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Abstract

Phytoplankton group composition is complex and highly variable in coastal waters. Given that different tax-
onomic groups have different pigment signatures, which in turn impact the light absorption spectra of phyto-
plankton, the absorption spectral-based approach has the potential for distinguishing phytoplankton groups.
Using a large dataset of in situ surface observations of concurrent HPLC (high-performance liquid chromatogra-
phy) pigments and phytoplankton absorption spectra collected from 2015 to 2018 in Chinese coastal oceans, in
situ phytoplankton group composition was obtained from chemotaxonomic analysis (CHEMTAX). By using the
linear additive principle on phytoplankton absorption spectra and CHEMTAX results, the chlorophyll-specific
absorption spectra of eight phytoplankton groups were reconstructed, including prasinophytes, dinoflagellates,
cryptophytes, chlorophytes, cyanobacteria, diatoms, chrysophytes, and prymnesiophytes. These chlorophyll-
specific absorption spectra were subsequently used as inputs to a spectral-based inversion model for estimating
phytoplankton group composition from the phytoplankton absorption coefficient. The optimal band selection
and initial guesses of the phytoplankton group composition, derived from correlation and HCA (hierarchical
cluster analysis) analyses, were included in the model inversion to improve the accuracy of retrievals. The per-
formance of the proposed model was validated using an independent dataset, showing accurate estimates of
chlorophyll a (Chl a) concentrations for seven phytoplankton groups (0.371 < r <0.721, p <0.05), apart from
chrysophytes. Our results suggest that the absorption spectral-based approach is able to discriminate phyto-
plankton group composition quantitatively, which has implications for retrieving Chl a concentrations of phy-
toplankton groups from hyperspectral platforms and satellites.

Phytoplankton are responsible for nearly half of global net
primary production and play a key role in modulating the
Earth’s climate (Field et al. 1998; Falkowski 2012). Among the
diverse communities of phytoplankton present in the sea,
some species have similar morphological and physiological
characteristics, or share similar ecological and biogeochemical
functions, which have been classified into phytoplankton
functional types (Nair et al. 2008; IOCCG 2014).
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Phytoplankton diversity is high across the ocean, and their
composition changes with time and space, tightly related to
local environmental and global climatic changes (Brewin
et al. 2012; Mouw et al. 2019). Phytoplankton composition is
considered an ecological indicator that can be used for track-
ing the health of the ocean, with implications for understand-
ing biogeochemical processes and for marine management
(Hays et al. 2005; Platt and Sathyendranath 2008).

Given this importance, great efforts have been made to
improve the in situ detection and measurement of phytoplank-
ton composition (Lombard et al. 2019). Pigments derived from
high performance liquid chromatography (HPLC) have become
the most common way to study phytoplankton biomass and
diversity, and are recognized as the standard measurement for
the calibration and validation of some ocean color products
(Jeffrey et al. 2012; IOCCG 2014). Some pigments or pigment
groups are chemotaxonomic markers for specific phytoplank-
ton types and have formed the basis for deriving phytoplank-
ton size structure and taxonomic composition from pigment
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information, such as diagnostic pigment analysis (Vidussi
et al. 2001; Uitz et al. 2006; Hirata et al. 2011), and the
CHEMTAX approach (Mackey et al. 1996; Higgins et al. 2012).
Using matrix factorization and known pigment ratios for each
phytoplankton group, CHEMTAX has been applied widely in
both the open and coastal oceans for determining taxonomic
group composition (Isada et al. 2015; Zhang et al. 2018; Moore
and Brown 2020). CHEMTAX has also proven reliable for esti-
mating phytoplankton groups in Chinese coastal waters
(Furuya et al. 2003; Zhu et al. 2009), with consistent results to
microscopy and flow cytometry observations (Liu et al. 2016).
However, discrete in situ observations are not well suited for
monitoring the distribution of phytoplankton groups at synoptic
scales and over long time periods. As a result, there have been
increasing efforts to estimate phytoplankton group composition
using satellite remote sensing of ocean color, including
abundance-based, spectral-based, and ecological-based approaches
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Fig. 1. Sampling locations of the in situ dataset. The abbreviations YS,
CJ, and ECS represent the Bohai Sea and Yellow Sea, Changjiang Estuary
and adjacent area, and East China Sea, respectively. The background
coastline (the GSHHG, version 2.3.7) and bathymetry (the GEBCO 2021
Grid) maps are from NOAA (https://www.ngdc.noaa.gov/mgg/shore
lines/) and GEBCO (http://www.gebco.net/), respectively.
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(Nair et al. 2008; Brewin et al. 2011; IOCCG 2014). Since varia-
tions in the spectral absorption coefficient of phytoplankton
have been related to changes in phytoplankton community
structure and biomass (Hoepffner and Sathyendranath 1991; Bri-
caud et al. 2004), and considering there are models developed to
retrieve the phytoplankton absorption coefficient from satellite
data, absorption-based approaches are increasingly being devel-
oped for retrieving phytoplankton information, such as pigment
content (Chase et al. 2017; Moisan et al. 2017; Liu et al. 2019),
phytoplankton size classes (Hirata et al. 2008; Devred et al. 2011),
and phytoplankton group composition (Zhang et al. 2018). In
recent years, hyperspectral absorption data have been used to
improve the accuracy of retrievals of phytoplankton functional
types, utilizing techniques like spectral decomposition, derivative
analysis, and hierarchical cluster analysis (Torrecilla et al. 2011;
Uitz et al. 2015; Zhang et al. 2015).

The Bohai Sea, Yellow Sea, and East China Sea are three mar-
ginal seas located in the northwestern Pacific Ocean off the east
coast of China. Under strong influences from rivers
(e.g., Changjiang River), tides, ocean currents, and seasonal mon-
soons, these waters are characterized by high levels of particu-
lates and colored dissolved organic matter (Shi and Wang 2012).
Various taxonomic groups of phytoplankton have been identi-
fied in this optically-complex environment through microscopy
(Guo et al. 2014; Liu et al. 2015a; Jiang et al. 2019), with diatoms
the most dominant group in cell abundance, and dinoflagellates,
prasinophytes, cryptophytes, chlorophytes, cyanobacteria,
chrysophytes, and prymnesiophytes frequently reported as well.
However, few studies have assessed the relationships between
phytoplankton absorption spectra and phytoplankton group
composition in the region, and the feasibility of using
absorption-based approaches for phytoplankton group composi-
tion retrievals remains limited in the study area.

