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Abstract

An algorithm for retrieval of surface waters cell concentrations (in cell/ml) for three picophytoplankton components, Prochlorococcus
(Pro), Synechococcus (Syn), and picoeukaryotes (Peuk) in the South China Sea (SCS), from ocean colour satellite data was developed and
tested. Level 3 merged multisensor Ocean Colour Climate Change Initiative satellite data is used. Training is performed using in situ data
on abundances of the three phytoplankton components. Several predictors derived from satellite reflectance data were tested. The regres-
sion form that assures the highest accuracy of the algorithm was chosen based on cross-validation (CV). According to the CV on test
data subset, the algorithm performance is characterized by the r value 0.89, 0.72, and 0.73 and MAPD 38, 71 and 51% for Peuk, Pro, and
Syn respectively. This is one of the few studies aimed at the Peuk, Pro, and Syn distribution research in the northern SCS using ocean
colour satellite data. This is the only research providing algorithm with accuracy estimates of the Peuk, Pro, and Syn concentrations
retrieval from the ocean colour data. Analysis of the developed algorithm allows us to conclude that both mechanisms (specific spectral
features caused by pigments composition and spectrum features sensitive to general primary productivity, e.g. band ratios in 443–510 nm
range and spectrum absolute values) are important for getting accurate information on the picophytoplankton composition.
� 2018 COSPAR. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

In geographic extent, the South China Sea (SCS) covers
3.5 million km2; it is the largest marginal sea in south-
eastern Asia and plays important roles in regulating regio-
nal climate and carbon budget (Pauly and Christensen,
1993; Wong et al., 2007). Hydrographical processes includ-
ing circulation, seasonal alternating wind direction, and
upwelling in the SCS are driven by the seasonally reversing
Asian monsoons (Wyrtki, 1961; Chen and Chen, 2006;
https://doi.org/10.1016/j.asr.2018.07.005
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Wang et al., 2009). The region of interest of the present
study is located in the Northern SCS and is limited by
18� N on it’s south (see Fig. 1). The open sea part of the
SCS is usually oligotrophic (Wong et al., 2007). In such
an environment, picophytoplankton size class (<2 lm),
namely Prochlorococcus (Pro), Synechococcus (Syn), and
picoeukaryotes (Peuk), constitute majority (in terms of cell
numbers and primary productivity) of total phytoplankton
in the SCS (Ning et al., 2005; Liu et al., 2007; Chen et al.,
2011; Cheah et al., 2013). In our research we use the term
picophytoplankton to refer Pro, Syn, and Peuk for consis-
tency with several other in situ and satellite data researches
(Wong et al., 2007; Chen et al., 2011; Pan et al., 2013;
Wang et al., 2016).
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Fig. 1. Location of oceanographic match-up stations. The dots represent
summer match-ups, stars - winter. Match-ups within ±1 day of in situ

observation are shown.
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According to a SCS field cruise in summer 2012, the cell
sizes of Syn and Pro are about 1.0 and 0.6 lm respectively,
Peuk are usually <2 lm (Wang et al., 2016). Picophyto-
plankton dominate in subtropical and tropical open
oceans, where Pro represents up to 82% of phytoplankton
primary productivity in oligotrophic areas (Casey et al.,
2007; Wang et al., 2016). This is typical for waters of the
open ocean where nutrients are scarce and primary produc-
ers are dominated by these tiny unicellular phytoplankton
(Campbell et al., 1997; Liu et al., 2007), which are efficient
in acquiring nutrients and absorbing light energy because
of their extremely small sizes (Raven, 1998). Because their
growth rates are closely matched by mortality losses due to
grazing by microzooplankton, they play an important role
in nutrient regeneration and cycling and functioning of the
carbon transfer mechanisms in the ocean (Ning et al., 2005;
Liu et al., 2007). Thus Peuk, Pro, and Syn are very impor-
tant primary producers of the Global Ocean and the SCS.

As was highlighted by earlier researches, information on
picophytoplankton community structure is essential for
better understanding the ecology of the oceans and global
carbon cycle (Sieburth et al., 1978; IOCCG, 2014). Phyto-
plankton composition of the SCS including community
structure functional types, size class distribution has been
studied intensively by in situ methods (Bajarias, 1999;
Chen et al., 2009; Huang et al., 2010; Li et al., 2010; Lin
et al., 2011; Liu et al., 2007; Wang et al., 2016; Zhang
et al., 2013) and to a lesser extent by satellite methods
(Ye and Tang, 2013). Pro, Peuk and Syn in particular
has been studied by in situ methods (Chen et al., 2007;
Huang et al. 2010; Wu et al., 2014). The only study
research of Pro, Peuk and Syn by satellite methods was per-
formed by Pan et al. (2013). Satellite ocean colour algo-
rithms for retrieval of phytoplankton size classes,
community structure, or functional types are intensively
developed and studied nowadays (Bracher et al., 2017;
Uitz et al., 2008). We are aware only of one research of
picoplankton community structure with the use of the
satellite data (Pan et al., 2013), this makes the topic
relatively undeveloped. Together with the importance of
the information on the phytoplankton community
structure and the vast area of the SCS make the topic
relevant.

The phytoplankton community structure algorithms are
divided roughly into three groups: abundance based,
spectral-response-based, and ecological-based approaches
(Brewin et al., 2011). The first type relies on the statistical
relationships between the total chlorophyll-a (chl-a)
concentration in sea water and the concentration of some
particular phytoplankton types or phytoplankton size
classes (Aiken et al., 2007; Hirata et al., 2008). The
algorithms of the second type rely on the differences in
the optical properties of specific phytoplankton groups to
distinguish them (Alvain et al., 2008; Ben Mustapha
et al., 2014; Sathyendranath et al., 2004). Ecological-
based approaches in turn utilize additional information
(e.g. Climatological, SST, Wind data, geographic location)
as well as optical data to detect different phytoplankton
groups (Raitsos et al., 2008; IOCCG, 2016).

In our research we use spectral-response based
approach. We believe it has an advantage over the abun-
dance based methods which derive characteristics of phyto-
plankton composition based on single predictor chl-a

concentration. Moreover in our case all three phytoplank-
ton groups belong to the same size class. The relationship
between chl-a concentration and specific picophytoplank-
ton component does not always exist (Chen et al., 2009).

