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Abstract This study presents a method for estimating secondary phytoplankton pigments from satellite
ocean color observations. We first compiled a large training data set composed of 12,000 samples; each
sample is composed of 10 in situ phytoplankton high‐performance liquid chromatography
(HPLC)‐measured pigment concentrations, GlobColour products of chlorophyll‐a concentration, and
remote sensing reflectance (Rrs(λ)) data at different wavelengths, in addition to advanced very high
resolution radiometer sea surface temperature measurements. The resulting data set regroups a large variety
of encountered situations between 1997 and 2014. The nonlinear relationship between the in situ and
satellite components was identified using a self‐organizing map, which is a neural network classifier. As a
major result, the self‐organizing map enabled reliable estimations of the concentration of chlorophyll‐a and
of nine different pigments from satellite observations. A cross‐validation procedure showed that the
estimations were robust for all pigments (R2 > 0.75 and an average root‐mean‐square error = 0.016 mg/m3).
A consistent association of several phytoplankton pigments indicating phytoplankton group specific
dynamic was shown at a global scale. We also showed the uncertainties for the estimation of each pigment.

Plain Language Summary The knowledge of phytoplankton variability is essential to the
understanding of the marine ecosystem dynamics and its response to environmental changes. This paper
presents a new approach to estimate phytoplankton pigment concentrations from satellite observations by
using an artificial neural network, the so‐called self‐organizing map. This neural network was calibrated
using a large data set of in situ pigment observations from oceanic cruises along with ocean color satellite
data provided by the Globcolour project and advanced very high resolution radiometer sea surface
temperature. This approach allows an accurate estimation of phytoplankton pigment concentrations and
their related uncertainties. Moreover, the method allows to reproduce the spatio‐temporal variability of
pigment concentration and the dynamics of phytoplankton groups. A particular attention is given to the
Southern Ocean whose phytoplankton communities are specific.

1. Introduction

Marine ecosystems are a major sink for atmospheric CO2 (Häder et al., 2014). The net transfer of CO2 from
the atmosphere to the oceans and then sediments is mainly a direct consequence of the combined effect of
the water solubility (physical pump) and the biological pump (Hülse et al., 2017). The biological carbon
pump is a key natural process and a major component of the global carbon cycle that regulates atmospheric
CO2 levels, transferring both organic and inorganic carbon fixed by phytoplankton in the euphotic zone to
the ocean interior (Chisholm, 1995; Hülse et al., 2017). Understanding the response of the biological carbon
pump to global change is required to accurately predict the future impact of the increase in atmospheric CO2

due to the human activities (Passow & Carlson, 2012). The dissolution of anthropogenic CO2 in the ocean
and the subsequent formation of carbonic acid have already resulted in a decrease of 0.1 pH unit and will
continue to lower pH by an additional 0.2–0.3 pH units by the end of the century (Bhadury, 2015). This
decline in ocean pH is referred to as ocean acidification (Orr et al., 2005). At the same time, warming should
increase the mean surface temperatures by an average of 3 °C, leading to longer periods of stratification with
fewer deep mixing events (Sarmiento et al., 2004) and a less efficient physical pump. Increased stratification
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is expected to lead to nutrient limitation and an increase in average irradiance in the euphotic layer, where
phytoplankton grow (Schulz et al., 2007). The knowledge of the space and time heterogeneity of phytoplank-
ton abundance is essential to understand the marine ecosystem dynamics and responses to environmental
changes (Mann & Lazier, 2006).

Phytoplankton are distributed among a large number of groups of microscopic photosynthesizing protists
and cyanobacteria, which contribute nearly 50% to the total primary production of Earth by fixing about
50 Gt carbon per year (Baumert & Petzoldt, 2008). In order to understand and quantify the phytoplankton
abundance and characteristics at the surface, in situmethods evolved over the past years passing frommicro-
scope count method to flow cytometer and high‐performance liquid chromatography (HPLC) pigment diag-
nosis. In fact, HPLC enables the identification of 25 to 50 phytoplankton pigments within a single analysis
for which each phytoplankton group is associated with specific diagnostic pigments (DPs). Therefore,
HPLC measurements are now widely used to determine phytoplankton species in situ. However, these
methods are time‐demanding with a low cost‐effectiveness and their applications are limited to accessible
zones where seawater sampling can be made. Besides, it has been shown that many pigments overlap
between unrelated groups leading to misinterpretation. Nevertheless, these methods are considered as refer-
ences for phytoplankton identification.

In the last decade, remote sensing of surface optical properties has provided synoptic views of the abundance
and distribution of sea surface constituents; the downward sunlight interacts with the seawater through
backscattering and absorption in such a manner that the upward signal transmitted to the satellite contains
information related to the composition of seawater. In the open ocean far from the coast (case 1 waters), the
sunlight mainly interacts with the phytoplankton cell shape (backscattering), pigments (absorption), and
debris (e.g., colored dissolved organic matter). Therefore, the light seen by the satellite sensor contains infor-
mation on phytoplankton. Ocean color has been an effective platform to estimate the chlorophyll‐a (Chla)
concentration in 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).

Besides Chla, many other pigments in phytoplankton interact with the sunlight, such as chlorophyll‐b
(Chlb), chlorophyll‐c (Chlc), and photosynthetic carotenoids (PSCs), or in protecting Chla and other sensi-
tive pigments from photodamage, such as photoprotective carotenoids (PPC). Some pigments only occur in
specific phytoplankton groups and are thus indicator pigments for their identification, for example, fucox-
anthin in diatoms and peridinin in dinoflagellates (Letelier et al., 1993; Vidussi et al., 2001). The identifica-
tion of these pigments by remote sensing would provide an unprecedented spatio‐temporal distribution
(Kostadinov et al., 2017) that would give powerful insights on the phytoplankton composition, light absorp-
tion, physiological state (Behrenfeld & Boss, 2006), and the dynamics of the marine food web and marine
productivity (Bracher et al., 2017). This was early recognized that detection of major characteristics of the
phytoplankton community from remote sensing images was a major challenge in ocean optics.

