Nomenisoa et al. | WIO Journal of Marine Science 23 (2) 2024 41-56

tool in the eCognition Developer software. These met-
rics adhere to the definitions provided by Congalton
and Green (2008). OA focuses on assessing the gen-
eral performance of a classification algorithm across
all classes in a dataset. It provides a holistic measure
of the classifier’s accuracy by considering all classes
simultaneously. PA represents the proportion of cor-
rectly classified pixels or features for a specific class in
relation to the total number of pixels or features that
belong to that class on the ground. It focuses on how
accurately the algorithm identifies and maps the pix-
els or features that truly belong to a specific class on
the ground. UA represents the proportion of correctly
classified pixels or features for a specific class in rela-
tion to the total number of pixels or features classified
as that class by the classifier. It focuses on how accu-
rately the algorithm assigns pixels or features to a par-
ticular class, regardless of whether they truly belong
to that class or not. Five classifier algorithms (SVM,
DT, RT, Bayes, k-NN) were executed on the image and
their accuracy evaluated. Using the classifier algorithm
that demonstrated the highest overall accuracy, the
benthic classification outcome was refined by merg-
ing similar classes and eliminating small misclassified
objects, thus improving the clarity and coherence of
the final result.

Accuracy assessment of the Allen Coral Atlas

To assess the effectiveness of the benthic cover results
for the reefs surrounding Toliara, a comparison with
vector data from the Allen Coral Reef Atlas (ACA)
(https:/allencoralatlas.org) was conducted, acquired
in August 2021. This data was cropped to match the
scale of the current study, enabling meaningful com-
parisons. The ACA has the great advantage that it cov-
ers reefs around the world, so it is easy to refer to this
atlas for a first approximation of benthic coverage of
coastal and reef habitats (ACA, 2020).

Andréfouét (2008) mentioned the necessity of align-
ment of the extent of the ground truth data with the
spatial resolution of the sensors. For a meaningful
multi-sensor comparison accompanied by objective
accuracy assessment, it is imperative that ground truth
observations and typology align with the spatial reso-
lution of the sensors. Given this, the raw CPCe data
from this study, derived from 1 m x 1 m photoquadrat
(with new pictures captured every 3-5 meters), offers
a suitable basis for evaluating the accuracy of the ACA
data rather than the readapted training and valida-
tion data (Fig. 4) that was used to match with the pixel
size of the Sentinel-2 image. The ACA data is sourced
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from Planet Dove satellite images, a commercial sat-
ellite that provides a spatial resolution of 3-5meters
(Safyan, 2020).

The benthic cover of the reefs of the ACA was com-
posed by 6 categories: “Coral/Algae”, “Microalgal
Mats”, “Rock”, “Rubble”, “Sand”, and “Seagrass”. To
facilitate this comparison, the field work dataset was
reorganized to mirror the typology of the ACA for
the accuracy assessment. Specifically, classes such as
“Coral” were changed to “Coral/Algae” and “Algae”
to “Coral/Algae” in order to align with the ACA data.
Classes such as “Rock” and “Microalgal mats” were
also removed, as they were absent in the typology of
raw data from the current study. However, classes like
“Seagrass”, “Sand”, and “Rubbles” remained unaltered
to maintain consistency across datasets.

Results

Accuracy of the image classifications

The overall accuracies of the classifier algorithms
used for classifying benthic habitats of coral reefs in
Toliara are depicted in Figure 8. The k-NN algorithm
showed the highest Overall Accuracy (OA) at 83 %, fol-
lowed by the Bayes classifier, DT, RT, and SVM, with
OA values of 79 %, 68 %, 67 %, and 42 % respectively.
Table 2 provides an in-depth analysis of classifier
performance in categorizing various benthic habi-
tat samples. It highlights the challenges faced by the
Support Vector Machine (SVM) algorithm in accu-
rately classifying Algae and Seagrass samples, with low
values of Producer’s Accuracy (PA) and User’s Accu-
racy (UA). Other classifiers, such as Naive Bayes, DT,
k-NN, RT, showed more robust performance. Naive
Bayes and DT achieved high PA values for Rubble

KNN RT SVM

Figure 8. Overall accuracies of the classifiers algorithms used for ben-
thic image classification.
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Table 2. Confusion matrix of the five classifiers algorithms.
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Classifier

