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Abstract We present a new method to identify phytoplankton functional types (PFTs) in the
Mediterranean Sea from ocean color data (GlobColour data in the present study) and AVHRR sea
surface temperature. The principle of the method is constituted by two very ﬁne clustering algorithms,
one mapping the relationship between the satellite data and the pigments and the other between the
pigments and the PFTs. The clustering algorithms are constituted of two efﬁcient self‐organizing maps,
which are neural network classiﬁers. We were able to identify and estimate the percentage of six PFTs:
haptophytes, chlorophytes, cryptophytes, Synechococcus, Prochlorococcus, and diatoms. We found that
these PFTs present a peculiar variability due to the complex physical and biogeochemical characteristics
of the Mediterranean Sea: Haptophytes and chlorophytes dominate during winter and mainly in the
western Mediterranean basin, while Synechococcus and Prochlorococcus dominate during summer. The
dominance of diatoms was mainly observed in spring in the Balearic Sea in response to deep water
convection phenomena and near the coastline and estuaries due to important continental inputs.
Cryptophytes present a weak concentration in the Aegean Sea in autumn. The validation tests
performed on in situ matchups showed satisfying results and proved the ability of the method to
reconstruct efﬁciently the spatiotemporal patterns of phytoplankton groups in the Mediterranean Sea.
The method can easily be applied to other oceanic regions.
Plain Language Summary The identiﬁcation and spatiotemporal distribution of phytoplankton
assemblages give powerful insights on the dynamics of the marine food web and the ocean role in climate
regulation in the context of the global change. A new method to identify phytoplankton functional types
from satellite observations has been developed and applied in the Mediterranean Sea. It is based on artiﬁcial
intelligence clustering, the so‐called self‐organizing maps. The method was able to differentiate multiple
phytoplankton assemblages and to provide their different pigment compositions. This approach had been
validated successfully with in situ data sets and the spatiotemporal variability of the phytoplankton
functional types showed a signiﬁcant coherence. The method is very general and can be applied to
other regions.
1. Introduction
The Mediterranean Sea is a semienclosed basin, covering approximately 0.8% of the world's ocean surface
area. Although it has a limited geographical dimension, it is considered as one of the most complex marine
environments with comparable features present in the global ocean such as a thermohaline circulation, deep
water convection events, and complex geomorphology and bathymetry (Bethoux et al., 1999).
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Hydrological differences along the basin cause the presence of an increasing oligotrophic gradient from west
to east. It results a west to east decrease of surface chlorophyll‐a concentration (Turley et al., 2000) that was
observed in situ and from space (Antoine & Morel, 1995), with the Eastern Mediterranean Levantine waters
exhibiting highly oligotrophic conditions (Abdel‐Moati, 1990; Dowidar, 1984; Yacobi et al., 1995). However,
the seasonal evolution of Chlorophyll‐a (Chla in the following) distribution still follows the typical succession
of temperate regions, characterized by a phytoplankton abundance increase in late winter/early spring, a
decrease during the summer season and a second smaller phytoplankton bloom in autumn (Sammartino
et al., 2015; Siokou‐Frangou et al., 2010).
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Phytoplankton community in oligotrophic areas throughout the world ocean is mainly composed by picoplankton (Yogev et al., 2011). Nevertheless, the Mediterranean phytoplankton community reveals a considerable variability over both temporal and spatial scales and large dissimilarities in phytoplankton assemblage
composition (Siokou‐Frangou et al., 2010). Many studies have pointed the dominance of picoplankton in the
Mediterranean Sea due to its oligotrophy, but the occurrence of regional phytoplankton blooms causes the
coexistence of numerous microalgal groups (Siokou‐Frangou et al., 2010).
An extensive amount of observations of the phytoplankton community along the Mediterranean coastline is
available. On the contrary, longitudinal data based on large‐scale investigations in open sea waters are scarce
in the literature (Ignatiades et al., 2009). This lack of measurements can be partly overcome by using new
tools, such as remote sensing techniques. Remote sensing of surface optical properties has provided synoptic
views of the abundance and distribution of sea surface constituents. Satellite ocean color sensors have been
an effective platform to estimate Chla in the surface waters, providing synoptic measurements over the world
ocean (Antoine et al., 1996; Behrenfeld et al., 2005; Behrenfeld & Falkowski, 1997; Longhurst et al., 1995;
Westberry et al., 2008).
The spatiotemporal distribution and identiﬁcation of remote sensing‐derived phytoplankton groups give
powerful insights on the dynamics of the marine food web and the ocean's role in climate regulation in the
context of the global change (Bracher et al., 2017; Kostadinov et al., 2017). It has been for several decades
recognized that detection of phytoplankton from remote sensing images was a major challenge in ocean
optics. Therefore, several remote sensing algorithms have been developed to characterize the global distribution patterns of phytoplankton functional types (PFTs) or size classes (PSC; Alvain et al., 2005, 2008; Aiken
et al., 2009; Brewin et al., 2010; Ciotti & Bricaud, 2006; Hirata et al., 2008; Sathyendranath et al., 2014; Uitz
et al., 2006). This was done by using relationship between Chla and PSC (Bricaud et al., 2006; Hirata et al.,
2008; Mouw & Yoder, 2010; Uitz et al., 2006) and by taking into account the spectral information (Alvain
et al., 2005; Ben Mustapha et al., 2013; Sathyendranath et al., 2014). Some of these algorithms are based on
spectral features, such as backscattering (Kostadinov et al., 2009), absorption (Bracher et al., 2009; Ciotti &
Bricaud, 2006; Mouw & Yoder, 2010; Roy et al., 2013), or a hybrid between absorption and backscattering
(Fujiwara et al., 2011), while other algorithms exploit second‐order anomalies of water leaving radiance such
as PHYSAT (Alvain et al., 2005, 2008; Ben Mustapha et al., 2013; Navarro et al., 2014, 2017). The PHYSAT
method is based on the identiﬁcation of speciﬁc signatures in the normalized water leaving radiance spectra
measured by an ocean color sensor after removal the impact of Chla variations. Applied to oceanic Case I
water, this method is designed to detect satellite pixels in which the dominant groups are nanoeukaryotes
(and separately Phaeocystis‐like and coccolithophores), two types of picoplankton (Prochlorococcus‐ and
Synechococcus‐like cyanobacteria) and diatoms (Alvain et al., 2008). Furthermore, a regionalized version of
the PHYSAT method has been speciﬁcally developed for the Mediterranean Sea due to the peculiarities of
phytoplankton assemblages and succession than can be found in this basin and its particular optical properties (Navarro et al., 2014, 2017).
We have developed an innovative approach using self‐organizing maps (SOM; Kohonen, 2013) in order to
evidence the relationship between satellite data measured at the ocean surface and the phytoplankton assemblage. The SOMs are unsupervised neural classiﬁers commonly used when dealing with environmental studies (Cavazos & Cavazos, 1999; Hewitson & Crane, 2002; Liu et al., 2006; Liu & Weisberg, 2005; Niang et al.,
2006; Reusch et al., 2007; Richardson et al., 2003). In El Hourany et al. (2019), a global approach was built to
estimate phytoplankton pigment concentration data using SOM (SOM‐Pigments) and optical satellite data.
This approach was calibrated and efﬁciently validated using a global database of High‐performance liquid
chromatography (HPLC) measured pigments collocated with GlobColour satellite data (Chla, Rrs at four
wavelengths; 412, 443, 490, and 555 nm) alongside the AVHRR sea surface temperature (SST). The output
of this method provided 10 types of pigment that can be associated with phytoplankton groups (Vidussi
et al., 2001).
In the present work, we propose a new SOM (the so‐called SOM‐PFT) to identify dominant PFTs from satellite data. This algorithm is regionalized and centered on the oligotrophic, yet complex, ecosystem of the
Mediterranean Sea and allowed us to track speciﬁc features of phytoplankton assemblage along with their
associated biooptical properties. While observing the availability of in situ HPLC measurements in the
Mediterranean Sea, the heterogeneity of the sampling locations, which are signiﬁcantly more abundant in
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the western basin, limits the development of a regional algorithm. Therefore, our method was based on estimating the phytoplankton pigments composition of the Mediterranean Sea from satellite data by using the
SOM‐Pigments developed by El Hourany et al. (2019). Then the dominant PFTs were estimated by using a
dedicated SOM (the SOM‐PFT), which was calibrated on the output of the SOM‐Pigments. The performances
were evaluated by using in situ data sampled in the Mediterranean Sea.
The paper is articulated as follows. In section 2, we brieﬂy describe the SOM‐Pigments outputs, the satellite
data used to estimate the pigment concentrations, and the in situ HPLC samples used to validate the results
in the Mediterranean Sea. The SOM algorithm and the calibration procedure of SOM‐PFT are described in
section 3. In sections 4 and 5, we present the results and the validation of the method, while discussing the
spatiotemporal variability of dominant PFTs in the Mediterranean Sea.