Phytoplankton absorption bears the imprints of different types of pigments and can be measured by optical
measurements. Several recent studies have investigated the potential of using continuous optical data to
derive surface concentrations of pigments other than Chla. Chase et al. (2013) decomposed a large global
data set of hyperspectral particulate absorption measurements into Gaussian function components and
assessed the magnitude of specific Gaussian functions in relation to the absorption by specific pigments or
pigment groups. The method provided robust results for obtaining concentrations of Chla, Chlb, Chlc, phy-
coerythrin, PPC, and PSC. Organelli et al. (2013) used a multivariate approach applied to fourth‐derivative
spectra of phytoplankton or particulate absorption data to retrieve Chla, seven DPs, and the corresponding
phytoplankton size classes at the Boussole site in the Mediterranean Sea. Pan et al. (2010) developed empiri-
cal algorithms based on reflectance ratios to approximate key phytoplankton pigment concentrations. The
band‐ratio algorithms were developed from radiometric measurements collocated with pigment data mea-
sured in northeastern U.S. coastal waters. This algorithm has successfully derived the concentrations of
Chla, Chlb, Chlc, and nine different carotenoids. However, such band‐ratio algorithms require a very large
database (>400 collocations with satellite data) from a specific region to derive robust regionalized algo-
rithm. Bracher et al. (2015a) developed models to estimate phytoplankton pigments from hyperspectral in
situ and satellite measurements of remote‐sensing reflectance (Rrs(λ)), which were applied to the Atlantic
Ocean. These models were based on empirical orthogonal function analysis of normalized Rrs(λ) spectra.
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In the present work, we propose to use self‐organizing maps (SOMs; Kohonen, 2013), in order to evidence
the relationship between satellite and in situ data measured at the ocean surface. The SOM are unsuper-
vised neural classifiers, which were successfully applied in remote sensing for pattern extraction (Ehsani
& Quiel, 2008; Gorricha & Lobo, 2012; Hu & Weng, 2009; Iskandar, 2010; Richardson et al., 2003) and
more specifically to ocean color measurements for aerosol characterization (Diouf et al., 2013; Niang
et al., 2006), radiance spectra classification (Ainsworth & Jones, 1999), and for phytoplankton absorption
spectra analysis (Chazottes et al., 2006, 2007). This study aims at providing a global, accurate, and robust
method that can be used to retrieve the HPLC pigments composition from the remote sensing signal and
consequently permits to track the phytoplankton dynamics. The use of SOM gives the ability to automa-
tically assign different patterns of satellite signal and the associated pigment composition based on the
similarities in terms of shape and amplitude. In addition, the method allows us to take into account a lar-
ger in situ data set in a very efficient manner in terms of processing time, with a higher flexibility
and reliability.

The paper is articulated as follows. In section 2, we briefly describe the global ocean database co‐located with
satellite data (Dpigment) used to calibrate the SOMwe developed to estimate the pigment concentration. The
SOM and the calibration procedure are described in section 3. In section 4, we present the results and the
validation of the method. In section 5, we estimate the pigment concentration in the global ocean. The
results are discussed in section 6. A conclusion is presented in section 7.

2. Materials

The proposed method is based on a statistical clustering of complementary available remotely sensed para-
meters and in situ HPLC pigment data by using a SOM. For that, we used a rigorous data set of in situ HPLC
pigment data collocated with satellite data, regrouping a large diversity of encountered situations and multi-
ple parameter combinations between 1997 and 2014. Our approach is based on the spectral diversity of the
water leaving signal, in conjunction with the variability of the phytoplankton pigments. The application of
such approach will allow the spatio‐temporal reconstruction of pigments. In this section, both the data and
the methodology are described and explained.

2.1. GlobColour Data

To extend existing time series beyond that provided by a single satellite sensor, the ESA 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 scientific requirement for a long (10+ years) time series
of consistently calibrated global ocean color information with the best possible spatial coverage. This has
been achieved by merging data from Sea‐viewing Wide Field‐of‐view Sensor (SeaWiFS), Moderate
Resolution Imaging Spectroradiometer (MODIS), Visible Infrared Imaging Radiometer Suite (VIIRS),
Medium Resolution Imaging Spectrometer (MERIS), and Ocean and Land Colour Instrument (OLCI).

The GlobColour project provides a continuous data set of merged level 3 (Mapped, 4 km) daily remote sen-
sing reflectance (Rrs(λ)). This product is generated for each instrument, using the corresponding level 2 data.
The merged Rrs(λ) are then computed as the weighted average of all single‐sensor products. The 547‐ to 560‐
nm bands are submitted to a specific processing just before averaging to prepare a more consistent merging
between the sensors. These bands were fitted to the Rrs(555) of SeaWiFS. The main reason behind this
choice is that SeaWiFS is widely considered as the highest quality sensor with the best match to in situ obser-
vations and is commonly used in peer literature (Belo Couto et al., 2016). The primary cause for using this
data set was to increase the number of match‐ups between HPLC in situ data and satellite parameters.

Basically, ocean‐color sensors measure the diffuse sunlight backscattered by the ocean. The principle of
detecting phytoplankton groups from space relies on their spectral contributions to the Rrs(λ), which in turn
is determined by the spectral absorption (a, m−1) and backscattering (bb, m

−1) coefficients of the ocean (pure
water and various particulate and dissolved matters) using this simplified formula (Morel & Gentili, 1996):

Rrs λð Þ ¼ G×bb λð Þ= a λð Þ þ bb λð Þð Þ (1)

where G is a parameter mainly related to the geometry of the situation (sensor and solar angles) but also to
environmental parameters (wind, inherent optical properties, and aerosols).
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The contribution of the phytoplankton to the Rrs(λ) can be explained by its pigment content, which absorbs
the light at specific wavelengths, and its physical structure, which scatters the light as a function of
the wavelength.

In this study, we used Rrs(λ) at four different wavelengths (412, 443, 490, and 555 nm). These Rrs(λ) were
downloaded between 1997 and 2014. Each of these Rrs(λ) depends on several biogeochemical and physical
factors such as the influence of phytoplankton pigments on the variability of Rrs(443), Rrs(490), and
Rrs(555), especially the 490‐nm wavelength due to the maxima of absorption of several secondary pigments
near this wavelength.

We also added the Chla concentration, which gives an important information on the total phytoplankton
abundance. The Chla was estimated with the OC5 algorithm (Gohin, 2011) and is provided on a daily basis
via the GlobColour portal. The use of the 4 Rrs(λ) along with the Chla OC5 in the classification procedure
will help to identify the nonlinear relationship between Rrs(λ)‐Chla‐pigments and then to accurately esti-
mate the pigment composition. The Rrs(λ) data were the primary variables to be used in this approach,
evaluating the optical relationship with the corresponding pigment composition. This is mainly due to
the diversity of the Rrs(λ) spectra that will be analyzed by the SOM in terms of shape and amplitude.
Adding the Chla OC5 as a second parameter allows to take into account the inter‐relationship between aux-
iliary pigments and Chla and the relationship between Chla OC5 and Rrs(λ; on which the OC5 algorithm
is based).