The aim of this study is to assess whether a matrix inver-
sion method is capable of retrieving the chlorophyll a (Chl a)
concentration of eight phytoplankton groups from phyto-
plankton absorption spectra. The matrix inversion model is
tuned and validated using a large in situ dataset collected dur-
ing five research cruises over a 3-yr period. The chlorophyll-
specific absorption coefficients of eight phytoplankton groups
are retrieved and compared with those from laboratory cul-
tures (Clementson and Wojtasiewicz 2019a) and field data
(Brewin et al. 2019). The optimal band selection and an initial
guess of phytoplankton group composition are introduced as
constraints to optimize the matrix inversion model. We evalu-
ate the performance of the model and test its capability to
retrieve phytoplankton group composition in coastal oceans.

Data and methods

Cruise information and water sampling

A total of 320 concurrent in situ surface samples for mea-
surements of phytoplankton pigment concentrations and par-
ticulate absorption spectra were collected during five research
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cruises from 2015 to 2018 in the Bohai Sea, Yellow Sea, and
East China Sea (Fig. 1; Supplementary Table S1). Among the
whole dataset, 256 samples (i.e., 80%) were selected randomly
as the training dataset, leaving 64 independent samples
(i.e., 20%) for validation.

Surface water was collected from a depth of around 3 m,
using Niskin bottles equipped with a conductivity-temperature-
depth profiler (CTD, Seabird 911) rosette. For both pigment con-
centrations and particulate absorption spectra samples, seawater
(100-3000 mL) was filtered onto Whatman GF/F Glass Microfi-
ber Filters (0.7 ym, 25 mm) under low vacuum pressure onboard,
and stored in the —40°C refrigerator or in liquid nitrogen until
analysis when back at the laboratory, following the NASA ocean
optics protocols (Bidigare et al. 2003; Mitchell et al. 2003).

HPLC pigments and CHEMTAX analysis

Phytoplankton pigment concentrations derived from HPLC
were analyzed following the methods of Zhang et al. (2016) for
cruises 2015-YS, 2016-CJ, 2018-ECS, and 2018-YS, and of Wang
et al. (2016) for cruise 2016-YS. The HPLC analysis provided
concentrations of Chl a (representing the sum of monovinyl
Chl a and divinyl Chl a) and 11 diagnostic pigments
(i.e., peridinin, 19'-butanoyloxyfucoxanthin, fucoxanthin, neo-
xanthin, prasinoxanthin, 19’-hexanoyloxyfucoxanthin,
violaxanthin, alloxanthin, zeaxanthin, lutein, and chlorophyll
b). Some of these pigments are biomarkers for specific taxo-
nomic groups, which can be used as indicators for those taxa
(Jeffrey et al. 2012; Catlett and Siegel 2018), with taxonomic
meaning shown in Supplementary Table S2. Values below detec-
tion limits and 0.001 mg m > were set to zero before further
analysis to minimize the disagreements for pigments derived
from different laboratories (Claustre et al. 2004) and to control
the quality of the pigment data (Aiken et al. 2009). The fre-
quency histograms of pigments are shown in Supporting Infor-
mation Fig. S1. Taking Chl a concentration as an example, the
logio-scale data follow a normal distribution, ranging from
0.129 to 21.652 mg m 3, with the mean value of 2.478 mg m 3.

By performing the HCA on 11 pigment ratios that were nor-
malized to Chl a concentration (Kramer and Siegel 2019), a
dendrogram (Supporting Information Fig. S2) was constructed
by using the correlation distance algorithm (pdist, “correla-
tion”) and the unweighted average distance (linkage, “average”)
in MATLAB R2019b, with a cophenetic correlation coefficient
at 0.820. Based on the taxonomic meaning of diagnostic pig-
ments (Supplementary Table S2), eight phytoplankton groups
(i.e., prasinophytes, dinoflagellates, cryptophytes, chlorophytes,
cyanobacteria, diatoms, chrysophytes, and prymnesiophytes)
were clearly identified by applying the HCA on the pigment
dataset.

The Chl a and 11 diagnostic pigments were then used as
inputs to the CHEMTAX program (version 1.95) to identify and
estimate the in situ contribution of each phytoplankton group
to total Chl a concentration. In this study, the initial pigment
ratio matrix used in the CHEMTAX program (Supplementary
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Table S3) is the same as previous studies (Liu et al. 2015b; Sun
et al. 2019a). Considering that pigment ratios might vary within
the same study area, we processed the CHEMTAX separately for
each cruise to minimize uncertainties due to changes in pigment
ratios. Following the instructions packaged with the CHEMTAX
program, 60 further ratio matrices were generated and then used
as inputs through an iterative process. Finally, the best six runs
(i.e., 10%) with the lowest root mean squared error (RMSE) were
selected to calculate the average Chl a concentrations of eight
phytoplankton groups. The five final ratio matrixes for each
cruise are shown in Supplementary Tables S4-S8. The frequency
histograms of Chl a concentrations of eight phytoplankton
groups are shown in Supporting Information Fig. S3. In order to
ensure the results are meaningful, values of Chl a concentration
of each phytoplankton group from the CHEMTAX program
lower than 0.001 mg m ™3 were set to zero.

