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Abstract: The recent development and miniaturization of hyperspectral sensors embedded in drones
has allowed the acquisition of hyperspectral images with high spectral and spatial resolution. The
characteristics of both the embedded sensors and drones (viewing angle, flying altitude, resolution)
create opportunities to consider the use of hyperspectral imagery to map and monitor macroalgae
communities. In general, the overflight of the areas to be mapped is conconmittently associated
accompanied with measurements carried out in the field to acquire the spectra of previously identified
objects. An alternative to these simultaneous acquisitions is to use a hyperspectral library made
up of pure spectra of the different species in place, that would spare field acquisition of spectra
during each flight. However, the use of such a technique requires developed appropriate procedure
for testing the level of species classification that can be achieved, as well as the reproducibility
of the classification over time. This study presents a novel classification approach based on the
use of reflectance spectra of macroalgae acquired in controlled conditions. This overall approach
developed is based on both the use of the spectral angle mapper (SAM) algorithm applied on first
derivative hyperspectral data. The efficiency of this approach has been tested on a hyperspectral
library composed of 16 macroalgae species, and its temporal reproducibility has been tested on a
monthly survey of the spectral response of different macro-algae species. In addition, the classification
results obtained with this new approach were also compared to the results obtained through the
use of the most recent and robust procedure published. The classification obtained shows that the
developed approach allows to perfectly discriminate the different phyla, whatever the period. At
the species level, the classification approach is less effective when the individuals studied belong to
phylogenetically close species (i.e., Fucus spiralis and Fucus serratus).

Keywords: intertidal macroalgae; hyperspectral library; spectral classification; photosynthetic pigments

1. Introduction

Macroalgae communities represent an essential component of the coastal environ-
ment as they play a major role as mating and nursery grounds [1,2], feeding areas [3],
and refuges [4] for many species. Furthermore, their contribution to the coastal primary
productivity is no longer to be demonstrated [5,6] with an assimilation of carbon an order
of magnitude higher than the one of phytoplankton [7]. In coastal areas, macroalgae are
mainly present on rocky shores, and, as sessile organisms, they have to cope with the alter-
nation between aerial and aquatic environments. The transition between the marine and
aerial environment generates a stress gradient, increasing from the low shore to the high
shore, related to different environmental parameters, including irradiance, dessication, and
temperature [8,9]. One consequence of this vertical gradient is the distribution of species
along the shore, according to their ability to cope with environmental stress. In macroalgae,
variations in both light intensity and quality along this gradient are mainly expressed by
the occurrence of three different phyla of algae, which are partly characterized by different
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pigment contents. The first one is the phylum of Chlorophyta (green algae), characterized
by a pigment content similar to higher plants. These algae are generally located in the
upper shore, where emersion periods are long-lasting. On the contrary, the second group,
composed of Rhodophyta (red algae), is located on the lower shore where the emersion pe-
riods are short-lasting and occasional. Red algae get their name from red-colored accessory
pigments, i.e., the phycobiliproteins. The third phylum is the Ochrophyta (brown algae)
which contains the largest sized species, found all along the shore. Brown algae species
are vertically distributed according to the tidal levels, forming belts of typical species. This
zonation pattern is observed worldwide in temperate areas [10]. Moreover, in terms of pri-
mary productivity, brown algae are among the most productive biological system per unit
area [11] and “kelp forests” (i.e., brown algae belonging to Laminariales) have even been
considered equivalent to the terrestrial rain forests [12]. Macroalgae are particularly sensi-
tive to the impact of human activities and the resulting climate change [13]. In particular, a
decline in brown seaweed communities has been observed in recent decades [14–18], and
may be accompanied by a change in community composition. In particular, the so-called
canopy-forming species are more sensitive to climate change [19] and, when declining, can
give way to “turf algae” species, composed of green or red algae [20,21]. These species
have been shown to be generally less productive and do not provide the ecosystem services
provided by canopy communities, such as nursery or breeding ground [22]. However,
more information is needed to better understand the different phenomena responsible for
this decline as well as the long-term evolution of the communities [23,24].

In order to understand and monitor the effect of anthropogenic activities and global
change on the distribution and composition of macroalgal communities, accurate mapping
of the different species distribution is still needed. Until recently, when possible, mapping
had been performed with traditional techniques that involved field surveys based on
estimates of species abundances within quadrats. However, this approach is considered
expensive [25–27], time-consuming, and not applicable for traditional field sampling for
mapping macroalgae at large spatial scales [28]. To overcome this problem, aerial photogra-
phy techniques were developed in the early 1980s, which quickly showed their limitations,
mainly due to difficulties in interpreting the results and the associated cost [29,30]. In the
1990s, easy access to satellite images from multispectral sensors allowed the development
of qualitative and quantitative mapping techniques. However, these techniques are limited
by the number of acquirable broad bands (commonly three to ten spectral bands) that do
not allow accurate species discrimination. The advent of hyperspectral remote sensing
technology has allowed a better acquisition of the spectral properties of observed surfaces,
by the acquisition of a large number of contiguous and narrow spectral bands, which
provided a more accurate identification of the observed objects. Bajjouk et al. [25] were
among the first to demonstrate the usefulness of spectral imaging for discrimination of
the three macroalgal phyla through the use of spectral bands in the visible wavelength
range. Since, several studies have shown the separability capacity of spectral imagery to
perform macroalgae discrimination in different environmental conditions. However, these
studies have generally focused on the discrimination of macroalgae from other types of
plants or substrates, such as algae associated with coral reefs [31–33], monitoring seaweed
invasions [34] or mapping large monospecific areas [26,35–38]. Following the development
of hyperspectral imaging, the improvement of unmanned aerial vehicles (UAVs), and in
particular copter drones, has rapidly attracted the interest of the scientific community, due
to their ease of deployment and low cost [39,40]. In addition, the miniaturization of sensors
made it possible to equipped UAVs with hyperspectral cameras to capture hyperspectral
images [41,42], and in particular thanks to their low flight height (30 m), drones allow the
acquisition of high spatial resolution images.

