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Abstract: Commonly used parameters to assess cyanobacteria blooms are chlorophyll a concentration
and cyanobacterial cell counts. Chlorophyll a is contained in all phytoplankton groups and therefore
it is not a good estimator when only detection of cyanobacteria is desired. Moreover, laboratory
determination of cyanobacterial cell counts is difficult and it requires a well-trained specialist. Instead
of that, cyanobacterial blooms can be assessed using phycocyanin, a marker pigment for cyanobacteria,
which shows a strong correlation with the biomass of cyanobacteria. The objective of this research is
to develop a simple, remote sensing reflectance-based spectral band ratio model for the estimation
of phycocyanin concentration, optimized for the waters of the Baltic Sea. The study was performed
using hyperspectral remote sensing reflectance data and reference pigment concentration obtained in
the optically complex coastal waters of the Baltic Sea, where cyanobacteria bloom occur regularly
every summer, often causing severe damages. The presented two-band model shows good estimation
results, with root-mean-square error (RMSE) 0.26 and determination coefficient (R2) 0.73. Moreover,
no correlation with chlorophyll a concentration is observed, which makes it accurate in predicting
cyanobacterial abundance in the presence of other chlorophyll-containing phytoplankton groups
as well as for the waters with high colored dissolved organic matter (CDOM) concentration. The
developed model was also adapted to spectral bands of the recently launched Sentinel-3 Ocean and
Land Color Imager (OLCI) radiometer, and the estimation accuracy was comparable (RMSE = 0.28
and R2 = 0.69). The presented model allows frequent, large-scale monitoring of cyanobacteria biomass
and it can be an effective tool for the monitoring and management of coastal regions.

Keywords: cyanobacteria; phycocyanin; band ratio; Baltic Sea; hyperspectral remote sensing
reflectance; MERIS; OLCI

1. Introduction

Summer cyanobacteria blooms occur regularly in the Baltic Sea waters. The thick surface layer of
cyanobacteria along the coast releases a bad odor and discourages people from recreation in water,
which affects the incomes from tourism. Moreover, some cyanobacteria species produce toxins, which
is a potential threat to human and animal health, especially when occurring in drinking and recreational
waters. Numerous incidents have been reported where humans and animals have been poisoned by
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toxic cyanobacteria [1]. In addition, the thick layer of algae prevents sunlight penetration into the sea
and decreases oxygenation of water, which causes the death of fish and other aquatic species [2].

A commonly used proxy for phytoplankton biomass is concentration of chlorophyll a (chl´a) [3–6].
However, chl´a is present in all phytoplankton species, not only in cyanobacteria, so it is difficult
to separate biomass for cyanobacteria from phytoplankton biomass using only chl´a concentration.
A better proxy for cyanobacteria biomass can be a pigment from phycobilins group. In the waters
of the Baltic Sea, only cyanobacteria species contain significant amounts of these pigments [7]. The
filamentous species of cyanobacteria from the Baltic Sea, e.g., Nodularia spumigena, Aphanizomenon
flos´aquae, or Dolichospermum sp., which often occur in the toxic summer blooms in the Baltic Sea,
are rich in phycocyanin, whereas phycoerythrin is known as a good indicator for the picoplankton
species Synechococcus sp., which does not form cyanobacteria blooms in the Baltic Sea [8]. Phycocyanin
(PC) has previously been found to be a marker pigment for filamentous cyanobacteria [8–13]. The
occurrence of species from other phytoplankton groups in the taxonomic composition should not affect
the assessment of phycocyanin concentration. However, in other seas, phycobilins can also be found
in red algae, cryptomonads, prochlorophytes, and glaucocytophytes [14].

The peak of phycocyanin absorption is found around 620 nm, and the strongest fluorescence is
observed around 650 nm. Both of these features allow indirect measurements of PC concentration with
optical methods [8–11,15].

Currently, phycocyanin concentration is most often estimated in laboratory analysis, which gives
the most accurate results, but on the other hand is expensive and time consuming [8]. Another
tool for phycocyanin detection is in vivo fluorometry. It uses more rapid measurement of optical
properties, e.g., from the deck of research vessel, but available data obtained for phycocyanin are
usually expressed in terms of “relative fluorescence units” [16]. There is no continuous, regular,
automatic monitoring of cyanobacteria for the whole Baltic Sea area. Besides the research cruises, the
most regular measurements are carried out by the ferry box systems installed on commercial ferries,
where phycocyanin fluorescence is determined along the ship route [17].

In this situation, a more cost-effective and quicker approach for the estimation of phycocyanin
concentration in the Baltic Sea surface waters is desirable. The ratio of upwelling radiance Lu

to downwelling irradiance Ed is the remote sensing reflectance Rrs (here simply referred to as
“reflectance”), which can be measured from a research vessel or from satellites. Since the reflectance
spectra (i.e., spectral distribution of the reflectance) are affected by both fluorescence and absorption
of phycocyanin, they can be used to study the extent of algal blooms, as well as for the estimation of
phycocyanin concentration [18–21].

Baltic Sea is a semi-enclosed shallow sea under a strong anthropogenic influence and optically
classified as Case 2 water [22]. Limited exchange with the North Sea waters, large discharge from
rivers, and a relatively shallow bottom influence amount and the composition of optically significant
components in the Baltic Sea waters [23,24]. The optical properties of water in the Baltic Sea are mostly
dominated by colored dissolved organic matter (CDOM), which, with relatively high content and
significant impact on optical properties, are unique even for Case 2 waters [25,26]. Other optically
significant components, such as suspended inorganic particles and dissolved organic matter are also
present in high concentrations and modify optical properties of water.

In previous studies, monitoring of cyanobacteria blooms in the Baltic Sea with remote sensing was
investigated by Kahru et al. [27], Kahru and Elmgren [28], Kutser et al. [29], and Reinart and Kutser [30],
where chl´a concentration was used as a variable in their models to separate cyanobacteria from other
phytoplankton groups. Previously, the attempt for cyanobacteria identification using phycocyanin
concentration by means of remotely sensed reflectances in such optically complex waters like the Baltic
Sea has been done by Riha and Krawczyk [17]. They trained neural networks to evaluate phycocyanin
absorption from Medium Resolution Imaging Spectrometer (MERIS) data and implemented this
solution to the BEAM´VISAT Software. However, this work was based on simulated data and
verified only by comparison of satellite-derived phycocyanin absorption with measured phycocyanin
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fluorescence at the ship-of-opportunity, without any error estimation. Moreover, the presented solution
has been designed for Envisat MERIS data. The Neural Network uses only its channels, and the authors
did not analyze which of them are crucial to retrieve amount of phycocyanin with best accuracy.

A more common approach to construct models for the estimation of concentration of optically
significant components in water are empirical or semi-empirical formulas relating reflectance band
ratios (i.e., the reflectance ratios between different spectral bands) to the concentration of the desired
component. Several band ratio models for remote estimation of phycocyanin concentration in Case
2 waters are available in the literature, but these models have primarily been developed for inland
waters, e.g., [10,11,13,31], where phycocyanin concentration is even 10 times higher than in the Baltic
Sea waters, and none of these models gives satisfactory results in the studied area [32]. There are
currently no band-ratio algorithms for PC estimation designed for the waters of the Baltic Sea.

