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1 Introduction

Ocean color measurements have been intensively used to estimate chlorophyll-a
concentration (Chl-a in abreviation) in the surface waters of the ocean, marginal
seas and lakes.

Phytoplankton is the first element in the ocean food webs and consequently
drives the ocean productivity. It also plays a fundamental role in climate regulation
by trapping atmospheric CO2 through gas exchanges at the sea surface. With the
growing interest in climate change, one may ask how the different phytoplankton
populations will respond to changes in ocean characteristics (temperature, salinity)
and nutrient supply.

Pigment analysis by High Performance Liquid Chormatography (HPLC) has
been widely used to categorized broad Phytoplancton size classes (PSC) or phyto-
plancton functional types (PFT) [Hirata et al., 2011]. Each phytoplancton group
(PSC/PFT) is associated with diagnostic pigments and a convertion formula can



be derived to estimate the percentage of each group from the pigment measure-
ments.

These in-situ measurements were used to build relationships between PSC/PFT
and ocean properties that can be derived from satellite ocean color sensors (e.g.
Chl-a concentration or water leaving-radiance), which is of fundamental interest
to understand the phytoplankton behavior and to model its evolution |Uitz et al.,
2006, Ciotti and Bricaud, 2006, Hirata et al., 2008, Sathyendranath et al., 2014,
Alvain et al., 2005, Alvain et al., 2012].

In the present work, we propose a regional algorithm based on PHYSAT [Al-
vain et al., 2012|, that estimates diagnostic pigments associated with PFT/PSC
from satellite ocean color measurements. The region of application is the senegalo-
mauritean upwelling and the results focused on the relative concentration of Fu-
coxanthin (Fuco) which is the main diagnostic pigment for Microplankton (>
20pm) and Diatoms.

2 Data

2.1 Satellite dataset

For this study, a satellite image archive of the senegalo-mauritean upwelling
(8°N-24°N, 14°W — 20°W) obtained from the radiometer SeaWiFS was used and
the year 2003 was chosen to be a test case of the algorithm.

Each data is a daily image of the water-leaving reflectances (p,,) at four wa-
velengths (443nm, 490nm, 510nm and 555nm) and of the concentration of Chl-a
during the year 2003. The radiance at 412nm was not retained because of the high
sensitivity of p,, to colored dissolved organic matter (CDOM) at this wavelength.

Due to the presence of saharan dusts in this region, very few estimations of p,,
and Chl-a were available and it may lead to strong over-estimations of chlorophyll-
a |Gregg and Casey, 2004|. For that reason, an atmopsheric correction algorithm
dedicated to saharan dust [Diouf et al., 2013] was used to obtain accurate p,, and
chl-a data.

As in [Ben Mustapha et al., 2014], the reflectance ratio for each pixel was
computed as follow :

Ra(A) = pu(A)/pures (A, chl — a) (1)

The concentration py,.; depends on the Chl-a concentration only. pyre; was
calculated for Chl-a values observed by SeaWiFS in the studied region using a
multilayer perceptron which is a class of artificial neural network able to model
any non linear function. This is a difference compared to [Ben Mustapha et al.,



2014] who used tabulated values. This permits to have a smoother p,..; function
even if the dependency between p,,..; and Chl-a is not linear.

The satellite dataset made of the Ra(\) during the year 2003 is thereafter
denoted DSAT.

2.2 The pigment dataset

Phytoplankton pigments are commonly used to discriminate PSC and PFT [Hi-
rata et al., 2011]. The strong hypothesis made in this work is that the correlation
between the satellite measurement (p,,, Chl-a) and pigment concentrations is not
dependant on the location or the date of the measurement. It means that if a satel-
lite measurement can be associated with a pigment concentration in one particular
place, the association must stay relevant anywhere and at anytime in the ocean.

For that reason, it was decided to use a large in situ dataset compiled at global
scale during the whole SeaWiF'S period. This dataset was collocated with the p,,
and Chl-a measured by SeaWiFS data [Ben Mustapha et al., 2014]|. Some missing
data was completed using a self-organizing map technics [Junninen et al., 2004|.

The pigment dataset, denoted DPIG, is composed of 1068 variables. Each va-
riable is a 10-dimensional vector defined as :

— Component 1 : chlorophyll-a concentration

— Component 2 : divinyl chlorophyll-a concentration ratio

— Component 3 : peridin concentration ratio

— Component 4 : fucoxanthin concentration ratio

— Component 5 : 19’hexanoyloxyfuxanthine concentration ratio

— Component 6 : zeaxanthin concentration ratio

— Component 7 to 10 : SeaWiF'S Ra at 4 wavelengths : 443nm, 490nm, 510nm

and 555nm.
The pigment ratio are defined as in [Alvain et al., 2005| by normalizing the pigment
concentration by the Chl-a and divinyl chlorophyll-a concentration.

3 Method

The algorithm was divided in two phases. The first phase consists in clustering
the DPIG dataset to retrieve the link between the reflectance ration Ra and the
pigment concentration ratio. The second phase consists in labeling the reflectances
in DSAT in term of associated pigments.



3.1 Clustering

The clustering of DPIG was done using Self-Organizing Maps (herafter denoted
SOM). The SOM [Kohonen, 1994] algorithm is a powerful non-linear classifier. It
aims at clustering samples of a multidimensional dataset (in our case, DPIG) into
classes represented by a dedicated network (the so-called SOM map).

SOM is a neural classifier where each neuron of the map is associated with a
particular referent vector V. The different neurons og the SOM map are connected
together and determine a topological (neighbourhood) relationship between the
different neurons (subset of similar data).