To perform macroalgae species discrimination, it is necessary to obtain spectral in-
formation for macroalgal species. Usually, mapping is associated with in situ reflectance
spectrum collection directly performed on various natural surfaces for acquiring a set of
references for each studied species. However, this data collection is not always feasible
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due to difficulty to access (e.g., large size rocks), and requires additional efforts during the
mapping campaign. The constitution of a spectral library based on the species occurring in
the study area seems to be an interesting alternative to field measurements [43]. Despite
the advantages of such a technique, there are still only a few publications referring to
macroalgal spectral libraries [27,44–48]. Preliminary works have already been undertaken
to evaluate the possibility of discriminating individuals belonging to different species.
For example, Chao Rodríguez et al. [47] compared the effectiveness of three techniques
(RGB-colorimetry, true skill statistics optimal band (TSS-OB), and derivative spectroscopy)
for classifying hyperspectral signatures of different species but they only succeeded in
discriminating the individuals at the phylum level (green, brown, and red), but not at the
species level. More recently, Olmedo-Masat et al. [27] showed that species discrimination
was possible using analysis of a macroalgae spectral library of 28 macroalgae from the
southwest Atlantic. However, in the majority of studies based on a spectral library fea-
ture [43], intra-species variability is not taken into account due to pre-processing applied to
the data sets (mean, median, etc.). Furthermore, the seasonal variation is another important
parameter that is generally not taken into account in most of these studies. Indeed, it has
been shown that the reflectance properties of vegetation vary over time [49]. However, very
few studies have investigated the effect of seasonal variations on species discrimination
using the classification approach, and some have recommended additional works on the
reflectance properties of individual species over time [43,50,51].

The objective of the present study was to test the feasibility of spectral differentiation of
macroalgae through a hyperspectral library and to evaluate the reproducibility of spectral
classification approaches over time. In order to control all environmental parameters and to
focus only on the spectral characteristics of the macroalgae, the acquisitions were performed
under controlled laboratory conditions. The discrimination of the specimens was evaluated
using hierarchical clustering analysis (HCA) method, which is one of the unsupervised
classification methods based on the calculation of a distance matrix to merge the samples
according to their degree of similarity. One of the major steps of such a method is the choice
of the algorithm for calculating the data matrix. Two approaches were compared; the first
one was based on the study of Olmedo-Masat et al. [27] which used the Euclidean distance,
and the second one was based on the SAM algorithm performed on the first derivative data,
which was never applied before for identifying macroalgae species. This comparison allows
us to confront and compare the approach developed in this study (based on the use of
SAM) with the most recent and robust procedure developed for macroalgal discrimination.

2. Material and Methods
2.1. Biological Material and Data Acquisitions
2.1.1. Biological Material

The algae specimens were collected on the French coast of the eastern English Channel
on the rocky shore of Audresselles (50°49.777′ N; 1°35.427′ E). During the field campaigns
carried out in 29 and 30 October 2019, species were collected along a transect from the
upper to the lower intertidal zone. Three individuals of 16 species were collected during
emersion periods, and stored in water and darkness until further laboratory analysis to
avoid water evaporation and pigment degradation due to light or temperature stress. Three
individuals of 16 species were collected (2 Chlorophyta, 6 Ochrophyta, 8 Rhodophyta (see
details in Table 1). These samples were used to build the spectral library and develop the
new classification approach (see Section 2.2).

An additional set of individuals was collected for 7 of the 16 species on 12 November
2019, and was used for further test of robustness (see Section 2.2.4) (Table 1). For these
7 species, characterized by their important cover and presence throughout the year, an
additional monthly monitoring of the reflectance spectra was also carried out, during one
year, from September 2019 to September 2020 (Table 1) (see Section 2.2.4). This monthly sur-
vey was used to evaluate the reproducibility through time of the two different approaches
used (see Section 2.2), and to characterize their robustness to seasonal variations.
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Table 1. Studied macroalgal species and their associated abbreviations used in the paper. * indicates
the species selected for the second sampling carried out in November.

Phylum Species Abbreviations

Chlorophyta Ulva lactuca * U. lactuca
Ulva intestinalis U. intestinalis

Ochrophyta

Ascophyllum nodosum A. nodosum
Fucus serratus * F. serratus
Fucus spiralis * F. spiralis

Pelvetia canaliculata * P. canaliculata
Saccharina latissima * S. latissima
Sargassum muticum S. muticum

Rhodophyta

Ceramium virgatum C. virgatum
Chondrus crispus * C. crispus
Corallina officinalis C. officinalis

Mastocarpus stellatus M. stellatus
Osmundea pinnatifida O. pinnatifida

Palmaria palmata P. palmata
Plocamium cartilagineum P. cartilagineum

Porphyra dioica * P. dioica

2.1.2. Radiometric Acquisition and Hyperspectral Treatment

Spectral reflectance measurements were performed in laboratory under standardize
conditions. Acquisitions were performed using a spectroradiometer (ASD Fieldspec4 FR®)
with a spectral range of 350 nm to 2500 nm, but only the visible range between 400 nm to
700 nm was used. This device is characterized by a spectral resolution of 3 nm and a spectral
sampling interval of 1.4 nm in this wavelength range. A contact probe (ASD High-Intensity
Contact Probe, Analytical Spectral Devices, Boulder, CO, USA) was used to illuminate
each specimen by a continuous spectrum halogen lamp ( 3250 µmolphotons m−2 s−1) for a
maximum of 15 s. During measurements, the contact probe window was covered entirely
by the macroalgal sample to avoid specular reflection of the air-tissue interface. The
reflectance of the sample was obtained by calculating the ratio between the radiance of
the sample and the incident radiance measured on a perfect diffuser (Spectralon®). For
each of the individual, thirty spectra were acquired at the same spot, and the average
was used to compute the mean reflectance spectrum of each individual, which reduces
instrumental noise.