2. Materials
2.1. The SOM‐Pigments
The SOM‐Pigments (El Hourany et al., 2019) allows the estimation of phytoplankton pigment concentrations in oceanic waters from satellite ocean color data and SST. The global database used to calibrate and
cross validate the SOM‐Pigments gathers several oceanic campaigns and published databases of HPLC measurements, which include 10 phytoplankton pigment concentrations: chlorophyll‐a (Chla), Divynil‐chlorophyll‐a (DVChla), chlorophyll‐b (Chlb), Divynil‐chlorophyll‐b (DVChlb), 19'Hexfucoxanthin (19HF),
19'Butfucoxanthin (19BF), fucoxanthin (Fuco), peridinin (Perid), alloxanthin (Allo), and zeaxanthin (Zea).
The SOM‐Pigment was calibrated on a database comprising 12,000 in situ samples, which were collocated
to remote sensing reﬂectance data at four wavelengths (412, 443, 490, and 555 nm) and Chla GlobColour
data, along with SST AVHRR data described in the following. The results of the cross‐validation procedure
scored a coefﬁcient of determination (R2) of 0.75 and an average root‐mean‐square error of 0.016 mg/m3.
The SOM‐Pigment allowed us to estimate the 10 phytoplankton pigment concentrations cited above from
satellite data on the global scale.
The output of SOM‐Pigments regroups images (4 km, gridded) of 10 pigment concentrations. Using these pigment concentrations, it is possible to determine several PFT. For example, Zea, DVChla, and DVChlb are
associated with cyanobacteria (Dandonneau et al., 2004; Guillard et al., 1985). Fuco is the principal marker
of diatoms (Jeffrey, 1980). For nanoplankton quantiﬁcation, Allo is a pigment typical of the cryptophytes
(Gieskes & Kraay, 1983); 19HF, whose concentration is related to haptophytes and chromophytes nanoﬂagellates (Wright & Jeffrey, 1987); 19BF a typical marker of chromophytes nanoﬂagellates (Wright & Jeffrey,
1987) and Chlb for chlorophytes nanoﬂagellates and last, we also used the Perid, which appears in dinoﬂagellates (Jeffrey & Hallegraeff, 1987).
2.2. Satellite Data
In the following, we present the satellite data used to estimate the phytoplankton pigment concentrations in
the Mediterranean Sea with the SOM‐Pigments.
2.2.1. GlobColour Data
To extend existing time series beyond that provided by a single satellite sensor, the European Space Agency
initiated the GlobColour project (http://www.globcolour.info/) to develop a satellite based ocean color data
set to support global carbon‐cycle research. It aims at satisfying the requirements of scientists for a long
(over a decade) time series of consistently calibrated global ocean color information with the best possible
spatial coverage. This has been achieved by merging data from SeaWiFS, MODIS, VIIRS, MERIS, and OLCI
satellite sensors.
The GlobColour project provides a continuous data set of merged Level 3 (Mapped, 4 km) daily remote sensing reﬂectance (Rrs). This product is generated for each instrument, using the corresponding Level 2 data.
The merged Rrs is then computed as the weighted average of all the single‐sensor products. Meanwhile, the
Chla was estimated via the OC5 algorithm (Gohin, 2011).
2.2.2. AVHRR SST Data
Characterized by a deﬁned annual cycle, the use of SST to calibrate SOM‐Pigments permitted to better ﬁt the
relationship between the in situ HPLC and satellite data and therefore facilitated the identiﬁcation of thermophile phytoplankton groups.
EL HOURANY ET AL.
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For that, the SST data were generated at 4‐km resolution and at a daily frequency using AVHRR instruments
aboard National Oceanic and Atmospheric Administration polar‐orbiting satellites. Retrieval algorithms for
SST from AVHRR are mainly based upon the multichannel SST algorithm (McClain et al., 1985).
2.3. Med HPLC Pigment Data Set (Med‐Pigments)
The in situ HPLC database (Med‐Pigments) used to validate the method is a compilation of different data sets
and campaigns performed in the Mediterranean Sea (Table 1 and Figure 1). A total of 1,772 HPLC samples
was compiled in this database, limited to the ﬁrst optical depth which is about 15–35 m on average
(D'Ortenzio and Ribera d'Alcalà, 2009). The spatial availability of the data is heterogeneous; more than
70% of the data were measured at a speciﬁc station, the Boussole/DYPHAMED stations anchored in the
Ligurian Sea, which are dedicated to the study of biogeochemical and physical processes. Thus, Med‐
Pigments can lead to a limitation to develop a representative algorithm for the whole Mediterranean. We
have generated a new large database of pigment composition in the Mediterranean Sea by processing the
satellite data over the Mediterranean Sea with the SOM‐Pigments. The in situ Med‐Pigments database was
used to validate the SOM‐Pigments estimated data. The methodology is thoroughly described in the
following section.