In the present case, the SOM map is a two-dimensional (13 x 12) grid that
represents the partition of the DPIG dataset. Each class is associated with a so-
called referent vector Vi, (k = {1,2,...180}). V}, are calculated by a weigted mean
of elements in DPIG. Therefore, V}, has the same dimension as each element of the
dataset (in our case V;, € R'®) and contains 5 relative pigment concentration ratio,
the remote sensing chlorophyll-a concentration and Ra at 4 wavelengths.

At the end of the clustering, each element of the dataset DPIG is associated
with the referent Vj, (denoted the Best Matching Unit) which is the closest in term
of the euclidien distance.

3.2 Labelisation

The labelisation phase consists in associating each element of DSAT with a
pigment concentration ratio.

Each pixel P; of DSAT contains the SeaWiF'S Ra at the four wavelengths
(443nm, 490nm, 510nm and 555nm). These elements can be directly compared
with the composants 7 to 10 of the V}, vector that represents Ra value in DPIG.

The problem is thus to determine the Best Matching Unit Vj using only four
values among the 10 used in the SOM map. A truncated distance (TD) that consi-
dere only the existing values was used. The Best Matching Unit V;, was determined
using the TD.

Then, the pixel P; is directly associated with the values of the pigments concen-
tration ratio of V.

With this method, each pixel P; is associated with 5 pigment concentration
ratios. The underlying assumption is that the link between reflectances and pig-
ment ratios is the same in DPIG than for DSAT. In the following, we focus on
the fucoxanthin concentration ratio which is a caracteristic of diatoms and micro-
planktons.



4 Regional Study
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F1G. 1 — Representation of the value of the 7 composants of Rj on the Self-
Organizing Map. Each image represent a composant (6 pigments and 4 Ra, each
node of the image represent a class. Here the dimension of the map is 13 x 12
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4.1 Labelisation of the reflectance spectra

In this section, the association between Ra spectra and the pigment concen-
tration ratio are presented.

First, in Fig. 1, we show the values of all the V}, components of the 13 x 12 SOM
map. Each component was represented by the color intensity of the grid point. It
can be notice that values of the V,, components were spatially well structured on
SOM. Another important remark is that the values of each component has a large
range of variation of the same order as the range of variation of DPIG. It means
that the SOM map has captured most of the variability of the dataset.



As each V} contains a value for the pigment concentration ratio, it is possible
to estimate several typical index of PSC or PFT. It is an important feature of this
algorithm that does not estimate one particular PSC/PFT but associates directly
pigment concentration ratios that can be used as proxies.

As an illustration and a validation of the approach, we can compute the per-
centage of microplankton (Micro) following the formula [Hirata et al., 2011] :

Micro = 1.41 x (Fuco + Perid) (2)

where Fuco (resp. Perid) denotes the concentration ratio of Fucoxanthin (resp.
Peridin).

In Fig. 2, we represent the percentage of microplankton (calculated using 2
with respect with the chlorophyll-a concentration obtained for the referent vec-
tors V. The relationship between the Chl-a concentration and the Microplancton
percentage is consistent with the relationship found in [Hirata et al., 2011] :

Micro = [ag + exp(ailogio(Chl — a) + as)] ™! (3)

where ag = 0.9117, a; = —2.7330 and as = 0.4003.

We can notice that, in comparison with this global relationship, the regional re-
lationship found using SOM overestimates the microplankton percentage for small
value of Chl-a (< 0.2mg/m3). It would need further analyses to find if it is an
artifact of the algorithm or a regional specificity.

This is a first validation of the correlations found in the SOM map, and it
demonstrates the potentiallity of the approach. The association between remote
sensing reflectance spectra and pigment concentrations is an efficient way to iden-
tify phytoplankton groups.

4.2 Labelisation of images

Using the truncated distance (TD) described in the previous section, it is pos-
sible to associate a pixel of an image to a referent V}, and thus to all the pigment
concentration ratios. In this work, we present results of this association with the
Fucoxanthin. All pixels from DSAT were associated with the Fucoxanthin concen-
tration ratio. In fig 3, the mean ratio for each sequence of 3 months is presented
(January to March JFM, April to June AMJ, July to Septembre JAS and finally
October to December OND).

We can observe the seasonal variability of the associated Fucoxanthin concen-
tration ratio, with a maximum concentration and a southernmost extent at the
beginning of the year. Knowing that high Fucoxanthin concentration ratio are
characteristic of the presence of diatoms, this seasonal variability is consistent
with previous studies of the senegalo-mauritanean upwelling variability [Farikou
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FiGc. 2 — Percentage of Microplankton following Eq. 2 with respect with the
chlorophyll-a concentration. Each circle represents a referent vector of the SOM
map and the solid black-line represents the relationship in Eq. 3

et al., 2013, Lathuiliére et al., 2008|, and the observations done during the EU-
MELI cruises |Claustre and Marty, 1995] and the Atlantic Meridional Transec
(AMT) [Aiken et al., 2009].

5 Conclusion

A regional classification technique derived from [Ben Mustapha et al., 2014|
that associates reflectance spectra with pigment concentration ratio was develop-
ped and tested during the year 2003 int he senegalo-mauritanian and the Fucoxan-
thin concentration ratio. It was shown that results was coherent with relations
found in literature. It also allows to retrieve the seasonal variability of the as-
sociated Fucoxanthin concentration ratio. It is thus possible to have significant
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F1G. 3 — Mean value of associated Fucoxanthin concentration ratio in 2003 for the
several period : January to March JFM, April to June AMJ, July to Septembre
JAS and finally October to December OND

quantitative indices (concentration ratio) of phytoplankton groups.

This approach gives a lot of opportunity to study variability of pytoplankton
groups (PSC or PFT) in the region of the senegal-mauritanean upwelling. This
study could be continued for other classification groups and validated using in-situ
data in this region.
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