The main scope of this paper is to develop a simple remote sensing reflectance-based, spectral
band ratio model for remote estimation of phycocyanin concentration in the optically complex waters
of the Baltic Sea and evaluate its robustness. Two different versions of the model are presented: the
first version of the model uses the spectral bands with the most optimal optical properties and requires
hyperspectral data, whereas the second version of the model uses the spectral band adapted to existing
multispectral data from satellite radiometer. The model is developed and evaluated using phycocyanin
concentration from experimental data gathered during multiple research cruises onboard the research
vessel Oceanograf´2, and it is also used to create sample maps of phycocyanin concentration over the
entire Baltic Sea.

2. Materials and Methods

2.1. Area of Investigation

Experimental data were collected during nineteen field campaigns in the late springs and summers
of 2012 and 2013 in the western part of the Gulf of Gdansk, southern Baltic Sea (Figure 1). Field
campaigns consisted of cruises with the research vessel Oceanograf´2, during which radiometric
parameters were measured to retrieve the remote sensing reflectance Rrs, and water samples were taken
for laboratory analysis of pigment concentration and other parameters related to the optical properties
of water (absorption coefficient of CDOM at 400 nm, Secchi depth and number of phytoplankton cells)
using standard methods (described in [32]).
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The Gulf of Gdansk is a Case 2 water [22], characterized by wide ranges of non-covarying
suspended particulate matter (SPM), CDOM and phytoplankton concentrations. The total absorption
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coefficient, especially for short wavelengths, is dominated by detritus and CDOM absorption, which
causes a shift of the absorption minimum towards the red part of the spectra, sometimes even close to
600 nm [33]. These properties affect the shape of the remote sensing reflectance spectra by shifting
the maximum towards longer wavelengths, as compared with the Rrs spectra in Case 1 waters [25].
The studied area is a wide and relatively shallow water body, connected with the open sea and
strongly influenced by riverine waters (Figure 1). It features many different hydro-geomorphological
regimes, including lagoons, river mouths, and sheltered and open coastal areas, and it experiences
strong anthropogenic pressure [34]. In the Gulf of Gdansk, the vegetation season usually starts
with the bloom of diatoms and dinoflagellates in late March [35]. Cyanobacteria species able to
fix atmospheric nitrogen start to dominate in summer, when dissolved nitrogen resources decrease
and water temperature is the highest. During the same period, dinoflagellates or green algae can
still dominate blooms in regions with higher inflow of nutrients from land. Summer algal blooms
in the Gulf of Gdansk are dominated by cyanobacteria [32,35], primarily by the two filamentous,
nitrogen-fixing species: Nodularia spumigena and Aphanizomenon flos´aquae [36]. Dolichospermum spp.
also occurs in the summer algal blooms, but it is not the dominating species [37]. All these species are
rich in phycocyanin [8].

Research cruises usually take place twice per month in May and September (depending on
weather conditions), and up to four times per month in June, July and August, when the likelihood
of cyanobacteria bloom is the highest [35]. In total, 71 datasets were collected. Measurements were
taken between 7:00 a.m. and 1:00 p.m. UTC (9:00 a.m. and 3:00 p.m. local time), which corresponds
to solar elevation between 34 and 57 degree. Samples were taken at maximum six locations in the
area between 18.4˝E´20.0˝E and 54.2˝N´54.8˝N (Figure 1), chosen to cover the wide diversity of
hydrological, hydrochemical and optical properties in these waters. The stations P101, P110d and
P115d are located in the western, shallow-water part of the Gulf of Gdansk, characterized by relatively
high concentration of dissolved phosphate, associated with the municipal and industrial sewage
discharged into the Gulf of Gdansk from urbanized coastal area [34]. During favorable wind direction
(S, dominating in autumn-winter season), P115c and P110c can be under the influence of Vistula river
inflow, which is usually associated with high content of CDOM, suspended matter and nutrients such
as silicate, nitrate, nitrite and ammonia. This part of the Gulf is also characterized by lower salinity.
However, in the case of the prevailing northeastwards Vistula flow (winds W, SW and NW), the
concentration of optically significant constituents at these stations decreases. The northernmost station
P104 can be influenced by both, the less transparent waters of the Gulf and the inflow of relatively
clear waters from the open sea, coming from the northern side of the Hel Peninsula, where coastal
upwellings often occur.

2.2. Radiometric Measurements

Upwelling radiance Lu(0´,λ) (W¨m´2¨nm´1¨ sr´1) just below the water surface was measured
using the RAMSES´MRC TriOS hyperspectral radiance sensor. This radiometer is characterized
by narrow detector and in-air nominal full-angle field-of-view of 20˝, which helps to minimize
the self-shading error during measurements. At the same time, downwelling irradiance Ed(0+,λ)
(W¨m´2¨nm´1) above the water was measured using RAMSES´ACC´VIS TriOS hyperspectral
irradiance sensor. In order to calculate the remote sensing reflectance, the upwelling radiance measured
below the water surface Lu(0´,λ) was transferred into the air medium Lu(0+,λ) using the standard
procedure, i.e., by applying the immersion factor If [38,39]. On the basis of the received spectra, the
remote sensing reflectance Rrs(0+,λ) was calculated using equation:

Rrsp0`, λq “
Lup0`, λq
Edp0`, λq

(1)

Although hyperspectral radiometers, such as RAMSES TriOS are becoming increasingly popular
in field measurements, satellite remote sensing still relies on multispectral radiometers. In order
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to explore the feasibility of the developed models with multispectral data available for satellite
radiometers such as MERIS (Envisat) or OLCI (Sentinel-3), synthetic satellite data (Rrs

OLCI) were
created from the hyperspectral Rrs data measured from the research vessel by averaging the data
around the waveband centers used by the OLCI radiometer between 400 and 800 nm (400 nm, 412.5 nm,
442.5 nm, 490 nm, 510 nm, 560 nm, 620 nm, 665 nm, 673.75 nm, 681.25 nm, 708.75 nm, 753.75 nm,
761.25 nm, 764.375 nm, 767.5 nm, and 778.75 nm). A Gaussian curve was defined with a full width half
maximum (FWHM) of the corresponding bandwidths and this was used to weigh Rrs values on either
side of the band center during averaging.

2.3. Phycocyanin Measurement

During radiometric measurements, surface water samples were also collected, filtered through
Whatman GF/F filters, and frozen until analysis. For each water sample, three filters were prepared for
later analysis and the results were averaged to minimize the error. Phycocyanin concentrations were
determined in Marine Biophysics Laboratory (Institute of Oceanology, Polish Academy of Science)
with the spectroscopic method described in [8]. The mean accuracy of pigment measurement from
water samples is 9.71% ˘ 6.44% (J. Stoń-Egiert, personal communication, 1 February 2016).