3. The Proposed Method
3.1. SOMs, General Concept
The SOM algorithms (Kohonen, 2013) are nonlinear unsupervised classiﬁcation methods. Such methods are
able to cluster vectors of a multidimensional database into classes represented by a ﬁxed network of neurons
(the SOM map). The SOMs are deﬁned by a web‐like graph, usually a rectangular grid of dimension p × q
where each node is a neuron. This graph structure is used to deﬁne a discrete distance (denoted by ?) between
the neurons of the map, which represents the length of the shortest path between two neurons. Moreover, the
SOM enables the partition of the initial database in such a way that each cluster is associated with a neuron of
the map and is represented by a synthetic multidimensional vector (the referent vector w). Each vector zi of
the initial database will be assigned to the neuron whose referent w is the closest, in the sense of the Euclidean
norm, and will be called the projection of the vector v on the map.
The cost function can be written as
J TSOM ðχ; W Þ ¼ ∑Zi∈SOM ∑C∈SOM K T ðδðc; χ ðziÞÞÞkzi−wck2

(1)

where c ϵ SOM indices the neurons of the SOM map, ? is the allocation function that assigns each element zi
of the data to its referent vector wc, (c, χ(zi)) is the discrete distance on the map SOM between a neuron c and
the neuron allocated to observation zi, and KT a kernel function parameterized by the temperature T that
weights the discrete distance on the map and decreases during the minimization process. This cost function
takes into account the proper inertia of the partition of the data set and ensures that its topology is preserved.
In the same way, two close neurons on the SOM map represent close data of the initial database. The estimation of the referent vectors w of a SOM and the topological order is made through the training phase.
The referent vectors are obtained by a weighted average of the initial data's vectors assigned to each neuron
and their neighborhood on the map.
We introduce in the following a dedicated SOM map specialized in identifying dominant PFTs on the
Mediterranean Sea (SOM‐PFT).
3.2. SOM‐PFT: Calibration and Validation Procedure
Step 1: Pigment database for retrieving the PFTs in the Mediterranean Sea
The PFTs can be retrieved from the secondary pigments. Since Med‐Pigments data set is sparse in time and
space, we built a high coverage secondary pigment database by processing the GlobColour and AVHRR SST
data on the Mediterranean Sea region with the SOM‐Pigments as did El Hourany et al. (2019). Level 3
mapped 4‐km daily images of SST, Chla, and Rrs at four wavelength (412, 443, 490, and 555 nm) were used
as input of SOM‐Pigments. We processed 7,600 daily images of GlobColour and AVHRR from 1997 up to
2018 generating more than 3 million pixels sampling the Mediterranean. The outputs are thus constituted
EL HOURANY ET AL.
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Table 1
Available In Situ HPLC Inventory in the Mediterranean Sea
Cruises

Location

Period

N

%

Source

Prosope
SODYFT
SESAME
BOUM_bot
Tara_oceans
BOUSSOLE
Total

Western basin
Ligurian Sea
Mediterranean Sea
Mediterranean Sea
Mediterranean Sea
Ligurian Sea

9/4/1999 to 4/10/1999
02/25/2002 to 12/19/2005
02/16/2008 to 10/19/2008
06/21/2008 to 07/18/2008
9/20/2009 to 10/27/2013
07/22/2001 to 11/10/2016