Algorithm User Class \ Sample Algae Coral Rubble Sand Seagrass
Algae 9 0 0 0 0

Coral 0 6 0 0

Rubble 2 0 23 5 3

gﬁ’ism% Sand 1 0 1 20 P)
Seagrass 0 (0] 2 6 23

PA 0,75 1 0,885 0,645 0,821

UA 1 1 0,697 0,833 0,742

User Class \ Sample Algae Coral Rubble Sand Seagrass

Algae 9 0 2 1 5

Coral 0 6 0 0 0

DT Rubble 0 0 29 7 9
OA = 68% Sand 3 0 1 93 4
Seagrass 0 (0] 1 0 10

PA 0,75 1 0,846 0,742 0,357

UA 0,529 1 0,579 0,742 0,909

User Class \ Sample Algae Coral Rubble Sand Seagrass

Algae 11 0 2 2 2

Coral 0 6 0 0 0

k-NN Rubble 0 0 19 1 1
OA = 83% Sand 1 0 4 98 3
Seagrass 0 0 1 0 22

PA 0,917 1 0,731 0,903 0,786

UA 0,647 1 0,905 0,778 0,957

User Class \ Sample Algae Coral Rubble Sand Seagrass

Algae 10 0 3 2 3

Coral 0 6 0 0 0

RT Rubble 0 0 16 6 6
OA = 67% Sand 9 0 4 23 5
Seagrass 0 0 3 0 14

PA 0,833 1 0,615 0,742 0,5

UA 0,556 1 0,571 0,676 0,824

User Class \ Sample Algae Coral Rubble Sand Seagrass

Algae 0 0 0 0 0

Coral 3 6 0 2 0

SVM Rubble 4 0 12 1 0
OA = 42 Sand 4 0 P 9 12
Seagrass 1 0 12 19 16

PA 0 1 0,462 0,290 0,571

UA undefined 0,545 0,706 0,333 0,333

and Seagrass, respectively, while k-NN demonstrated
effectiveness in identifying Coral and Algae habitats.
RF performed well in classifying Algae and Sand but
struggled with Seagrass. In contrast, SVM struggled
with Algae and Seagrass classification, with notably
low PA values across multiple classes and variable UA
values. Compared to other classifiers evaluated in this
study, SVM exhibited lower OA, UA and PA for most
habitat classes, indicating its potentially unsuitability
for benthic habitat mapping applications under the

given data calibration types and benthic environment.
Figure 9 depicts various outputs of benthic habitat
classification, highlighting the variability in results
despite employing identical calibration data and image
pre-processing techniques. This shows the importance
of selecting the appropriate classifier algorithm, as it
profoundly impacts the outcomes of benthic coverage
assessment and the precise evaluation of each benthic
habitat’s surface area.



A. Nomenisoa et al. | WIO Journal of Marine Science 23 (2) 2024 41-56

Random
Trees

51

Decision

Legend
Algae
Coral

P Rubble

P Sand
P Seagrass

Figure 9. Outputs of different machine learning algorithms to map the benthic coverage of

Toliara’s coral reefs.

In reference to ACA, Table 3 presents the outcome of
the accuracy assessment for its benthic coverage data.
Compared with the 4187 CPCe data, the ACA achieves
an overall accuracy of 50 %, failing to meet the 60 %
minimum standard outlined in Yamano (2018). Addi-
tionally, a very low overall accuracy (OA) and user
accuracy (UA) was noticed across all classes, particu-
larly for rubbles and seagrass habitats.

Benthic coverage extent of the reefs of Toliara

The benthic coverage of the Toliara reefs was evalu-
ated by using the k-NN classifier, which demonstrated
the highest accuracy compared to the four other algo-
rithms. Each habitat type is categorized based on its
location within the reef system (Fig. 10). The internal
reefs, along with their associated habitats, primarily
span the area between Ankilibe and Sarodrano, as
illustrated in Fig. 12c. The surface area measurements

are presented for five benthic classes: Rubble (21 km?),
Coral (10 km?), Algae (6 km?), Seagrass (22 km?), and
Sand (78 km?). Internal reefs exhibit substantial sur-
face area coverage, particularly for Seagrass (8 km?)
and Rubble (4 km?). Coral and Algae also contribute
significantly to the internal reef ecosystem, with sur-
face areas of 0.4 km? and 1.46 km? respectively. The
Lagoon habitat features smaller surface areas com-
pared to internal reefs. Notably, Sand is the predom-
inant substrate in the lagoon, covering a substantial
area of 57 km?. Unlike Rubble (0.4 km?), Coral (0.3
km?) and Algae (0.5 km?) that represent less significant
surface coverage, Seagrass emerges as the next dom-
inant feature in this habitat type, spanning an area of
5 km? indicating its importance as a habitat within the
lagoon environment. Reef flat habitats showcase con-
siderable surface area coverage, particularly for Sea-
grass (8 km?) and Rubble (11 km?) and Sand (12 km?).