The use of all the data available in the ocean colour
spectrum allows to retrieve the concentration of the three
groups based on their complex relationship not only with
chl-a concentration but also other factors influencing the
water colour.

The choice of the algorithm type is determined by the
use satellite dataset as well. OC CCI merged dataset pro-
vides consistent long term OC data series. The use of the
data available in the dataset assures the possibility to use
algorithm for study of long term variations eliminating
the necessity of the input data preliminary processing.
Another motivation for using the OC CCI dataset was to
study the sensitivity of the merged data product to the opti-
cal influence of the three picoplankton types.

Ecological-based methods in turn, though being a
promising way to approach the task, are taking into account
the whole range of factors including SST, mixed layer depth,
etc. While in our research we try to investigate the optical
effect of picophytoplankton components, i.e. how picophy-
toplankton may affect the water colour, rather than how
the water condition affects the picophytoplankton.

The aim of this research is to develop an algorithm cap-
able of retrieving the surface concentrations of three pico-
phytoplankton components: Pro, Syn, and Peuk expressed
in cells per milliliter (cells/ml) and to obtain reliable esti-
mates of the uncertainties associated with its application.
The data products obtained with the algorithm may pro-
vide additional information on the surface phytoplankton.
This can make the use of standard surface chl-a concentra-
tion data product more efficient.
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The choice of Pro, Syn, and Peuk as the object of the
study apart from the importance of picophytoplankton in
the ecosystem on the SCS is dictated by the interest of
other researchers in these three picophytoplankton compo-
nents. The division into Pro, Syn, and Peuk is accepted for
the sake of consistency with the previous researches (Chen
et al., 2007, 2009, 2011; Zhang et al., 2013; Wang et al.,
2016; Li et al., 2017).

Pro, Syn, and Peuk are characterized by different pig-
ment content, ecological preferences (e.g. ability utilize
nutrients and harvest light), and size that places them all
within picophytoplankton size class. The only research that
used ocean colour data for quantification of Peuk, Pro, and
Syn was performed by Pan et al. (2013) with the use of
MODIS Aqua level 2 data. The authors presented an algo-
rithm that retrieved pigments concentrations (chl-a, fucox-
anthin, and zeaxanthin) and used them to retrieve
concentrations of Peuk, Pro, and Syn.

For several reasons we find it difficult to use the results
of Pan et al. (2013) for our ecological studies. The accuracy
of the picophytoplankton components concentrations
retrieval is assessed as the accuracy of the regression model
built using in situ pigments concentrations and in situ pico-
phytoplankton concentrations. This cannot characterize
the accuracy of the algorithm that is supposed to work with
input satellite data of a different nature (less accurate from
the point of view of instrumental error and spatially aver-
aged within a pixel size). There is a lack of uncertainty esti-
mates. The algorithm performance for application to
satellite data is presented by statistics derived from 9
match-ups collected within 48 h of in situ observation time.

We try to solve the problem of Peuk, Pro, and Syn

retrieval from ocean colour data in the end-product
oriented manner that may be credible from a statistical
point of view. It is important to have the possibility to
check the algorithm accuracy, including satellite to in situ

concentration comparisons with a statistically meaningful
amount of data. Test data subset and CV is used for model
form selection and accuracy assessment.

To achieve this we use merged Ocean Colour Climate
Change Initiative (OC-CCI) level 3 satellite data set
(OC-CCI, 2016) with a good spatial coverage and quality
controlled data. We also use empirical algorithm and avoid
extra steps in data processing that may introduce addi-
tional uncertainty that may be difficult to account for.

2. Data

2.1. In situ data

The in situ data were obtained during research cruises in
the Northern SCS (see Fig. 1). The abundance of Peuk,
Pro, and Syn in cells/ml was measured during the summer
(July 18–August 16, 2009; 79 oceanographic stations) and
winter (January 6–30, 2010; 63 oceanographic stations)
extending from relatively productive near-shore waters to
oligotrophic open waters in the Northern SCS. Two
milliliter seawater samples were collected at 3–12 depths
from the upper 150 m using Niskin bottles attached to a
CTD rosette system. Abundance measurements of Peuk,
Pro, and Syn at 0 m depth were used in this research.

Cell abundances of picophytoplankton were enumerated
using a Becton-Dickson FACSCalibur cytometer, with dif-
ferent populations distinguished based on side-scattering,
orange and red fluorescence using WinMDI 2.9 (Olson
et al., 1990). A total volume of only 150 ll was analyzed.
The upper size limit for picoeukaryotes was usually 3 lm,
above which the cells were very rare and could not be accu-
rately quantified. Yellow-green fluorescent beads (1 lm,
Polysciences) were added to each sample as an internal
standard. More details on the data acquisition can be
found in Chen et al. (2011).

2.2. Satellite data

Ocean colour satellite data used in the study is the
merged data provided by the OC-CCI (2016). This dataset
is provided in the form of level 3 images at 4 � 4 km spatial
resolution with Rrs data recalculated to the SeaWiFS bands
centers wavelength 412, 443, 490, 510, 555, and 670 nm
(Grant et al., 2017). Daily averaged images were used for
the in situ match-up dataset compilation and algorithm
development.

The input source datasets of the OC-CCI dataset are
MERIS (MEdium Resolution Imaging Spectrometer)
Reduced-Resolution (1 km) L1b 3rd reprocessing, MODIS
level 1A data, R2014.0.1 level 2 VIIRS, and SeaWiFS level
2 Local Area Coverage (1 km) and Global Area Coverage
(4 km) R2014.0 (Lee et al., 2002; Mélin and Sclep, 2015;
Grant et al., 2017; NASA, 2014).

2.3. Match-up dataset

In order to increase the match-up data set size match-
ups were collected within a time frame of ±1 day of the
in situ measurement.

Time window of ±1 day is acceptable for match-up
dataset. The research of Rii et al. (2016) indicates that
Peuk, Pro, and Syn biomass-normalized production ranges
from 0.3 to 0.9 day�1 for Pro, 0.3 to 0.8 day�1 for Syn, and
0.2 to 0.6 day�1 for Peuk. These rates are similar to previ-
ously published estimates on growth rates of these
picoplankton (Ribalet et al., 2015; Rii et al., 2016). This
indicates that cell loss process is tightly coupled to cell
growth. Such results are consistent with a number of stud-
ies quantifying cell loss processes in warm, well-lit regions
of oligotrophic oceans (Rii et al., 2016; Liu et al., 1995;
Jiang et al., 2016).