59
160
261
64
115
1,113
1,772

3
9
15
4
6
63

a

Note. Dates are formatted as MM/DD/YYYY.
a
b
https://doi.org/10.5194/essd‐5‐109‐2013 https://seabass.gsfc.nasa.gov/

b
c

c

http://www.obs‐vlfr.fr/Boussole/html/boussole_data/collected.php

by nine‐dimensional vectors, each vector representing nine secondary pigments (DVChla, Chlb, DVChlb,
19HF, 19BF, Fuco, Perid, Allo, and Zea) on a 4‐km × 4‐km pixel. The performances of the SOM‐Pigments
in the Mediterranean Sea were check with a cross‐validation algorithm and on the Boussole data which were
not learned in the SOM‐Pigments calibration.
We then computed for each pixel the relative values of the nine pigment concentrations (Pr: DVChlar, Chlbr,
DVChlbr, 19HFr, 19BFr, Fucor, Peridr, Allor and Zear) using the following equation:
Pr ¼

P
∑P

(2)

where P is the estimated phytoplankton pigment concentration and ΣP is the sum taken over the nine P:
ΣP ¼ DVChla þ Chlb þ DVChlb þ 19HF þ 19BF þ Fuco þ Perid þ Allo þ Zea
Each of the 3 million pixels is now represented by its nine Pr; we gathered all the pixels in a speciﬁc database
denoted Pr‐MED.
Step 2: Identiﬁcation of PFTs in the Med
We then used Pr‐MED to determine speciﬁc PFT classes in the Mediterranean Sea from the 7,600 images
under study. For that, we trained a dedicated SOM (SOM‐PFT), which is composed of 50 × 20 = 1,000 neurons, on Pr‐MED. The 1,000 neurons represent a ﬁne description of the initial database. Each satellite pixel
of Pr‐MED is thus assigned to a particular neuron, which represents a grouping of similar pigment assemblage. In order to reduce the number of clusters, we then applied a hierarchical clustering algorithm
(HAC) using the Ward dissimilarity, which regroups the neurons presenting statistical similarities into
classes. The problem is thus to choose a small number of classes that “best” characterize speciﬁc phytoplankton pigment assemblages associated with speciﬁc PFTs. We
found that six classes give a good insight on the Mediterranean biological diversity. At this stage, these classes regroup speciﬁc pigment
compositions. In order to associate each HAC class with a relevant
PFT, a boxplot analysis was held to visualize the distribution of each
pigment relative concentration within the HAC class and identify
the dominant pigment. Following this identiﬁcation, each HAC
class characterized by a certain pigment composition will be
assigned to a PFT class based on the literature (Dandonneau et al.,
2004; Gieskes & Kraay, 1983; Guillard et al., 1985; Jeffrey, 1980;
Jeffrey & Hallegraeff, 1987; Wright & Jeffrey, 1987).
In the following, each pixel is thus assigned to a given class. Therefore,
the 7,600 daily images are segmented using the six HAC classes.
Figure 1. Localities of the HPLC samples in the Mediterranean Sea (Boussole station is represented with a star).
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Figure 2 summarizes the steps described above in a simpliﬁed
ﬂowchart.
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Step 3: Validation of the SOM‐PFT using Med‐Pigments
We chose to validate the SOM‐PFT classiﬁcation via two procedures:
1. We ﬁrst used the PFT labeling proposed by Alvain et al. (2005)
denoted Alvain criteria in the following. We applied the relative
pigments ratios (Prel) to identify the PFTs:
Prel ¼

P
Chla þ DVChla

(3)

Alvain et al. (2005, Table 4) provided a table presenting threshold
values on the different Prel whose combinations are related to speciﬁc
phytoplankton groups (Hapto, Proc, SLC, diatoms, and dinoﬂagellates). Therefore, one of the tests consists in analyzing the coherence
of the SOM‐PFT output with the PFT given by the Alvain criteria. For
that, we estimated the PFT associated with the Med‐Pigments in situ
measurements by using the Alvain criteria. A matchup was then
deﬁned by collocating each in situ measurement to the GlobColour
and AVHRR data and by extracting the nearest pixel in a 3 × 3 pixel
box surrounding the in situ measurement site. The secondary pigments of that pixel were estimated via SOM‐Pigments and are presented as input to the SOM‐PFT to identify the PFT. The two PFTs
were then compared.
2. As a second test, we validated our PFT retrieval algorithm (SOM‐
Pigments → SOM‐PFT + HAC) on the Boussole measurements. A
Figure 2. Flowchart summarizing the methodology to identify dominant PFTs
10 × 10 pixel box was extracted from GlobColour and AVHRR
from satellite data using SOM‐Pigments and SOM‐PFT on the Mediterranean
satellite data around the Boussole station (Figure 1) from July
Sea. PFT = phytoplankton functional type; SOM = self‐organizing map; SST =
2001 to November 2016. At each time, the PFT retrieval algorithm
sea surface temperature.
was applied on the pixel box and the ratio of each PFT class given
by the SOM‐PFT were calculated. The validation consists in analyzing the correlations between the time
series of each PFT class ratio with the time series of the corresponding in situ Prel. This experiment
allowed us to observe and analyze the temporal coherence of this method compared to a long in situ time
series.