Table 3. Confusion matrix of the benthic coverage of the Allen Coral Atlas data.

OA= 50% Coral/Algae Rubble Sand Seagrass
Coral/Algae 596 35 155 54
Rubble 181 617 408 281
Sand 2 53 180 15
Seagrass 206 140 103 241
User accuracy (%) 0.6 0.7 0.2 0.4
Producer accuracy (%) 0.7 0.4 0.7 0.3
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Figure 10. Surface of coral benthic cover per reef geomorphology.

Enclosed basin habitats exhibit relatively smaller sur-
face area coverage compared to other habitat types.
Sand dominates this habitat type, covering 0.2 km?,
while Coral (0.04 km?), Algae (0.004 km?) and Seagrass
(0.006 km?) habitats exhibit minor surface area cover-
age. Both Reef Crest and Reef Front habitats exhibit
minimal surface area coverage for all habitat classes,
indicating their relatively limited extent within the
reef system. These habitats are predominantly com-
posed of Rubble which both represents about 3 km?.
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Reef slope habitats demonstrate unique characteris-
tics with significant surface area coverage for Coral
(8 km?). Algae (1 km?) and Sand (0.5 km?) classes also
exhibit notable coverage, while Seagrass (0.017 km?)
and Rubble classes are present in smaller amounts.

Discussion

Evaluating global coral reef mapping initiatives
Recent initiatives aimed at enhancing global coral
reef mapping, such as the Allen Coral Atlas (Allen
Coral Atlas, 2020) and the Global Distribution of
Coral Reefs (UNEP-WCMC, WorldFish Centre,
WRI, TNC, 2021), provide publicly accessible data-
sets facilitating easy access to information on coral
reef geomorphology and benthic coverage. How-
ever, caution is warranted when using such data for
national coral reef management strategies, restora-
tion programmes, or economic valuations of these
ecosystems. A comparison of the coral reef data gen-
erated by the UNEP-WCMC, the ACA geomorphol-
ogy and the present study is provided in Figure 12.
A total surface of 162 km? for the total extent of coral
reef systems surrounding Toliara was calculated in
the present study, while ACA provides a total of 126.8
km? and the UNEP-WCMC coral reef data totaled
61.1 km?. It is also worth noting that this later data-
set misses the fringing reef of Sarodrano (Fig. 12.a)
which is present in both Figure 12.b and Figure 12.c.
Figure 12.b also shows that the enclosed basin, locally
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b) The present study
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Figure 11. Comparison of benthic coverage provided by the ACA data and the present study.
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known as “Grande Vasque” is erroneously interpreted
as reef slope. This figure also showcases several hard
reef structures within the lagoon which are misrep-
resented as reef slopes where it is clearly just a deep
lagoon. Furthermore, concerning the benthic cover-
age of the coral reef system in Toliara, the current
analysis reveals surface areas occupied by seagrass,
sand, rubble, coral, and algae, amounting to 21 km?
78 km?, 21 km?, 10 km?, and 6 km? respectively. Had
marine scientists or policymakers used the ACA
dataset, their calculations would have shown 22 km?
for seagrass, and 48 km? for sand, 21 km? for Coral/
Algae, and 28 km? for Rubble. The findings from the
present study align with those reported by Boto-
soamananto et al. (2021), who conducted localized
surveys within this coral reef system. The outer reef
slope is predominantly characterized by robust hard
corals, as highlighted, with the highest concentration
of macroalgae observed in its northern section. Addi-
tionally, the authors noted substantial hard coral cov-
erage within the reef patches of Sarodrano and the
southern segment of the inner slope of the “Grand
Recif de Toliara” (GRT). They also observed a signifi-
cant presence of rubble on the reef flats as illustrated
in Figure 11, a phenomenon documented by Brugge-
mann et al. (2012) and Andréfouét et al. (2013). These
studies describe this particular section of the barrier
reef, marked by an accumulation of dead coral and
rubble on the reef flat.
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Insight and considerations to enhance

