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Abstract: Monitoring chlorophyll-a concentration or turbidity is crucial for understanding and
managing oligo- to mesotrophic coastal waters quality. However, mapping bio-optical components
from space in such shallow settings remains challenging because of the strong interference of the
complex bathymetry and various seabed colors. Correcting the total satellite reflectance signal from
the seabed reflectance in ocean color with high resolution sensors is promising. This article shows
how unsupervised clustering approaches can be applied to Sentinel-2 images to classify seabed colors
in shallow waters of a tropical oligotrophic lagoon in New Caledonia. Data processing included
Lyzenga correction for estimating the water column reflectance, optical spectra standardization for
attenuating water absorption effects and clustering using the unsupervised k-means method. This
methodological approach was applied on the 497, 560, 664 and 704 nm optical bands of the selected
Sentinel-2 image. When applied on non-standardized data, our unsupervised classification retrieved
three seafloor clusters, whereas five seafloor clusters could be retrieved using standardized data.
For each of these two trials, the computed membership values explained more than 75% of the
inertia in each Sentinel-2 wavelength band used for the clustering. However, the accuracy of the
method was slightly improved when applied on standardized data. Confusion index mapping of
the unsupervised clustering retrieved from these data emphasized the relevance and robustness of
our methodological approach. Such an approach for seabed colors classification in optically complex
shallow settings will be particularly helpful to improve remote sensing of biogeochemical indicators
such as chlorophyll-a concentration and turbidity in fragile coastal environments.

Keywords: seabed mapping; clustering; machine learning; k-means; tropical lagoon; Sentinel-2;
New Caledonia

1. Introduction

In the context of global environmental changes, there is still a tremendous need for
indicators of oceanic coastal vulnerability in shallow waters of tropical lagoons, due to the
economic importance of these areas [1–3]. A high variety of bio-optical and biogeochemical
parameters can be derived [4,5] from empirical or semi-analytical algorithms for environ-
mental monitoring by ocean color satellite imagery [6]. In the lagoon of New Caledonia,
previous studies demonstrated the capacity of satellite-based data to estimate turbidity or
chlorophyll-a concentration for waters deeper than 20 m [7,8]. However, similar approaches
for oligotrophic shallow waters failed because of the strong influence of the seabed type
on satellite reflectance [9,10]. In such coastal settings, recent studies using Support Vector
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Machine (SVM) relying on the introduction of environmental variables such as bathymetry
and seabed color approach were successfully employed to remotely assess chlorophyll-a
concentration [11] and turbidity [12]. Although bathymetry is an environmental variable
easily accessible from satellite images, remote mapping of seabed color is more challenging.
Seabed reflectance determination in shallow coastal waters is usually based on model in-
version equations from forward models for reflectance (HydroLight-EcoLight) [13] or other
semi-analytical models using look-up tables (LUT) for water column optical properties at
different depths [14]. As an illustration, field estimation of the water attenuation coefficient
in the Southern lagoon of New Caledonia allowed to map the bathymetry from a clear
MERIS image [15], while supervised clustering helped to classify the seabed into three
categories (white sand, grey sand and mud) [16]. However, such supervised clustering ap-
proaches rely on the availability of field data to be compared with computed parameters. In
situations where such field data are missing, unsupervised classification might represent an
option, as suggested by recent studies that successfully used this approach with side-scan
sonar imagery and multibeam bathymetry data [17] or acoustic backscattering imagery
generated from a multibeam sounder [18]. The very low confusion indices (CI) obtained
in these studies emphasizes the great potential of unsupervised classification to unravel
seabed classification in shallow oligotrophic coastal waters based on satellite images.

The objective of this study was to apply unsupervised classification of seabed re-
flectance on a selected area from the Northern lagoon of New Caledonia that is character-
ized by shallow oligotrophic waters. Our leading hypothesis was that the various seabed
colors at the investigated area could be discriminated based on their specific spectral signa-
tures, knowing the bathymetry. The processed spectral signatures were extracted from a
Sentinel-2 multispectral image. Such high-resolution sensors were already used to map
water quality [19], turbidity [20] or bathymetry and coral reefs in tropical environments sim-
ilar to the one investigated in this study [21,22]. In the present study, the processing steps
used to cluster the seabed spectral reflectance at the investigated area are described and the
strengths and shortcomings of the approach are discussed. This approach is expected to
be widely reproducible whatever the in situ data available, provided the environmental
context is similar (i.e., oligotrophic shallow coastal waters).