2.1.3. Pigment Extraction

Analysis of the pigment content was performed on the sixteen species used for the
spectral classification. Following the radiometric measurement, a frond disc sample was
collected at the spectral analysis location. Samples were frozen and stored at −80 °C until
pigment extraction procedure. As for the spectral analysis, the samples were acquired in
triplicate on three individuals to estimate the potential variability within the same species.
Analyses of the composition and contents of pigments were investigated using the high
performance liquid chromatography method. Pigments were extracted by grinding the
samples in a cold mortar with methanol, and small methylene chloride drops under dim
light. Extract was centrifugated at 13,000× g for 5 min and the supernatant was collected
and filtered through PTFE filter (0.45 µmol, 13 mm, Millipore, Burlington, MA, USA). After
evaporation under nitrogen, the extract was made soluble with dichloromethane-water mix-
ing (50:50, v/v). The upper phase containing the water and the salts was removed, and the
lower phase was evaporated under nitrogen. The extracted pigments were redissolved in
40 µL of methanol and separated using reversed-phase high performance liquid chromatog-
raphy (Nexera XR, Shimadzu, Kyoto, Japan) equipped with reversed-phase chromatogra-
phy column (C18 Allure, Restek, Bellefonte, PA, USA) according to Arsalane et al. [52]. For
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red algae, in addition to previous pigment analysis, phycoerythrin (PE) and phycocyanin
(PC) were quantified using the method of Beer and Eshel [53]. Samples were freeze-dried
and thinly ground in a ball mill and 0.010± 0.001 g were used to extract phycobilins by
adding ice-cold 0.1 M phosphate buffer (pH 6.8) for 24 h at 4 °C and in the dark. Samples
were centrifuged during 20 min at 10,000× g and the supernatant was collected for ab-
sorbance measurements. Absorbance was determined using a spectrophotometer (UV-2450,
Shimadzu). The concentrations of phycoerythrin and phycocyanin were determined using
the equations of Beer and Eshel [53]:

PE = [(A564 − A592)− (A455 − A592)× 0.15)]× 0.12

PC = [(A618 − A645)− (A592 − A645)× 0.51)]× 0.15

with PE the concentration of phycoetythrin, iPC the concentration of phycocyanin and A∗
the absorption measurement at the wavelength indicated in parentheses. For each pigment,
the results were expressed as a ratio per 100 mol of chlorophyll a and the results of the
triplicates were averaged to obtain only one value per species (±SD).

2.2. Similarity Indices and Hierarchical Cluster Analyses

HCA is one of the unsupervised methods of classification used in hyperspectral data
classification, which provides a graphical representation of the relationships between ob-
jects. Unsupervised classification methods are based on spectral similarity and do not need
any prior knowledge about the spectral characteristic of the studied sampled [54]. These
methods reduce the chance of human error, and they do not require a lot of input parame-
ters. Studied objects are gathered into groups (i.e., clusters) in the dendrogram, which are
formed by objects that are more similar between them rather than with objects from other
groups. To determine the optimal number of clusters, the inertia was analyzed, and the
point at which the inertia shows a plummet determines the optimal number of clusters. As
the classification depends on the distance between two objects, choosing the appropriate
distance measurement algorithm and agglomeration method is critical. Classifications
were built thanks to R software [55] and a multiscale bootstraping (1000 iterations) was
performed using the pvclust function [56] to testify for clusters validation. The number
above each node is the p-value (%) given as an assessment of how strongly the cluster is
supported by the data (the closer the number is to 100, i.e., the p-value is to 1, the more valid
the cluster). Moreover, Cohen’s Kappa coefficient was used to compare the dendrograms
obtained with the two procedures.

2.2.1. Pigment Classification

The Bray–Curtis algorithm was used to compute the dissimilarity matrix, and the
dendrogram was built with the Ward agglomeration method. Results of the Bray–Curtis
dissimilarity typically range between 0 (samples are identical) and 1 (samples are totally
dissimilar). The Ward’s agglomeration method is based on a classical sum-of-squares crite-
rion that enables minimizing within-group dispersion in each group. The R [55] function
hclust was used with the parameter method = “Ward.D2” to minimize the Ward clustering
criterion. This method produces the true Ward dissimilarity without having to compute
the square root of the dissimilarity matrix [57].

2.2.2. Spectral Data Classification

Among all the published studies on macroalgae, the more recent and most successful is
the study of Olmedo-Masat et al. [27]. This approach (hereafter “approach 1” or “Euclidean
approach”) was applied to the dataset built during this study. However, in order to
consider the intra-specific variability, individuals are considered independently, without
computing the median of individuals belonging to the same species, all the individuals were
independently considered in the present study. Olmedo-Masat et al. [27] also degraded
the spectral resolution according to the bands of two hyperspectral sensors. The spectral
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resolution of the hyperspectral reflectance spectra was degraded when using approach 1.
As both degradations provide the same result, only the degradation to the fixed bandwidth
of 3.4 nm was applied to the spectral data of the present study. The degradation was
realized by averaging the spectral reflectance inside each band of the sensor. The degraded
data were then normalized by subtracting the mean reflectance in the interval of 400 nm to
700 nm to the spectral values, then by dividing the signal by the standard deviation of the
same interval. Following the first approach, the dissimilarity matrix was computed by the
Euclidean distance, and the complete linkage was used to build the cluster.

2.2.3. Classification of Reflectance Data Using SAM

Another procedure was also tested on the dataset acquired during this study, based on
SAM algorithm. Prior to the classification, the standardization Min-Max [58], was applied
on reflectance values to facilitate comparisons between the spectral signature of different
specimens following this equation:

x∗ij =
xij −min(xij)

max(xij)−min(xij)

where min(xij) is the minimum reflectance value of the reflectance spectrum and max(xij)
the maximal value. Here, the 1st and 2nd spectral derivatives were computed for each
normalized data. Derivatives enable to focus on the spectral characteristics linked to the
absorption and minimize the overlapping and the loss of information directly linked to
the water loss phenomenon [59]. Derivatives were computed using the derivative function
of the hsdar package of the R software [55]. The polynomial Savitzky-Golay smoothing
filter was used with a 11 nm bandwidth [60], which facilitates the detection of local minima
and maxima corresponding to the absorption bands in the visible range [61]. Then, the
matrix of similarity was calculated based on the SAM algorithm that express results as a
numerical scale from 0 (identical spectra) to 1 (dissimilar spectra). SAM is an algorithm
that enables to compare spectra by treating them as vectors in n-dimensional space, where
n is the number of bands, and measuring the angle between two spectra to determine the
spectral similiraty between them [62,63]. The SAM algorithm was computed using the R
package resemble [64] and applied on the raw data, the 1st and 2nd derivatives, and Ward’s
agglomeration method was used to build the dendrograms. For ease of reading, only the
results that gave the best classification among those tested were showed and compared to
the results obtained with the Euclidean approach (see Section 2.2.2).

2.2.4. Robustness Analysis and Monthly Monitoring

To test the robustness of the results obtained, a new spectral library was built by adding
to the initially acquired data (measurements of 29 and 30 October 2019), the reflectance
measurements acquired on 12 November 2019 (see Section 2.1). The same classification
procedures were applied on this new spectral library, and the results were compared
through the study of the classification trees. In order to test the reproducibility of the
classification over time, the monthly spectral reflectance data set, acquired during the
monthly monitoring conducted from September 2019 to September 2020, was analyzed
using the first approach, as well as the one developed in this study.