2.4. Model Development

The use of Rrs band ratio instead of singular Rrs bands is popular in remote sensing models. The
reflectance of a singular band can be influenced by more than one component, whereas the use of band
ratios gives enhanced spectral signatures of different water constituents and reduced illumination
effects. It is also less sensitive to the atmospheric correction errors when applied to satellite data.

In aquatic environments, parameters such as pigment concentrations are usually log-normally
distributed [40]. In [23] it was shown that models for chl´a concentration based on the logarithmic
transformation of band ratios performed better for the waters of the Baltic Sea than their linear
versions. Similarly, PC concentration appears to be log-normally distributed, and therefore logarithmic
transformation has been applied to PC concentration.

The above-mentioned considerations resulted in the following model:

log10pPCq “ k` l¨ log10 pXq (2)

where PC is phycocyanin concentration, k and l are the best fit coefficients, X “
Rrspλiq

Rrspλjq
, and Rrs (λi)

and Rrs (λj) are the remote sensing reflectance at wavelengths λi and λj, respectively.
In order to find the band ratio with the maximal sensitivity to changes in PC concentration in the

studied area, all band ratio combinations in the spectral range between 400 nm and 750 nm and with
intervals of 5 nm were examined. This resulted in 5041 band ratios, which thereafter were used to
estimate PC concentration using regression analysis and Equation (2).

Regression results were studied by both visual inspection of scatter plots and examination of
the determination coefficient R2 and root-mean-square error (RMSE). The ten best band ratios were
selected for further analysis.

We assume that estimation performance can be improved using a linear combination of few
pre-selected band ratios. Linear combination of correlated variables results in a decreased significance
of the corresponding regression parameters. Thus, in the next step, intercorrelation of the ten
pre-selected band ratios was studied. In order to avoid overfitting from each group of highly correlated
terms (|r| > 0.95, which means R2 > 0.9), only the most physically meaningful terms were selected.

The described procedures resulted in a set of band ratios that were used in the following
multilinear model:

log10pPCq “ k`
mďM
ÿ

m“1

lm ¨ log10 pXmq (3)
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where M is the total number of selected band ratios, and Xm “
Rrspλiq

Rrspλjq
, and k and lm are the best

fit coefficients.
The aforementioned analysis was performed for hyperspectral data (“PChyp“ model). Next, the

model was adapted to the multispectral case (“PCOLCI“ model) by selecting the nearest available OLCI
bands. Then, multilinear regression was used to estimate model parameters. Both versions of the
models were evaluated separately but in the same manner.

To show the potential usefulness of PCOLCI in case of phytoplankton blooms in the Baltic Sea, data
registered by MERIS (Envisat) radiometer were used as an example. All spectral bands of the MERIS
radiometer will also be available in the OLCI radiometer on-board the Sentinel-3 satellite, so the model
PCOLCI can be used with the data acquired with both radiometers. Remote sensing reflectances from
MERIS data, atmospherically corrected using the Case´2 Regional (C2R) processor [41] recommended
for Case 2 waters, were used to estimate PC and chl´a concentration. Chl´a concentration was
calculated with equation Ca(0)MD proposed in the DESAMBEM project (Equation AIII.3 in [42,43]) and
evaluated as the most accurate model for chl´a surface concentration in the Baltic Sea [44]. The PC
concentration was calculated with PCOLCI (described further in Section 3.4.2).

2.5. Model Assessment

Since the models presented in this paper were developed in log10 space, all statistics reported are
based on log10 transformed data [21,40]. These statistics are determination coefficient R2, systematic
error (bias, log10 (mg¨m´3)), and statistical error in terms of root-mean-square error (RMSE, log10

(mg¨m´3)). Bias and RMSE were calculated using equations:

bias “
1
N

N
ÿ

i“1

plog10px
mod
i q ´ log10px

obs
i qq “

1
N

N
ÿ

i“1

˜

log10

˜

xmod
i

xobs
i

¸¸

(4)

RMSE “

g

f

f

e

1
N

N
ÿ

i“1

`

log10px
mod
i q ´ log10px

obs
i q

˘2
“

g

f

f

e

1
N

N
ÿ

i“1

˜

log10

˜

xmod
i

xobs
i

¸¸2

(5)

where xobs
i is the ith observation, xmod

i is ith modeled value, and N is the total number of
compared pairs.

These statistics quantify regression results for log-normally distributed variables, which are often
observed for the datasets like pigments concentration or number of phytoplankton cells. RMSE error
was also normalized to the range of observed values (in log10 space) and expressed in percent:

NRMSE “ 100% ¨
RMSE

log10pxobs
maxq ´ log10px

obs
minq

“ 100% ¨
RMSE

log10
`

xobs
max{xobs

min
˘ (6)

where xobs
max is the maximal observed value, and xobs

min is the minimal observed value.
The units of both bias and RMSE are in decades of log10 space and not easily translated into

absolute terms. Therefore, following [45,46], we calculated a dimensionless inverse transformed value
for bias using:

Fmed “ 10bias (7)

Thus, Fmed is the median value of ratio xmod
i /xobs

i . For instance if Fmed is 1, there is no model bias,
if Fmed is 2, the model overestimates by a factor of 2; if Fmed is 0.5, the model underestimates by factor
of 2. Median percent difference (MPD), a relative error was calculated using the formula:

MPD “ median

˜

100% ¨

ˇ

ˇ

ˇ

ˇ

ˇ

xmod
i

xobs
i

´ 1

ˇ

ˇ

ˇ

ˇ

ˇ

¸

“ median

˜

100% ¨

ˇ

ˇ

ˇ

ˇ

ˇ

xmod
i ´ xobs

i

xobs
i

ˇ

ˇ

ˇ

ˇ

ˇ

¸

(8)
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Models were built using all data points (N = 71). Collected dataset showed a variety of PC
concentration as well as its ratio to chl´a concentration and other optically significant components
(see Section 3.1). The dataset covers many common situations in the Baltic Sea coastal waters but it is
not big enough to split it into fixed training and validation subsets. Therefore, the presented model
errors characterize the residuals, not the prediction performance.

To confirm the robustness of the models, cross-validation was performed for each model. The
data were split into training and validation sets. Model parameters and R2 were estimated using
70%, randomly chosen observations, using the MATLAB function randsample. The remaining 30%
observations were used for validation, i.e., estimation of prediction bias and RMSE. Randsample function
selects each data point with equal probability, and it is therefore expected that the test data typically
included points spread uniformly in time. This makes it unlikely that the training dataset consisted
entirely of points from one season. The procedure of randomly selecting training and validation
subsets was repeated 5000 times to capture the distribution of the prediction errors, both in terms of the
mean and standard deviation. For a robust and generalizable to other datasets model, cross-validation
model skill should be reduced only slightly compared with the model derived from the full dataset.