4. Results
The cross validation of the SOM‐Pigments showed a satisfactory result endorsing the validity of the SOM‐
Pigments database in the Mediterranean Sea. We found a R2 > 0.62 (with a minimum R2 = 0.62 for Allo concentrations and the highest R2 = 0.85 for Fuco concentrations) and a low average root‐mean‐square error of
0.015 mg/m3 (Table 2 and Figure 3).
This result allowed us to proceed with the reconstruction of the secondary pigment concentrations images
on the Mediterranean as described in section 3.2, Step 1. We found a coherent spatiotemporal variability
of each pigment. Figure 4 shows a monthly climatology of the pigment concentrations and the Chla OC5
(1997–2018). It can be seen that most of the diagnostic pigment variability follows that of Chla, since it is
the major proxy of the total phytoplankton biomass, except DVChla, DVChlb, and Zea which present an
opposed behavior.
The results of the validation of the Pr‐Med data set with respect to Med‐Pigments one and the spatiotemporal
reconstruction of the different phytoplankton secondary pigments prove the coherence of Pr‐Med data set
used to train SOM‐PFT. In the following, an analysis of SOM‐PFT is presented along with the results of
the validation experiments.
4.1. Analysis of the SOM‐PFT
Figure 5 represents a two‐dimensional map of the neurons of the SOM‐PFT after the training phase. It is
seen that the neurons are coherently organized with respect to the intensity of the different Pr. The
EL HOURANY ET AL.
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Table 2
Statistical Results of the Cross‐Validation Procedure Performed by the SOM‐
Pigments Using the Med HPLC Data Set
Pigment

R

2

RMSE (mg/m )

3

N Obs

ChlaSOM
DVChla
Chlb
DVChlb
19HF
19BF
Fuco
Perid
Allo
Zea

0.81
0.72
0.78
0.74
0.66
0.80
0.85
0.80
0.62
0.82

0.21
0.007
0.015
0.0005
0.023
0.006
0.044
0.006
0.014
0.008

1,113
663
858
79
1,030
1,096
1,133
890
579
1,241

Note. RMSE = root‐mean‐square error; SOM = self‐organizing map.

10.1029/2019JC015131

different Pr distribution are well distinctive on the SOM grid and poorly
correlated except 19HF and 19BF images which somewhat overlaps.
High DVChlar concentration (Pr > 40%) occupied the upper left corner
of the neuron's map, whereas high Zear concentration (Pr > 50%) were
clustered at the left corner extending to the top. This means that the left
corner of the SOM‐PFT is specialized in Pico class detection. Whereas the
19HFr and 19BFr pigment ratios occupy the bottomside of the SOM‐PFT
with ratios >40% and >15%, respectively. High Chlbr concentration (Pr >
50%) are found near the bottom right corner, and most of the Allor information is found at the top right corner. The bottom right corner of SOM‐
PFT contains information on 19HFr, 19BFr, Allor, and Chlbr; therefore,
this SOM‐PFT part is specialized in the Nano sized class detection.
Whereas for the Fucor, high ratios >50% are found near the top right corner. The Peridr seems to overlap the 19HFr.

The six classes deﬁned by the HAC are represented on the SOM‐PFT grid in Figure 4 last panel. Figure 6
shows the boxplots of the pigment ratio composition regrouped in each class. The segmentation of the
SOM‐PFT into classes further highlights the specialization of each neuron to identify a speciﬁc pigment ratio
dominance indicating a PFT: C1 is characterized by high 19HFr and indicates dominant haptophytes nanophytoplanton (Hapto). High 19HFr and Chlbr characterize C2, and therefore, this class can be attributed to
chlorophytes nanophytoplanton (Chloro). C3 is characterized with high Allor indicating a class of cryptophytes nanophytoplankton (Crypto). Meanwhile, C4 regrouped neurons with high DVChlar and Zear indicating the dominance of Prochlorococcus picophytoplankton (Proc), whereas C5 is characterized with high
Zear and can be attributed to dominant Synechococcus picophytoplankton (Syne). Finally, C6 is highlighted
by high Fucor and denotes a dominance of diatoms microphytoplankton (Diat).

4.2. Validation Experiments
4.2.1. Experiment 1: Validating Med‐Pigments
As mentioned above, the Alvain et al. (2005) criteria (section 3.2) considers ﬁve PFTs (Hapto, Proc, Syne,
Diat, and Dino), while the SOM‐PFT allows to consider six PFTs whose only four are in common (Hapto,
Proc, Syne, and Diat). The labeling thresholds of Alvain et al. (2005) take into account six pigment ratios:
Pheopigments, Fuco, 19HF, Perid, Zea, and DVChla. To proceed with the labeling, we selected from Med‐
Pigments 764 in situ measurements with no missing values.
In Table 3, the confusion matrix is presented. It is obtained by comparing the results of the SOM‐PFT with the
Alvain et al. (2005) criteria for the Med‐Pigments data set. Accordingly, 380 matchups were labeled as Hapto,
3 as Proc, 253 as Syne, 37 as diatoms, 35 as dinoﬂagellates, and last 56 samples were not assigned to any category. The SOM‐PFT presents a performance of 70% (265 in situ vs. 380 satellite matchups) of the Hapto class,
of 75.5% (191 in situ vs. 253 satellite matchups) for the Syne and ﬁnally of 94.6% (35 in situ vs. 37 matchups)
for the diatoms.
Misplacements were found mostly when identifying Hapto and Syne dominated samples, where 23% (88 out
of 380 matchup) of Hapto were identiﬁed as Syne, and 11.9% (30 out of 253 matchups) of Syne were assigned
as Hapto by the SOM‐PFT. Meanwhile, the Dino labeled samples and the samples that did not comply with
any of the proposed thresholds in Alvain et al. (2005) were also presented in Table 3. We found that 54% of
the Dino samples (19 out of 35) were assigned by SOM‐PFT to Hapto and 28.6% (10 out of 35) to diatoms.
And at last, 30.4% (17 out of 56) of the samples unidentiﬁed by Alvain et al. (2005) were assigned to
Hapto by the SOM‐PFT, while 44.6% (25 out of 56) were classiﬁed as Crypto or Chloro by the SOM‐PFT.
4.2.2. Experiment 2: Validation by Using the Boussole Time Series
In order to validate the coherence of the PFT reconstruction by the SOM‐PFT, we analyzed a 10 × 10 pixels
box around the location of the Boussole site (Figure 1) from July 2001 to November 2016. The results are
given in Figures 7a–7d that show the daily estimation of the satellite PFT percentage in this box. To simplify
the analysis, we regrouped three PFT classes (Hapto, Chloro, and Crypto) in a single one that represents
nanoplankton size fraction (Nano).