3. Results
3.1. Pigment Analysis

The results of the pigment analysis are presented in Table 2. Eleven different pigments
were detected in the three phyla. In green algae, six pigments were identified, and among
them, chlorophyll b and neoxanthin were specific to this group. In brown algae, six
pigments were also detected, two of which were specific to this group (i.e., fucoxanthin,
and chlorophyll c) while lutein was only absent in this group. Four pigments were detected
in all red algae species, with three additional pigments in some species. Phycoerythrin and
phycocyanin were detected only in this phylum.



Remote Sens. 2022, 14, 346 7 of 24

Table 2. Mean concentration (±SD) in mol 100 mol−2 of chlorophyll a of the main pigments found
in the sixteen species of algae. The main pigments are chlorophyll b (Chlb), chlorophyll c (Chlc),
violaxanthin (Vio), antheraxanthin (Ant), fucoxanthin (Fuc), zeaxanthin (Zea), carotene (Car), lutein
(Lut), Neoxanthin (Neo), phycoerythrin (PE) and phycocyanin (PC).

Species Chlb Chlc Vio Ant Fuc Zea Car Lut Neo PE PC

U. intestinalis 39.4 0 6.63 0.22 0 0 7.68 17.86 4.89 0 0
(1.62) (0.84) (0.38) (2.25) (0.58) (0.5)

U. lactuca 49.96 0 1.43 0.35 0 0 2.42 11.67 0.7 0 0
(1.86) (0.43) (0.21) (0.77) (1.34) (0.39)

A. nodosum 0 5.33 12.48 1.85 29.4 1.37 3.21 0 0 0 0
(0.64) (1.22) (0.29) (2.70) (0.62) (2.05)

F. serratus 0 7.69 11.69 1.22 32.88 0.58 4.57 0 0 0 0
(0.29) (0.87) (0.02) (1.29) (0.14) (0.74)

F. spiralis 0 6.12 9.52 1.99 26.1 2.6 4.99 0 0 0 0
(0.63) (0.53) (0.11) (1.87) (0.62) (0.36)

P. canaliculata 0 8.18 14.22 1.17 33.21 1.88 4.39 0 0 0 0
(1.62) (3.64) (0.38) (6.93) (1.34) (1.81)

S. latissima 0 10.17 2.6 0.15 39.64 0.01 1.10 0 0 0 0
(3.07) (0.31) (0.03) (5.89) (0.01) (0.83)

S. muticum 0 12.49 6.88 0 43.59 0.16 5.78 0 0 0 0
(0.24) (0.66) (2.64) (0.02) (0.39)

C. virgatum 0 0 0.66 6.32 0 0 9.87 9.23 0 8.11 0.96
(0.19) (4.31) (2.8) (2.86) (1.44) (0.6)

C. crispus 0 0 0 0 0 0 7.23 20.05 0 0.79 0.11
(1.39) (3.48) (.14) (0.01)

C. officinalis 0 0 0.52 9.32 0 2.31 15.53 1.87 0 15.07 1.69
(0.14) (1.35) (1.23) (4.05) (1.11) (0.72) (0.72)

M. stellatus 0 0 0 0 0 0 5.62 26.94 0 12.5 5.7
(3.99) (0.81) (3.63) (1.06)

O. pinnatifida 0 0 0 0.37 0 5.80 6.73 1.04 0 43.19 6.23
(0.18) (2.24) (1.93) (0.36) (1.51) (1.07)

P. palmata 0 0 0 0 0 0 12.8 23.6 0 7.8 1.12
(0.76) (3.16) (1.06) (0.25)

P. cartilagineum 0 0 0 0 0 0 9.36 11.66 0 84.58 11.96
(1.34) (2.68) (17.57) (1.24)

P. dioica 0 0 0 0 0 0 9.77 24.09 0 4.85 2.04
(2.11) (2.04) (0.75) (0.43)

Figure 1 shows the HCA tree obtained from the pigment content analysis. The obtained
results suggested an optimal partition of the individuals into three clusters (represented
by black braces). The first branch of the cluster (cluster I) included brown algae species.
A second branch (cluster II) included individuals of two red algae species, while the
last branch (cluster III) gathered individuals of green algae species and the remaining
individuals belonging to six red algae species. In this last group, green algae were isolated
from red algae, and they formed a subgroup within the cluster. It is also interesting to note
that individuals of the same species clustered together, except for Ascophyllum nodosum and
Pelvetia canaliculata.

3.2. Raw Reflectance Spectra Analysis

Figure 2 shows spectra of Min-Max normalized reflectance for each species. All
species belonging to the same phylum showed a common pattern in their reflectance
spectrum. This spectral feature is, in particular, defined by the number of peaks present
in the reflectance spectra (identified by black arrows). Green algae are characterized by a
large single reflectance peak at 545 nm (Figure 2A). Brown algae showed three reflectance
peaks, including a brown algae-specific peak located at 570 nm (Figure 2B). The other two
reflectance peaks are also detected in the red algae and are, respectively, located at 600 nm
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and 645 nm. Red algae are characterized by three reflectance peaks, the two common to
brown algae and one specific to this group detected at 515 nm (Figure 2C).

Figure 1. Hierarchical classification (Bray–Curtis similarity coefficient, Ward’s agglomeration method)
of pigment composition samples. Black braces indicate optimal clusters. Colors indicate algae groups:
green (Chlorophyta), brown (Ochrophyta), and red (Rhodophyta).

Figure 2. Normalized reflectance spectra measured for the sixteen species. Dark lines represent the
mean while intervals represent the associated standard deviations. Downward arrows indicate local
maxima. (A) Chlorophyta species, (B) Ochrophyta species and (C) Rhodophyta species.
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3.3. Reflectance Data Classification

All results from this Section 3.3 were obtained on the spectral library consisting of
reflectance spectrum measurements acquired on 29 and 30 October 2019 mission. This
dataset allowed to compare the classification results obtained with the Euclidean approach
and the one developed during this study. Following this, the robustness of the obtained
classifications was tested by adding to the initially constituted library, the reflectance
measurements acquired on 12 November 2019.