2. Materials and Methods
2.1. General Conception of the Study

Figure 1 provides an overview of the process used for conducting this study. The aim of
this study was to cluster the seabed spectral signal in the Voh-Koné-Pouembout (VKP) area
of the North-Western lagoon from New Caledonia. For that purpose, a Sentinel-2 image
was selected and the Lyzenga correction was applied in order to get the seabed spectral
signal by withdrawing the water column contribution [15,16,23]. Then, an unsupervised
clustering of the corrected pixels of the image was performed in order to cluster pixels with
similar seabed spectral signal (i.e., hereafter referred to as “non-standardized clustering”).
In addition, we also attempted to cluster the pixels of the image after standardization of
the spectral signal (i.e., hereafter referred to as “standardized clustering”). Finally, the
pixels clustered with both the “non-standardized clustering” and “standardized clustering”
approaches were used to build seabed color maps that could further be implemented in the
satellite-based model using unsupervised classification to depict the spatial distribution of
environmental parameters in the investigated shallow coastal waters.
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Figure 1. Schematic view of the different steps used for processing Sentinel-2 data for seabed clustering.

2.2. Study Area

The Voh-Kone-Pouembout (VKP) lagoon is a small part (West Coast, Northern Province)
of the New Caledonia lagoon, a south Pacific archipelago located between 162–169◦ E
longitude and 19–23◦ S latitude (Figure 2A) which covers a total surface of 20,000 km2 and
holds a large diversity of habitats (Figure 2B). Considering the bathymetric data extracted
from the 100 m resolution file of the New Caledonia administration database [24], depth
in the VKP lagoon is usually less than 5 m (around 70% of the lagoon surface; Figure 2C).
However, it can exceed 30 m in passes and around, with an average value of around 20 m
(Figure 2C). During a 2010–2015 environmental survey performed at 54 stations in the VKP
lagoon, about 85% of in situ measurements revealed turbidity values below 2.0 NTU, and
more than 70% values were below 1.0 NTU. These values are in agreement with the known
oligotrophic characteristics of the lagoon waters in New Caledonia [7,25–27]. Except for
the muddy areas close to coastal bays [12], the water of the studied area is thus very clear.
For this area, 11 biotopes were defined [12] from about 80 field stations in a previous study:
white and grey sands, mud, sea grass, mangrove, pass, open ocean and reef-flats (external
and internal barrier reef, fringing and reticulated reefs).
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Figure 2. Location (A), Google image (B) and bathymetry map (C) of the Voh-Kone-Pouembout
lagoon in New Caledonia. The thin barrier reef, main reef-flats and bays are shown in yellow, while
the Oundjo, Kone, Pouembout villages are indicated in white on the Google image. The bathymetry
map was built from data in [24]. Land and pixels corresponding to emerged areas are masked
in black.
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2.3. Sentinel-2 Image Selection and Pre-Processing

Level-2A Sentinel-2 (©ESA) images from the THEIA platform (https://theia.cnes.fr/
atdistrib/rocket/#/home, accessed on 1 December 2017) are already geometrically recti-
fied, processed for atmospheric corrections, and pixel values are converted into surface
reflectance (Level 2) using the multi-sensor atmospheric correction and cloud screening
algorithm (MAACS) [28]. The 31 July 2017 image was retained for this study because it
showed very clear waters at the studied area, which is a major condition of the method-
ological approach (i.e., see §2.5 on Lyzenga correction). The archives downloaded from
the THEIA platform contain numerous files arranged by spectral bands and process-
ing (https://www.theia-land.fr/sites/default/files/imce/produits/SENTINEL-2A_L2A_
Products_Description.pdf, accessed on 1 December 2017). The Sentinel-2 image used for
this study included four spectral bands (i.e., blue b2 at 497 nm, green b3 at 560 nm, red b4
at 664 nm and near-infrared (NIR) b8 at 835 nm) at a 10m spatial resolution [29]. This image
also included six spectral bands (i.e., red b5 at 704 nm, red b6 at 740 nm, red b7 at 782 nm,
near-infrared (NIR) b8a at 865 nm, and short-wave infrared SWIR b11 at 1614 nm and
b12: 2202 nm) at a 20m spatial resolution [29] (with the three b1, b9 and b10 atmospheric
bands excluded from our analysis). For homogenization, the spatial resolution of the
10m-resolution bands (i.e., 497, 560, 664 and 835 nm) was degraded to 20 m by the mean
aggregation method. Only reflectance files including correction of the slope effects (FRE
files) and files of cloud mask (CLM files) were used. The selected image was cut in order to
fit the bounding box of the study area. Finally, the land and clouds pixels were removed
from the selected image, as well as the deepest pixels of the lagoon (>30 m depth) where
the seabed signal cannot be properly detected because of absorption by the water column.