3. Results and Discussion

3.1. Field Measurements

During field measurements, water transparency by means of Secchi depth varied between 1.5 m
and 7 m and CDOM absorption (at 400 nm) varied between 0.72 m´1 and 2.1 m´1 (Table 1). In terms of
the total number of phytoplankton cells, cyanobacteria contributed to at least 50% from the middle of
June until the end of August [32,35]. The chl´a concentration measured in the Gulf of Gdansk varied
between 0.93 mg¨m´3 and 30.91 mg¨m´3 (in log10 space: ´0.03 and 1.49, respectively), with a mean
value of 7.3 mg¨m´3 (0.71 in log10 space) and a median value of 4.6 mg¨m´3 (0.66 in log10 space), see
Figure 2. The measured values are in the range of chl´a concentration typical for the southern Baltic
Sea with skewed distribution, where most values are low and around 2´3 mg¨m´3, while high chl´a
concentrations, even up to 100 mg¨m´3, can occur during algal blooms [23,36]. Due to the occurrence
of upwellings, riverine inflows, and the effect of algal blooms, the water composition in the Gulf of
Gdansk shows high variability, which can cover the typical situation for the whole Baltic Sea waters.

Table 1. Water transparency (Secchi depth) during sampling and statistical characteristics of
environmental parameters measured in the same water samples: aCDOM(400 nm): CDOM absorption
at 400 nm, PC: phycocyanin concentration, chl´a: chlorophyll a concentration, PC/chl´a: ratio of
phycocyanin to chlorophyll a concentration, phytoplankton biomass, cyanobacteria biomass content:
content of cyanobacteria in total mass of phytoplankton, phytoplankton cells number, cyanobacteria
cells content: content of cyanobacteria cells in total number of phytoplankton cells. Min.: minimum,
Max.: maximum values; Q: quantiles.

Parameter Min. Q25% Q50% Q75% Max.

Secchi depth (m) 1.5 3.0 3.5 4.5 7.0
aCDOM(400 nm) (m´1) 0.72 0.83 1.05 1.42 2.1
PC (mg¨m´3) 0.05 0.5 0.84 3.00 18.95
chl-a (mg¨m´3) 0.93 2.87 4.60 8.73 30.91
PC/chl´a (-) 0.02 0.12 0.20 0.37 0.73
phytoplankton biomass (µg¨dm´3) 30 495 1118 2831 8928
cyanobacteria biomass content (%) 0.5 17.8 37.7 68.9 95.4
phytoplankton cells number (ˆ103¨dm´3) 119 1429 5929 10704 19165
cyanobacteria cells content(%) 0.1 15.4 40.6 69.5 89.4
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Figure 2. Spatial and temporal distribution of PC (left axis, gray) and chl´a (right axis, green) measured
during our studies (in mg¨m´3). The same scale is used for each type of axis in all six diagrams. Red
points on simplified maps show location of sampling stations in relation to the coastline and rivers.

PC concentration varied during the same period from 0.05 mg¨m´3 to 18.95 mg¨m´3 (in log10

space: ´1.29 and 1.28, respectively), with a mean value of 2.14 mg¨m´3 (0.02 in log10 space) and a
median value of 0.84 mg¨m´3 (´0.07 in log10 space), see Figure 2. The minimal value was observed
at the beginning of May, when the taxonomic composition of phytoplankton is typically dominated
by diatoms and dinoflagellates, whereas the maximal value of PC concentration was observed in
the last week of June, when cyanobacteria species typically start to dominate the phytoplankton
composition [35].

Data collected in June at stations P104 and P115d show typical situation for the waters of the Gulf
of Gdansk during early summer (Figure 2). During that time, the concentration of nutrients is still high,
which promotes and supports the growth of dinoflagellates and green algae. Chlorophyll concentration
was over 10 mg¨m´3 and concentration of phycocyanin was generally below 2.5 mg¨m´3, which
indicated relatively high biomass of phytoplankton but low contribution of cyanobacteria. In the later
summer, when dissolved nitrogen resources decrease, cyanobacteria species able to fix atmospheric
nitrogen start to dominate. For the same reason, the regions located further from the nutrient sources
are more affected by cyanobacteria blooms. In such situation, high concentration of chlorophyll is
expected to be accompanied by high concentration of phycocyanin, as observed in June at P110d
and P115c (chl´a > 25 mg¨m´3, PC > 15 mg¨m´3). Samples from station P110c from each cruise
represented waters relatively poor in phytoplankton (Figure 2).

Variability of the optically significant water components influences the shape and magnitude of
remote sensing reflectance (Rrs) spectra collected in the field campaigns (Figure 3a). The collected Rrs

spectra represent quite typical spectral features consistent within optically complex waters [25]. The
maximal value of Rrs is found between 550 nm and 560 nm, and it shifts into the longer wavelength
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with increasing magnitude of the reflectance. There is a strong decrease and a small variability of the
Rrs values in the blue part of the spectrum due to high absorption of yellow substances and detritus in
the studied area. The local minimum, near 660 nm, and the maximum, near 680 nm, correspond to
the maximal absorption and fluorescence, respectively, of chl´a. In Figure 3a,b, two spectral bands
are highlighted, one around 620 nm, where the maximal absorption of phycocyanin is observed, and
one around 650 nm, where the maximum fluorescence of phycocyanin is observed. These features are
clearly visible in the hyperspectral data in Figure 3a, but after converting the hyperspectral Rrs data to
the multispectral cases of the MERIS and OLCI sensors, they become less distinct (Figure 3b).
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3.2. Assessment of Known Models

Several empirical or semi-empirical models for phycocyanin estimation with remote sensing
methods have been published in the past [10,11,13,15,31,47]. The models use different predictors,
mostly a combination of Rrs measured for different wavelengths, but also inherent optical properties.
However, none of the models are developed to Baltic Sea waters. In our studies, we have examined
the predictors used in those of the published models, which only use Rrs spectra for PC concentration
estimation, without any prior knowledge of inherent optical properties. Each one of the predictors
summarized in Table 2 was used to estimate PC concentration for our dataset. The following linear
model was used:

PC “ k` l ¨ XREF (9)

where XREF is one of the predictors summarized in Table 2, and k and l are model parameters, estimated
using linear regression.

Table 2. A summary of the predictors used in some previous studies.

Model Symbol Proposed Predictor XREF Reference

SY00 Rrs(650)/Rrs(625) Schalles and Yacobi 2000 [47]
DA93 0.5¨ (Rrs(600) + Rrs(648)) ´ Rrs(624) Dekker 1993 [15]
MM09 Rrs(700)/Rrs(600) Mishra et al. 2009 [11]
MS12 Rrs(709)/Rrs(600) Mishra 2012 [48]
HP10 (Rrs

´1(615) ´ Rrs
´1(600))¨Rrs(725) Hunter et al. 2010 [31]

SP05 Rrs(709)/Rrs(620) Simis et al. 2005 [13]
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In general, PC estimation using Equation (9) and the predictors summarized in Table 2 showed
very poor results, in all cases with R2 below 0.5 and RMSE higher than 0.4. One major reason for the
poor performance may be differences in the used data. The predictors in Table 2 were selected for
datasets with PC concentration much higher than in the Baltic Sea waters. For example, the average
value of PC was 419 mg¨m´3 in [48] and 68.9 mg¨m´3 in [31], whereas for the Gulf of Gdansk, it was
2.14 mg¨m´3, and the maximum was 18.95 mg¨m´3.