3.3.1. Application of the Euclidean Technique

The results of the first approach applied to the hyperspectral library acquired during
this study are presented in Figure 3. The analysis of the inter-cluster inertia suggests an
optimal number of four clusters. Two clusters were constituted by only one group of algae.
The first one (cluster I) gathered all the individuals belonging to the green algae with a
bootstrap p-value of 100%, while the second one (cluster II) only concerns brown algae with
a 100% p-value. The two others clusters (clusters III and IV) showed a mixture between
brown and red algae, with a p-value of 97% and 96%, respectively. However, in both of
these clusters, individuals belonging to the same phylum were successfully grouped, which
led to the creation of sub-clusters, with a bootstrap p-value of 100% in both case. Focusing
on the species-level classification, six species out of the sixteen were correctly discriminated,
with a p-value superior to 95%. Concerning Corallina officinalis, a grouping of individuals
was observed, with a p-value of 93%.

Figure 3. Dendrogram obtained from cluster analysis of the dissimilarity between the standardized
spectra of the sixteen species calculated using the Euclidean distance and a complete linkage, according
to the Euclidean approach. Black braces indicate optimal clusters. Colors, used to facilitate visual
interpretation, indicate algae groups: green (Chlorophyta), brown (Ochrophyta), and red (Rhodophyta).
The value above each node indicate the p-value (%) associated with their bootstrap resampling.

With the intention to test the robustness of this approach, it was applied to a new
data set composed of the initial data to which 7 new individuals were added (Figure 4).
Among all the additional species, only individuals belonging to Saccharina latissima were
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gathered with the suitable species, with a bootstrap p-value of 99%. Other individuals were
unevenly distributed within the dendrogram, but they were classified with individuals
belonging to the same phylum. For example, individuals added of Fucus serratus were
grouped with individuals belonging to Pelvetia canaliculata (p-values of 100%) but also with
those of Sargassum muticum for one of them (p-values of 100%).

The first approach applied to our dataset may thus not be resilient to the addition of
new individuals.

Figure 4. Dendrogram obtained from the addition of the supplementary individuals and from the
Euclidean approach. The dissimilarity matrix was computed with the Euclidean distance and the
complete linkage. Colors, used to facilitate visual interpretation, indicate algae groups: green (Chloro-
phyta), brown (Ochrophyta) and red (Rhodophyta). Names in dark colors show the added individuals.
The value above each node indicate the p-value (%) associated with their bootstrap resampling.

3.3.2. Application of the Spectral Angle Mapper Approach

Figure 5 represents the results of the HCA performed on the first-derivative applied to
the Min-Max normalized reflectance data. After inertia analysis, the optimal partitioning of
the reflectance data was set to four clusters. Results of the partitioning showed clusters
composed of individuals belonging to the same phylum, with green algae grouped (cluster
I) with a bootstrap p-value of 100%, brown algae grouped (cluster II) in 91% of the sampling
distribution, and the red ones divided into two clusters (clusters III and IV), with a p-value
of 100% and 95%, respectively. Classification of individuals also showed a gathering by
species for eleven species on the sixteen studied, with a bootstrap p-value higher than
94%, except for individuals belonging to Fucus species. Indeed, in this case, the associated
p-value was 86% for Fucus serratus and 89% for Fucus spiralis. However, when considering
the group formed by Fucus species, the p-value was higher (90%). For the five remaining
species, individuals from the same species were generally close to each other.

The addition of new individuals slightly modified the composition of the original
clusters by classifying Saccharina latissima individuals within the red algae cluster (Figure 6).
Despite this mixture, all the individuals belonging to Saccharina latissima were successfully
grouped in the same sub-cluster that was isolated from the red algae species, 100% of the
sampling distribution. Consequently, there was no mixture between species from different
phyla meaning that the assessment of the robustness of proposed approach is consistent
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with the addition of supplementary individuals. On the 7 added individuals, only three
were classified with the species cluster that they belong to (i.e., Porphyra dioica with a
p-value of 100%, Saccharina latissima with a p-value of 100% and Pelvetia canaliculata with a
p-value of 96%). Remaining species were classified in the appropriate phylum, but they are
unevenly distributed among different species. Among all the species, nine species from the
sixteen were well-classified. Even if this approach is more resilient to individuals species
addition, only half of the added individuals were well-classified.

Figure 5. Dendrogram resulting from HCA applied on the sixteen species. Distance matrix was
calculated using the SAM algorithm applied on the 1st derivative data. Black braces indicate optimal
clusters. Colors, used to facilitate visual interpretation, indicate algae groups: green (Chlorophyta),
brown (Ochrophyta), and red (Rhodophyta). The value above each node indicate the p-value (%)
associated with their bootstrap resampling.

Figure 6. Dendrogram obtained from the addition of the supplementary individuals and from the
developed approach. The dissimilarity matrix was computed with the SAM algorithm and Ward’s
agglomeration. Colors, used to facilitate visual interpretation, indicate algae groups: green (Chloro-
phyta), brown (Ochrophyta) and red (Rhodophyta). Names in dark colors show the added individuals.
The value above each node indicate the p-value (%) associated with their bootstrap resampling.
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Comparison of the dendograms from the two approaches was performed using Co-
hen’s Kappa coefficient. In the case of the initial dendrogram, composed only of individuals
from the first sampling event (29 and 30 October 2019), the result of the comparison was
0.687. This means that the two dendrograms had more than 31% differences. The addition
of new individuals further accentuated this difference. Indeed, the coefficient obtained was
0.619, which corresponds to a difference between the dendrograms of more than 38%.

3.4. Assessment of the Approaches Reproducibility over Time

The assessment of the approaches reproducibility over time was performed on the
data from the monthly monitoring, acquired between September 2019 and September 2020.

3.4.1. Application of the Euclidean Technique

An extract of the dendrogram (chosen as the most mixed part) resulting from the classifi-
cation approach of Olmedo-Masat et al. [27] applied on the reflectance data acquired during the
monthly monitoring is presented on Figure 7. The obtained results displayed a classification
linked to the month of sampling for some clusters. Indeed, at the left of the dendrogram (cluster
I, in green), a group composed of Ulva lactuca sampled in June appears. This monthly merging
is particularly visible within cluster II, which gathers all species sampled in January. However,
this monthly merging can not be extended to the whole dendrogram. To facilitate the reading
of the dendrogram results, a summary figure is proposed as Figure 8 for clarity. This synoptic
representation of the whole dendrogram showed an important mixture of the individuals,
whatever the phylum or the species within the dendrogram. For example, Saccharina latissima
individuals are separated into four different groups scattered on the entire dendrogram. The
same pattern can be observed for all the species. Concerning the Fucales (Fucus serratus, Fucus
spiralis, and Pelvetia canaliculata), the species are mixed and are separated into three different
clusters. Following this approach, no clear classification can be extracted using data from the
monthly monitoring by using the Olmedo-Masat’s approach.