Phytoplankton absorption data and analysis

The optical densities of total and non-algal particles were mea-
sured by the inside sphere mode (i.e., IS mode) with a PerkinElmer
Lambda 1050 UV/VIS spectrophotometer equipped with a 15-cm
integrating sphere, in the range of 200-1000 nm at 2-nm resolu-
tion and 1-nm interpolation. The particulate absorption coeffi-
cients were computed following the NASA and IOCCG ocean
optics protocols (Mitchell et al. 2003; Roesler et al. 2018). The
absorption coefficients of total and nonalgal particles, a,(1) and
anar (1), were obtained before and after pigment extraction in
methanol respectively, calculated from the optical densities as,

2.3034;

78, [ODpl1) —ODyr (1)

(1)

ap (/1) O~ dNAP (ﬂ.) =

where Af is the area of the filtration, By is the filtration vol-
ume, the pathlength amplification factor g is set to 4.5 follow-
ing Rottgers and Gehnke (2012), and ODy, (1) and ODyp(4) are
optical densities of the sample filter and the blank filter,
respectively. The phytoplankton absorption spectra, ayu(4),
were finally determined as the difference a,(1) — anap(4).

Prior to analysis, a,,(4) were restricted to the visible spectral
range of 400-700nm first, and smoothed using the Savizky-
Golay filtering (MATLAB R2019b, sgolayfilt) with polynomial
order of 4 and frame length of 21 (Xi et al. 2015). The spectral
shape of a,;,(4) was obtained by normalizing a,;,(4) to the inte-
gral over the range of 400-700 nm,

700

o (1) = i (2) /Looaph ()da 2)

where n means normalized, and ayy, ,(1) represents normalized
apn(4). The chlorophyll-specific absorption, a;,(4), was calcu-
lated as follows:

ayy(2) = apn(4) /CrirLc 3)
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where Cppic is the Chl a concentration measured by HPLC
method.

In order to enhance the spectral features between samples
and provide more diverse optics-based classification clusters,
1% to 4™ derivative analyses were further applied to the nor-
malized spectra ayp,(4), following previous studies (Torrecilla
et al. 2011; Isada et al. 2015; Xi et al. 2015),
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of §;; is set at 0.1, below which two spectra could not be dis-
tinguished optically (Zhang et al. 2015). Subsequently, we
combined every pair of clusters of which §;; were lower than
0.1, and finally eight clusters were reserved, representing dif-
ferent absorption properties (Fig. 6; Table 1). The justification
for using all the original and 1% to 4™ derivatives of a, ,(4)
for HCA analysis can be found in Supplementary Text S2.

@ ()= Api,n(A+ AL) — App, n(A— AL)
ph n A
/, (th n (/1 + A/I) 2% aph,n (/1) + aph,n (/1 — A/I)
pl’l n(j) Aﬂz
) dph, n(/?,+2*A/1) 2*{11,;1,”(/1+Aﬂ)+2*(1ph,n(ﬂ*Aﬂ)*ﬂph,n(ﬂ*Z*Aﬂ)
Tpn () = 2077
Ay (A2 ALY — 45y y (A ML)+ 6 5 iy n(A) — 45 Apiy (A — AL) — gy (A — 2% A2)
ph n( ) A/14

where the band separation, A4, is set at 14 nm, making the
spectral range of derivatives 428-672 nm. The justification
for the band separation settings can be found in the Sup-
plementary (Supporting Information Fig. S4; Table S9;
Text S1).

Hierarchical cluster analysis

The application of HCA on the original and 1°! to 4" deriv-
ative spectra of ayy;, ,(1) was used to group the training dataset
according to their optical features. The dendrogram was con-
structed in MATLAB R2019b by calculating the pairwise dis-
tance between each pair of observations using the correlation
distance algorithm and unweighted average distance. Five
dendrograms obtained from the HCA on a, (1) and its 1° to
4™ derivatives are shown in Supporting Information Fig. S5.
Taking the dendrogram resulting from the original spectra of
apy,n(4) for example (Supporting Information Fig. S5al), eight
clusters were considered for further analysis, based on the rela-
tionship between linkage distance and node number
(Supporting Information Fig. S5a2). The HCA was applied to
the 1% to 4™ derivative spectra of ay; ,(4) in the same manner
as the original a,;, (1), leading to 40 clusters in total. However,
among all the 40 clusters, many of them contained similar or
the same samples and optical properties. Under this circum-
stance, to solve this issue, we calculated the index S;; between
every two ay, (1) of 40 clusters, as described in Zhang
et al. (2015),

;h,‘(ﬁk)
>+aph,u )

301
k=1

phl
A i(

where i and j represent two specific spectra, k represents the
wavelength from 400 to 700 nm, and the similarity threshold
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Since the ay,(4) can be expressed as the additive contribu-
tions of a;,(4) of phytoplankton groups and their correspon-
ding Chl a concentrations, matrix inversion analysis can be
applied to the reconstruction of a,,(4) for mixed phytoplank-
ton groups (Zhang et al. 2018). In this study, the a,,(1) coef-
ficients were reconstructed as the linear additive contributions
of a;, (1) of eight individual phytoplankton groups and their

ph
corresponding Chl a concentrations, according to Eq. 3,

a(2) =Y Cid; (2) (6)

where i is phytoplankton group, n is the number of different
phytoplankton groups, a;(4) and C; are the chlorophyll-
specific absorption and Chl a concentration for the i phyto-
plankton group, respectively. By dividing the Chl a on both

sides, Eq. 6 can be further expressed as

N=3"" fa) (7)

where f; is the fraction of total Chl a of the i phytoplankton
group.

Chlorophyll-specific absorption of phytoplankton groups

The first matrix inversion was applied to the large number
of observed phytoplankton absorption and Chl a fractions of
eight groups obtained from CHEMTAX in the training dataset,
and the unknown chlorophyll-specific absorption of each
phytoplankton group, aj (1), was retrieved based on Eq. 7, as
follows:
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fiz1j1 ficmj-1 a_,(4) Ay iq(4)

(8)

fi:l,/':n fi:m,j:n a?:m (j’) a;h,/':n (/1)
where n is the number of samples in the training dataset
(n = 256), m is the number of phytoplankton groups (m = 8),
fij is the in situ Chl a fraction of the i'™ phytoplankton group
of the j sample, and ay,:(4) is chlorophyll-specific absorption
of the j™ sample at a given wavelength from 400 to 700 nm.
To retrieve the aj(1) for each phytoplankton group, the
combination of a constrained linear least-squares solver
(MATLAB R2019b, Isqlin) and bootstrapping was used. In
brief, we randomly selected a certain number (i.e., from 40 to
250 with an interval of 10, 22 groups in total) of samples from
the training dataset (N = 256) with the replacement at 1000
times first, and then each group was brought into Eq 8 using
the linear least-squares solver with the lower bound =20,
resulting in the final mean and standard deviation of a;(4) of
eight phytoplankton groups (see the “Retrieved specific

absorption of phytoplankton groups” section).