EL HOURANY ET AL.

5833

Journal of Geophysical Research: Oceans

10.1029/2019JC015131

Figure 3. Scatter plots representing the cross‐validation results of the SOM‐Pigments using the Med HPLC data set. SOM = self‐organizing map.

The Spearman correlation (Rs) between the satellite PFT and their corresponding in situ pigment ratios
(Table 4) was estimated for diatoms, Nano, Proc, and Syne. We found a good agreement the two set of measurements. The Rs values (Table 5) are of 0.47, 0.53, 0.11, and 0.54 for diatoms, Nano, Proc, and Syne, respectively. A comparison between the in situ Chla measurement (whose concentration is maximal in winter) and
satellite PFTs emphasizes the contribution level of each PFT class to Chla at the Boussole site. A relatively
high Rs of 0.58 was noted for the diatoms, 0.46 for Nano, while for the Pico classes, Proc, and Syne showed
a high inverse correlation of −0.65 and −0.79, respectively.
During the spring bloom period, the diatoms and the associated Fucorel reach their maximum percentage
(Figure 7b) when the mixed layer depth is maximum as mentioned by Marty et al. (2002). The Hapto and
Chloro class distribution present maxima percentages during winter, usually around January, while
Crypto are peaking in autumn (Figure 7c). The seasonal pattern of the three nanophytoplankton classes
coincides with the variability of in situ 19HFrel, Chlbrel and Allorel. Meanwhile, Prochlorococcus show maximum values in autumn during several years, at the end of the stratiﬁcation period (Figure 7d). The maxima
found by the SOM‐PFT are in close agreement with the maxima in the concentrations of the pigment ratio
for DVChla measured in situ. These results agree with the pattern reported by Vaulot et al. (1990) and Marty
et al. (2002) estimated by ﬂow cytometry and HPLC analysis, respectively. Also coinciding with the stratiﬁcation period during summer, the dominant group is Synechococcus, and a maximum of Zearel is
observed (Figure 7d).

4.3. Distribution of Dominant PFTs in the Mediterranean Sea
The Mediterranean Sea shows a well‐marked spatiotemporal variability of the six PFT classes. Diatoms are
mainly found in coastal zones, where a high occurrence of this class was found. Besides, a dominance of diatoms was also found during April in the Balearic Sea, in association with the deep convection phenomena.
Simultaneously, nanophytoplankton classes (Hapto and Chloro) dominate in the Mediterranean Sea during
winter and early spring season (December up to April). Meanwhile, the Pico size fraction (Syne and Proc)
mostly dominate in the summer season. Figure 8 clearly indicates that the dominance of diatoms, Hapto,
and Chloro in the western basin is more frequent than in the eastern basin, whereas Pico show an antagonist
behavior with a quasi‐dominance in the eastern Mediterranean.
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Figure 4. Monthly climatology images for each estimated pigment concentrations by self‐organizing map‐pigments along with the Chla OC5.

Let us now consider the monthly patterns of the PFTs in each subbasin (Figure 9). Diatoms present signiﬁcant blooms in winter‐spring in the Alboran and Balearic Seas. In the Adriatic Sea, diatoms show dominance
in midsummer. Meanwhile in the open waters of the eastern Mediterranean, this class presents weak blooms.
Besides, the nanophytoplankton classes (Hapto and Chloro classes) seem to covary, showing a pronounced
abundance during the November–April period. In the Balearic Sea, a sharp increase of diatoms is noted to
the detriment of the nanophytoplankton classes in April, which mainly is a consequence of the convection
phenomena. In the western basin, Hapto and Chloro codominate, while in the eastern basin, Chloro tend to
dominate the Nano size fraction during the winter bloom. The Crypto class is absent in most of the basins,
except in the Aegean Sea, where a bloom of Crypto is observed in August.
In parallel, the picophytoplankton represented by both Synechococcus and Prochlorococcus classes shows an
antagonist monthly cycle. Unlike the other classes, Syne and Proc are the most abundant class during the
summer season, mainly dominated by Syne. In the Adriatic and the Balearic Sea, the Syne dominated in
July–September, while in the eastern part of the Mediterranean Sea, it quasi‐dominated all year long. The
Proc class is signiﬁcantly present in the eastern Mediterranean, showing small antagonist variability in favor
of the Syne.

5. Discussion
The present approach for identifying dominant phytoplankton groups from satellite data, which is based on
the use the SOMs, is innovative and gave good performances in the validation tests. The reconstruction of the
temporal variability of the PFTs at the Boussole station clearly shows that our approach efﬁciently reproduces the annual variability of the PFTs at least in the Ligurian Sea.
Comparing the PFTs given by the present method to these obtained by processing in situ data with the identiﬁcation criteria proposed by Alvain et al. (2005), we found some differences in identifying Nano and Syne
classes. These errors that are of 23% and 13%, respectively, can be associated with cumulative uncertainties
during the process of the method; some errors can be due to the pigment estimation in the ﬁrst step of the
approach when using the SOM‐Pigments (El Hourany et al., 2019), where 19HF or Zea concentrations
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Figure 5. Discrete representation of each Pr on the self‐organizing map‐phytoplankton functional type and the hierarchical clustering in six classes (bottom right
panel).

can be misestimated with high uncertainties. The use of SOM‐Pigment highly depends on the quality of the
satellite data (GlobColour and AVHRR) and therefore controls the pigment estimation errors. Other causes
may interfere also, such as uncertainties in the thresholds of Alvain et al. (2005) and the classiﬁcation criteria
via SOM‐PFT. Meanwhile, the SOM‐PFT did not detect any Perid predominance, due to the low values of
this pigments compared to that of 19HF or Zea. Therefore, we were unable to detect any dominance of
dinoﬂagellates in the Mediterranean Sea. In parallel, the Crypto and Chloro classes were not validated
using Alvain et al. (2005) thresholds. Yet an undeniable coincidence of 44.5% is noted while assigning
these two classes by SOM‐PFT to the in situ samples that were unidentiﬁable via the thresholds of Alvain
et al. (2005).