3.4.2. Application of the Spectral Angle Mapper Approach

Figure 9 displays the result of the classification performed on the monthly monitoring
data with the use of the SAM algorithm, applied on the first derivative data, and to
compute the dissimilarity matrix. The part of the dendrogram presented is an extract
of the complete dendrogram with the selection of the part which exhibited the greatest
variability. Contrary to the result obtained with the approach proposed by Olmedo-Masat
et al. [27], the proposed approach based on the SAM algorithm exhibited less heterogeneity
in the composition of the groups. In the presented part of the dendrogram, two clusters
were detected. The first one, in red, comprised only the individuals belonging to Chondrus
crispus. The second one, in brown, consisted in a gathering of different species. These
species are Fucus serratus, Fucus spiralis and Pelvetia canaliculata and no classification pattern
could be extracted from this cluster. To facilitate the reading of the dendrogram results, a
summary figure is proposed as Figure 10 for clarity. Except for the mixed groups of the
three Fucales species previously presented, all the clusters are composed of individuals
from single species, exhibiting seven clusters in total. Three of them gathered all the
individuals belonging to the same species. These clusters are composed of the green algae
Ulva lactuca and the two red algae Porphyra dioica and Chondrus crispus. Two clusters are
characterized by individuals belonging to Saccharina latissima. Moreover, all the Saccharina
latissima individuals are located within these two clusters. The Pelvetia canaliculata cluster
located at the right of the dendrogram gathered most of the Pelvetia canaliculata individuals.
Finally, Fucus spiralis and Fucus serratus individuals, as well as the six individuals of Pelvetia
canaliculata not classified with the other individuals of the same species, are gathered within
the Fucales cluster. Comparison of the clusters obtained by the two different approaches
yielded a Cohen’s Kappa coefficient of 0.405, which means that the two dendrograms had
more than 59% difference between them.
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Figure 7. Extract of the dendrogram resulting from HCA of the dissimilarity between the standardized
spectra of the monthly monitoring data. Dissimilarity was calculated using the Euclidean distance.
Colors,used to facilitate visual interpretation, indicate algae groups: green (Chlorophyta), brown
(Ochrophyta) and red (Rhodophyta). Variation in the color intensity makes it easier to visually
identify the different species of algae. The complete figure is available in Appendix A (Figure A1).

Figure 8. Simplification of the dendrogram obtained from the HCA of the monthly monitoring data
with the Euclidean distance to compute dissimilarity matrix. Colors, used to facilitate visual interpre-
tation, indicate algae groups: green (Chlorophyta), brown (Ochrophyta) and red (Rhodophyta).
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Figure 9. Extract of the dendrogram obtained from HCA of the dissimilarity between the first deriva-
tive reflectance data of the monthly monitoring. Dissimilarity was calculated using the proposed
approach which use spectral angle mapper algorithm. Colors, used to facilitate visual interpretation,
indicate algae groups: green (Chlorophyta), brown (Ochrophyta), and red (Rhodophyta). Variation in
the color intensity makes it easier to visually identify the different species of algae. The complete
figure is available in Appendix A (Figure A2).

Figure 10. Simplification of the dendrogram obtained from the HCA of the monthly monitoring data
with the SAM algorithm to compute dissimilarity matrix. Colors, used to facilitate visual interpreta-
tion, indicate algae groups: green (Chlorophyta), brown (Ochrophyta) and red (Rhodophyta).

4. Discussion

The mapping of macroalgae from hyperspectral imagery requires the development
of efficient identification methods that are reproducible to intra-species variation. The
approach herein described offers a new and efficient procedure for the identification of
species using the hierarchical clustering analysis (HCA) technique. Based on the use of the
spectral angle mapper algorithm applied to the first derivative of the normalized data, this
new approach allowed the majority of the species studied to be efficiently discriminated,
regardless of the considered season.
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4.1. Macroalgae Discrimination
4.1.1. Pigment

First of all, knowing that the hyperspectral signature depends essentially on pigments,
the pigment contents were analyzed to see if it was possible to differentiate the species
according to this characteristic. The results of the pigment characteristics obtained showed
the existence of specific pigment to each phylum. In particular, chlorophyll b and neox-
anthin are pigments specific to Chlorophyta with an absorption around 650 nm [65]. The
Ochrophyta are differentiated by the presence of two specific pigments, chlorophyll c
(636 nm) and fucoxanthin (550 nm), while Rhodophyta are characterized by the presence of
phycoerythrin (563 nm) and phycocyanin (620 nm). With the exception of Pelvetia canalicu-
lata, the results showed a perfect classification at the species level probably explained by
the difference in pigment ratios. In the case of Pelvetia canaliculata, the great variability in
pigment content between individuals may explain such a bias in the classification obtained.
It has been shown by Casal et al. [66] that photosynthetic pigments and accessory pigments
partly explain the unique spectral shape of the different phyla and that this spectral shape
depends on pigment concentration. This feature reinforces the value of using a hyperspec-
tral library and distance matrix calculation to perform macroalgal classification. However,
it has been shown that, in macroalgae, the relationship between pigment content and light
absorption may be limited, especially due to the effect of multiple scattering: [67–69]. In
order to understand such differences between light absorption and pigment content, a
complementary analysis was performed on three characteristic species of each phylum.
From the absorbance of the pigments, obtained by spectroscopic analysis, the reflectance
was evaluated using the formula re f lectance = 10−absorbance, allowing the comparison
between the reflectance of the whole individual and the reflectance reconstructed from
the total pigment content alone. Figure 11 shows the results of the overlapping of the
normalized curves obtained from the measurement of the reflectance (in light colors) and
the reconstructed reflectance (in dark colors). With this additional information, substantial
spectral differences between the two curves were systematically observed, explained by
two phenomena. The first one, mainly observable in green and brown algae, is a difference
in the width of the reflectance peak between the two curves. Indeed, the width of the
reflectance peak based on absorbance data is wider than that based on measured reflectance
data. This difference can be explained by the presence of other molecules with absorp-
tion properties in the living material that are not present in the extract. These molecules,
which are non-photosynthetic tissues (i.e., proteins or nucleic acids), have an impact on
light absorption, especially in the blue light region (wavelengths below 500 nm or Soret
bands). The second phenomenon is a shift, of a few nm, of each wavelength value of
the reflectance minima (comparable to the absorption maximum). These shifts may be
due to the extraction procedure, which may alter the protein-pigment complexes and the
spatial conformation of the proteins, thus modifying the optical properties of the sample.
Despite the information provided by this analysis, the reflectance data obtained using this
equation should be treated with caution due to the difference in reflectance properties
between the living material and the extract. In order to consider only the pigments effects
on the classification, it would be interesting to assign a maximum absorption wavelength
to each pigment. Such work has already been done by Méléder et al. [70] to estimate the
pigment composition in vivo for microphytobenthos, with promising results. However, the
cellular complexity of macroalgae makes such estimation more complicated. In particular,
it appears that in macroalgae, pigment uptake characteristics may vary from one phyla
to another, but also within the same phyla [71]. In plants, a similar conclusion was made
by Huang et al. [72], who concluded that remote quantification of pigments is not very
efficient, despite a good knowledge of the pigment absorption regions.
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Figure 11. Superposition of the normalized reflectance spectra acquired from the ASD measurements
(in light color) and the normalized reflectance spectra reconstructed from the logarithmic transfor-
mation of absorbance measured in laboratory conditions (in dark color). (A) Chlorophyta species,
(B) Ochrophyta species and (C) Rhodophyta species.