Chl a concentrations of phytoplankton groups
Once the resulting a; (1) of eight phytoplankton groups are
obtained, they become the known parameters, and along with
the observed a,;(4) in the independent validation dataset, Chl
a concentration of i'™ phytoplankton group for the j™ sample,
Cij, could be estimated. The second matrix inversion analysis
is based on Eq. 6, as follows:
a;;l (/11) a;‘:m (/11)

Ciztj=1...mm Aphj=1...nn(A1)

a;_q (A1) ai_,, (A1) Cizmj=1...nn Aphj=1...nn (AL)

)

where nn is the number of the samples in the validation
dataset (nn = 64), and L is the number of wavelengths,
which could be the number of selected significant bands of
each phytoplankton group (see the “Optimal band selec-
tion” section), or 301 for the whole range 400-700 nm as a
comparison.

To retrieve the Chl a concentrations of the eight phyto-
plankton groups for a given ayu(4), steps are as follows.
Firstly, the pairwise distance between every 2" derivative of
apnn(4) in the validation dataset and the 274 derivative of
apn,n(4) of eight clusters obtained from the HCA on the train-
ing dataset were calculated, using the correlation distance
algorithm and unweighted average distance. The justification
for using the 274 derivative of aph,n(4) was described in Supple-
mentary Text S3. Next, the minimum value of the pairwise
distance among all the eight clusters was used to determine
the cluster to which the sampled absorption spectrum
belonged, and at the same time, the initial guess of the
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Chl a concentration of each group from the determined clus-
ter was obtained (see the “Initial guesses from HCA classifica-
tion results” section). The last step involved estimating Chl
a concentrations of eight phytoplankton groups using the
chlorophyll-specific absorption coefficients obtained from
the first matrix inversion (see the “Retrieved specific absorp-
tion of phytoplankton groups” section) and the observed
absorption spectra (Eq. 9). To do that, we used a constrained
linear least-squares solver (MATLAB R2019b, Isqlin) with the
lower bound >0. To improve the accuracy, initial guesses (see
the “Initial guesses from HCA classification results” section)
were included to minimize the fitting with options specified
as “trust-region-reflective,” and we selected only significant
bands (see the “Optimal band selection” section). Similar to
the in situ CHEMTAX-derived Chl a concentration, c¢;;
derived from Eq. 9 was set to zero when lower than 0.001
mgm 3. A flowchart of the training and validation procedures
is shown in Fig. 2.

Error tests

Considering that Chl a concentrations are distributed
log-normally in the ocean, the performance of the pro-
posed model was quantified using the Pearson linear corre-
lation coefficient (r), p-value (p), bias (5), mean absolute
error (MAE), and RMSE, calculated between in situ mea-
surements and model-derived estimates in log;o space,

according to
) (10)

e 1 ZN 1ngci,E ~ Hiog, E
N-1 =1 510g10E

log,Cim — Hiog, M
610310M

1 N
5= i1 (10810Cir —10814Cin) (11)
1 N
MAE:ﬁzizlHOgIOCirE_logloCi,M’ (12)
1 N ,]1/2
RMSE = [ﬁZi:1 (log,,Cir —10g,,Cim) (13)

where N is the number of samples, C is Chl a concentration,
E and M represent estimated and measured Chl a concentra-
tions, x4 and § represent mean and standard deviation of vari-
ables E and M, respectively. Note that in addition to the
validation, correlation coefficients were also included in ana-
lyses which contain spectra (e.g.,, optimal band selection),
where variables were calculated in linear space.

Results and discussion

Retrieved specific absorption of phytoplankton groups
The retrieved mean value and standard deviation of a,(1)
of eight phytoplankton groups, calculated from fitting Eq. 8 to
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Fig. 3. Chlorophyll-specific absorption coefficients of eight phytoplank-
ton groups derived from the matrix inversion, based on the training
dataset (N = 256). Solid lines and lighter shades represent the mean value
and the standard deviation of the results from 22 groups, respectively.

the training dataset, are shown in Fig. 3. In general, the a;,,(4)
of all groups exhibit two typical peaks of Chl a pigment
around 440 and 675 nm. Different phytoplankton groups
show diversity in the spectral shape of a;,(1), which result
from the influence of different diagnostic pigments (Bricaud
et al. 2004; Clementson and Wojtasiewicz 2019b), as shown
in Supporting Information Fig. S6. Prasinophytes exhibit a
unique spectral shape in the blue spectral region with two
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additional peaks at 415 and 475 nm, which may be associated
with the pigments neoxanthin, lutein, prasinoxanthin, and
violaxanthin, while the peak at 650 nm is likely influenced by
chlorophyll b. The presence of an additional peak at 465 nm
for dinoflagellates may be caused by pigments such as
peridinin and alloxanthin. A shoulder peak around 465 nm is
observed in cryptophytes, cyanobacteria, and
prymnesiophytes, which are likely the result of absorption by
pigments alloxanthin, zeaxanthin, and chlorophyll ¢,, respec-
tively. Chlorophyll ¢, may be the reason for the small absorp-
tion peaks at 580 nm for both cryptophytes and
prymnesiophytes.