2.4. Reflectance Decomposition Equations

Equation (1) [10] gives the surface reflectance ρs(λ) as a function of the bottom (seabed)
reflectance ρb(λ), the deep-water reflectance ρw(λ), the attenuation coefficient Kd(λ) and
the seabed depth z of the whole study area:

ρs(λ) = [ρb(λ)− ρw(λ)] e−2Kd(λ)z + ρw(λ) (1)

Inversion of this equation allows to express the bottom reflectance ρb(λ), assumed to
be constant, as shown in Equation (2):

ρb(λ) = [ρs(λ)− ρw(λ)]e2Kd(λ)z + ρw(λ) (2)

In this equation where all parameters, but z, are wavelength-dependent, Kd(λ) stands
for the attenuation coefficient (in m−1), the reflectance is unitless and the water depth z is
given in m.

2.5. Lyzenga Correction on the Image

The Lyzenga correction algorithm was applied following the three-steps method
depicted in [16] to assess all wavelength-dependent parameters in Equation (2). By using
this method, we expected simulation of water column removal and thus getting the seabed
signal noted ρb in Equation (2). In a first step, the attenuation coefficient of water Kd(λ) was
assessed by assuming a constant value for the whole selected image. Indeed, the attenuation
coefficient must be assessed with pixel samples for the same seabed at different depths [15].
The surface reflectance was extracted at all the stations with a known depth (i.e., 18 stations
with a “grey sand” and 13 “white sand” biotopes) and for each biotope. The reflectance
median value by depth was then computed, which enabled to depict the regression of
reflectance as a function of depth that provided an assessment of the attenuation coefficient
for each biotope [12]. Finally, the attenuation coefficients computed for these two biotopes
were averaged to yield a constant attenuation coefficient for the whole selected image.

In a second step, the deep-water reflectance (i.e., no seabed contribution) ρw(λ) was
assessed. In this step, a strong hypothesis assumed by the Lyzenga method is that the

https://theia.cnes.fr/atdistrib/rocket/#/home
https://theia.cnes.fr/atdistrib/rocket/#/home
https://www.theia-land.fr/sites/default/files/imce/produits/SENTINEL-2A_L2A_Products_Description.pdf
https://www.theia-land.fr/sites/default/files/imce/produits/SENTINEL-2A_L2A_Products_Description.pdf
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deep-water reflectance ρw(λ) is constant for the whole image. As reported in [15], this
deep-water reflectance was estimated at pixels where the water depth was so high that the
seabed influence on the remote-sensing signal could be neglected. In these conditions, the
term e−2Kd(λ)z in Equation (1) is very low and Equation (1) transforms to Equation (3):

ρs(λ) ≈ ρw(λ) (3)

The deep-water reflectance ρw(λ) was thus approximated by the surface reflectance
ρs(λ) measured at pixels of high water depth on the selected image.

In a third step, the attenuation coefficient Kd(λ), the deep-water reflectance ρw(λ), the
depth z (known at each pixel of the selected image [23]) and the sea surface reflectance
ρs(λ) previously determined were used to assess the seabed reflectance ρb(λ) according to
Equation (2).

In our study, the first and third steps of the method were applied only on the pixels
of the selected image with a water depth lower than 30 m, whereas the second step was
applied on all the pixels of the selected image. Four successive analyses of the selected
image following this procedure were performed with the spectral bands at 497, 560, 664
and 704 nm.

2.6. Reflectance Standardization

Water absorption is stronger for long wavelength bands (red) than for shorter ones
(blue) [30]. As a consequence, the Lyzenga correction is not adapted for pixels related to
relatively deep water [31] because the seabed signal is strongly attenuated for long wave-
lengths. This wavelength-dependent attenuation yields a distortion of the remote-sensed
signal that can strongly influence the retrieved values of the environmental parameters
being analyzed. In our study, a reflectance standardization was used to overcome such a
signal distortion. This standardization consists of centering and scaling to unit standard de-
viation the signal computed with all the pixels in each spectral channel. The results obtained
with standardized data were then compared with those obtained with non-standardized
data, in order to emphasize the efficiency of such a normalization.