Figure 6. Boxplots of the nine pigment ratios for each class; C1: haptophytes (Hapto), C2: chlorophytes (Chloro), C3: cryptophytes (Crypto), C4: Prochlorococcus
(Proc), C5: Synechococcus (Syne), and C6: diatoms (Diat).
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Table 3
Confusion Matrix Showing the Results of the Validation Test Performed by Comparing the SOM‐PFT Classes With the In Situ HPLC PFT Computed With the
Alvain Et Al. (2005) Criteria
Alvain et al. (2005)
Method
SOM ‐PFT

Hapto
Proc
Syne
Diat
—
Crypto/Chloro

N Obs

Hapto

Proc

Syne

Diat

Dino

70% (265)
1.3% (5)
23.2% (88)
4.5% (17)
—
1.3% (5)
380

—
33.3% (1)
66.7% (2)
—
—
—
3

11.9% (30)
7.5% (19)
75.5% (191)
3.9% (10)
—
1.2% (3)
253

5.4% (2)
—
—
94.6% (35)
—
—
37

54.3% (19)
2.9% (1)
8.5% (3)
28.6% (10)
—
5.7% (2)
35

Unidentiﬁed
30.4% (17)
3.6% (2)
14.3% (8)
7.1% (4)
—
44.6% (25)
56

Note. SOM = self‐organizing map; PFT = phytoplankton functional type.

Navarro et al. (2014, 2017) developed a regionalized version of PHYSAT (PHYSAT‐Med), which is based on
the OC‐CCI merged ocean color data. Originally, PHYSAT identiﬁes dominant phytoplankton types using
normalized reﬂectance anomalies. PHYSAT‐Med was validated using the Mediterranean in situ HPLC data
set and the threshold classiﬁcation method of Alvain et al. (2005). The results of this validation gave an
agreement of 74% for Nano and 60% for Syne with the in situ matchups with no signiﬁcant validation for
diatoms detection (Navarro et al., 2014). Our results showed an agreement of 70% for dominant Nano identiﬁcation, 76% for the Syne identiﬁcation and an accurate recognition of diatoms (94%) by comparing our
results with those given by using the in situ Med‐pigment data set.
Moreover, the methodology proposed in this paper revealed not only dominant phytoplankton groups on
the Mediterranean Sea but also quantitative information on major phytoplankton secondary pigments
from space. Several studies were conducted to invert Chla signal into PSC or PFT abundance using secondary pigments concentration. This was based on various interpigment relationships to describe the phytoplankton variability at global scale (Hirata et al., 2011) and at the Mediterranean scale (Sammartino
et al., 2015; Uitz et al., 2006, 2012, 2012). In El Hourany et al. (2019), SOM‐Pigments has shown that
the method reproduces accurately interpigment relationships at global scale reﬂecting nonlinear

Figure 7. Daily percentage of dominant phytoplankton functional type computed from satellite data around the Boussole Station, Ligurian Sea, from 2001 to 2016.
(a) Representation of the six phytoplankton functional type classes along with the in situ Chla (black dots), (b) diatoms (red) frequency overlapped with in situ Fuco
rel (red dots), (c) Hapto (navy blue), Chloro (blue), and Crypto (cyan) frequency along with the corresponding in situ P rel (19HF rel, Chlb rel, and Allo rel; blue
dots), (d) Synechococcus (yellow) and Prochlorococcus (green), overlapped with in situ Zea rel (yellow dots) and DVChla rel (green dots).
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Table 4
Spearman Correlation Results Performed on the Boussole Time
Series Obtained by Comparing the Dominant Satellite PFT Percentage
to the In Situ Pigment Ratios (Prel)
Rs

Prel

Diat
Nano
Proc
Syne

0.47*
0.53*
0.11
0.54*

*Signiﬁcant at the 0.001 level.

Chlain

situ

0.58*
0.46*
−0.65*
−0.79*

N Obs
392
374
209
393

10.1029/2019JC015131

relationship between satellites derived secondary pigments and the Chla,
while being consistent with the description of Hirata et al. (2011) in
their analysis performed on in situ data. The results of this present
study highlight the robustness of SOMs at the regional scale, capable
to reproduce interpigment relationships while estimating the pigment
composition from satellite data and accordingly identify dominant phytoplankton groups.

5.1. Phytoplankton Dynamic in the Mediterranean Sea
The oligotrophic state of the Mediterranean has been recognized for a long
time (D'Ortenzio & Ribera d'Alcalà, 2009). A general decreasing gradient from west to east is typically
observed in ocean color data of Chla (Barale et al., 2008; Bosc et al., 2004), to reach an ultraoligotrophic environment in the most eastern basin, the Levantine basin.
In this study, the detected winter bloom of Nano PFT classes (Hapto and Chloro classes) in most of the
Mediterranean open water is induced by the nutrient availability generated by the water mixing in winter
(Marty et al., 2002; Uitz et al., 2012). Such water mixing is due to the decrease of the SST and the resulting
homogenization of the water column (Krom et al., 2004, 2005, 2010). The bloom stops shortly after the surface
waters run out of nutrient.