Typically, PC concentration is characterized by a log-normal distribution [40]. Following the form
of the models for chl´a concentration, which has the same distribution in the waters of Baltic Sea [23],
Equation (9) was modified to the form of Equation (2), where variable XREF was used in place of X. The
use of logarithms instead of linear values improved the results. The greatest improvement was noted
for SY00 and SP05, resulting in R2 = 0.66, and RMSE = 0.29 for SY00 and R2 = 0.63, and RMSE = 0.31 for
SP05. MM09 and MS12 also showed significant improvement of R2 to around 0.6 and RMSE to around
0.33, while the results for DA93 and HP10 were still poor, with R2 below 0.3 and RMSE around 0.4.
This analysis gave us motivation and suggestions for further model development for our study area.

3.3. Optimal Band Ratio Selection

In the first analysis, the correlation between single band ratios and phycocyanin concentrations
was studied by fitting Equation (2) to the reference data for all band ratios in the range between 400 nm
and 750 nm, with a step of 5 nm. The scatter plots (not shown) and the values of determination
coefficients R2 (Figure 4) were studied. It was observed that band ratios involving data from the two
spectral ranges 640´660 nm and 600´620 nm show the highest R2 values, over 0.6. Meanwhile, the
values of R2 for the band ratios commonly used in optical remote sensing methods (e.g., 440/555,
490/555 or 510/555) were low, around 0.3.
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Figure 4. Determination coefficient R2 for Equation (2) for all possible band ratios Rrs(λi)/Rrs(λj) in the
spectral range 400–750 nm.

The wavelengths for the best ten band ratios (all with RMSE < 0.3, R2 ě 0.6, and p-value << 0.0001)
are in the spectral range from 590 nm to 710 nm (Table 3 and Figure 4). Normalized RMSE for all
chosen band ratios was around 11%, while bias was around 0 (Fmed was around 1), so on average
the model was unbiased. The relative error MPD was around 45% for most of the models, with a
minimum of 40% (for model #7) and a maximum of 59% (for model #1). In this spectral range, Rrs

values are influenced by absorption and fluorescence of phycocyanin and chlorophyll a, whereas the
absorption of yellow substances has minimal effect on the Rrs [49]. This is important in the waters of
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the Baltic Sea, where CDOM dominates the total absorption coefficient in the blue and green part of
the spectrum [25,50]. For most of the ten chosen band ratios, the values of phycocyanin concentration
decrease with increasing value of reflectance ratio (coefficient l < 0), see Table 3.

Table 3. Estimated coefficients and basic regression statistics for the ten best band ratios used with
one-term model (Equation (2)).

No.
Band Ratio

Rrs(λi)/Rrs(λj)
Coefficients

R2 RMSE MPD (%)
k l

#1 Rrs(595)/Rrs(660) 2.4952 ´7.8331 0.6734 0.2889 59
#2 Rrs(625)/Rrs(645) 0.7659 ´20.5767 0.6728 0.2891 42
#3 Rrs(660)/Rrs(600) 2.4564 8.9935 0.6699 0.2904 46
#4 Rrs(625)/Rrs(650) 0.7263 ´16.6351 0.6636 0.2932 42
#5 Rrs(630)/Rrs(645) 0.6032 ´21.6371 0.6597 0.2949 41
#6 Rrs(600)/Rrs(655) 2.1574 ´8.9421 0.6581 0.2956 49
#7 Rrs(660)/Rrs(590) 2.4100 6.0379 0.6418 0.3032 40
#8 Rrs(610)/Rrs(710) 1.1968 ´3.5895 0.6342 0.3057 43
#9 Rrs(615)/Rrs(710) 1.0850 ´3.5850 0.6349 0.3055 45
#10 Rrs(620)/Rrs(710) 1.0330 ´3.5534 0.6330 0.3064 45

The best results of fitting of the single band ratio model (Equation (2)) were achieved for the
band ratio (595/660), see Figure 5, which represents the fraction of the minimal absorption coefficient
of the optically significant components in Baltic Sea waters [49] to the maximal absorption of chl´a.
Therefore, it has a certain physical explanation and can be selected for further consideration within
the multilinear model (Equation (3)). Another three pre-selected band ratios (#3, #6 and #7 in Table 3)
are highly correlated with band ratio #1 (Table 4). A linear combination of such variables results in a
decreased significance of the corresponding regression parameters, and they were therefore rejected
from further considerations.

Table 4. Correlation matrix for logarithmic transformation of the ten best band ratios used with
one-term model (Equation (2)). #x is a number of model from Table 3; correlation coefficients over 0.95
are highlighted (all correlations are statistically significant at the p-level < 0.01).

#1 #2 #3 #4 #5 #6 #7 #8 #9 #10

#1 1.00 0.91 ´0.99 0.88 0.89 0.99 ´0.98 0.86 0.86 0.85
#2 1.00 ´0.94 0.99 0.99 0.93 ´0.85 0.77 0.77 0.77
#3 1.00 ´0.92 ´0.93 ´0.99 0.96 ´0.82 ´0.81 ´0.81
#4 1.00 0.99 0.90 ´0.82 0.77 0.77 0.77
#5 1.00 0.92 ´0.84 0.77 0.77 0.77
#6 1.00 ´0.97 0.84 0.84 0.83
#7 1.00 ´0.88 ´0.88 ´0.87
#8 1.00 1.00 0.99
#9 1.00 1.00
#10 1.00

From the rest of pre-selected band ratios, those for which the coefficient l shows the highest
absolute values (#2, #4, and #5 in Table 3) seem to be the most sensitive for estimation of PC
concentration. However, their values are 2´3 times lower than these discussed above. The
intercorrelatation between them is also very high (Table 4). These three band ratios make use of
wavelengths around 625 nm and 650 nm, which are the closest to the absorption and fluorescence
maxima for phycocyanin [8,51]. Taking into account the optical properties of PC, the Rrs spectrum close
to 650 nm has stronger correlation with fluorescence of phycocyanin than 645 nm [8], while 625 nm has
stronger correlation with absorption of phycocyanin than 630 nm [51]. Thus, as the second variable
for further analysis, band ratio (625/650) was chosen. Studies presented by Schalles and Yacobi [47]
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also show the usefulness of this band ratio. The remaining three of the ten pre-selected band ratios
use the band 710 nm, where the absorption coefficient is strongly dominated by water particles and
the magnitude of Rrs is increasing together with suspended particulate matter concentration. Thus,
in the model created for Case 2 waters, where the magnitude of Rrs spectra is increasing together
with the concentration of suspended particulate matter due to high scattering, the inclusion of bands
from the far red is reasonable and could help to minimize influence of suspended particles on model
results. Taking into account their very high intercorrelation, only band ratio (620/710) was selected
for the multilinear regression, as it also incorporates band of the maximal absorption of phycocyanin
(620 nm), whereas in the range of 610´615 nm the optical properties of water in the Baltic Sea do
not show any other characteristic features. Simis et al. [13] also used a similar band ratio in their
semi-empirical model. All band ratios selected for multilinear model (Equation (3)) in relation to the
phycocyanin concentration are shown in Figure 5.
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3.4. Multilinear Model for PC Estimation