2.7. Clustering

The k-means algorithm provides optimal clustering by minimizing the variance within
each defined cluster. This algorithm is thus particularly adapted to obtain an optimal
clustering of similar pixels on a selected image so that the added variances of each group
explain the total variance of the pixels in the most satisfactory manner. Clustering is
considered unsupervised because there is no label for the resulting groups during the space
partition. In our study, unsupervised clustering was performed on non-standardized and
standardized Sentinel-2 reflectance (497–704 nm) of the pixels. The number of groups
needed for clustering the seabed colors (spectral signal) was not previously known. This
number was determined on the basis of the inertia explained by the partition in the pixel
space and the Calinski–Harabasz index.

Once the clustering was performed, membership values were mapped in order to
show the group prevalence at each pixel [17,32,33]. Assuming that n groups are needed
for optimal clustering, the membership value µik of the pixel i to the group k is given by
Equation (4) (with dik the Euclidian distance between a pixel i and the center of the group k):

µik =
1

d2
ik
× 1

∑n
k=1

1
d2

ik

(4)

For each pixel, a membership value was determined for each group. According to

Equation (4), the sum of the membership values is equal to 1 (∀i :
n
∑

k=1
µik = 1).
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From this feature, the clustering uncertainty can be assessed using the confusion index
(CI) associated with a pixel i following Equation (5):

CIi =
µ(max2)i

µmaxi

(5)

In this equation, µmaxi = max
1≤k≤n

µik corresponds to the greatest membership value on

pixel i and µ(max2)i
= max

1≤k≤n, k 6=K
µik is the second greatest value of the membership values

associated with the pixel i and K = max
1≤k≤n

−1µ ik. A CI close to 0 means that only one group

k prevails at the pixel, with a high membership value associated with this group k. This
situation corresponds to a weak uncertainty. On the contrary, a CI close to 1 means that
uncertainty is high between at least two groups at the pixel.

2.8. Software for Processing

All data processing was performed with R 3.1.0 [34]. The k-means clustering was
performed with the “kmeans” function from the “stats” library which uses the algorithm
of Hartigan and Wong [35] and the ‘kmeansruns” function from the “fpc” library which
enables computing of the Calinski–Harabasz index.

3. Results
3.1. Parameter Values Retrieved from the Lyzenga Correction

The values of the attenuation coefficient Kd(λ) (mean and standard deviation) at
497, 560, 664 and 704 nm retrieved from the Lyzenga correction on the selected image are
depicted in Table 1, together with the deep-water reflectance ρw(λ) measured at a deep-
water station not influenced by seabed, turbidity and colored dissolved organic matter and
therefore showing low reflectance values.

Table 1. Values of the attenuation coefficients Kd(λ) (mean [standard deviation]) and deep-water
reflectance ρw(λ) retrieved from the selected Sentinel-2 image (31 July 2017) for the VKP lagoon.

λ Kd(λ) ρw(λ)

497 0.04 [0.02] 0.0180
560 0.07 [0.02] 0.0033
664 0.15 [0.08] 0.0003
704 0.18 [0.13] 0.0002

Figure 3 shows the histograms of the bottom reflectance ρb(λ) values calculated with
these parameters on the selected image for the four corrected wavelengths used. At 497 nm,
bottom reflectance values extended up to 0.44 and 95% of the pixels returned values below
0.15 with a maximum in the 0.02–0.06 range. At 560 nm, values extended up to 0.43 and
95% of the pixels returned values below 0.14 with a maximum in the 0.00–0.002 range. At
664 nm, values extended up to 0.38 and 95% of the pixels returned values below 0.06 with
a maximum in the 0.00–0.002 range. Finally, at 704 nm, values extended up to 0.38 and 95%
of the pixels returned values below 0.05 with a maximum in the 0.00–0.002 range.

Figure 4 compares the selected image of the VKP lagoon on 31 July 2017 before and
after the Lyzenga correction with the attenuation coefficient Kd(λ) and the deep-water
reflectance ρw(λ) values at 497, 560, 664 and 704 nm reported in Table 1 and the bottom
reflectance ρb(λ) values retrieved from the unsupervised clustering performed at the same
wavelengths (Figure 3). Color images presented are RGB composites of the three 497, 560
and 664 nm (b2, b3 and b4) channels (Figure 4).
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after (B) the Lyzenga correction (water column contribution subtracted).

3.2. Classification with Non-Standardized Data

According to the Calinski–Harabasz index, classifying the pixels of the selected image
with non-standardized data yields three clusters. This option explains more than 75% of
the inertia of these data. Associated densities of the CI are shown at Figure 5A. Globally,
the CI values are clustered around 0, with a width distribution lower than 0.1 and very few
pixels close to 1 (i.e., 2.4% of the pixels have a CI > 0.9).