2.2. Advanced Very High Resolution Radiometer Sea Surface Temperature Data

Since the pigment concentrations are characterized by a well‐defined seasonal cycle, the use of sea sur-
face temperature (SST) in the algorithm of pigment retrieval permits to better fit the relationship
between the in situ HPLC and satellite data (Pan et al., 2013). Therefore, adding SST should promote
the identification of pigments covarying with the seasonal variability of this physical factor. The SST
data were downloaded at 4‐km resolution and at a daily frequency between 1997 and 2014, using a pro-
duct of the advanced very high resolution radiometer (AVHRR) instruments aboard National Oceanic
and Atmospheric Administration (NOAA) polar‐orbiting satellites: version 5.3 level 3 global 4‐km sea
surface temperature (Casey et al., 2010; Saha et al., 2018; https://data.nodc.noaa.gov/cgi‐bin/iso?id=
gov.noaa.nodc:AVHRR_Pathfinder‐NCEI‐L3C‐v5.3). Current retrieval algorithms for SST from AVHRR
are based largely upon the multichannel sea surface temperature algorithm (McClain et al., 1985), which
may be written as

SST ¼ A1 þ A2*T4 þ Y T4−T5ð Þ (2)

whereA1 and A2 are constants determined through a least squares fit to in situ data; T4 and T5 are brightness
temperatures as derived from channels 4, 10.3–11.3 μm and 5, 11.5–12.5 μm; and Y is a weighting factor
based on the knowledge of known absorption coefficients (Emery et al., 1994).

Table 1
Compilation of HPLC Databases and Their Contributions in Terms of the Sampling Period, Zone, and Number
of Observations

Campaign/data set Zone Period N Obs

MAREDATa Global ocean 1997–2008 10,340
NOMADb Global ocean 1997–2003 1,080
GeP&Coc Pacific‐Atlantic‐Indian Oceans July 2000 to September 2002 1,205
Polarsternd Atlantic ocean October 2007 to May 2010 396
Labradore Labrador Sea 2005–2014 253
Tara Oceans Expeditionf Global ocean; Med September 2009 to October 2013 410
SeaBASSg Global ocean 1997–2014 1,836

Note. HPLC, high‐performance liquid chromatography.
aLuo et al. (2012) bWerdell and Bailey (2005). cDandonneau et al. (2004). dBracher et al. (2015a). eFragoso et al.
(2016). fPesant et al. (2015). ghttps://seabass.gsfc.nasa.gov/.
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2.3. HPLC Pigment Data Set

In parallel to the remotely sensed data, the in situ HPLC database used in this work is a compilation of dif-
ferent published data sets such as MAREDAT, NOMAD, and SeaBASS and several oceanic campaigns such
as GEP&CO, TARA Ocean Expedition, Polarstern, and Labrador Sea expeditions (Table 1). This database
gathers 10 different pigments: total Chla, Divynil‐Chla (DVChla), Chlb, Divynil‐Chlb (DVChlb),
19'Hexfucoxanthin (19HF), 19'Butfucoxanthin (19BF), Fucoxanthin (Fuco), Peridinin (Perid), Alloxanthin
(Allo), and Zeaxanthin (Zea). Allo and Zea are both included in PPC pigments, while Fuco, Perid, 19HF,
and 19BF are PSC pigments.

All pigments except Chla are considered as DPs. A diagnostic pigment analysis can be applied to classify phy-
toplankton types from HPLC pigment data (Table 2; Vidussi et al., 2001). Diagnostic pigment analysis
defines an ensemble of DP for specific phytoplankton groups that can be quantified with respect to the
sum of all the relative DP concentrations (i.e., DP/ΣDP) to estimate the relative abundance of a specific phy-
toplankton group. This approach has been used in different studies at both global and regional scales (Di
Cicco et al., 2017; Hirata et al., 2011; Marty et al., 2002; Mayot et al., 2017; Sammartino et al., 2015; Uitz
et al., 2006; Vidussi et al., 2001).

2.4. The Experimental Database

A total of 15,520 HPLC duplicate‐free samples were compiled in this database, limited to the first optical
depth which is about 15–35 m (D'Ortenzio & d'Alcalà, 2009). The duplicates were identified by comparing
the coordinates (latitude, longitude), the date (year, month, and the day), and the depth. Vector data with
similar or close values within these parameters were averaged. Due to their different optical properties
(Arrigo et al., 1998; Fenton et al., 1994; Mitchell et al., 1991), 3,761 HPLC samples originating from the
Antarctic Ocean were excluded (latitude>50°S). Afterward, satellite matchups were retrieved by extracting
the nearest available pixel to the 11,759 remaining HPLC sample coordinates in a 3 × 3 box, within a time
lapse of ±1 day. To specialize the applicability of the method to oceanic waters, which are characterized
by low to moderate Chla levels, in particular in comparison with coastal waters, the 95% percentile of the
data was used, which corresponds to a threshold at 3 mg/m3 for the Chla values. High values above this per-
centile were flagged and replaced by a missing value in the remaining data. For consistency, the 95% percen-
tile was then used to flag all high values of each variable. At this stage, 853 measurements with more than 14
missing variables were eliminated from the database. The resulting database contains 10,906 sample, from
which 7,594 samples are collocated with satellite images between 1997 and 2014. The geographic location
of this database samples is presented in Figure 1.

Despite the scattered missing values, the remaining data contain information, which may efficiently contri-
bute to the calibration of the SOM, and this is due to the learning algorithm dedicated to the SOM method
that will take into account the intervariable relationship (see section 3.1).

Finally, the experimental database (Dpigment), that will serve to train the SOM, has a dimension of
10,906 × 16, where 10,906 are the number of samples (individuals) and 16 are the number of components
(10 HPLC pigments: in situ Chla, DVChla, Chlb, DVChlb, 19HF, 19BF, Fuco, Perid, Allo, and Zea, and
six satellite‐derived variables: OC5 Chla, 4 Rrs(λ), and SST).