4.1.2. Spectral Signatures Classification

To investigate the effectiveness of using hyperspectral data for macroalgal discrimination,
the recently published approach of Olmedo-Masat et al. [27] was used. Despite their promising
results, this procedure proved not to be suitable for the discrimination of species acquired on
the rocky coast of the English Channel. Indeed, the results showed that this approach did not
allow to correctly group individuals belonging to the same phylum. Red algae were always
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mixed with brown algae, and no real differentiation between these two phyla could be obtained.
The difference with the results obtained by Olmedo-Masat et al. [27] is mainly explained by the
preprocessing applied to the data, and in particular the way individuals of the same species
were considered. In their analysis, all individuals of the same species were grouped before
classification, and intraspecific variation was not considered. By considering only the mean of
individuals belonging to the same species (or by extension the median, as was done by Olmedo-
Masat et al. [27]), the differences observed between the reflectance curves of each species are
highlighted (Figure 2). In contrast, when considering the variability within each species, this
difference is strongly reduced, with a greater overlap between the reflectance curves of the
different species. The previous results show that the use of a classification based on reflectance
values, as done by [27] is not suitable for accurate discrimination of hyperspectral macroalgal
reflectance data. The procedure developed in this study is based on the use of the algorithm
spectral angle mapper (SAM) and focuses on the study of the spectral shape. This allows to
reduce the effects of the intraspecific variability, expressed mainly through the variation of the
signal intensity, without consequent modification of the spectral shape. Indeed, intraspecific
variations are generally related to a difference in the composition of individuals (pigment content,
chloroplast density, cell or tissue arrangement), which is a response to environmental conditions,
such as light availability, or related to the developmental stage of individuals: [73–75], by
playing on reflectance values. The results obtained following the use of the developed approach,
on the hyperspectral library of macroalgae, revealed an appropriate grouping of individuals
according to the phylum to which they belong. Such discrimination of the three main macroalgal
groups was also demonstrated by Chao Rodríguez et al. [47] with three different methods (RGB
colorimetry, true skill statistics optimal band (TSS-OB), and derived spectroscopy). However,
they concluded the inability to discriminate individuals at a higher level (i.e., than the species
level). In the present study, the classification performed on the macroalgal spectral library, with
the SAM algorithm applied on the first derivative hyperspectral reflectance data, demonstrated,
for the first time, the possibility of reaching the species level for most of the studied species,
considering the intraspecific variability. For misclassified species, the spectral shape similarities
are systematically very important. For Ulva sp., the strong similarity between reflectance spectra
explains these discrimination difficulties (less than 9% difference on average with a maximum at
68%). This strong similarity is explained by a content and a pigmentary structure quite identical
in the two species. The same phenomenon occurred between Mastocarpus stellatus and Chondrus
crispus. Figure 2C, but in this case, the similarity concerns only the shape of the two curves.
This similarity is reflected in the calculation of SAM which shows on average 0.10% difference
with a maximum of 0.14%. Since the distance SAM is based on the spectral shape, and more
precisely on the angle calculated between different spectra, the differentiation of two similar
spectral curves is not possible even if they present differences in terms of reflectance values as it
is the case for Mastocarpus stellatus and Chondrus crispus. Obviously, the classification resulting
from using the SAM algorithm to compute the distance matrix on the data derived at the first
order performed better and is more suitable for our study area.

4.2. Robustness

In order to validate the effectiveness of the developed procedure, a robustness assess-
ment was performed, adding additional individuals to the initial dataset, and applying
both approaches to the new dataset. In both cases, this addition led to the modification of
the dendrogram, with a lesser impact on the dendrogram based on the SAM. Indeed, in this
case, only one species of brown algae migrated within the red algae cluster, whereas with
the Olmedo-Masat approach, the addition of new individuals generated the formation of
three new clusters. In both cases, these changes in the dendrograms denote a change in the
distance matrix, with two species belonging to different phyla being classified together. As
the experiment was performed under controlled conditions and on similar living material,
this variation could be related to the modification of the pigment content of the species
linked to environmental conditions. Indeed, in macroalgae, as in most photosynthetic
organisms, protective mechanisms involving pigments are put in place to protect macroal-
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gae from stresses induced by environmental conditions. In particular, variations in light
intensity strongly impact photosynthetic pigments by modifying their quantity but also
the pigment composition [76,77]. In the present study, this effect is mainly visible for
violaxanthin, involved in the xanthophyll cycle. This cycle is one of the main defense
mechanisms against high light intensities [78,79]. Despite the classification errors, with
the procedure developed in this study, individuals belonging to the same phylum are
always grouped together which is not the case for the Olmedo-Masat approach. Using the
procedure developed in this study, only individuals from the red algae phylum form an
isolated cluster. This is explained by the low reflectance values (lower than 0.15) observed
for the individuals of this species. Indeed, these low values mask the general spectral shape
and the spectral shape related to this species is then found to be close to that of the red
algae species with almost no difference between the peaks at 570 nm and 600 nm and a
slight peak at 645 nm. (Figure 2). Furthermore, because the results of the SAM calculation
showed very little difference between species (less than 0.1%) as well as between phyla (less
than 2%), the addition of new Saccharina latissima species brought the Saccharina latissima
cluster closer to red algae. Despite this phenomenon, all individuals of Saccharina latissima
remained close to each other.