In situ measurements indicate that spatial gradients in
the Peuk, Pro, and Syn are rather weak (20–40, 400–800,
and 30–40 cells/km for Peuk, Pro, and Syn, respectively)
to cause a concentration change that would indicate a def-
inite advantage of selecting 1 km over 4 km resolution
satellite data. Some considerable gradients are present



Fig. 2. Histograms showing relative statistical distribution of all in situ observations (solid lines, 1026 measurements) and the OC-CCI match-up dataset
(dashed lines, 74 match-ups). The three panels show distributions for Pro (a), Syn (b), and Peuk (c).

Table 1
Statistical description of the in situ match-up dataset.

Concentration min max Average

Pro, cells/ml � 103 3.0 260 102.28
Syn, cells/ml � 103 2.5 300 33.07
Peuk, cells/ml � 103 0.3 13.5 3.18
chl-a, mg/m3 0.03 1.2 0.29
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within roughly 100 km off the shoreline (Huang et al., 2010;
Chen et al., 2011). The research of Xiu et al. (2016) and Ooi
et al. (2013) also suggest that SCS has low and nearly
homogeneous chl-a except in the coastal areas. Coastal
waters contain terrigenous substances and higher concen-
trations of nano- and micro-phytoplankton which makes
it difficult to study the picophytoplankton composition
there. Most of our in situ data are located in the off shore
areas of the SCS (see Fig. 1) with 57 (77%) out of 74 match-
ups with chl-a concentrations less than 0.5 mg/m3 and only
one match-up had an chlorophyll-a concentration higher
than 1.0 mg/m3. Coastal areas with stronger spatial gradi-
ents are generally of a lesser interest for us than the open
sea.

54 and 20 match-ups were obtained during summer and
winter respectively, the numbers are the same for Peuk,
Pro, and Syn. Fig. 2 shows histograms of all the in situ data
distribution and the distribution of the in situ data that
were included in the match-up dataset. Peuk and Syn con-
centrations are log-normally distributed though the maxi-
mum occurrence for Syn is at the concentrations value
4000 cells/ml according to the in situ data and is not visible
on the Fig. 2c. Pro concentrations distribution may be
described as bi-modal. Match-up data cover reasonably
well the range of concentrations and reproduce the
distribution.

The in situ match-up data cover the variability of Pro,
Syn, Peuk, and chl-a in the region reasonably well
(see Table 1 and Fig. 2).
3. Algorithm

The basis of the developed algorithm is a multiple
regression model. Input data are remote sensing
reflectances (Rrs) values or transformed (e.g. band ratio)
Rrs values. Regression model for retrieval of each picophy-
toplankton type concentration uses selected combination
of predictors. It inverts Rrs values to obtain the picophyto-
plankton concentration values. This is done by means of
multiple linear regression in log-space:

Log10ðCÞ ¼ a0 þ
Xi¼n

i¼1

ai � P i ð1Þ

where a0 and ai are the regression coefficients, Pi is a predic-
tor for the regression model and i is the number of predic-
tors from 1 to n. C is the concentration of Peuk, Pro, or
Syn.

The considerations that are listed below were used to
support the selection of the algorithm form. Photoacclima-
tion for Pro and Syn within the water layer from the sur-
face down to the bottom of the euphotic layer is not
strong (Liu et al., 2007). Experiments on the photoacclima-
tion of Pro performed by Bricaud et al. (1999) showed sig-
nificant but not very high change in specific absorption in
4 days tests when cultures were transferred from high light
intensities to low light intensities and vice versa. Studies of
Syn and Pro in the Atlantic Ocean also showed pigment
content variation within the Pro and Syn cells generally
with a factor less than 2 for all of the natural light condi-
tions (Moore et al., 1995).

Package effect in the small size picophytoplankton is
negligible (Moore et al., 1995; Morel et al., 1993). ‘Package
effect index’, G0(A) 0.78–0.92 (Bricaud et al., 1999). These
variations are also smaller within the surface waters that
can be studied by means of satellite ocean colour remote
sensing than overall range of the variations in the nature.

3.1. Predictors selection

Predictors selection determines the form of the model.
The process is done in two steps, see flowchart (Fig. 3).
All models are evaluated by MAPD at first stage (described
in this section) and selected subset of 8 models is evaluated
by MAPD, MPD, and r during Monte-Carlo CV with vari-
able subset size (described in Section 3.2).

The best combination of predictors was found by evalu-
ating the three descriptive statistics of the algorithm perfor-
mance for all the combination of predictors. The
experiment was performed for numbers predictors from
one to eight.



Fig. 3. Flowchart showing the process of model (predictors) selection. Large blue errors are the steps of selection. Gray boxes on the left and on the right
show how match-up data was used and what criteria were used for models selection at each stage. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
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As the descriptive statistics characterizing the accuracy
of the algorithm correlation coefficient (r), mean absolute
percent difference (MAPD), and mean error (MPD), were
used. These descriptive statistics were calculated according
to the following expressions:

r ¼
Pn

1ðs� �sÞði��iÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
1ðs� �sÞ2

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
1ði��iÞ2

q ; ð2Þ

MAPD ¼ 1

n

Xn

1

js� ij
i

� 100%; ð3Þ

MPD ¼ 1

n

Pn
1ðs� iÞ
i

� 100% ð4Þ

where: s is the satellite derived concentration, i – in situ
concentration, and n is the number of the satellite –
in situ pairs in the dataset and �s and �i are the satellite
and in situ dataset mean values (�s ¼ 1

n

Pn
1s).

For each predictors number from one to eight the pre-
dictors assuring the best MAPD were selected for further
analysis. During the preliminary analysis it was found that
the number of predictors greater than 6–7 does not
Fig. 4. Example of CV. Example for Pro match-up dataset. Four predictors o
used: Rrs412, Rrs443, Rrs670, log10(Rrs510/Rrs555). Differences are shown on t
represent training sub-dataset accuracy and dashed lines - test. Lines with ma
improve the model accuracy (will be shown below, e.g.
Fig. 4) thus eight predictors assure that the models behav-
ior is studied for all reasonable number of predictors. The
potential predictors that were the subject for the predictor
selection procedure are listed in Table 2.