The membership values for the three clusters retrieved from this unsupervised classi-
fication with non-standardized data are depicted in Figure 6A,B,C, together with a map
of CI (Figure 6D). This figure shows that there are very few pixels with medium values
(i.e., around 0.5) of membership values. Moreover, these pixels are only located at cluster
boundaries. These pixels are located around coastal zones (in Pouembout bays, in front of
the Koniène reef-flat, coastal reef-flat close to the Chasseloup Bay) (Figure 2B).
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Figure 6. Confidence indicators of the unsupervised clustering with non-standardized data showing
membership values for clusters 1 (A), 2 (B) and 3 (C) and confusion index (D) of the whole selected
area in the VKP lagoon. A confusion index close to 0 means that only one group k prevails at the
pixel, with a high membership value associated with this group k.

Cluster 3 is the largest in size with 58% of the total pixels (Table 2). These pixels are
generally close to passes and to river discharges, which correspond, respectively, to deep
areas or to areas of high terrestrial inputs (Figures 6C and 2B). Cluster 1 is the second largest
with 31% of the total pixels (Figure 6A, Table 2). These pixels are located in the northern
part of the Chasseloup Bay, on the Gatope Great Reef, in front of the Vavouto Bay between
coast and barrier reef, on the major part of the Koniène reef-flat, along the Franco beach
and the White Bay and along the barrier reef in front of the White Bay (Figures 6A and 2B).
Finally, cluster 2 represents 11% of the total pixels (Table 2). These pixels are located in
the shallow area in front of Oundjo and along the barrier reef in front of the Vavouto Bay
(Figures 6B and 2B).

Table 2. Number of pixels and percentages of the total number of pixels in the selected image in the
three clusters retrieved from the unsupervised classification with non-standardized data.

Cluster 1 2 3

Numbers (%) 445,850 (31%) 156,754 (11%) 837,747 (58%)

Figure 7 shows the satellite reflectance as a function of the wavelength for the three
clusters retrieved from the unsupervised classification with non-standardized data. Mean
values are reported in Table 3. Cluster 2 shows the highest non-standardized reflectance
values, which indicates that pixels within this cluster have the highest reflectivity on
the selected image (Figure 7B). Cluster 1 shows medium non-standardized reflectance
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(Figure 7A) and cluster 3 shows the lowest values (Figure 7C; Table 3). The pixels included
in this cluster are thus expected to be the darkest on the selected image.
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Table 3. Mean reflectance values at the four wavelengths for each cluster retrieved from the unsu-
pervised classification with non-standardized data. The inertia explained for each of the different
spectral bands is also reported.

λ 497 nm 560 nm 664 nm 704 nm

Cluster 1 0.0868 0.0771 0.0242 0.0187

Cluster 2 0.1536 0.1448 0.0452 0.0282

Cluster 3 0.0394 0.0206 0.0033 0.0024

Inertia (%) 78.10 84.56 46.25 25.66

The results of this unsupervised classification with non-standardized data indicate
a well explained inertia for the 497 and 560 nm (i.e., 78% and 85%, respectively; Table 3).
However, the explained inertia falls to 46% for the 664 nm and 25% for the 704 nm. This
suggests a lower performance of the unsupervised classification with non-standardized
data in the red part of the visible range and in the NIR region.

3.3. Classification with Standardized Data

According to the Calinski–Harabasz index, classifying the pixels of the selected image
with standardized data yields five clusters. This option explains more than 80% of the
inertia of these data. Associated densities of the CI depicted in Figure 5B show that CI
values are still clustered around 0 with a width distribution lower than 0.1. The membership
values of the five clusters are depicted in Figure 8A–E as individual maps, together with
a map of the CI (Figure 8F). As for non-standardized data, there are very few pixels with
medium membership values and these pixels are only located at cluster boundaries. The
pixels with a CI value close to 1 are located either close to coastal zones or at reef-flats and
they represent only a small fraction of the studied image (i.e., only 2.3% of the pixels have a
CI > 0.9).