Table 2
Phytoplankton Groups and Their Associated Major Pigments

Phytoplankton size class Phytoplankton functional group Pigment

Microphytoplankton (20 to 200 μm) Diatomsa Fucoxanthin (Fuco)
Dinoflagellatesb Peridinin (Perid)

Nanophytoplankton (2 to 20 μm) Prymnesiophytesc 19'HexFucoxanthin (19HF)
Chromophytesc 19HF and 19'ButFucoxanthin (19BF)
Chlorophytesc Chlorophyll‐b (Chlb)
Cryptomonadsd Alloxanthin (Allo)

Picophytoplankton (<2 μm) Cyanobacteria‐Synechoccocuse Zeaxanthin (Zea)
Prochlorococcuse Divynil‐chlorophyll‐a and ‐b (DVChla and DVChlb)

aJeffrey (1980). bJeffrey and Hallegraeff (1987). cWright and Jeffrey (1987). dGieskes and Kraay (1983). eGuillard et al. (1985).
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3. The Proposed Method
3.1. SOM: The General Concept

The SOM algorithms (Kohonen, 2013) constitute powerful nonlinear unsupervised classification methods.
They are unsupervised neural classifiers, which have been commonly used to solve environmental problems
(Cavazos & Cavazos, 1999; Liu, 2005; Liu et al., 2006; Niang et al., 2006; Reusch et al., 2007; Richardson et al.,
2003). SOM aims at clustering vectors of a multidimensional database (D) into classes represented by a fixed
network of neurons (the SOM map). The SOMs are defined as an undirected graph, usually a rectangular
grid of dimension p × q. This graph structure is used to define a discrete distance (denoted by δ) between
the neurons of the map, which present the shortest path between two neurons. Moreover, SOM enables
the partition of D in which each cluster is associated with a neuron of the map and is represented by a pro-
totype that is a synthetic multidimensional vector (the referent vector w). Each vector zi of D will be
assigned to the neuron whose referentw is the closest, in the sense of the Euclidean Norm, and will be called
the projection of the vector zi on the map. A fundamental property of a SOM is the topological ordering pro-
vided at the end of the clustering phase: two close neurons on the map represent data that are close in the
data space. Indeed, the neurons are gathered in such a way that two close vectors of D are projected on
two relatively close neurons (with respect to δ) on the map. The estimation of the referent vectors w of a
SOM and the topological order is achieved through a minimization process in which the referent vectors
w are estimated from a learning data set (the DPIG database in the present case). The cost function is of
the form

JTSOM χ;Wð Þ ¼ ∑zi∈D∑c∈SOMK
T δ c; χ zið Þð Þð Þ zi−wck k2 (3)

where c ϵ SOM indices the neurons of the SOMmap, χ is the allocation function that assigns each element zi
of D to its referent vector wχ zið Þ. δ(c, χ(zi)) is the discrete distance on the SOM between a neuron c, and the
neuron allocated to observation zi and K

Ta kernel function parameterized by T (where T stands for tempera-
ture in the scientific literature dedicated to SOM) that weights the discrete distance on themap and decreases
during the minimization process.

This cost function takes into account the proper inertia of the partition of the data set D and ensures that its
topology is preserved.

SOMs have frequently been used in the context of completing missing data (Jouini et al., 2013), so the pro-
jected vectors zimay have missing components. Under these conditions, the distance between a vector zi ϵD
and the referent vectorsw of the map is the Euclidean distance that considers only the existing components

Figure 1. Geographic location of the high‐performance liquid chromatography in‐situ measurements.
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(the truncated distance or TD hereinafter). The use of the TD allows to take into account the information
embedded in the incomplete data described in the section 2.

3.2. Construction of the SOM
3.2.1. Phase 1: Training Phase
In the present study, the SOMmap is constituted by a two‐dimensional rectangular grid (200 × 100 = 20,000

referents) trained using Dpigment, minimizing the JTSOM χ;Wð Þ cost function. In order to equitably distribute
the weights through the training procedure, the 16 parameters were normalized with their variances. So
each parameter contributes to build the SOM. Using a number of neurons larger than that of the training
data set allowed to refine the discretization ofw and therefore to obtain a more accurate pigment estimation.
Several experiments were made to find the ideal SOM size and have shown a significant increase of the gen-
eral performance of the method at estimating pigment concentrations when the number of neurons
increases to a certain extent (5,000; 10,000; and 20,000 neurons).

In the case of 20,000 neurons map, at least half of the neurons of the SOM have captured a sample of the
database, which permitted to define a referent vector w for these neurons. The second half of the neurons
defined theirw through the topological ordering using the equation (3). In other terms, the discrete distance
δ(c, χ(zi)) between the neighboring neurons and the kernel KT was used to determine the referent vectorw of
each neuron that has not captured any data (Sarzeaud & Stephan, 2000). This proves the interest of the topo-
logical order provided by the SOMs maps, which is used to accurately interpolate referent vectors for neu-
rons, which have not captured any data.

At the end of the training phase, each neuron of the SOM (denoted SOM‐Pigments) was therefore associated
with a referent vector wk constituted of 16 components, with k ϵ {1 … 20,000}.
3.2.2. Phase 2: Pigment Retrieval
In the second phase, which is an operating phase, we estimate the pigment concentrations using the differ-
ent satellite images. The six ocean satellite observations (four Rrs(λ), satellite Chla, and SST) of a pixel Pj are
projected onto the SOM. Doing so, the projected parameters are normalized with the corresponding var-
iances ofDpigment to maintain an equal weight among the parameters and are assigned with the closest best
matching neuron using the TD defined in section 3.1. At the end of the assignment phase, each pixel is asso-
ciated with a referent vector wk corresponding to the best matching neuron, which includes the 10
pigment concentrations.

For this phase, level 3 mapped 4 km daily images of SST, Chla, and Rrs(λ) at four wavelengths (412, 443, 490.
and 555 nm) were used to estimate the pigment concentrations.
3.2.3. Phase 3: Cross Validation
In order to evaluate the performance of the SOM on a global scale, the statistical parameter R2 and root‐
mean‐square error (RMSE) have been calculated via the following cross‐validation procedure implemented
for each estimated pigment:

• Step 1: The initial data set was randomly segmented into 20 different partitions: 95% of the data served as a
training set and 5% as a test set.

• Step 2: At each iteration, the SOM was trained with the training set.
• Step 3: We applied the pigment retrieval procedure described in phase 2.
• Step 4: The pigment concentrations estimated from the retrieval procedure were compared to the

observed test set.

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i¼1 Obsi−Estið Þ2
n

s
(4)

3.2.4. Phase 4: Uncertainty Calculation and Quality Control
In order to compute the uncertainty on the estimated pigments, an ascending hierarchical clustering was
applied to the SOM in order to cluster similar neighboring neurons into 500 Big‐clusters (approximately
40 neurons per cluster). Then, for each Big‐cluster j (j = 1 … 500), a standard deviation vector (Stdj) was cal-
culated, whose components xi (i = 1 … 16) are the 16 parameters of Dpigment. The standard deviation for
component xi belonging to cluster j is denoted Stdj (xi) and is estimated from the values of the neurons
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clustered within the Big‐cluster j. As a result, each neuron k belonging to the Big‐cluster j will be associated
with its Stdj and will be denoted Stdk

Stdk xið Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i¼1 xi−xið Þ2
n

s
(5)

where n is the number of neurons k in the Big‐cluster j, xi is a component (i = 1 … 16) of a neuron k, and xi is
the mean of the component xi computed from the neurons in Big‐Cluster j:

xij ¼ 1
n
∑n

i¼1xi (6)

Moreover, in the operational phase, a quality control was applied based on the difference between the Rrs(λ)
spectrum projected on the SOM map and its corresponding selected neuron. A mask (M) is generated for
each pixel p using the four Rrs (λ) as follows:

ΔRrs λð Þp ¼ Rrs λð Þp−Rrs λð Þk
Stdk Rrs λð Þð Þ (7)

where λ represents the wavelengths 412, 443, 490, and 555 nm; Rrs(λ) is the value of Rrs(λ) at wavelength λ
for pixel p, Rrs(λ)k is the value of Rrs(λ) at wavelength λ of the selected neuron k, and Stdk(Rrs(λ)) is the stan-
dard deviation for Rrs(λ) as described above. ΔRrs(λ)p is a function of Stdk(Rrs(λ)); it is the ratio of the dif-
ference between the Rrs(λ) of p and its associated neuron k and the Stdk(Rrs(λ)).