For each number of predictors from one to eight all pos-
sible combinations of predictors are used to train a regres-
sion model. The predictors combination that produces the
lowest MAPD for each predictors number is selected for
further analysis. At this stage all in situ match-up dataset
is used for algorithm training.

To test whether the increase of the predictors number
affects the generalization capabilities of the model CV on
the test data subset performed.
3.2. CV tests

In order to see what may be the accuracy when the algo-
rithm is applied to test data subset, data splitting cross-
validation tests were performed (Arlot and Celisse, 2010;
Picard and Cook, 1984). The tests involve splitting the data
into dependent or training (the one that was used for the
f all possible predictors combinations producing the smallest MAPD are
he subplot (a), and correlation coefficients on the subplot (b). Solid lines
rkers on subplot (a) show MPD and plain lines show MAPD.
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algorithm tuning) and test data subset (not involved in the
algorithm training).

The dataset is divided into two parts. The ratio at which
the dataset was split is described by N (total match-up
dataset size) and p (number of test data points). Train data
subset is varying starting from one data point used for
training and the rest for testing (p = N � 1) to N � 1 data
points used for training and one for testing (p = 1). This
approach is called ‘‘Leave-p-out” (Arlot and Celisse,
2010; Shao, 1993). For each ratio of training-testing data
(for each p number) all possible combinations of training
and testing data points are taken. Each cross-validation
combination has a corresponding test data subset descrip-
tive statistics. Statistics for each p number are averaged
over all the combinations used and plotted as a function
of training data subset size producing the type of plot as
shown in Fig. 4. A random subset of up to 20,000 combi-
nations of training-testing data subsets for each given p

number were used, this is so called Monte-Carlo CV
(Arlot and Celisse, 2010).

An example for one specific set of predictors is represen-
tative of most cases with various sets of predictors (Fig. 4).
For a given size of training data (horizontal axis), the
curves are averages over 20,000 cases. Each case is a CV
test with randomly selected training and test data. Test
data subset size decreases as the train data subset size
increases.

Fig. 4 illustrates how CV testing can be used to visualize
the best accuracy of the algorithm with the given predictors
set. As the amount of data used for the algorithm training
increases, the MAPD tested against the dependent data
increases to a certain point of its upper limit. Number of
observations that must be correctly reproduced by the
regression increases and makes the training dataset average
error higher. This happens until the data set becomes large
enough to provide sufficient training information for the
algorithm. With the example from the Fig. 4 it happens
when training data set reaches 40–50 match-ups. Similar
is applicable to correlation coefficient (Fig. 4b).

The opposite happens when the algorithm is applied to
test data subset. As the training data subset size increases
the model becomes more and more representative and the
performance over the test data becomes better. This depen-
dence holds until the test data subset becomes too small.
The last few points are characterized by increasing mean
error and decreasing correlation coefficient. It is a fair
assumption that the model becomes more representative
and hence more accurate even for these last points but
the testing data subset becomes too small to prove it. The
best accuracy attained by the test curves is considered to
be the best proven accuracy. For the curves in Fig. 4 the
best accuracy is attained when the training data subset size
is between 40 and 50 with the respective test data set size
between 29 and 19. When the testing data subset size is less
than 19 even though the training data subset still increases
which potentially means a better trained algorithm we are
unable to prove it with the test data subset used. The
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accuracy attained when training data subset size is between
40 and 50 is the best accuracy that can be proven for an
algorithm with the available match-up data set. This accu-
racy is used as a test data subset accuracy estimate for the
model tested with a given number of predictors.

This experiment is an attempt to use the training and
test data subsets that are as independent as possible and
at the same time to make sure that the way data subsets
are split does not affect the estimation of the algorithm
accuracy on the test data subset. This is also a good way
to make sure that the match-up dataset potential for algo-
rithm testing is fully exploited.

3.3. Selecting the number of predictors

Generally, when the entire match-up data set is used
only for training, the accuracy of the regression increases
with increasing of the predictors number in the model.
The test data subset CV is used to find the point at which
the addition of predictors will not be beneficial for model-
ing the data outside of the training data subset.

The optimal number of predictors was chosen by ana-
lyzing the algorithm performance after adding the next pre-
dictor. Test data subset estimates are the statistics obtained
when the algorithm is applied to the independent, not used
for training subset of match-up dataset (Fig. 5, dashed
line). These data will indicate the over-training or insuffi-
ciency of training data that may happen due to too many
predictors used in the model.
Fig. 5. Dependence of the algorithm accuracy on the number of predictors. Sta
plotted with solid lines, statistics obtained with the same predictors set during
show respectively r, MAPD, and MPD for Peuk; (d), (e), and (f) - r, MAPD,
The final choice of a model is manual, the following
criteria are considered: the increase of r, decrease of
MAPD and MPD. If no major (at least 2–3%) increase in
accuracy is observed the model with fewer predictors is
preferred.

Fig. 5 illustrates that even though the dependent data
show the increase of the algorithm accuracywith the increas-
ing number of predictors, the test data subset CV tests show
that adding more than 5–6 predictors does not reduce the
error bymore than 1–2% and leads to decrease in r. The opti-
mal number of predictors forPeuk (Fig. 5a–c) is 4, as neither
r nor MAPD nor MPD improve noticeably with adding
more predictors. The decrease in the correlation coefficient
for some of the tests (Fig. 5d) indicates that the algorithm
with 7 and more predictors is obviously lacking training
data. The clearest curves behavior is observed in the case
of Syn: subplots g, h, i of the Fig. 5. Correlation coefficient
and MAPD (Fig. 5g and h) stop improving and the perfor-
mance decreases at 7 and 8 predictors. MPD clearly shows
the behavior when the training errors still decrease but this
is not supported by the test data subset (Fig. 5i).

Four predictors (selected earlier out of all possible pre-
dictors) corresponding to the lowest MAPD are selected
as the predictors for the Peuk regression model. For Pro,
5 predictors. For Syn 5 predictors are used.