Clusters 1, 3 and 5 are the smallest in size with 3%, 12% and 8% of the total pixels,
respectively (Table 4). Cluster 1 pixels are often located at the shallowest areas in front
of Oundjo and in the inner part of the Koniène reef-flat (Figures 8A and 2B). Cluster 3
pixels are most commonly found around the reef-flat out of the Chasseloup Bay, along
the Oundjo coast, on the major part of the Koniène reef-flat and sporadically around the
Franco beach and the barrier reef in front of the Pindai beach (Figures 8C and 2B). Cluster 5
pixels are most commonly located on the Gatope Great Reef, in the shallow area in front
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of Oundjo, in the barrier reef inner margin, in the area in front of the Franco beach and in
the area close to barrier reef in front of the Pindai beach (Figures 8E and 2B). Clusters 2
and 4 represent 56% and 21% of the total pixels, respectively (Table 4). Cluster 2 pixels are
generally close to passes and to river discharges, which correspond, respectively, to deep
areas or to areas of high terrestrial inputs. Cluster 4 pixels are located in the inner part of the
Gatope Great Reef, in front of Oundjo between the coast and the barrier reef, between the
Koniène reef-flat, along the White Bay and in front of the Pindai beach (Figures 8D and 2B).
These pixels usually connect cluster 1 and cluster 5 (Figure 8A,E).
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Figure 8. Confidence indicators of the unsupervised clustering with standardized data showing
membership values for clusters 1 (A), 2 (B), 3 (C), 4 (D) and 5 (E) and confusion index (F) of the whole
selected area in the VKP lagoon. A confusion index close to 0 means that only one group k prevails at
the pixel, with a high membership value associated with this group k.

Table 4. Numbers of pixels and percentages of the total number of pixels in the selected image in the
five clusters retrieved from the unsupervised classification with standardized data.

Cluster 1 2 3 4 5

Pixels (%) 42,576 (3%) 802,882 (56%) 175,647 (12%) 300,408 (21%) 118,838 (8%)

Figure 9 shows the satellite standardized reflectance as a function of the wavelength
for the five clusters retrieved from the unsupervised classification with standardized data.
Mean values are reported in Table 5. Clusters 1 and 5 show the highest standardized
reflectance values, which indicates that pixels within these clusters have the highest re-
flectivity on the selected image. Both clusters show an opposite wavelength-dependent
variation of standardized reflectance, with the highest values in the 664 and 704 nm bands
for cluster 1 and in the 497 and 560 nm bands for cluster 5 (Figure 9A,E; Table 5).
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Table 5. Mean reflectance values at the four wavelengths for each cluster retrieved from the unsu-
pervised classification of standardized data. The inertia explained for each of the different spectral
bands is also reported.

λ 497 nm 560 nm 664 nm 704 nm

Cluster 1 1.34 1.86 3.37 3.71
Cluster 2 −0.65 −0.71 −0.56 −0.46
Cluster 3 −0.002 0.50 1.34 1.49
Cluster 4 0.71 0.52 −0.16 −0.29
Cluster 5 2.12 2.073 1.05 0.36

Inertia (%) 76.94 83.06 83.58 83.11

In the same way, clusters 3 and 4 show medium standardized reflectance values with
opposite variation (i.e., higher values at 664 and 704 nm for cluster 3 and at 497 and 560 nm
for cluster 4; Figure 9A,D; Table 5). Finally, cluster 2 shows very low and almost constant
standardized reflectance values across the whole spectral range (Figure 9B; Table 5). The
pixels included in this cluster are thus expected to be the darkest on the selected image.
The results of this unsupervised classification with standardized data can be considered as
satisfying since the lowest explained inertia (i.e., 497 nm band) is 77% (Table 5).

3.4. Maps of the Seabed Clusters with Both Non-Standardized and Standardized Data

Comparison of the clusters retrieved from unsupervised classification with non-
standardized data (i.e., 3 clusters; Figure 6) and standardized data (i.e., 5 clusters; Figure 8)
yields the maps displayed in Figure 10. Despite some differences in these two maps,
cross-tabulation of the clusters retrieved by both classifications shows similar patterns
(Table 6).
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Table 6. Cross-tabulation of the clusters retrieved from the unsupervised classification with non-
standardized and standardized data.