The mean of the four ΔRrs(λ)p is attributed to each pixel of the resulting image;

ΔRrs λð Þp ¼
∑4

λ¼412;443;490;555ΔRrs λð Þp
4

(8)

The quality control mask (denoted Mp) was defined using a threshold at ΔRrs λð Þp ¼±2 STD. Therefore,

values of ΔRrs λð Þp above this threshold are rejected. This allows to filter the pixels with abnormal Rrs(λ)

spectrum that were not observed within the Dpigment used to train the SOM.

4. Results
4.1. Analysis of the SOM Organization and Topology

Once the training phase of the SOM is done, the relationship between the in situ pigments and those esti-
mated from the satellite observations was assessed. A correlation analysis was performed between the para-
meters within the initial database and within the SOM. As a result, the correlations are efficiently preserved
(Table 3). Therefore, the SOM is representative of the initial database Dpigment, reproducing accurately the
relationship between the parameters.

Besides, the 16 components affected to the neurons of the SOM seemed to be well organized; diagonal gra-
dients are found for most of the parameters (Figure 2). Such results denote a coherent relationship between
the variables.

The organization of the pigments on the SOM with respect to the satellite data helps understanding the link
between the phytoplankton pigments and the satellite signal. The in situ and satellite Chla are closely
related, which may explain the satisfying correlation between satellite and in situ Chla data (r = 0.70,
pVal < 0.001). The Fuco follows a diagonal gradient on the SOM (top left, bottom right) and thus exhibits
an organization close to that of both in situ and satellite Chla. As a consequence, there is a strong relation-
ship between these two pigments (Chla in situ vs. Fuco: r = 0.80, Chla OC5 vs. Fuco: r = 0.67, pVal < 0.001).
The Chlb and Perid mainly exhibit a vertical gradient (top to bottom), while the Allo is organized with high
values simultaneously on the top and left sides of the SOMmap. 19HF and 19BF are both covariant (r= 0.77,
pVal < 0.001) and present a diagonal gradient (top right, bottom left), while both Chla and Fuco present a
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gradient following the other diagonal. DVChla and Zea present a diagonal gradient (bottom right, top left),
and DVChlb is maximum in the middle of the right side of the map.

Most of the DPs follow a negative gradient of SST (r<−0.21, pVal < 0.001), while Zea, DVChlb, and DVChla
covary with SST (high values of Zea, DVChlb, and DVChla coincide with high SST values; r > 0.1,
pVal < 0.001). Noting that Zea is an indicator of Cyanobacteria communities and that both DVChlb and
DVChla are DP of Prochlorococcus (Cyanobacteria), this link suggests a correlation between SST and
Cyanobacteria spatio‐temporal patterns. In a general view, the SOM topology seems to follow a certain regio-
nalization; Chla, Chlb, 19HF, 19BF, Fuco, Perid, and Allo pigment components show high concentrations at
the top of the SOM, whereas low concentrations are found at the bottom. In contrast, DVChla, DVChlb, and
Zea display an opposite structuring. This organization promotes a subdivision into oligotrophic waters (bot-
tom) where cyanobacteria dominate andmore productive waters (top) where the other species are abundant.

4.2. Cross‐Validation Results

Table 4 shows the cross‐validation results of the 10 pigments for each experiment with an increasing number
of neurons, and Figure 3 presents the scatterplots that compare the observed pigment concentrations versus
the estimated values for the test sets using 20,000 neurons. The RMSE and the R2 coefficients between the
estimated and the observed pigments both improve when a higher number of neurons are specified; For
example, the accuracy of the Fuco prediction shifts from an R2 of 0.5 to 0.78 when the SOM is increased from
5,000 to 20,000 neurons. Overall, when 20,000 neurons are prescribed, the R2 coefficients for the different
pigments range between 0.75 and 0.89 with an average RMSE of 0.012 mg/m3. Furthermore, the inspection
of the scatterplots (Figure 3) shows that there is no bias in the estimation procedure.

Figure 2. Organization of the 16 variables on the self‐organizing map (SOM) map after the training phase. Each map
represents the values recorded by the neurons of the SOM for the 16 variables. The topological organization of these
neurons reflects the inter‐variable relationship.
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The R2 coefficient between the Chla estimated by the SOM (ChlaSOM) and the in situ Chla is equal to 0.84
with an RMSE of 0.24 mg/m3. When predicting ChlaSOM, the SOM provides a tool to validate the spatial
reconstruction by comparing the output with the satellite ChlaOC5 images.

This comparison performed between daily images shows a good agreement between the two Chla, scoring an
R2 of 0.85, and an RMSE of 0.13 mg/m3 (Figure 4). Besides, a slight overestimation of 0.01 mg/m3 by the
ChlaSOM compared to ChlaOC5 was highlighted for Chla values less than 1 mg/m3. A saturation is observed
at values near 3 mg/m3, and it is mainly due to the limitation of the Chla values of the learning database,
which were used to train the SOM. On the spatial scale, the Chla SOM reproduces the patterns initially
observed in the original product, which proves that the reconstruction is efficient.

Table 4
Statistical Results of the Cross‐Validation Result for the 10 Pigments

N Neur = 20,000 N Neur = 10,000 N Neur = 5,000

R2 RMSE (mg/m3) R2 RMSE (mg/m3) R2 RMSE (mg/m3) pVal N Obs

Chla SOM 0.84 0.22 0.79 0.23 0.55 0.24 0.001 4179
DVChla 0.77 0.01 0.56 0.02 0.48 0.02 0.001 2502
Chlb 0.85 0.01 0.69 0.02 0.64 0.02 0.001 2900
DVChlb 0.89 0.001 0.49 0.002 0.43 0.01 0.001 383
19HF 0.75 0.02 0.73 0.03 0.58 0.03 0.001 4284
19BF 0.79 0.01 0.68 0.01 0.61 0.01 0.001 4192
Fuco 0.87 0.02 0.76 0.02 0.50 0.02 0.001 4382
Perid 0.80 0.01 0.35 0.02 0.54 0.01 0.001 3113
Allo 0.76 0.01 0.50 0.02 0.41 0.01 0.001 2215
Zea 0.79 0.01 0.74 0.01 0.54 0.02 0.001 4262

Note. Non–log‐transformed data were evaluated to calculate the root‐mean‐square error (RMSE).