The detailed effect of the number of predictors on the
algorithm training is presented in Fig. 6. MAPD and r

are plotted as a function of the training data subset size
for models with different number of predictors.
tistics obtained at the training stage when the predictor set was selected are
the test data subset are plotted with dashed lines. Subplots (a), (b), and (c)
and MPD for Pro; (g), (h), and (i) - r, MAPD, and MPD for Syn.



Fig. 6. Plots showing average test data subset CVMAPD (a–c) and r (d–f)
of the model depending on the number of predictors. Different colors of
the lines correspond to different number of predictors. Subplots (a, d), (b,
e), and (c, f) correspond to Peuk, Pro, and Syn models respectively.

Table 3
Regression coefficients required for the application of the algorithm. a0 is
the offset a1–a5 are the regression coefficients.

a0 a1 a2 a3 a4 a5

Peuk 3.510 11.99 �7.434 1.065 �16.68 Not used
Pro 1.155 �388.3 1011 22.38 �30.13 2.828
Syn 8.090 �17.02 �27.88 64.02 26.49 �2.504
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Peuk model (Fig. 6a) requires more than three predic-
tors to have MAPD less than 50% and the model may be
successfully trained with the use of 25–30 training data
pairs when the model has from 4 to 7 predictors. For
Pro (Fig. 6b) use of 6 and more predictors is impossible
as that would require a much larger training dataset. Sim-
ilarly, for Syn model with 7 and 8 predictors are under-
trained.

Correlation coefficient curves are shown in Fig. 6d–f.
The common feature for is the unstable decrease of corre-
lation until the training data subset size reaches the same
number as the number of predictors in the model. For Peuk
(Fig. 6d) the correlation stabilizes early showing that the
match-up dataset size is sufficient and even redundant for
the models. Curves for Pro (Fig. 6e) indicate that possibly
training models with 7 and 8 predictors is not possible with
the available math-up dataset. A different type of behavior
is shown by the Syn curves for r. Even models with one or
two predictors get trained within the limit of 10 training
data points but some improvement if occurring with the
increase of the training data subset size. This may be an
indication that even though the Syn model is not the least
accurate out of the three it could benefit from using a larger
match-up dataset size. While Pro model being the least
accurate will benefit much less from a larger match-up
dataset. Its errors are caused by the complexity of retriev-
ing Pro concentrations from ocean colour data rather than
insufficient size of the match-up dataset. Retrieving Pro
concentrations seems the be the most difficult task compar-
ing to Syn and Peuk which is supported by the least accu-
racy of Pro algorithms in our research and research of Pan
et al. (2013) as well.

3.4. Algorithm final form

Considering the accuracy of models with different predic-
tors and the sufficiency of the training data subset the
following predictors sets were chosen for the models: log10
(Rrs443/Rrs555), log10(Rrs443/Rrs555)

3, m1–4, log10(m1–3),
for Peuk; Rrs555, Rrs670, log10(Rrs510/Rrs555), log10
(Rrs510/Rrs555)

2, chl-a for Pro; and log10(Rrs510/Rrs555),
log10(Rrs412/Rrs555)

3, log10(Rrs510/Rrs555)
3, log10(m1–4),

chl-a for Syn, where m1–4 is a maximal value of Rrs412/
Rrs555, Rrs443/Rrs555, Rrs490/Rrs555, Rrs510/Rrs555, m1–3

is a maximal value of Rrs412/Rrs555, Rrs443/Rrs555, and
Rrs490/Rrs555. Regression coefficients for these models are
given in Table 3. Regressions coefficients are obtained using
the entire available match-up dataset. Regression coeffi-
cients were significant at p-levels less than 0.00001. The scat-
terplots showing relationship between in situ and satellite
data are shown in Fig. 8. The best accuracy is observed for
Peuk, the distribution is rather dense at low concentrations
and does not spread out at high concentrations. Pro scatter
is relatively dense at high concentrations, but is scattered
at low concentrations. The reason may be the low relative
contribution ofPro to detectable signal due to ecological ten-
dency for Pro to be the least abundant when Peuk and Syn

have higher concentrations.Synhas relatively goodaccuracy
at low concentrations, but has only a few points in the higher
concentration range. It makes it slightly difficult to judge
about the accuracy at the higher concentration.

The relationship between the predictors and the pico-
phytoplankton concentrations are shown in Fig. 7. The
corresponding scatterplots for Peuk, Pro, and Syn are
shown in Fig. 7a–c respectively.

The selected predictors sets allow to achieve the accuracy
presented in Table 4.MPD for the test data subset is taken as
an absolute value to avoid positive and negative MPD
canceling each other during the CV tests. Actual MPD of
the test data subset are negative. The little difference between



Fig. 7. Relationship between the predictors and the picophytoplankton concentration for the three regression models. Scatterplots for Peuk (a), Pro (b),
and Syn (c) are shown. Correlation coefficients between the predictors and the concentrations are shown in the left bottom corner of each scatterplot.

Fig. 8. Scatter-plots showing the accuracy of the developed algorithm. Gray line indicates 1:1 ratio. In situ and satellite retrieved data are given in linear
scale. Scatterplots for Pro (a), Syn (b), and Peuk (c) are shown.
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the dependent data descriptive statistics (when all the data is
used for training) and the CV accuracy indicates that the
predictors are properly selected according to the intrinsic
predictors and concentrations dependencies and that the
regression is not prone to over-training and capable of mod-
eling general dependencies outside of the training data
subset.
4. Algorithm application

4.1. Picophytoplankton components relationship, non-direct

testing

As was shown by field research, spatial and temporal
variations of Syn and Peuk contribution to total



Table 4
Models accuracy described by MAPD (%), MPD (%), and r. Test data
subset column contains a CV average, once the number and nature of the
predictors as well as the size of the training data set have been selected.
Training dataset column contains the accuracy for training dataset when
all match-up data is used.