4.3. Monthly Monitoring

The results obtained for the discrimination of species show that for a given period, the
approach developed allows an efficient classification of individuals, contrary to the Olmedo-
Masat procedure. However, one of the main interests of the use of the spectral library is not
to have to perform field measurements in parallel with the mapping campaigns. To achieve
this goal, the classification of the hyperspectral library must be reproducible over time. In order
to test this, both approaches were applied on a monthly monitoring of macroalgal reflectance
spectra. The results obtained from this comparative analysis showed that the Euclidean method
is sensitive to seasonal variations. Indeed, no classification could be extracted from the analysis,
and each group of species was distributed along the dendrogram. These results may be related
to the seasonal evolution of pigment content in relation to changes in environmental conditions
(light and temperature); [77,80]. Similar results have been demonstrated in terrestrial [81] and
marine [49] environments, with significant seasonal effects on the reflectance properties of the
materials studied. More recently, Selvaraj et al. [82] have demonstrated that, in algae, changes
in pigment content due to seasonal variations have a significant impact on the reflectance
signal, and mainly in summer when conditions are most stressful. The results obtained by
using the developed approach, show an efficient classification whatever the season considered.
Indeed, green and red algae species form monospecific groups whatever the sampling month.
In the case of brown algae, two groups are formed while three other species are mixed. It is
interesting to note that there is no mixing of species belonging to different phyla, unlike the
Olmedo-Masat approach. The result obtained with the procedure developed in this study
is explained both by the preprocessing applied to the data, as well as by the use of SAM to
calculate the distance matrix. Indeed, the succession of these treatments allows to get rid of the
effects of the seasonal variations, in particular when it is about the evolution of the quantity of
pigments, by considering only the spectral shape. This result allows us to consider the possibility
of using a large spectral library composed of reflectance spectra acquired during the year to
perform species discrimination in hyperspectral imaging without simultaneous field surveys.
These results reinforce the interest of using a spectral library coupled with a hierarchical cluster
analysis to perfectly discriminate individuals from hyperspectral imagery.

The different results obtained show the interest of using a spectral library for the dis-
crimination of macroalgae. However, as shown by Chao Rodríguez et al. [47] to reach the
level of species with the reflectance data remains theoretical. However, this classification can
be improved by considering complementary data, especially topo-bathymetry. Indeed, as
mentioned previously, it is well known that macroalgal species have a belt-like organization,
specific to a bathymetric level. As in the present study, the mixed species are specific and char-
acteristic of a different belt, the topo-bathymetric information will allow to further discriminate



Remote Sens. 2022, 14, 346 19 of 24

the species. For example, the Fucus serratus are inferred to the coastal zone between the middle
and lower intertidal level while the Fucus spiralis are specific to the upper shoreline level.
Coupled with this relevant field knowledge, the hyperspectral technique certainly becomes a
powerful tool to discriminate macroalgal species with greater accuracy. The in situ use of the
approach developed during this study is also conditioned by environmental variations during
data acquisition. In particular, variations in light intensity during the acquisition mission can
potentially modify the acquired spectral responses. However, the succession of the different
treatments used in the procedure developed in this study should allow us to avoid the effects
of these variations. One of the obstacles to the precise identification of species in in situ
conditions is the presence of species mixing within the different communities. However,
the use of hyperspectral cameras on board UAVs allows to increase the spatial resolution
of acquisition, up to 2 cm [42]. If this resolution is not sufficient to separate the mixtures, it
is possible to use unmixing models. For example, Uhl et al. [83] studied the possibility to
unmixed species, thanks to linear unmixing algorithm. They concluded to the possibility to
separate mixed species to a limited extend. This feature allows to discriminate mixed species
within the dendrogram in order to draw maps as precise as possible to follow the evolution of
the different communities.

5. Conclusions

In this study, a new approach to macroalgal discrimination was developed using a library
of reflectance spectrum measurements acquired under controlled conditions. This procedure is
based on the use of the SAM algorithm, for the first time applied on the first derivative of the
reflectance measurement data, and not on the raw data. To our knowledge, this has never been
done on reflectance signals acquired on macroalgae. The classification results obtained were
compared to those obtained, on the same dataset, with the Olmedo-Masat et al. [27] approach,
which is the most successful procedure published to date. The comparison was performed on
a spectral library including 16 species and on a monthly monitoring based on 7 species, thus
allowing to take into account the robustness of the results to natural variabilities. The results
obtained showed that the developed procedure allows a relatively efficient discrimination
of species compared to that obtained using the Olmedo-Masat approach, with more than
30% differences between the two approaches. Moreover, this same procedure is also resilient
to seasonal variations, which does not seem to be the case for the Olmedo-Masat approach.
However, it would be interesting to see if this robustness is maintained between years, and
applies to other sites. Indeed, since the conditions between the different seasons are not the
same between two consecutive years (e.g., more or less severe winter or summer), variations
in the spectral responses are to be expected. Finally, the different steps used in this approach
suggest good results when applied to data acquired in real conditions. Indeed, these different
steps allow to get rid of the possible variations of the experimental conditions, in particular of
the luminosity and the seasonal effects.
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Appendix A

Figure A1. Dendrogram obtained from HCA of the dissimilarity between the standardized spectra
of the monthly monitoring data. Dissimilarity was calculated using the Euclidean distance and a
complete linkage. Colors indicate macroalgae groups: green (Chloropĥyta), brown (Ochrophyta) and
red (Rhodophyta). Variations in the color intensity makes it easier to visually identify the different
species of algae. To facilitate the integration of these results in the paper, the dendrogram has been
separated into two parts, the right part being the continuation of the left one.
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Figure A2. Dendrogram obtained from HCA of the dissimilarity between the first derivative data
of the monthly monitoring. Dissimilarity was calculated using the proposed approach which use
spectral angle mapper algorithm. Colors indicate macroalgae groups: green (Chloropĥyta), brown
(Ochrophyta) and red (Rhodophyta). Variations in the color intensity makes it easier to visually
identify the different species of algae. To facilitate the integration of these results in the paper, the
dendrogram has been separated into two parts, the right part being the continuation of the left one.
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