Figure 3. Scatter plots illustrating the cross‐validation cumulative results for the 10 pigments, estimated versus observed. The R2 above each scatter plot represents
the regression coefficient.
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5. Estimation of Pigment Concentrations in the
Global Ocean

The method described in section 3 has been used to generate daily images
of pigments concentrations at global scale using satellite reflectance, Chla,
and SST products presented in section 2 (Figures 5–7).

Furthermore, a quality control mask was determined from the mean dif-

ference ΔRrs λð Þp between the satellite Rrs(λ) spectrum projected on the

SOM map and the Rrs(λ) spectrum of the best matching neuron (see
section 3, phase 4 for a detailed description; Figure 5b). To quantify the
quality of the pigments concentrations estimated by ourmethod, a 10‐year

climatology (2006–2016) of ΔRrs λð Þp has been generated and is displayed

in Figure 8.

Values of ΔRrs λð Þp remain relatively low over most of the ocean both in

winter and in summer. However, the Southern Ocean exhibits high values
(above ±2 STD) in winter, which may even exceed ±4 STD in some areas.
In addition to that, the southern subtropical gyres of the Pacific Ocean are
also characterized by relatively high uncertainties that do not yet exceed
drastically 2 STDs. A 2‐year (2012–2013) daily analysis was performed in
order to evaluate the frequency of pixels that are characterized by high

values of ΔRrs λð Þp during that period. The near shore pixels have a 60%
frequency to be flagged mainly due to the fact that most case 2 water data

were excluded from the initial database. In the open ocean, the frequency drops to less than 20% except in
the Southern Ocean where this frequency is higher, reaching 45% in the circumpolar current. This quite
large uncertainty in that region is explained by its specific optical characteristics as well as by the exclusion
of the data collected in the Southern Ocean from the training database and the very limited availability of
satellite observations (less than 50 observations per pixel through a 2‐year period). Consequently, one may
call into question the reliability of the SOM‐pigments to predict accurately the pigment concentrations in
the Southern Ocean during the winter season. Yet the 2‐year frequency analysis shows that some

Figure 4. Comparison between ChlaSOM and ChlaOCS daily values show-
ing a good agreement (R2 = 0.85, root‐mean‐square error = 0.13 mg/m3).

Figure 5. Eight‐day composite (2–9 April 2017) of (a) Chla OC5, (b) ΔRrs λð Þp, (c) chlorophyll‐a (Chla) self‐organizingmap (SOM), and (d) Chla SOMuncertainties.
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observations in the Southern Ocean fall under the threshold. They mainly correspond to situations that do
exist in other regions of the ocean and thus that have been accounted for in the training phase. Therefore, in
this case, the estimated pigments should be reliable. In the following, pixels with a ±2‐STD deviation are
flagged to insure a relevant representation while tracking stable patterns of six major pigments concentra-
tion (Chla, DVChla, Chlb, 19HF, Fuco, and Zea), in winter (December–February) and summer (July–

Figure 6. Eight‐day composite (2–9 April 2017) of (e) 19HF, (f) 19HF uncertainties, (g) Fuco, and (h) Fuco uncertainties.

Figure 7. Eight‐day composite (2–9 April 2017) of (i) DVChla, (j) DVChla uncertainties, (k) Zea, and (l) Zea uncertainties.
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September). Seasonal climatology composites were calculated and are represented in Figures 9 and 10 for the
period ranging between 2006 and 2016.

The results show specific patterns for every pigment. We note that the dynamics of Fuco is similar to that of
Chla: High concentrations are observed in the Antarctic Sea in the winter season, and a pronounced max-
imum of Fuco >0.2 ± 0.05 mg/m3 is observed in the northern part of the Atlantic and of the Pacific in sum-
mer. High concentrations of Fuco >0.2 ± 0.05 mg/m3 are also found in Eastern Boundary Upwelling
Systems such as off Peru, California, and in the Benguela upwelling. This close relationship between Fuco
and Chla was expected from the analysis of the SOM topology (see section 4.1).

19HF (Figure 10) presents a spatio‐temporal variability with stable patterns above 45°N (winter) and 45°S
(summer) at the level of the subpolar/temperate interface. High concentrations of >0.15 ± 0.05 mg/m3 of
19HF and >0.05 ± 0.001 mg/m3 of 19BF are recorded in winter above 45°S associated with the circumpolar
current and in summer around 45°N.

Chlb shows a pronounced variability in the subpolar regions, north of 45°N and south of 45°S latitudes. In
winter, the Antarctic Sea shows higher concentrations of Chlb; while in summer, higher concentrations are
observed in the northern part of the Atlantic and the Pacific, reaching values above 0.12 ± 0.03 mg/m3.

Figure 8. Seasonal climatology of the quality control mask as a function of STD.
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Figure 9. Seasonal climatology (winter‐summer) generated between 2006 and 2016 of the estimated pigment concentrations via self‐organizing map (SOM) and
their corresponding uncertainties for Chla SOM (top line), DVChla (middle line), Chlb (bottom line).

Figure 10. Seasonal climatology (winter‐summer) generated between 2006 and 2016 of the estimated pigment concentrations via self‐organizing map (SOM) and
their corresponding uncertainties for 19HF (top line), Fuco (middle line), and Zea (bottom line).
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Zea and DVChla pigments are restricted to the subtropical and tropical regions and both present minimal
concentrations in the high latitudes throughout the year. Zea shows relatively constant concentrations
around 0.1 ± 0.01 mg/m3 between 30°N and 30°S. The largest concentrations are reached near the equatorial
divergences. In contrast, DVChla is characterized by a more patchy distribution and tends to be maximum at
about 0.04 ± 0.01 mg/m3 along the boundaries of the subtropical gyres.

To further assess the seasonal patterns of these pigments, the pigment with the highest concentration per
pixel is represented in Figure 11. This simple analysis is designed to estimate the spatio‐temporal distribu-
tion of the dominant pigments at the global scale. However, this simple diagnostic should be cautiously
interpreted since the pigment to chlorophyll or pigment to carbon ratios is highly variable. As a conse-
quence, a dominant pigment does not necessarily mean that the associated species dominate the
phytoplankton community.