Model for: Statistical
parameter

Training dataset
(all match-ups)

Test data subset

Peuk r 0.90 0.89
MAPD,% 35 38
MPD,% �11 16

Pro r 0.75 0.72
MAPD,% 58 72
MPD,% �24 41

Syn r 0.74 0.73
MAPD,% 46 51
MPD,% �16 22
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autotrophic picoplankton carbon are negatively correlated
to contribution of Pro (Liu et al., 2007). This relationship
can be observed by examining the scatterplots showing
the pairwise concentrations of the three picophytoplankton
components (Fig. 9). The shapes of the scatterplot distribu-
tions composed of the satellite derived concentrations
resemble the in situ concentrations distributions shapes
from the math-up dataset. The correlation coefficients
characterizing the phytoplankton concentrations relation-
ships for in situ and satellite derived concentrations respec-
tively are �0.43 (�0.65 for satellite data) for Peuk-Pro,
0.23 (0.38) for Peuk-Syn, and �0.54 (�0.70) for Pro-Syn.
4.2. Satellite images processing

The example of the algorithm application is presented in
Fig. 10. The selected regression models were used to pro-
cess the satellite images of the northern SCS. The images
dates are chosen to show the spatial distribution during
the in situ data collection cruises performed by Xiamen uni-
versity and used in our research (the cruise data reported in
Chen et al., 2011 in details). The distribution of Peuk

(Fig. 10a), Pro (Fig. 10b), and Syn (Fig. 10c) corresponds
to the distribution provided by the in situ interpolated data
(Chen et al., 2011) and is in line with the results of the field
research reported by Jiao and Yang (2002). Some underes-
Fig. 9. Comparison of the relationships between different picophytoplankton co
(blue dots). The data are from in situ match-up dataset. Relationship betwee
(For interpretation of the references to color in this figure legend, the reader
timation of concentrations seems to be present which is in
accordance with the model accuracy tests shown in sections
above. The reason for such a behavior may be either the
absence of the sufficient number of in situ match-ups in
these near-shore waters (Fig. 1). The other reason may be
the importance of Rrs670 in predicting the Pro concentra-
tion. In coastal waters the signal at 670 nm is no longer
determined by Pro, but rather by suspended minerals
(SM) and colored dissolved organic matter (CDOM). Also
the model was trained on oligotrophic waters with high
concentrations and dominance of picophytoplankton.
Apart from CDOM and SM influence in the coastal waters
the higher concentrations of larger fraction phytoplankton
may become an obstacle too.

The limits of the algorithm applicability are assumed as
the limits of the variables ranges characterising the in situ

match-up dataset (see Table 1). The retrieved concentra-
tions of Pro, Syn and Peuk do not exceed maximal values
encountered in the match-up dataset. In these conditions
we refer to a chl-a concentrations of 1.2 lg/l as the univer-
sal limit the algorithm application.

5. Discussion

5.1. Algorithm overview

An empirical algorithm for accurate retrieval of the
three Picophytoplankton concentrations from ocean colour
satellite data was developed. Regression models with one
to eight predictors were tested. The final choice of the pre-
dictors was made according to the tests performed through
Monte-Carlo leave-p-out CV. This approach assures that
the model is appropriate for the available satellite data
and not over-fitted.

The algorithm was thoroughly tested for its perfor-
mance in the range in 103 cells/ml 0.3–13.5 for Peuk,
3–260 for Pro, and 2.5–300 for Syn. This covers most of
the concentrations ranges that occur in the northern SCS:
up to 15.7, 256, 317 � 103 cells/ml for Pro, Syn, and Peuk

respectively (Chen et al., 2011).
The actual algorithm accuracy according to the test data

subset is reported to be not less than presented in Table 4
under the test data subset column. The CV on the test data
mponents as seen by in situ data (red squares) and by developed algorithm
n Pro and Peuk (a), Pro and Syn (b), and Peuk and Syn (c) are shown.
is referred to the web version of this article.)



Fig. 10. Example of algorithm application to daily mean images averaged over one month. August 2009 (left column) and January 2010 (right column).
Sub figures (a) and (b) show Peuk concentrations, (c–e), (f) show Pro and Syn respectively. The limits of the algorithm applicability (areas with chl-a

concentration higher that 1.2 lg/l) are delineated with black line and shaded.
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subset shows realistic estimates that should be used as an
accuracy reference when the algorithm is applied for data
processing. The surface concentrations of Pro, Syn, and
Peuk can vary up to order of one magnitude on a distance
of 100 km (Chen et al., 2011; Wang et al., 2016). Consider-
ing possibility of such strong spatial variability the algo-
rithm with a present accuracy may provide valuable
information on spatial distribution with a fine spatial and
temporal resolution (in comparison to shipborne data).

We suggest that extensive CV with variable subsets size
(variable p) is an efficient way to test if the training data
subset is sufficient for the algorithm development.

As opposed to the chl-a which is the most important pig-
ment in natural waters the products derived here are the
concentrations of picophytoplankton components that
are characterized by presence of distinctive but much less
abundant pigments, mainly fucoxanthin and zeaxanthin
(Jiang et al., 2016; Pan et al., 2013).

Spectral approach is to rely directly on the optical prop-
erties of studied picophytoplankton. Knowing what pig-
ments and in what amounts are present in different
picophytoplankton components, it is possible to model the
concentration of picophytoplankton using the information
amount pigment content in water. Pigment content in water
in turn can be modeled from the remote sensing reflectance
spectrum when the optical properties of pigments are
known. This approach is based on optical dependence
between the major pigments of each picophytoplankton
component and the ocean colour spectrum. Abundance
based approaches use the statistical dependence between
the concentration of different phytoplankton types and
primary productivity. This dependence has ecological nature
and is based on the fact that different phytoplankton types
favor different nutrients and light availability and have dif-
ferent survival strategies. We believe both of the approaches
have both strong and weak sides. Pigment based approach
algorithm aims at specific/marker pigments and derives
from the spectrum only the information that connects pico-
phytoplankton abundance to its optical properties. This
information is physically meaningful but may be difficult
to extract as phytoplankton composition is diverse (even if
picophytoplankton dominates) and satellite bands do not
always coincide with a pigment absorption maximum. This
may mean that information we are looking for in the spec-
trum is undetectable or largely contaminated by other
signals (e.g. detection of Zeaxanthin from MODIS 443,
488, and 555 nm bands). Abundance based approach
retrieves concentration of all phytoplankton sub-classes or
sub-types from only one predictor, chl-a concentration. This
relies on the strongest (chl-a) signal in the spectrum but
ignores some of the information that is in the spectrum
and could be used. In present research we identify any spec-
tral information that may be efficiently used for retrieval of
concentrations of different picophytoplankton components.
The nature of co-variation is determined by both specific pig-
ments and ecological characteristics of picophytoplankton.