Regarding magnitude, prymnesiophytes have the highest
a,,(4) value and the steepest slope among all phytoplankton
groups, with the blue-to-red ratio (i.e., 440/675 nm) at 2.71,
followed by cyanobacteria at 2.57. In contrast, diatoms show
the lowest value and the flattest slope with the blue-to-red ratio
at 1.46, and the remaining groups are between diatoms and
prymnesiophytes. The changes in blue-to-red ratio are related to
changes in pigment composition and the package effect, due to
the cell size (Hoepffner and Sathyendranath 1991; Bricaud
et al. 2004), such that large cells (small cells) tend to exhibit low
(high) chlorophyll-specific absorption and the flattest (steepest)
spectral shape. The shaded areas indicate that by selecting differ-
ent numbers of concurrent measurements (i.e.,, from 40 to
250 with an interval of 10) in the matrix inversion analysis, the
corresponding fitting results are slightly different, especially for
prasinophytes, chrysophytes, and prymnesiophytes, and the
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Fig. 4. Comparison of retrieved chlorophyll-specific absorption of phytoplankton groups (red lines) with those of the first four in situ samples with the
highest percentages of the corresponding phytoplankton group (black dashed lines, labeled mixed, bracketed values refer to percentages), unialgal cul-
tures (green lines, labeled algae species and 2019) from Clementson and Wojtasiewicz (2019a), unialgal cultures from our research group (unpublished
data, blue lines, labeled algae species and 2020), and four-population model retrievals (pink dots) from Brewin et al. (2019), for groups prasinophytes
(a), dinoflagellates (b), cryptophytes (c), chlorophytes (d), cyanobacteria (e), diatoms (f), chrysophytes (g), and prymnesiophytes (h).

standard deviations are usually higher in the blue spectral
region than those in the red region.

Here, we compared the retrieved a;,(1) with that from:
(1) the first four in situ samples with the highest percentages
of the corresponding phytoplankton group, (2) unialgal cul-
tures of Clementson and Wojtasiewicz (2019a), (3) unialgal
cultures from our research group (unpublished data), and
(4) the four-component model of Brewin et al. (2019), as
shown in Fig. 4. The mean values of in situ a;,(1) of the mixed
phytoplankton assemblages with the first four most dominant
phytoplankton percentages (labeled mixed) were used to eval-
uate the retrieved a, (1), and high correlation coefficients were
observed, ranging from 0.970 to 0.998 at all wavelengths
(400-700 nm) for eight groups, indicating that the matrix
inversion analysis is able to partition the absorption spectra
into the contributions of the eight phytoplankton groups. The
correlation coefficients are the highest for dinoflagellates and
cyanobacteria (0.998), followed by diatoms (0.9935), since high
Chl a concentrations of these phytoplankton groups were fre-
quently observed during in situ investigations (Supporting
Information Fig. $3), which are useful for isolating the a;, (1)
from naturally mixed assemblages.

For the two most common phytoplankton groups (i.e.,
dinoflagellates and diatoms) in the study area (Guo
et al. 2014; Liu et al. 2015b; Jiang et al. 2019), agreements were
found between our inversion results and other studies (Fig. 4b,{).
The retrieved a7, (1) of dinoflagellates show good agreement

ph
with both unialgal cultures measurements in green and red
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spectral regions of the spectrum, while larger differences are
seen between the retrievals and the four-population model in
the blue spectral region. Its shape is similar to those from uni-
algal cultures (i.e., two peaks in the blue spectral region), espe-
cially to the Prorocentrum donghaiense, which is a very common
species in the Changjiang Estuary area and East China Sea (Lu
et al. 2005). The values of retrieved ay, (1) of diatoms are close
to both wunialgal culture measurements, while the four-
population model estimates are slightly higher in the red spec-
tral region. The retrieved cyanobacteria a;;h(l) values match
those of Synechococcus from our research group (Fig. 4e), but
are much lower than those from Clementson and
Wojtasiewicz (2019a). By comparing with the unialgal species
Tetraselmis sp. taken from Clementson and Wojtasiewicz
(2019a), the retrieved ay,(4) of prasinophytes in this study
could reflect some characteristics of unialgal cultures, includ-
ing two specific peaks in the blue spectral region and a peak
around 650 nm. As for groups cryptophytes, chlorophytes,
and prymnesiophytes, unialgal cultures from our research
group were included for comparison, and differences were
observed in both magnitude and shape.

In addition to the accuracy of the representation of phyto-
plankton groups by certain unialgal cultures, differences in
a,,(1) of phytoplankton groups among various studies are due
to the methods used to obtain a;h(l). In this study, we used
concurrent Chl a concentrations of phytoplankton groups
derived from CHEMTAX and the phytoplankton absorption

coefficient to derive ay,(1) of each phytoplankton group
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wavelengths with significant correlations, where p < 0.001.

through a linear matrix inversion algorithm. CHEMTAX has a
proven capability to derive reliable phytoplankton group com-
position in eastern China seas (Furuya et al. 2003; Liu
et al. 2015b; Sun et al. 2019a). In addition to phytoplankton
groups, the matrix inversion analysis has been widely used
and is capable of estimating Chl a concentration of phyto-
plankton size classes (Zhang et al. 2015; Brewin et al. 2019)
and diagnostic pigments (Moisan et al. 2017; Liu et al. 2019).
The cultured algae species from our research group are com-
mon species isolated from samples in the study area, which
were taken from Shanghai Guangyu Biological Technology
Company. The culture experiments were described in a recent
study (Shen et al. 2019), with absorption coefficients mea-
sured consistently, following “Phytoplankton absorption data
and analysis” section. The magnitude and shape of cultured
a,;,(4) vary with the changes in phytoplankton cell size and
pigment composition, which are consistent with previous
studies (Organelli et al. 2017; Zhou et al. 2017). However, as a
common species in the picoplankton size class, a,,(4) of Syn-
echococcus in our study area is not as high as expected, when
compared with that from Clementson and Wojtasiewicz (2019-
a), indicating that a,(1) of unialgal cultures may be related to
geographical differences, culturing conditions, and absorption
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protocols. The ay,(1) of diatoms derived from the four-
population model of Brewin et al. (2019) is comparable with
our retrieved result, especially when considering SST is an
additional input in their a;,(4) retrieval procedure, and their
focus is in a different region (i.e., North Atlantic).