coral reef mapping

Assessment of benthic cover of coral reefs requires
special attention, as variations in methodology can
lead to inconsistencies in coral reef mapping and
classification. The total surface area of coral reefs in
Madagascar has been reported differently across stud-
ies, with UNEP-WCMC, WorldFish Centre, WRI, TNC
(2021) reporting a total surface area of about 3,100
km? and the Allen Coral Atlas (Allen Coral Atlas, 2020)
showing a total of 5,076 km? for the coral reefs of
Madagascar. These variations do not indicate changes
in coral reef extent but rather the different method-
ologies used to assess them. Coral reefs are complex
and diverse ecosystems, with different species, mor-
phology, and spatial arrangement depending on local
environmental conditions. Inaccurate coral reef map-
ping and classification can have serious consequences
for conservation efforts, leading to misinformed pol-
icy and management decisions. Overestimating coral
cover can lead to inappropriate land-use decisions
such as coastal development or tourism which can
result in coral reef degradation and loss. Conversely,
underestimating coral cover can result in inadequate
protection or management measures, putting these
important ecosystems at risk. Therefore, when using
remote sensing techniques, a consistent and stand-
ardized methodology for assessing marine habitats
is essential for accurate and effective conservation
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Figure 12. Comparison between the available data of coral reef geomorphology in Toliara.
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and management. Validation and calibration of these
techniques using in-situ data are necessary to ensure
their accuracy and reliability. Overall, remote sensing
can be a powerful tool for marine habitat assessment
but it must be used with caution and care to avoid the
negative consequences of methodology diversity. This
study of the Toliara coral reef system underscores the
significance of integrating multiple fieldwork datasets
into the model training process, resulting in a nota-
bly enhanced mapping accuracy. This emphasizes the
crucial role of in situ data collection in refining remote
sensing techniques for more precise benthic habitat
mapping. Across the globe, various classification algo-
rithms are used for coral reef classification, with their
effectiveness contingent upon regional characteris-
tics, available field data, and the spectral and tempo-
ral resolution of satellite imagery. While SVM, k-NN,
and RT algorithms are prevalent in object-based coral
reef benthic mapping publications (Burns ez al., 2022),
studies such as those by Mountrakis et al., (2011) indi-
cate that SVM often yields higher accuracy values
compared to other techniques. However, the current
research reveals that in this specific context, the k-NN
algorithm outperforms SVM in terms of accuracy.
This highlights the importance of selecting the most
suitable algorithm tailored to local conditions when
mapping coral habitats. Moreover, the performance
of classification algorithms is subject to variations in
image quality and resolution, training data set size,
class types, and algorithm-specific parameter tuning.
Hence, it is imperative to identify the most effective
approach for this region based on these factors.

Conclusion

This study highlights the successful application of
the OBIA method in conjunction with in-situ data to
map coral reefs at local scales, using freely available
high-resolution satellite images from Sentinel-2. This
approach provides a replicable methodology for coral
reef mapping projects using the same types of image
and field data and lays the foundation to assess long-
term changes in coral reef habitats, spatial observa-
tions of coral reef resilience, evaluation of seagrass
distribution, and assessment of habitat health for
herbivorous fishes. The use of georeferenced photo-
graphs not only establishes a formal linkage between
the image and field data but also presents a valuable
opportunity for informing stakeholders, managers,
and other interested parties on the capabilities of sat-
ellite imaging for mapping and measuring reef fea-
tures. Over 4,000 georeferenced photographs were
used as reference data to produce a highly accurate
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map of the 18 km-long barrier reef of Toliara and the
nearby reef systems. The efficacy of this mapping
approach relies on both the quantity and quality of
fieldwork data used to train the classifier algorithms
for identifying features within satellite images. The
greater the availability of comprehensive field data,
the higher the accuracy of the resultant map. This
explains why the ACA does not perform optimally in
areas with limited field data. While global data may
offer an initial reference for evaluating the extent or
likelihood of coral reef occurrence, solely depending
on such information for decision-making concerning
coral reef management or restoration programmes
entails considerable risks. Therefore, nations should
prioritize local data collection and national-level sat-
ellite image processing to ensure precise assessments.
This study illustrates that, even with freely available
satellite imagery such as Sentinel-2 and basic logisti-
cal resources for field work data collection, sufficient
accuracy can be attained to produce maps of coral
reef geomorphology and benthic habitats.
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