3.4.1. Hyperspectral Data

The three selected band ratios (Figure 5) were used as phycocycanin predictors in the multilinear

model (Equation (3)), further briefly referred to as PC3term, with X1 “
Rrsp595q
Rrsp660q

, X2 “
Rrsp625q
Rrsp650q

,

X3 “
Rrsp620q
Rrsp710q

, and the regression coefficients were estimated by fitting model to the data using

multilinear regression (Table 5). The three-term model allows PC estimation with RMSE = 0.26
(NRMSE = 10%), MPD = 39% and R2 = 0.74 (adjusted R2 = 0.73, ANOVA statistic F = 63.19, significance
level p-value << 0.0001, standard error of estimation: 0.27). Results of regression (Figure 6a,b) show
improvement compared with the models with only one band ratio (Figure 5). For 73% of the cases,
residuals of regression were in the range of˘0.26 (RMSE in log10 space). This means that the three-term
model biases the estimated PC by a factor between 0.55 and 1.82 in the most cases. Such range of
residuals for single band ratio models were observed for less than 65% of cases.

Table 5. Statistical characteristics of multilinear regression coefficients for multilinear model shown
in Equation (3) utilizing three or two predictors (coefficients marked by * refer to factors after
standardization).

Factors Partial
Correlation Coefficients Standard Error Significance

p´value

three-term model
(PC3term)

intercept k = 1.39 0.34 0.0001

log10

ˆ

Rrsp595q
Rrsp660q

˙

´0.15
l1 = ´1.97 1.55

0.2095l1*= ´0.21 0.16

log10

ˆ

Rrsp625q
Rrsp650q

˙

´0.32
l2 = ´7.75 2.75

0.0064l2*= ´0.38 0.13

log10

ˆ

Rrsp620q
Rrsp710q

˙

´0.32
l3 = ´1.46 0.53

0.0075l3*= ´0.33 0.12

two-term model
(PChyp)

intercept k = 0.98 0.09 <<0.0001

log10

ˆ

Rrsp625q
Rrsp650q

˙

´0.52
l1 = ´10.14 2.01

<<0.0001l1*= ´0.50 0.10

log10

ˆ

Rrsp620q
Rrsp710q

˙

´0.45
l2 = ´1.84 0.44

<<0.0001l2*= ´0.35 0.10

The core part of the multilinear three-term model (PC3term) is the component Rrs(625)/Rrs(650),
which consists of a reflectance ratio for wavebands with the maximal absorption (625 nm) and maximal
fluorescence (650 nm) of light by phycocyanin. Values of this band ratio vary in a relatively narrow
range (Figure 5). However, the corresponding coefficient has an absolute value large enough to make
the model sensitive to even small changes in the shape of Rrs at this part of spectrum, reflecting changes
in PC concentration, see Table 5. Similarly high contribution to PC estimation is given by the band
ratio (620/710). The first term (595/660), despite its highest correlation with PC, is the least significant
(p-value close to 0.2). Moreover, it is highly correlated with the two other band ratios (Table 4), which
increases the risk of overfitting. Although the removal of the least significant band ratio gives a model
with somewhat worse performance (R2 = 0.73, adjusted R2 = 0.72, RMSE = 0.2614, NRMSE = 10%,
MPD = 38%), we chose to use the two-term model in the subsequent analysis, further briefly referred
to as PChyp (Table 5, Figure 6c,d):

log10pPCq “ k` l1 ¨ log10 pX1q ` l2 ¨ log10 pX2q (10)

where X1 “
Rrsp625q
Rrsp650q

, X2 “
Rrsp620q
Rrsp710q

(ANOVA statistic F = 93.15, significance level p-value << 0.0001,

standard error of estimation 0.27). This combination of two components gives somewhat narrower
distribution of residuals (Figure 6d) in comparison to the one-term models (Figure 5) and, what is
more important, PChyp model seems to be more stable in different conditions of water transparency
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(Figure 7). In the Baltic Sea, during cyanobacterial blooms Secchi depth can decrease to less than 4 m
in the open sea and even to less than 2 m in coastal areas [52]. The coastal area is more problematic
since the input of nutrients from rivers promotes and supports the growth of other phytoplankton
groups, i.e., dinoflagellates and green algae. Thus, relatively high biomass of phytoplankton and
chlorophyll a concentration occurs together with low contribution of cyanobacteria. In water with such
low transparency, the one-term model overestimates PC if X = Rrs(625)/Rrs(650) and underestimated if
X = Rrs(620)/Rrs(710) (Figure 7).
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Figure 6. Scatter plots showing comparison between the PC concentrations measured in situ and 
estimated using the three-term model (PC3term) shown in Equation (3) with: X1 = Rrs(595)/Rrs(660), X2 = 
Rrs(625)/Rrs(650), X3 = Rrs(620)/Rrs(710) (a); distribution of the PC3term regression residuals (b); 
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Figure 7. Distribution of regression residuals for different PC models (two one-term models 
according to Equation (2) and one two-term model PChyp according to Equation (10)) for different 
water transparency conditions (Secchi depth as an indicator for transparency).  

3.4.2. Multispectral Data 

When multispectral data with bands characteristic for MERIS and OLCI radiometers are 
considered, model PChyp (Equation (10)) can be adapted by using the nearest bands available for 
these spaceborne sensors, further briefly referred to as PCOLCI: 

Figure 6. Scatter plots showing comparison between the PC concentrations measured in situ and
estimated using the three-term model (PC3term) shown in Equation (3) with: X1 = Rrs(595)/Rrs(660),
X2 = Rrs(625)/Rrs(650), X3 = Rrs(620)/Rrs(710) (a); distribution of the PC3term regression residuals (b);
two-term model (PChyp) with: X1 = Rrs(625)/Rrs(650), X2 = Rrs(620)/Rrs(710) (c); and distribution of
the PChyp regression residuals (d).
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3.4.2. Multispectral Data

When multispectral data with bands characteristic for MERIS and OLCI radiometers are
considered, model PChyp (Equation (10)) can be adapted by using the nearest bands available for these
spaceborne sensors, further briefly referred to as PCOLCI:

log10pPCq “ k` l1 ¨ log10 pX1q ` l2 ¨ log10 pX2q (11)

where X1 “
Rrs

OLCIp620q
Rrs

OLCIp665q
X2 “

Rrs
OLCIp620q

Rrs
OLCIp708.25q

, the best fit coefficients are given in Table 6.

Table 6. Statistical characteristics of multilinear regression coefficients for PCOLCI model shown in
Equation (11) (coefficients marked by * refers to factors after standardization).