Improvements for matrix inversion analysis based on
relationships between phytoplankton groups and
absorption spectra

Optimal band selection

In order to improve the accuracy of retrievals, relationships
between concurrent Chl a concentrations of phytoplankton
groups and the 2"® derivatives of the ay,,(1) in the spectral
range of 428-672 nm from the training dataset were exam-
ined, as shown in Fig. 5, where wavelengths with significant
correlation coefficients (p <0.001) are shown with shaded
areas.

The number and position of shaded wavelengths are differ-
ent for eight phytoplankton groups. Diatoms and dinoflagel-
lates have a large number of wavelengths with significant
correlations (i.e., 141 and 104), and they are distributed
widely in the whole spectrum. Prymnesiophytes and cyano-
bacteria have 76 and 59 wavelengths, which are distributed
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mainly in blue and yellow spectral regions, and blue and
green spectral regions, respectively. While for cryptophytes
and prasinophytes, significant wavelengths are mainly
observed at longer wavelengths, with the numbers 46 and
45, respectively. In contrast, the chrysophytes and
chlorophytes have fewer significant wavelengths (i.e., 39 and
26), which are located within 438-590 nm and 445-510 nm,
respectively.

Compared to the standard one, the 2" derivative spectrum
is useful for providing qualitative identification of pigments
(Bidigare et al. 1989), and has better results in discriminating
phytoplankton groups (Uitz et al. 2015), indicating that wave-
lengths with significant correlation coefficients derived from
2" derivative analysis of apn,n(4) and the chlorophyll concen-
trations may carry the most information on the individual
phytoplankton group. Therefore, these wavelengths are conse-
quently selected as the optimal bands for the matrix inversion
on the validation dataset.

Initial guesses from HCA classification results

In addition to the selection of optimal bands during the
matrix inversion analysis, an initial value was introduced as a
priori knowledge to minimize the linear least-squares fitting
and improve the accuracy of the inversion. The initial guesses
are the mean values of Chl a concentration of each phyto-
plankton group from the eight HCA-derived clusters, as shown
in Table 1. The resulting eight clusters here could be explained
by the differences in phytoplankton absorption spectra with
respect to the group composition.

Taking cluster 2 as an example, which is equivalent to the
whole training dataset (N = 256), the study area is composed
of different phytoplankton groups, with diatoms and cyano-
bacteria having the highest percentages. Diatoms are the most
dominant in six clusters (i.e., clusters 1, 2, 3, 4, 5, and 8) in
terms of the Chl a concentration. While in the remaining
clusters 6 and 7, cyanobacteria have the highest proportions,
followed by chlorophytes. Cyanobacteria and chlorophytes in
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cluster 7 are dominant groups and have higher averaged con-
centrations than those in cluster 6, resulting in correspond-
ingly higher values of a,,(1) (Fig. 6a). In comparison, the
spectral shape of origin and 2"¢ derivative of Apn,n(4) for clus-
ters 4, 5, and 8 have large differences (Fig. 6b,d), which are
related to their phytoplankton composition. Cluster 4 has the
highest proportions of dinoflagellates among eight clusters,
and its absorption spectrum has an additional peak around
465 nm, consistent with the absorption characteristics of
dinoflagellates (Fig. 3). Prymnesiophytes are the second domi-
nant group in cluster 5 and have the highest proportions
among the eight clusters. The absorption spectrum of cluster
8 shows similarities with the a,(1) of prasinophytes (Fig. 3),
which is consistent with the fact that prasinophytes are the
second most dominant group in cluster 8.

Retrieval and validation of concentrations of
phytoplankton groups

Using the independent validation dataset (N = 64), the per-
formance of the retrieval algorithm was evaluated and com-
pared with the phytoplankton group composition derived
from CHEMTAX analysis. As described in the “Chl
a concentrations of phytoplankton groups” section, the Chl
a concentration of each phytoplankton group was estimated
by applying the matrix inversion model (Eq. 9) to the
observed absorption spectra, along with the chlorophyll-
specific absorption derived from the “Retrieved specific absorp-
tion of phytoplankton groups” section, optimal band selection
from the “Optimal band selection” section, and initial guesses
from the “Initial guesses from HCA classification results”
section (Fig. 2).

Modeled Chl a concentrations of the eight phytoplankton
groups were plotted against the in situ data, together with the
results of error statistics, in Fig. 7. In general, Chl
a concentrations derived from absorption spectra compare rea-
sonably well with in situ observations. High correlation coeffi-
cients (r) are observed in seven groups with p-values below

Table 1. Mean values of total and each phytoplankton group’s Chl a concentration in eight clusters derived from the HCA (units of
mg m~3). Numbers in brackets are the mean percentages of each phytoplankton group (units of %). The two groups with the highest
percentages for each cluster are shown in bold, and the cluster with the highest percentage for each group is shown in italics.