Figure 8. Monthly climatology images of the six dominant phytoplankton functional type classes identiﬁed using self‐organizing map‐phytoplankton functional
type.
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Figure 9. Monthly climatology of dominant phytoplankton functional type frequency alongside the Chla OC5 at the Alborian, Balearic, Adriatic, Ionian, Aegean
and Levantine bassins.

Major hydrodynamic events play important roles in the mechanism of the bloom. In our study, the dominance of diatoms was observed in the northernmost part of the western Mediterranean basin. This region
is characterized by the occurrence of an annual spring bloom of big phytoplankton triggered by nutrient
enrichment of the euphotic zone due to deep winter convection events, which mix the whole water column
(Marty et al., 2002). In addition to this pattern, the dominance of the Hapto and Chloro classes was also
observed in this study all over the western basin in the winter‐spring period. These waters are characterized
by complex physical and chemical processes, such as water mass circulation, mesoscale hydrological structures such as anticyclonic eddies along the Algerian coast, and the intrusion of the Atlantic waters, which
have the potential of alleviating the general nutrient limitation (Siokou‐Frangou et al., 2010).
According to our ﬁndings, several eutrophic regions were marked by the recurrence of diatom dominance,
such as the continental shelf of the Gulf of Lyon in the South of France, the Gulf of Gabes in the Tunisian
coast, the Gulf of Venice in the north of the Adriatic Sea, the Nile Delta in the Levantine basin, and the northern edge of the Aegean Sea. These regions are characterized by their nutrient input originating from several
sources such as the presence of a large and shallow continental shelf where the majority of the oceanic burial
of organic carbon occurs and nutrients can be put in suspension by small‐scale hydrodynamic phenomena
(Hedges & Keil, 1995; Premuzic et al., 1982). Anthropogenic activities and riverine inputs, such as the
Ebro (Eastern Spanish coast), the Rhone (Gulf of Lyon), the Po (Gulf of Venice), and the Nile (North of
Egypt) also participate to nutrient enrichment. In such nutrient rich zones, the diatoms mainly develop
due to the presence of essential elements for their growth including the silicon that is used to build their silica
frustules. Unlike other minerals, the requirement for silicon is unique to diatoms. In the open ocean, the diatom bloom is typically ended by a shortage of silicon (Egge & Aksnes, 1992).
EL HOURANY ET AL.

5839

Journal of Geophysical Research: Oceans

10.1029/2019JC015131

Moreover, the observed dynamic of the Prochlorococcus and Synechococcus classes is mainly due to their
metabolic capacities, which make that these Pico are able to bloom in the summer season and then accordingly recycle dissolved organic matter in a very efﬁcient manner under competitive circumstances such as
limiting nutrients and predators (Sieburth et al., 1978). Furthermore, the abundance of Pico reaches a maximum in summer when the Chla concentration are at their lowest values. This fact can be explained by the
lower photosynthetic pigment content in the Pico cells under higher irradiances and longer daylight periods
during summer (Calvo‐Díaz et al., 2008). During this season, primary production due to Pico exhibits a maximum value (Uitz et al., 2012). It is well known that thanks to their high surface/volume ratio, Synechococcus
and Prochlorococcus can cope optimally with nutrients‐impoverished environments (Le Quéré et al., 2005).
The presence of Synechococcus in the Levantine basin has been widely reported as a dominant group where
ultraoligotrophic conditions are present and particularly during summer (Siokou‐Frangou et al., 2010; Uitz
et al., 2012). The spatiotemporal variability of the dominant PFTs in the Mediterranean Sea observed in this
study highlights the dominance of Hapto and Chloro in winter‐spring seasons essentially in the western
basin, whereas Synechococcus dominate most of the Mediterranean waters during summer. These results
agree with previous studies on the Mediterranean Sea (e.g., Navarro et al., 2017; Sammartino et al., 2015;
Uitz et al., 2012; Vidussi et al., 2000, 2001).

6. Conclusion
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The clustering method we have developed was very efﬁcient to identify the PFT from satellite measurements and to reconstruct the phytoplankton variability with signiﬁcant performances. The approach was
based on the optical characteristics of phytoplankton pigments and on the efﬁciency of the SOMs to make
robust classiﬁcations. It permitted to retrieve the regional distribution of the PFT assemblage in the
Mediterranean Sea and to estimate their speciﬁc pigment composition, which is innovative compared to
most of the other methods inverting satellite observations. These PFTs showed a well‐marked variability
due to the complex physical and biogeochemical environment: Nanophytoplankton such as haptophytes
and chlorophytes mainly dominated during winter in the western Mediterranean basin, while
Synechococcus and Prochlorococcus dominated during summer. The dominance of diatoms was mainly
observed in spring in the Balearic Sea in response to deep water convection phenomena and near the
coastline and estuaries, due to important continental inputs and river discharges. Besides, we were able
to observe the dynamics of several new phytoplankton types in the Mediterranean Sea, such as chlorophytes and cryptophytes. SOMs may highlight other important phytoplankton types.
The validation tests, which were performed on in situ matchups, showed satisfying performances and
proved that our approach was suitable to study the phytoplankton diversity in the Mediterranean Sea.
This work shows that the use of ﬁne clustering methods such as the SOM chain we developed (SOM‐
Pigments → SOM‐PFT + HAC) can accurately retrieve phytoplankton pigments from satellite observations
and then convert pigment assemblages into well‐deﬁned phytoplankton communities, which can be identiﬁed to PFTs. The method is generic and could be applied to other oceanic regions.
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