We start from what can be observed in the ocean colour
spectrum rather than try to predict what should be the
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response of ocean color to particular picophytoplankton
components presence. The question of determining concen-
trations of different picophytoplankton components from
OC satellite data is complicated. Peuk, Pro, and Syn in
the water co-exist, they comprise large, but still about
80% of total phytoplankton in oligotrophic waters and
the rest is nano- and microphytoplankton of different types
(Wu et al., 2014; Liu et al., 2007). Nano- and microphyto-
plankton and picoplankton components other than Peuk,
Pro, and Syn are outside of scope of this research but their
presence is a source of signal that may obstructs the retrie-
val of Peuk, Pro, and Syn. Also co-existence of numerous
picoplankton components may pose limitation on the accu-
racy of the Peuk, Pro, and Syn retrievals.

It is important to consider all available spectral informa-
tion and not limit the solution to one way but try to com-
bine them. Abundance based and spectral based empirical
algorithms are widely used. We can use the same empirical
ideology to find out what part of variations that we actu-
ally see in the ocean colour spectrum are useful for solving
our task. Not limiting our concentration retrieval method
to ecological, abundance of spectral basis. We conclude
that both mechanisms: specific spectral feature caused by
pigments composition of Pro, Syn, and Peuk; and spectrum
features sensitive to general primary productivity (specially
band ratios in 443–510 nm range and spectrum absolute
values) are important for getting accurate information on
the picophytoplankton composition. For Peuk the predic-
tors describing overall primary productivity are important.
For Pro and Syn both types of predictors can be identified.
For Pro divinyl chl-a influence could be identified at Rrs670
(Ting et al., 2002). Chl-a1 system in Syn living cells causes
absorption peak at 438 nm (Ting et al., 2002; Moore et al.,
1995). It is possibly responsible for sensitivity of 412 nm Rrs

to Syn concentration.
The statistics in Chen et al. (2011) present median values

for cellular chl-a in the surface waters. The values for sum-
mer and winter respectively, vary for Pro (0.28 and 0.97
fg/cell) and Syn (1.04 and 3.12 fg/cell). Seasonal variations
for Peuk are much weaker: 6.8 and 10.64 fg/cell. This may
indicate that in-explicit use of constant median pigment
content has an influence on the final accuracy of the
Table 5
Predictors used in one, two, and three predictors models. Predictors are select
selecting the predictor/combination of predictors with minimal MAPD.

Predictors in model

1

Peuk Log10 (Rrs490/Rrs555)
2

Pro (Rrs510/Rrs555)
2

Syn Log10(Rrs490/Rrs555)
2

algorithm. Cellular pigment content is modeled/assumed
by the model as an average over summer and winter sea-
sons value. This may be the explanation for the Peukmodel
being the most accurate. Variations in median pigment
content can be an important factor that can be taken into
account. Data on other pigments and more details on the
statistical distribution of cellular pigment content as well
as more winter time in situ measurements are needed to
address this.

Another important question is the relationship between
the concentrations at the surface and the vertical profile.
Subsurface maxima of Pro, Syn, and Peuk may occur at
the depth down to 50–100 (e.g. see Chen et al., 2011;
Wang et al., 2016). The retrieval of subsurface concentra-
tions from ocean colour data directly at such depth is not
possible. The development in this direction may require
application of hydrodynamic or statistical models, using
sea level anomaly, or other hydrodynamic parameters a
predictors.

5.2. Most useful predictors

To better understand how the predictors are used by the
regression models, we looked in which order the predictors
are added to the model (Table 4). Models with just one pre-
dictor (Table 5, column 1) do not provide much ground for
analysis, except the fact that even at this stage the differ-
ence between modeling Peuk and Syn when compared to
Pro is obvious: the correlation between predictors and con-
centrations has different sign for Peuk and Syn compared
to Pro (see Fig. 6). When models are given more choice
of predictors (Table 5 column 2, 3) more subtle differences
become visible. Peuk is modeled better by the parts of the
spectrum that are associated with chl-a and primary pro-
ductivity in general: 412 nm, 490 nm, and maximum band
ratio. Pro has highest correlation with 490 and 670 nm
areas of the spectrum. Rrs490 may be useful as it is rela-
tively free of chl-a and chl-b absorption in 412–450 nm
range. Rrs670 is subjected to high influence of Pro specific
divinyl chl-a. Syn model relies on band ratios at 412, 490,
and 510 nm but in contrast to Peuk ignores 443 nm and
looks more specifically at 510 nm (510 nm is in-explicitly
ed by testing all possible combinations of predictors given in Table 2 and

2 3

Rrs412/Rrs555
Log10(m1–4)

2
Rrs490
Rrs412/Rrs555
Log10(m1–4)

2

Rrs490
(Rrs490/Rrs555)

2
Rrs490
Rrs670
(Rrs490/Rrs555)

2

Log10(Rrs412/Rrs555)
Log10(Rrs510/Rrs555)

Log10(Rrs412/Rrs555)
Log10(Rrs490/Rrs555)
Log10(Rrs510/Rrs555)
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included in Peuk’s maximum band ratio but in most cases
Rrs510 is not the maximal). This may be caused by wide
and flat absorption maximum of Syn (Ting et al., 2002;
Moore et al., 1995).
5.3. The meaning of predictors

The co-variation between the spectral signal and the
concentration of different picophytoplankton components
has a complicated nature. Some of the relationships are
clearly ecological and describe the relationship between
picoplankton groups and overall phytoplankton abun-
dance, e.g. co-variation between Pro and chl-a concentra-
tion (see Table 6). Nevertheless, the resultant dependence
of the satellite signal on the picophytoplankton composi-
tion is a result of many other factors. Such factors may
include influence of pigments specific to some distinctive
phytoplankton groups and influence of larger co-existing
phytoplankton including packaging effect in this larger
phytoplankton.