Non-Standardized
Data—3 Clusters

Standardized Data—5 Clusters

1 2 3 4 5

1 14,057 84 144,636 277,779 9,294

2 28,519 0 4,899 13,792 109,544

3 0 802,798 26,112 8,837 0

Most of the pixels grouped in cluster 2 with the standardized data are grouped in
cluster 3 with non-standardized data. Conversely, 96% of the pixels grouped in cluster 3
with non-standardized data are grouped in cluster 2 with standardized data. Similarly, 92%
of the pixels grouped in cluster 4 and 82% of those grouped in cluster 3 with standardized
data are grouped in cluster 1 with non-standardized data. Conversely, around 95% of
the pixels grouped in cluster 1 with non-standardized data are grouped in clusters 3 and
4 with standardized data. Finally, 92% of the pixels grouped in cluster 5 and a half of
those grouped in cluster 1 with standardized data are grouped in cluster 2 with non-
standardized data. Conversely, around 88% of the pixels grouped in cluster 2 with non-
standardized data are grouped in clusters 1 or 5 with standardized data. These similarities
between unsupervised classification with non-standardized or standardized data support
the stability and consistency of our methodological approach.

4. Discussion
4.1. Addressing the Possible Issues Related to the Lyzenga Correction

The methodological approach proposed in this study to classify the seabed in shallow
lagoon waters with Sentinel-2 images strongly relies on the Lyzenga correction to remove
the seabed contribution from satellite images. The main assumptions are that (i) differences
in radiances between different pixels for the same substrate are due to differences in depth
and (ii) the attenuation coefficient is constant for each band. However, several issues related
to this procedure had to be addressed.

First, the Lyzenga correction is in principle not applicable on deep pixels because the
satellite reflectance is too strongly absorbed by the water column. The deepest pixels in the
analyzed image thus have to be masked and they are neither processed nor clustered during
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the unsupervised classification. However, these pixels corresponding to the deepest water
depth could represent an additional cluster of “dark pixels”. This issue can be addressed
by quantifying the actual number of dark pixels that have to be masked. In our study, these
dark pixels represented less than 3% of the total pixels on the selected image and it can
thus be considered that they would not have represented a significant additional cluster.

Second, the algorithm used for the Lyzenga correction assumes vertical and horizontal
homogeneity in the optical properties of water. This procedure is thus expected to be
applicable for pixels corresponding to very clear waters and its performance depends on
the wavelength used [31]. In the visible range, the procedure yields accurate results until
5 m depth and it is considered to remain suitable until 15 m depth for bands in the blue and
green wavelengths [15]. Application of the Lyzenga correction would thus require filtering
the analyzed image in order to remove all pixels that correspond to a water depth higher
than 15 m. In our study, we chose to extend the range of the Lyzenga correction to pixels
with a water depth of 30 m, in order to avoid excluding the very few pixels corresponding
to the passes at the studied area in our unsupervised clustering approach (Figure 2).

Third, a limitation of the Lyzenga correction might arise from the heterogeneity of
the mapped area. Indeed, while testing the efficiency of the procedure for mapping
biotopes in Florida Keys with hyperspectral imagery of Airborne Visible/Infrared Imaging
Spectrometer (AVIRIS), [32] found no improvement compared to a similar mapping on
an uncorrected image. The authors suggested that this low performance of the Lyzenga
correction was due to the high variability of the seabed at the study site. This procedure
might thus be irrelevant for highly heterogeneous lagoon environments [31]. In addition,
the major assumption of the Lyzenga correction is that the attenuation coefficient and
deep-water reflectance are constant across the whole analyzed image [31]. This procedure
has thus to be applied on an image with very homogeneous and clear water. Although the
image processed in our study showed no clouds, some parts of the studied area appeared
more or less colored by suspended particulate matter due to river inputs. This was notably
the case in the shallow Vavouto Bay (Figure 2). Since the Lyzenga correction was also
applied in these areas, the resulting clustering might be not fully reliable. However, these
areas correspond either to very colored water pixels for which seabed contribution to
the satellite surface water can be neglected and they were clustered with deep-water
pixels (close to passes) for which seabed has low or no influence on satellite surface water
reflectance. Clustering these few pixels in groups with low or no influence on satellite
surface water reflectance is thus consistent.

4.2. Extensions of the Method with Fuzzy Clustering

For clustering the seabed pixels, we used the classical hard clustering k-means method
that assigns only one label to each pixel. Then, we used the membership concept and CI in
order to check the confidence in the output clustering. As done in Ismail et al. [17], a CI
close to 0 means that only one cluster dominates the location, inducing a low confusion.
Conversely, a CI close to 1 means a high confusion. This confusion may be due to uncer-
tainty from clustering, or this can represent transition areas from a specific spectral class to
another one [36]. However, this study focused on seabed pixels that are not expected to be
highly time-dependent compared to water pixels.