Factors Partial Correlation Coefficients Standard Error Significance
p´level

intercept ´ k= 1.71 0.17 <<0.0001

log10

ˆ

Rrsp620q
Rrsp665q

˙

´0.48
l1= ´5.47 1.23

<<0.0001l1*= ´0.35 0.08

log10

ˆ

Rrsp620q
Rrsp708.25q

˙

´0.68 l2= ´3.13
l2*= ´0.60 0.41 0.08 <<0.0001

This modification did not significantly influence the accuracy of estimation of PC concentration
(R2 = 0.69, adjusted R2 = 0.69, RMSE = 0.28, MPD = 37% NRMSE = 11%, ANOVA statistic F = 77.31,
significance level p-value << 0.0001, standard error of estimation = 0.29, see Figure 8 and Table 6). For
70% of the cases, residuals of regression were in the range of ˘0.28 (RMSE in log10 space). This means
that the estimated PC can be higher or lower in relation to measured value by a factor between 0.52
and 1.91. Therefore, PCOLCI (Equation (11)) can be used together with data acquired with the previous
satellite radiometer MERIS, as well as the OLCI radiometer onboard the Sentinel-3 satellite, to monitor
large-scale changes in PC concentration in the surface waters.
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Figure 9 shows sample maps of PC concentrations derived from data registered by MERIS 
(Envisat) radiometer on three different occasions, together with maps of chl−a and RGB images of 
the Baltic Sea. In April (Figure 9a), high chl−a concentration (up to 17 mg·m−3 in the eastern part of 
the sea) explains green patches which can be seen on RGB composite. However, temperature in 
spring is too low to trigger cyanobacteria bloom; instead, other species form the bloom. Therefore, 
phycocyanin concentration is expected to be below, or close to the limit of detection. Estimation 
using PCOLCI provides phycocyanin concentration less than 1 mg·m−3 in the whole Baltic Sea, which is 
within the margin of the estimation error of this model. 

The main advantage of the presented model can clearly be seen on the satellite images acquired 
during summer, especially in July (Figure 9b), when cyanobacteria blooms usually are observed in 
the central part of the sea [53]. The differences between the spatial distribution of retrieved chl−a and 
PC concentration inform whether the phytoplankton biomass is or is not dominated by 
cyanobacteria. Maps derived from the MERIS data show that in the central area of the sea, there are 

Figure 8. Scatter plots showing the correlation between the PC concentrations measured in situ and
estimated using the PCOLCI model shown in Equation (11) (a) and distribution of the regression
residuals (b).

Figure 9 shows sample maps of PC concentrations derived from data registered by MERIS
(Envisat) radiometer on three different occasions, together with maps of chl´a and RGB images of
the Baltic Sea. In April (Figure 9a), high chl´a concentration (up to 17 mg¨m´3 in the eastern part
of the sea) explains green patches which can be seen on RGB composite. However, temperature in
spring is too low to trigger cyanobacteria bloom; instead, other species form the bloom. Therefore,
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phycocyanin concentration is expected to be below, or close to the limit of detection. Estimation using
PCOLCI provides phycocyanin concentration less than 1 mg¨m´3 in the whole Baltic Sea, which is
within the margin of the estimation error of this model.
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distribution of chl´a concentration for sample scenes from spring (a) and summer (b,c), recorded
during blooms of different phytoplankton composition. Satellite data were acquired by the MERIS
sensor onboard the Envisat satellite.

The main advantage of the presented model can clearly be seen on the satellite images acquired
during summer, especially in July (Figure 9b), when cyanobacteria blooms usually are observed in the
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central part of the sea [53]. The differences between the spatial distribution of retrieved chl´a and PC
concentration inform whether the phytoplankton biomass is or is not dominated by cyanobacteria.
Maps derived from the MERIS data show that in the central area of the sea, there are many regions
with high concentrations of both chl´a and PC, whereas this is not observed in the coastal areas. This
may suggest that phytoplankton biomass in the coastal area does not contain cyanobacteria species
or contains it to a much smaller degree. The opposite situation can be seen on the processed satellite
images from August (Figure 9c), where spatial distribution of PC shows similar pattern as chl´a.
According to the HELCOM (Helsinki Commission) Baltic Sea Environment Fact Sheets [53,54], in
August 2004 phytoplankton composition in the whole Baltic Sea was dominated by cyanobacteria,
which has also been confirmed on processed satellite image presented in Figure 9c.

3.5. Model Robustness

The development of models PChyp (Equation (10)) and PCOLCI (Equation (11)) was based on
all available data. To evaluate the robustness of the models, cross-validation was used. Table 7 and
Figure 10 show the results of cross-validation analysis.

Table 7. The results of the cross-validation analysis of models PChyp and PCOLCI.

Model

Cross-Validation

Coefficients R2 RMSE Bias

Mean SD Mean SD Mean SD Mean SD

PChyp

k = 0.98
l1 = ´10.27
l2 = ´1.82

˘0.05
˘1.35
˘0.25

0.73 ˘0.11 0.27 ˘0.05 ´5 ˆ 10´4 ˘0.08

PCOLCI

k = 1.72
l1 = ´5.56
l2 = ´3.11

˘0.11
˘0.81
˘0.22

0.69 ˘0.13 0.29 ˘0.05 ´2 ˆ 10´3 ˘0.08
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The mean value of the calculated error statistics (R2, RMSE and bias) in cross-validation analysis
did not change significantly compared to the analysis based on the entire dataset, which suggests
that both PChyp and PCOLCI seem to be robust and stable. The regression coefficients did not change
significantly either. For all statistical metrics, the range of the values from cross-validation was smaller
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for PChyp than for PCOLCI, except for bias (Figure 10). For both models, average of bias is close to 0.0
(it means Fmed close to 1.0).

3.6. Sensitivity for High chl´a Concentration

Although it is obvious that chl´a concentration will increase with an increased PC concentration,
the opposite does not always occur. When the phytoplankton biomass is high but its taxonomic
composition does not contain cyanobacteria species, chl´a concentration can be high while PC
concentration is low. Such situation was observed for data from June acquired at stations P104
and P115d (Figures 2 and 11). For these cases, PC concentration was estimated using the PChyp and
PCOLCI models in order to verify that the models are robust and not biased by high chl´a concentration.
Additionally, PC concentration was estimated from the empirical relation between PC and chl´a,
derived from the analyzed dataset (Figure 11):

log10pPCq “ ´0.72` 1.10 ¨ log10pchl´ aq (12)
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concentration was high and PC was low, are marked in red.

The results are shown in Table 8. It can be noted that model PChyp is robust and does not
overestimate PC concentration when chl´a concentration is high and cyanobacteria biomass is low.
This is due to the fact that model PChyp uses the spectral bands related to the maximum of phycocyanin
absorption and to fluorescence, which determine the shapes of the reflectance spectra (Figure 3a). In
addition, PChyp utilizes band 710 nm, which is outside the range of spectrum influenced by chlorophyll
a and other pigments. Such combination makes residuals of PChyp model not correlated with chl-a
concentration (correlation coefficient for PChyp residuals vs. log10(chl-a) is r = 0.15, p-value = 0.21).
Absolute estimation errors for PCOLCI are similar to the absolute estimation errors for PChyp, but its
residuals are slightly correlated with chl-a concentration (correlation coefficient for PCOLCI residuals
vs. log10(chl-a) is r = 0.25, p-value = 0.035). This is because the spectral bands of MERIS and OLCI
radiometers do not exactly fit to the spectral band responsive to the phycocyanin fluorescence (650 nm)
and the nearest channel used in the PCOLCI model was more related to chl´a absorption (665 nm).
The model PCOLCI works well for situations when cyanobacteria are dominant (both PC and chl´a
concentration are high) but it is less accurate in cases when other species form blooms. It can explain
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why the spatial distribution of PC concentration evaluated on the basis of MERIS data for April
(Figure 9a) shows similar spatial distribution like chl´a concentration.