Cluster Cluster 2 Cluster Cluster Cluster Cluster Cluster Cluster

Groups/clusters 1(N=6) (N = 256) 3(N=9) 4(N=2) 5(N=22) 6 (N=23) 7 (N=15) 8 (N=4)
Prasinophytes 0.159 (5.55) 0.090 (4.20) 0.302 (4.74) 0.028 (2.33) 0.059 (2.66) 0.048 (3.57) 0.042 (3.41) 0.317 (26.99)
Dinoflagellates 0.370 (5.83) 0.333 (8.58) 0.192 (3.88) 0.258 (19.65) 0.103 (5.59) 0.020 (1.43) 0.011 (0.82) 0.008 (0.72)
Cryptophytes 0.288 (27.23) 0.164 (7.76) 0.641 (16.94) 0.141 (11.89) 0.162 (7.69) 0.082 (5.84) 0.243 (2.71) 0.226 (16.64)
Chlorophytes 0.182 (14.66)  0.254 (14.90)  0.278 (10.59)  0.123 (11.00)  0.099 (8.35) 0.147 (27.60)  1.257(34.77)  0.011 (1.10)
Cyanobacteria 0.102 (8.30) 0.329 (19.91)  0.086 (2.87) 0.010 (0.84) 0.145 (12.44) 0.172 (33.25) 1.846 (50.72)  0.085 (7.31)
Diatoms 1.066 (29.75) 1.138 (32.02) 4.0713 (59.10) 0.648 (52.62) 1.066 (37.35) 0.364 (15.11) 0.060 (2.32) 0.373 (37.46)
Chrysophytes 0.025 (2.47) 0.078 (5.18) 0.032 (1.06) 0.007 (0.56) 0.152 (9.61) 0.091 (4.52) 0.035 (1.99) 0.030 (2.86)
Prymnesiophytes  0.079 (6.21) 0.098 (7.44) 0.046 (0.83) 0.015 (1.10) 0.354(16.31)  0.187 (8.67) 0.059 (3.26) 0.080 (6.92)
Total 2.270 2.484 5.590 1.230 2.141 1.112 3.554 1.131
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0.05, except for chrysophytes. Diatoms and dinoflagellates
have the highest correlation coefficients of 0.721 and 0.606
(Fig. 7b,f), and the MAE and RMSE are lower for diatoms
(0.490 and 0.656), indicating that the model has better perfor-
mance for diatoms. Due to the influence of a few outliers at
low Chl a concentrations between 0.01 and 1.0 mg m 3, cor-
relation coefficients are relatively low for cyanobacteria and
cryptophytes. However, most points are near to the 1 : 1 line
(Fig. 7c,e), resulting in the lowest bias for cyanobacteria
(—0.043), and a low MAE and RMSE for both cyanobacteria
and cryptophytes, relative to other groups. Similarly, the esti-
mated concentrations for prymnesiophytes are in good agree-
ment with the measured results (Fig. 7h), with the lowest MAE
and RMSE among eight groups (0.383 and 0.525). For
prasinophytes and chlorophytes, some retrievals are below the
1 : 1 line, resulting in a lower correlation coefficient and
higher error for these two groups. The scatter of the data
points for chrysophytes suggests that the matrix inversion
model does not perform well for this group (Fig. 7g). It should
be noted that since the evaluation was performed in log;q
space, zero values from both in situ and retrieval data were
excluded, resulting in a different number of samples for each
phytoplankton group.

Sensitivity analysis and performance comparison for the
matrix inversion analysis

Previous studies have demonstrated that the sensitivity of
the matrix inversion analysis is related to the ill-conditioning
of the linear equations, caused by the similarity of any two
vectors in the matrix (Zhang et al. 2015; Liu et al. 2019).
Therefore, the similarity index S;; between every two retrieved
a,,(2) of eight phytoplankton groups was calculated by Eq. 5
to avoid the problem. Among them, prasinophytes and
chlorophytes show the most similar shape and magnitude at
longer wavelengths (Fig. 3), with the smallest S;; at 0.14, since
prasinophytes and chlorophytes both belong to green algae
and share similar diagnostic pigments (Supplementary
Table S2), while diatoms and prymnesiophytes have the big-
gest differences in magnitude, with the largest §;; of 1.41. The
S;j values are all over 0.1, indicating that, according to Zhang
et al. (2015), each of the eight phytoplankton groups could be
distinguished optically from the other one.

The performance of the absorption-based model was evalu-
ated by plotting the in situ measurements of eight phyto-
plankton groups with retrievals derived from matrix
inversions with different inputs, as shown in Supporting
Information Fig. S7, Table S10, and Text S4. Similar to Fig. 7,
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Fig. 7. Independent validation between absorption spectral-based estimates and in situ measurements for the eight phytoplankton groups (a-h), where

Chl a denotes the Chl a concentration. The solid red line represents the 1

validation results indicate that dinoflagellates and diatoms
have high correlation coefficients, irrespective of inputs
(i.e., origin, HCA, bands, or both). As shown in Fig. 4, differ-
ences between retrieved results and unialgal measurements
from both open and coastal oceans are small, suggesting a,,(4)
to be relatively stable for different species of dinoflagellates
and diatoms. In comparison, due to the high diversity and
large size range, intraspecific spectral variabilities of a,,(4)
were observed for chlorophytes in our unialgal cultures experi-
ments (not shown). This supports the findings from Organelli
et al. (2017) that absorption features of chlorophytes vary in
natural environments depending on species present, which
could explain the low accuracy for chlorophytes in the optical
inversion. Results show that retrievals are better when groups
have higher contributions to total Chl a concentration. In
other words, those phytoplankton groups which have a larger
influence on ay;(4), such as dinoflagellates, cyanobacteria, and
diatoms in this study (Supporting Information Fig. S3), are
retrieved with high confidence. Similar relationships between
accessory pigments and ay,(4) have been found previously
(Moisan et al. 2017), where pigments with a significant contri-
bution to ay,(1) were predicted with the highest accuracy.
Therefore, the poor performance for chrysophytes retrievals may
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: 1 line. The error statistics are calculated in log, space.

be related to its low contribution to total Chl a concentration in
both training and validation datasets (average 5.18% and
4.92%). The pigment-based classification of phytoplankton
groups could be another reason for the low accuracy of the
chrysophytes. The violaxanthin, which is used to indicate the
presence of chrysophytes (Supporting Information Fig. S2), has
been found in multiple taxonomic groups (Jeffrey et al. 2012),
highlighting further requirements in evaluating the information
in HPLC pigments (Kramer and Siegel 2019).

Since the total a,y(4) is assumed to be the additive contribu-
tion of eight phytoplankton groups, the matrix inversion
model used in this study is a linear system (Eq. 9). However,
when solving the linear least-squares problems with con-
straints (i.e., lower bound >0), the problem is always convex,
and the solution is global but not necessarily unique. Similar
situations have been found in previous studies in solving the
nonlinear inversion cases (Roesler and Perry 1995; Zhang
et al. 2015; Chase et al. 2017), which illustrates the benefits of
introducing an initial guess derived from the HCA. A compari-
son between the results from the matrix inversion with full
bands and that with optimal bands found that using the opti-
mal band selection could increase the number of valid
retrievals and improve the accuracy of estimates for some
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phytoplankton groups. This is consistent with the findings
from previous studies (Torrecilla et al. 2011; Wolanin
et al. 2016; Zhang et al. 2018), suggesting that the targeted
bands with spectral features could be more important than
the spectral resolution (Vandermeulen et al. 2017; Cael
et al. 2020).