The clustering step proposed in this study could be improved in future studies by
using a real fuzzy-C means (FCM) clustering approach relying on the tuning of the fuzziness
parameter [36,37]. The fuzzy maximum likelihood estimation (FMLE) clustering is another
method that uses posterior conditional probability instead of Euclidian distance when
computing the membership values [33]. This method was refined in Lucieer and Lucieer in
order to take into account the spatial information [33].

4.3. Tentative Interpretation of Clusters from Their Reflectance

Despite the low number of visible bands provided by Sentinel-2 images, the five
well-defined clusters (Figure 10) retrieved from our unsupervised classification with stan-
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dardized data allowed to depict the various seabed classes. The stability and consistency of
our methodological approach is attested for by the strong similarities between unsupervised
classification with non-standardized or standardized data.

Actual knowledge of the seabed type in the VKP lagoon is related to diving observa-
tions, which do not correspond to color or reflectance reference. Among the 11 biotopes
defined [12], white and grey sands could correspond to a high reflectance, while mud
would be brown colored and seagrass would be more likely dark-green colored. On the
other hand, pass and open ocean biotopes are characterized by deep-water reflectance.
Since these definitions of biotopes do not correspond to an actual reflectance, they are not
directly related to the clusters retrieved from the current study. For instance, the “reef-flat”
class is quite heterogeneous (external and internal barrier reef, fringing and reticulated
reefs) and no single seabed color can be associated with these different biotopes, as it
strongly depends on their actual coral species and benthic organism coverage.

5. Conclusions

This study aimed at providing a clustering of the seabed colors in a tropical lagoon
with shallow oligotrophic waters by using open data from Sentinel-2. The satellite surface
reflectance was corrected by using the Lyzenga approach in order to obtain the seabed
reflectance. The method was applied only on the pixels with a depth below 30 m, since the
seabed does not influence surface reflectance for higher depth. Retrieved clusters represent
optical seabed classes and their relevance was demonstrated through statistical consider-
ations. The use of a Sentinel-2 image with a high resolution (i.e., 10–20 m depending on
the band considered) allowed to obtain well spatially defined clusters. Such images seem
thus particularly well-suited for remote sensing analysis of shallow and optically complex
waters. Moreover, the frequency of Sentinel-2 acquisitions (i.e., 5 days) gives access to a
large set of images that can be further sorted (cloud cover, water clearance) to get the most
suited one for such analysis purposes. However, Sentinel-2 images are limited to three
visible bands (i.e., 497–664 nm) and one near infrared band (i.e., 704 nm). Since this latter
band is affected by strong water absorption, the spectral accuracy for water reflectance
in the visible range is not optimal. This is the reason why we tentatively performed our
unsupervised classification (i.e., k-means) on both non-standardized and standardized
data. This approach allowed identifying five clusters when using standardized data and
three clusters when using non-standardized data. Despite this difference in the number of
clusters, the common patterns found for the distribution of the pixels at the study area with
the two sets of data support the robustness of the methodological approach used. However,
inertia of the dataset was better explained with standardized data, which suggests that
this latter approach is better suited. Moreover, handling of unitless variables resulting
from standardization is more convenient for spatial or time-dependent comparison pur-
poses. Despite the low number of visible bands provided by the Sentinel-2 image, the
five well-defined clusters (Figure 10) retrieved from our unsupervised classification with
standardized data allowed to depict the various seabed classes that can be seen on the
true color RGB image. The unsupervised classification depicts a totally new vision of the
bottom color at the studied area, which must be validated by dedicated field observations
of the seabed using radiometers. Although this vision might appear slightly different
and it could potentially be improved by using other clustering methods, such as FCM
or FMLE clustering, the current results provide strong evidence of the robustness of the
methodological approach proposed.

Beyond the single case of the investigated area (i.e., the VKP lagoon in New Caledonia),
this study emphasizes the gain offered by the proposed approach for clustering seabed
colors from Sentinel-2 images. A strength of this original approach is that it does not
require a lot of in situ data for validation. Moreover, it could be applicable to a large
number of shallow oligotrophic coastal settings, as long as an image with very clear water
is available in order to fulfill the Lyzenga condition of a similar attenuation coefficient over
the whole Sentinel-2 processed area. The results obtained suggest that implementation in
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satellite-based models of seabed unsupervised clustering on a color basis could greatly
improve the assessment of water quality indicators in oligotrophic shallow coastal waters.
Further studies should thus now be engaged to assess the efficiency of implementing this
approach in optical models to improve remote sensing of biogeochemical indicators such
as chlorophyll-a concentration or turbidity in optically complex coastal areas.
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