General ocean colour spectrum shape and its relation to
the concentrations of Pro, Syn, and Peuk is shown in
Fig. 11. For Syn and Peuk higher concentrations are con-
sistently observed in waters that are characterised by clear
waters type of spectrum with high Rrs412 and low Rrs555
values (Fig. 11d–i). Pro, in turn, has a more complicated
pattern. Lower concentrations are observed in more pro-
ductive (less clear) waters (Fig. 11a) while the most clear
waters correspond to a mid range of Pro concentrations
(Fig. 11b). This mid-range corresponds to a Pro secondary
maximum on a histogram (Fig. 2a). The highest values of
Pro concentrations range (high values tail of the distribu-
tion in Fig. 2a) is characterised by less transparent waters
(Fig. 11c). The explanation may be the low concentrations
of Pro in productive waters with Syn and Peuk dominance
and increase of Pro concentrations in less productive areas
with low Syn and Peuk concentrations (Fig. 11b, e and h).
When the concentrations of Pro are the highest possible i.e.
above 150 � 103 the presence of Syn and Peuk is minimal
Table 6
Description of the predictors used in the model. The columns correspond to
retrieval and the explanation for the predictor.

Component Predictor Explanation

Pro Rrs555 Spectrum h
Log10(Rrs510/Rrs555) Log10(Rrs510/Rrs555)

2 Steepest par
pigments

Rrs670 Pro divinyl
chl-a Negative co

Syn Rrs412/Rrs555 Avoiding th
Log10(Rrs510/Rrs555) Log10(Rrs510/Rrs555)

3

m1–4 Positive cov
chl-a

Peuk Log10(Rrs443/Rrs555); Log10(Rrs443/Rrs555)
3 chl-a maxim

m1–4 Positive cov
Log10(m1–3)
(Fig. 11f and i). In such conditions the high abundance
of Pro itself causes the OC spectrum shape that is not typ-
ical for the clearest waters. This may be the explanation
why the spectrum shape changes from less clear water type
to clear water type and back to clear water type with the
increase of Pro concentration. This may explain why retrie-
val of Pro concentrations is the most difficult of the three
picophytoplankton components studied here.

An analysis of Pro, Syn, and Peuk specific predictors is
given in Table 6. Predictors can divided into two groups:
the ones that characterise overall primary productivity/
spectrum type and the ones that are used due to difference
in Pro, Syn, and Peuk pigment composition.

Pro spectrum has absorption maximum at 673 nm
(approximately from 665 to 680 nm) nm due to divinyl
chl-a (Ting et al., 2002). Red wavelength absorption maxi-
mum for Syn is centered at 680 nm (approximately between
670 and 690 nm). The bands of the sensors used in the OC
CCI dataset are located between 660 and 680, 662–672, and
660–670 nm for SeaWiFS, MODIS, and MERIS respec-
tively. This makes the satellite data more sensitive to Pro

absorption peak rather than Syn. And can be speculated
to be the reason to use Rrs670 for Pro concentration
retrieval.

Primary productivity is well described by chl-a concen-
tration or by maximal band rations. It seems that several
specific band ratios are more useful when Pro and Syn con-
centration is retrieved. The selected Rrs412/Rrs555 and
Rrs510/Rrs555 band rations avoid the area influenced by
pigments that are numerous in Pro, Syn, and Peuk and
affect the bands 443, 490 nm. Pro has absorption maxima
at divinyl chl-a (443–449 nm), divinyl chlorophyll-b
(480 nm), zeaxanthin (445–480 nm) a-carotene (445–480
nm). Syn is characterised by a very similar maxima: divinyl
chl-a (438 nm), phycourobilin (494 nm), zeaxanthin
(445–480 nm), and b-carotene at 445–480 nm (Moore
et al., 1995; Ting et al., 2002). This possibly allows to
capture the variability at the edges of the absorption max-
imum of phytoplankton i.e. use 412/555 and 510/555 band
the picophytoplankton component, predictors used for its concentration

eight (overall water spectrum type)
t of Pro absorption spectrum/avoiding the spectrum area affected by many

chl-a absorption peak
variation between Syn and overall primary productivity.
e spectrum area affected by many pigments

ariation between Syn and overall primary productivity.

um absorption peak
ariation between Peuk and overall primary productivity.



Fig. 11. Rrs spectra corresponding to ‘‘low” (a, d, g), ‘‘medium” (b, e, h), and ‘‘high” (c, f, i) concentrations of Pro (a–c), Syn (d–f), and Peuk (g–i).
Concentrations ranges are expressed in 103 cells/ml and are shown on the subplots. Dashed light gray lines correspond to individual spectra, solid black
line represents average spectrum.
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ratios rather than Rrs443/Rrs555 and Rrs490/Rrs555 that are
influenced to some extent by most photosynthesizing
pigments.

The band ratios at 443 and 490 nm are useful for retriev-
ing chl-a concentration in open sea waters but seem to be
less efficient for differentiating Pro and Syn. The band ratio
Rrs443/Rrs555 nevertheless is useful for retrieving Peuk

concentrations as chl-a is a major light harvesting pigment
in this picophytoplankton component.

6. Conclusions

An area specific empirical algorithm for retrieval of
Peuk, Pro, and Syn concentrations in the waters of North-
ern SCS was developed.

(1) The algorithm was developed by detecting the fea-
tures of the ocean colour spectrum that are most sen-
sitive to either direct optical influence of different
picophytoplankton components or to ecological con-
ditions that favor development of different picophy-
toplankton components. We empirically identify
and use spectral information that can describe pico-
phytoplankton community. This approach produces
the statistical model that combines beneficial features
of spectral and abundance based algorithms.

(2) We suggest an algorithm testing approach based on
exhaustive Leave-p-out CV with variable p. CV is
used in two ways. First, this allows checking the algo-
rithm accuracy on the test data subset accuracy
objectively. We can observe CV performed with
different size of subsets. Second, it allows selecting
predictors for the algorithm and checking if the algo-
rithm is trained appropriately. Allows seeing if the
amount of data needed for the algorithm to be
trained is in accordance with the match-up dataset
(its size and how representative it is).

(3) Use of ocean colour data, especially for long term
(longer than life span of one sensor) and short term
(when coverage provided by one sensor may be insuf-
ficient) applications requires data merging. By devel-
oping the algorithm to use Level 3 merged data
directly, we wanted to achieve two goals: test if
merged data may be used for the algorithm develop-
ment and testing in the same way as any other satel-
lite data; develop an algorithm with accuracy that will
be known for the exact dataset it is intended to be
used with. Developed algorithm assures good data
coverage and Level 3 data products with good
accuracy.
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