First, the 19HF pigment seems to dominate in the northern area of the Pacific and the Atlantic and around
the Circumpolar Current during both the winter and summer seasons. Meanwhile, Fuco is the most abun-
dant pigment in coastal areas and in semienclosed and enclosed basins. During the winter season, this pig-
ment dominates along the Antarctic coast and downstream of the islands in the Southern Ocean. In summer,

Figure 11. Global projection of the pigment with themaximum concentration at each pixel. The seasonal climotology was
used to generate these MaxDP images.
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Fuco dominates in the northern Pacific and Atlantic coasts and around the arctic. Chlb maxima are observed
mainly in the Southern Ocean in winter. Both DVChla and Zea are restricted to the tropical and subtropical
regions and are almost absent at high latitudes. DVChla dominates in the subtropical gyres, while Zea is the
most abundant pigment over large areas of the tropical domain, with the exception of the upwelling and
coastal regions. Both pigments are characteristic of cyanobacteria, and their distributions are consistent with
observations (Flombaum et al., 2013).

6. Discussion

The originality of our method is to model the relationship between satellite observations and phytoplankton
pigments by partitioning a large database in a very large number of small clusters using the SOM. This effi-
cient neural network clustering method amounts to model the multidimensional relationship between pig-
ments and satellite observations by a piecewise continuous function. The clustering allows us to easily take
into account the multifactorial aspect of the relationship and the different orders of magnitude of
the parameters.

6.1. Comparison to Other Approaches Deriving Pigment Concentrations

Several attempts have been done to derive pigment concentrations from ocean color observations; Pan et al.
(2010) developed Rrs(λ) band‐ratio algorithms for retrieving pigment concentrations. These algorithms are
represented by third‐order polynomial functions using Rrs(λ) band ratio of either 490/550 nm or
490/670 nm (for SeaWiFS; for MODIS changed accordingly to MODIS bands 488 and 547 nm). They cali-
brated these functions by using satellite ocean color observations collocated with in situ pigment measure-
ments. Validation of their results with collocated satellite (SeaWiFS and MODIS) reflectance data and
pigment concentrations showed very accurate predictions for several pigments (Chla, Chlb, Perid, Fuco,
Allo, and Zea). The RMSE ranged from 0.23 to 0.29, and the R2 ranged from 0.65 to 0.90. This method
was modified for the northern South China Sea using globally derived relationships and locally identified
links between pigment concentrations and SST (Pan et al., 2013) . They achieved an accuracy similar to
Pan et al. (2010). Compared to our SOM results, the quality of these estimations is similar. However, based
on a larger data set, our SOM offers a robust tool to estimate pigment concentrations at the global scale.

Chase et al. (2013) derived concentrations of different chlorophyll types and several accessory pigments clas-
sified in two categories: PSC and PPC from a global data set of in situ hyperspectral particulate absorption
measurements. This work was followed by another approach (Chase et al., 2017) in which they combined
water leaving reflectance measurements and absorption signal to derive pigment concentrations. In both
studies, they modeled the pigment absorptions by projecting the spectral signal on 12 Gaussian functions.
In Chase et al. (2017), TChlb was estimated with an R2 of 0.51 and PPC with an R2 of 0.70 compared to
HPLC measurements. Our SOM showed an improved retrieval of Chlb, DVChlb, Zea, and Allo with an R2

of 0.85, 0.89, 0.79, and 0.76, respectively, noting that each pigment is estimated separately, not as a sum of
PPC or PSC. This further indicates the robustness of our approach, characterizing the relationship between
pigments and AOP (reflectance), as opposed to the IOPs used in their study. The estimation of IOP fromAOP
is based on an inversion model, which introduces additional uncertainties.

Bracher et al. (2015b) developed a method to assess pigment concentrations from continuous optical mea-
surements. The method applied an empirical orthogonal function analysis to remote‐sensing reflectance
data derived from ship‐based hyperspectral underwater radiometry combined with multispectral satellite
data (using the MERIS Polymer product) measured in the Atlantic Ocean. Their results show a satisfactory
prediction for several pigment concentrations from satellite data, with a R2 of 0.25 for DVChla, 0.74 for 19BF,
0.68 for 19HF, 0.71 for Fuco, and 0.40 for Zea. Our prediction for these pigments is more accurate recording a
R2 of 0.77, 0.79, 0.75, 0.87, and 0.79, respectively.

Hirata et al. (2011) present a set of equations describing the phytoplankton size structures from Chla abun-
dance in order to highlight the interpigment relationships; these authors used a global HPLC database of in
situ secondary phytoplankton pigment concentrations to derive nonlinear relationships between phyto-
plankton size classes and Chla. These equations were also applied within the neurons of the SOM, and
the results are shown in function of Chla in Figure 12. The underlying relationship between microphyto-
plankton, nanophytoplankton, picophytoplankton, and Chla derived from the SOM fits perfectly this

10.1029/2018JC014450Journal of Geophysical Research: Oceans

EL HOURANY ET AL. 1373



described and analyzed by Hirata et al. (2011). For microphytoplankton, the fractional contribution to Chla
monotonically increases with increasing Chla, whereas for picophytoplankton, this contribution
monotonically decreases with increasing Chla while showing large variations. The fractional contribution
of nanophytoplankton does not vary monotonically with Chla as found in microphytoplankton and
picophytoplankton. Rather, the percentage of nanophytoplankton increases as Chla increases up to
approximately 0.3 mg/m3 but decreases as Chla further increases, resulting in a broad maximum between
approximately 0.2–0.6 mg/m3.

The comparison with other methods that have been proposed to retrieve the pigment concentrations from
ocean color observations shows that the SOMmethod was able to model the nonlinear relationship between
pigment concentrations and satellite‐derived reflectance, SST, and Chla data and gave robust results.
Meanwhile, the SOMwas also able to reproduce the underlying interpigment relationships efficiently, while
being consistent with the description of Hirata et al. (2011) in their analysis performed on in situ data.

6.2. Uncertainties and Quality Control

Besides the synoptic estimation of phytoplankton pigments, the SOM‐Pigments allowed the quantification
of uncertainties and to ensure a good quality control of the output product. The climatology revealed that
most pigments have higher uncertainties with higher concentrations. The Fuco, 19HF, and Chlb uncertain-
ties are important in eutrophic regions and near coastal zones. In contrast, DVChla and Zea were both char-
acterized by higher uncertainties in oligotrophic areas and this is mainly due to the nonlinearity of the
relationship between the pigments, the Rrs spectrum, and the phytoplankton community indicated behind.