Table 8. PC concentration (mg¨m´3) calculated using the two models PChyp and PCOLCI for the cases
when chl´a concentration (mg¨m´3) was high (points #1–#5 highlighted in the Figure 11).

#1 #2 #3 #4 #5 RMSE bias

Measured Values:
PC insitu 0.42 1.51 3.46 3.01 3.09 ´

chl´ainsitu 22.27 20.01 30.91 26.55 24.85 ´

Estimated Values:
PChyp (Equation (10)) 0.30 2.71 2.22 4.25 3.50 0.17 0.02
PCOLCI (Equation (11)) 0.27 2.80 2.36 3.32 2.49 0.17 -0.03
PC (Equation (12)) 4.44 3.99 6.19 5.31 4.97 0.53 0.43

The maps from August (Figure 9c) show also similar spatial distribution of PC and chl´a, however,
at this time of year, such correlation is expected and PCOLCI values are more reliable. When different
dominating groups of phytoplankton can occur in different regions of the bloom, like in the example
from July (Figure 9b), PCOLCI helps to distinguish these regions.

4. Summary and Conclusions

The presented work was focused on the development of a remote sensing reflectance-based
model for estimation of phycocyanin concentration (PC) in the optically complex waters of the Baltic
Sea. The model has been developed and its robustness confirmed using in situ measurements of
reflectance spectra and phycocyanin concentration. The measurements cover the typical range of
optical properties that can occur in the Baltic Sea coastal waters. The proposed model is based on linear
combination of two variables that are logarithmic transformation of reflectance band ratios. The model
has been developed for the optimal spectral bands of reflectance (PChyp version) and later adapted to
existing multispectral data from satellite radiometer (PCOLCI version). Depending on version, it uses
four (PChyp) or three (PCOLCI) different spectral bands that cover ranges of spectrum related to: the
maximal absorption (620–625 nm) and the maximal fluorescence (close to 650 nm) of phycocyanin,
and the absorption strongly dominated by water particles where the magnitude of Rrs is increasing
together with suspended particulate matter concentration (close to 710 nm).

Despite the challenge of optically complex water with large concentration of CDOM and SPM
influencing remotely sensed reflectance spectra in the Baltic Sea, the proposed model estimates the
cyanobacteria marker pigment in the Gulf of Gdansk with RMSE values of 0.26 and 0.28, respectively,
for the version developed for hyperspectral sensors and the version adapted for the spaceborne,
MERIS- and OLCI-type sensors. All spectral bands of the MERIS radiometer will also be available
in the OLCI radiometer onboard the Sentinel-3 satellite, so the model PCOLCI can be used with the
data acquired from both radiometers. This allows frequent, large-scale monitoring of cyanobacteria
biomass, which may find its applications in both climate related research, weather forecasting, coastal
management, and risk assessment. Archived MERIS data acquired during its 10 years of operation can
also be used in such monitoring for long-term analysis.

Similar empirical or semi-empirical models based on reflectance band ratios have been used in
the past [10,11,15,31,47,48]. However, it was shown in this paper that they perform poorly for the
waters of the Baltic Sea (RMSE from 0.41 to 0.54) and, even after recalibration using the experimental
data used in this paper, the results are poorer than for the model PChyp (Equation (10)) proposed here.
The advantage of the presented solution is that it takes into account the statistical distribution of PC
concentration characteristic for the Baltic Sea (e.g., through the use of logarithmic transformation).
Moreover, it uses a combination of band ratios, which both emphasizes the response of reflectance
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spectra to changes in phycocyanin concentration and minimizes their response to uncorrelated changes
related to other optically significant constituents.

The predictors of PChyp model were chosen based on both statistical analysis and interpretation
of physical properties of the selected bands, which makes PC estimation robust and gives an effective
tool for monitoring of the occurrence of cyanobacteria filamentous species. As was expected, the
best results were achieved using expressions utilizing spectral bands of reflectance determined by
the optical properties of phycocyanin (625 and 650 nm). Schalles and Yacobi [47] present a model
with a single band ratio (650/625) which is also used in the PChyp model (Equation (10)) proposed in
this work. However, as shown in our analysis, the additional (620/710) band ratio of model PChyp
increases accuracy and stability of the model, as they also account for the influence of other optically
significant components in water. Moreover, in water with low transparency, the one-term models
overestimate or underestimate phycocyanin concentration.

The PC3term model showed somewhat better results of estimation than the PChyp model. However,
statistical analysis leads us to exclude the band ratio 595/660 as redundant. In the future, additional
analysis of a larger dataset from different areas of the Baltic Sea could confirm or totally reject the
importance of the 595/660 band ratio.

Comparison of PCOLCI and PChyp models shows that worse performance for PC concentration
estimation is obtained if fluorescence of PC is neglected. If replaced by nearest channel of MERIS or
OLCI radiometer, results are more dependent on spatial distribution of chl´a concentration, which
can be associated with other phytoplankton groups besides cyanobacteria. It suggests the need for
new spectral bands in satellite radiometers.

The development of model PChyp was based on Rrs spectra typical for Case 2 waters of the Baltic
Sea, which covered wide range of situations. For the other areas, characterized by similar optical
properties and similar range of phycocyanin concentration (up to 20 mg¨m´3), the model parameters
may need to be estimated from reference data. In the future, model PCOLCI also needs to be validated
against satellite data and atmospheric corrections should be taken into account in such validation
as well.
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37. Błaszczyk, A.; Toruńska, A.; Kobos, J.; Browarczyk-Matusiak, G.; Mazur-Marzec, H. Ekologia toksycznych

sinic. Zakwity sinic (cyjanobakterii). Kosmos 2010, 59, 173–198.
38. Mueller, J.L.; Austin, R.W. Ocean Optics Protocols. NASA Tech Memo; NASA Goddard Space Flight Center:

Greenbelt, ML, USA, 1992.
39. Zibordi, G.; Darecki, M. Immersion factor for the RAMSES series of hyperspectral underwater radiometers.

J. Opt. Pure Appl. Opt. 2006, 8, 252–258. [CrossRef]
40. Campbell, J.W. The lognormal-distribution as a model for bio-optical variability in the sea. J. Geophys. Res.

Oceans 1995, 100, 13237–13254. [CrossRef]
41. Doerffer, R.; Schiller, H. MERIS Regional Coastal and Lake Case 2 Water Project Atmospheric Correction ATBD;

GKSS Research Center: Geesthacht, Germany, 2008.
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