Implication and limitation of the absorption spectral-
based approach

The proposed absorption spectral-based approach in this
study shows some advantages over previous work. Firstly,
compared with abundance-based models of phytoplankton
size classes (Sun et al. 2018, 2019b), it is a more direct
approach targeting spectral signatures in a,;(4), and it is capa-
ble of retrieving more phytoplankton communities. In addi-
tion, it uses the inherent optical properties as input rather
than solely Chl a concentration, and thus directly relates to
optical measurements. The approach could contribute to the
knowledge on biogeochemical cycles, for example, by improv-
ing optical estimates of primary production (Lee et al. 2015;
Sathyendranath et al. 2020), or for assimilating optical data
into ecosystem models (Fujii et al. 2007; Skakala et al. 2020).
Secondly, efforts have been made recently to develop relation-
ships between continuous underway measurements of hyper-
spectral absorption coefficients (e.g., AC-S, WETLabs Inc.) and
biogeochemical parameters, such as pigments concentrations
(Chase et al. 2013; Brewin et al. 2016; Liu et al. 2019), and col-
ored dissolved organic matter absorption (Dall’'Olmo
et al. 2017). Our approach could be applicable to such data,
providing the opportunity to obtain continuous phytoplank-
ton group composition measurements from in situ hyper-
spectral sensors deployed on research cruises. Finally, as d,,(4)
could be estimated from remote sensing reflectance (Werdell
et al. 2018), the absorption spectral-based approach could be
used to derive phytoplankton group composition from either
hyperspectral in situ (e.g., HyperSAS, Sea-Bird Scientific Inc.)
or satellite remote sensing reflectance measurements, with the
potential to monitor phytoplankton group distributions and
dynamics on various time and space scales.

Despite these advantages, there are limitations to this
approach. Firstly, the initial pigment ratio matrix of
CHEMTAX wused in this study (Liu et al. 2015b; Sun
et al. 2019a) originated from the knowledge of phytoplankton
assemblages in eastern China seas (Furuya et al. 2003). How-
ever, pigment ratios may vary as the spatiotemporal distribu-
tion of phytoplankton group composition changes, and also
due to the differences in physiological states (Schliiter
et al. 2000). Even though in situ data were grouped by time
interval (i.e., cruise) and run separately in CHEMTAX to mini-
mize the drawbacks of the variation of pigment ratios (Swan
et al. 2016; Moore and Brown 2020), comparison with data of
taxonomic groups from other methodologies (e.g., micros-
copy, flow cytometry) is lacking in this study. Secondly, the
retrieved ay, (1) of each phytoplankton group was derived on a
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training dataset collected in the past, which might not be rep-
resentative of conditions in a future ocean. For time series
studies, it will be important to ensure continuous collection of
in situ measurements for adjusting the a,,(1), initial guesses,
and optimal band selection. Thirdly, small changes in spectral
shape and magnitude of the phytoplankton absorption coeffi-
cient could be difficult to detect from ocean color data (Garver
et al. 1994), causing difficulties in discriminating phytoplank-
ton groups using the absorption spectral-based approach like
that proposed here (Mouw et al. 2017). In addition to phyto-
plankton, variations in contributions of nonalgal constituents
to the total absorption coefficient, backscattering coefficient,
and remote sensing reflectance also need to be considered,
when applying the proposed absorption spectral-based
approach to satellite data. Optically complex coastal waters,
where the optical constituents do not co-vary in a predictable
manner, are likely to be particularly challenging. Finally, this
approach might not be suitable for some commonly used mul-
tispectral ocean color sensors, due to the limited number of
discrete wavebands available. By testing its application on
MODIS (Moderate Resolution Imaging Spectroradiometer)
with eight wavelengths in the visible range, with the excep-
tion of dinoflagellates, cryptophytes, and chrysophytes, the
accuracy and precision decreased for most groups (Supporting
Information Fig. $8), highlighting further requirements for
hyperspectral imagery, databases, and algorithms (Werdell
et al. 2019; Dierssen et al. 2020).

Conclusion

Considering the rising concern for assessing phytoplankton
diversity and monitoring its response to environmental and cli-
matic changes, there is an urgent need for developing models
for remotely sensed retrieval of phytoplankton group composi-
tion. In this study, an absorption spectral-based approach
has been proposed for estimating Chl a concentration of
eight phytoplankton groups (i.e., prasinophytes, dinoflagellates,
cryptophytes, chlorophytes, cyanobacteria, diatoms, chryso-
phytes, and prymnesiophytes) in coastal waters. The a;,(4) of
eight phytoplankton groups were estimated, which compared
reasonably well with spectral signatures of diagnostic pig-
ments, and the ay, (1) from previous studies and cultured phy-
toplankton. Two constraints, optimal band selection and
initial guesses, were incorporated in the matrix inversion anal-
ysis, which improved the accuracy of estimates. The approach
had good performance in retrieving Chl a concentrations in
dinoflagellates, cryptophytes, cyanobacteria, and diatoms,
with high correlation of 0.606, 0.521, 0.532, and 0.721, and
RMSE of 0.813, 0.703, 0.664, and 0.656, respectively.
Although impacted by several outliers, reasonable errors were
found in prasinophytes, chlorophytes, and prymnesiophytes,
with a lower correlation of 0.479, 0.371, and 0.474, and RMSE
of 0.833, 0.769, and 0.525, respectively. However, the pro-
posed approach had difficulties in retrieving the accurate
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concentrations for chrysophytes. Our results demonstrate that
phytoplankton group composition can be optically differenti-
ated and quantified using the phytoplankton absorption spec-
tra of naturally mixed phytoplankton assemblage in coastal
waters. Even though the application of the proposed absorp-
tion spectral-based approach on current ocean color missions
with medium spectral resolution is challenging, our approach
may be a promising way for application to the next generation
of satellites and in situ underway systems equipped with
hyperspectral sensors, for exploring the distributions and
dynamics of phytoplankton in coastal oceans.
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