Furthermore, upon the calculation of the quality control ΔRrs λð Þp, patterns of high STD are recorded in the

Southern Ocean during the blooms in winter, which indicates that predictions are highly uncertain in that
region These high STDs can be linked to different biooptical properties, which have been suggested to occur
in the Southern Ocean compared to other oceanic regions (Arrigo et al., 1998; Fenton et al., 1994; Mitchell
et al., 1991). This led us to eliminate the Austral Ocean's data before the training phase. Furthermore, satel-
lite observations are very limited in this region due to the sea ice coverage especially during the winter sea-
son. Yet once the abnormal data are flagged, The SOM procedure produces a coherent reconstruction of the
pigment variability patterns, which are mainly modulated by a global relationship between pigment compo-
sition and the satellite signal, assessed by the SOM‐Pigments.

6.3. Spatio‐temporal Variability of Phytoplankton Pigments

The phytoplankton communities are unequally distributed throughout the ocean in response to several phy-
sical and biochemical factors. The latter stimulate some phytoplankton groups to prosper over others. Thus,
the prediction of phytoplankton pigments via SOM‐Pigments clearly represents how phytoplankton com-
munities are clustered at the global scale. The objective of this section is not to discuss in details the retrieved
phytoplankton groups' distribution but to illustrate some major features.

Figure 12. Interpigment relationships represented as percentage of phytoplankton size classes (microphytoplankton,
nanophytoplankton, and picophytoplankton) in function of Chla, calculated within the neurons of the SOM‐pigments.
(%Micro = 1.41(NFuco + Perid)/ΣDP, %Nano = (Xn * 1.27Hex + 1.01Chlb + 0.35But + 0.6Allo)/ΣDP, %Pico = 1‐
(micro + nano); with ΣDP = 1.41Fuco + 1.41Perid + 1.27Hex + 1.01Chlb + 0.35But + 0.6Allo + 0.86Zea and Xn indicates
a proportion of nanoplankton contribution in Hex (Hirata et al., 2011; Uitz et al., 2006).
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In upwelling and deep mixing regions, Fuco concentrations are elevated, followed by 19HF. In these regions
characterized by a high input in nutrients, the variability of Fuco is largely explained by the opportunistic
nature of diatoms. The latter species are the most responsive to sporadic changes in abiotic factors such as
an increase in the nutrient load (Fogg, 1991) and tend to thrive in nutrient‐rich and turbulent regions
(Tréguer et al., 1995). Furthermore, in the Southern Ocean, high concentrations of Fuco are retrieved by
our method. The latter result suggests that the island mass effect mainly benefits to diatoms as evidenced
by in situ observations (Blain et al., 2008; Korb et al., 2008).

In temperate and subpolar environments, diatoms and nanophytoplankton are abundant, especially during
the blooming season. As stratification increases with time and heating, nutrients become depleted in the sur-
face layer, the grazer community develops, and the production of diatoms declines in favor of nanophyto-
plankton (Holligan et al., 1993; Iglesias‐Rodríguez et al., 2002; Lochte et al., 1993). Therefore, in contrast
with diatoms, nanophytoplankton remain abundant all year long, as evidenced by the dominance of nano-
phytoplankton's associated pigments (19HF, 19BF, Allo, and Chlb) in both winter and summer.

Conversely, as indicated by the quasi‐stationary patterns of Zea and DVChla, smaller cells such as
Cyanobacteria and other picophytoplankton species are favored by more constant environmental conditions
mainly observed in the tropical and subtropical regions throughout the year. The equatorial Pacific is char-
acterized by the presence of an upwelling driven by northeast and southeast trade winds. Upwelling of cool
water results in a large supply of nutrients to the surface layer (Chavez, 1996; Chavez & Barber, 1987).
Despite a constantly favorable light/nutrient regime, Chl biomass and primary production are relatively
low considering the nutrient levels in that area (Barber & Chavez, 1991). This HNLC characteristics appears
to be primarily due to iron limitation (Barber & Chavez, 1991; Coale et al., 1996) and, to a lesser extent, to
regulation by silicate (Dugdale &Wilkerson, 1998) and grazing (Smetacek, 1999). These environmental con-
ditions favor a phytoplankton community dominated by small cells (Chavez, 1996; Moon‐van der Staay
et al., 2000).

The results of the SOM can be compared to the output of the PHYSATmethod (Alvain et al., 2005, 2008; Ben
Mustapha et al., 2013). This method offers a tool to identify dominant phytoplankton functional type by
exploiting satellite reflectance anomalies at several wavelengths. The global phytoplankton‐type patterns
provided by PHYSAT shows a qualitative agreement with our Max DP analysis. The global distribution of
phytoplankton groups is characterized by the dominance of Synechococcus and Prochlorococcus groups
in oligotrophic tropical waters, where Zea and DVChla are the most abundant pigments. Nanoeucaryotes
and diatoms prevail in the eutrophic waters of high latitudes coinciding with higher 19HF/Fuco concentra-
tions. In the PHYSAT climatologies, diatom blooms are clearly visible in areas characterized by strong
upwelling conditions. Similarly, in our study, Fuco is the most abundant pigment in these regions.
Therefore, we claim that our method offers the potential to investigate the spatial and temporal patterns
of the phytoplankton community, in particular the variability of its dominant groups that compose
this community.

7. Conclusion

We present robust estimations of the concentrations of various phytoplankton pigments by using SOMs
learned on a set of satellite derived Chla, remote sensing reflectance data, surface temperature, and collo-
cated pigment concentrations. In our study, it was shown that the SOM has efficiently modeled the relation-
ship between the phytoplankton pigment concentrations and satellite data, which enables reliable
estimation of the concentration of 10 different pigments (Chla, DVChla, Chlb, DVChlb, 19HF, 19BF,
Fuco, Perid, Allo, and Zea). The method proves to be applicable for estimating concentrations of not only
Chla but also of other pigments. Cross‐validation results indicate that estimations were robust for all pig-
ments (R2 > 0.75 and an average RMSE = 0.016 mg/m3). The large database used to develop and calibrate
the SOM led to a satisfying estimation over a wide spatio‐temporal scale. Therefore, a consistent picture of
several phytoplankton pigments indicating group‐specific behavior on a global scale was shown, revealing
also the uncertainties associated with each pigment.

Besides long records of satellite data provided by Globcolour, the SOM‐Pigments can be applied to study
variability and change of overall phytoplankton and physiological responses to environmental variables
by generating global images of pigment concentration with daily, weekly, monthly, and climatological
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temporal resolution. This method can also be applied on broader areas to study the dynamic of phytoplank-
ton at mesoscale, which involves phytoplankton pigments different than these used in this study. For that,
further regional studies should be conducted to evaluate the robustness of the SOM and its capacity of recon-
structing the spatio‐temporal variability of the phytoplankton dynamic.
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